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Editorial on the Research Topic 


Immune response to SARS-CoV-2 and implications for clinical outcome


Since the outbreak of the SARS-CoV-2 pandemic in 2019, our understanding of the disease and its pathophysiology has evolved, paving the way to more effective therapeutic and prophylactic approaches (Krysko et al.). As a result of the global vaccination campaign, improved management of severe COVID-19 patients, but also due to decreased pathogenicity of the currently prevailing SARS-CoV-2 variants, mortality and hospitalization due to COVID-19 have been significantly reduced, especially in developed countries increasing natural immunity. Since recently, a major view addresses organ dysfunction in COVID-19 patients leading to improved outcome (1) Nevertheless, the precise nature of an efficient immune response to SARS-CoV-2 remains ill-defined. Inflammation and immune activation are essential but hyperinflammation may turn into a detrimental condition (Krysko et al.). As a consequence, the immune response to SARS-CoV-2 is responsible for a significant proportion of multiple faces of the pathogenicity spectrum (Krysko et al.). SARS-CoV-2 is continuously mutating and poses a major challenge to cellular and humoral immunity, as well as vaccination. On the other hand. The goal of this Research Topic was to present new data regarding the immune response to SARS-CoV-2 and its implication for the clinical outcome.

Saleki et al. showed in this Research Topic that Fas/FasL pathways could play a major role in the mediation of hyperinflammatory cytokine response in COVID-19. According to their results, Fas/FasL pathways are consumed through an interaction with MMPs, and the novel triangle of viral entry, cytokine storm, and multi-system injury. They detected in their investigation that the role of Fas/FasL may depend on the stage of the disease and the severity of COVID-19. By in silico analysis they showed that alterations in the blood of COVID-19 patients influence Fas/FasL interactions at the molecular level. Preclinical and clinical research by antibodies directed against sFAS for COVID-19 treatment could be an option attenuate COVID-19 pandemic severity.

Daamen et al. detected unique transcriptional signatures as surrogate parameters for disease severity. They found immune profiles of severe COVID-19 patients to be of prognostic value for the outcome of the infection. Such alterations in COVID patients could be engineered to better allocate healthcare resources and help to develop targeted treatment plans for i) better care and ii) to combat the worse outcomes.

Lapointe et al. fully characterized humoral responses in a laboratory-confirmed case of serial infection by SARS-CoV-2 Omicron subvariants BA.1 and BA.2 in a patient who showed typical immune responses to three vaccination doses of a COVID-19 mRNA vaccine. Whereas data on repeat Omicron infections are still limited, a recent genomics-based trial from Denmark described 47 cases of BA.2 reinfection that happened between 20 and 60 days following BA.1 infection (24). The authors hypothesize that such events were rare (<0.1% of cases during the brief window of analysis) and would more likely happen among unvaccinated individuals, but additional evaluation of the data shows that most reinfection cases were due to BA.2 following BA.1.

Halliday et al. presented in their trial that low-volume in-house antibody assays are of sufficient diagnostic value. Their study demonstrates the importance of using well-characterized samples and controls for all stages of assay development and evaluation. These cost-effective assays may turn out to be predominantly valuable for seroprevalence studies in developing countries.

Krysko et al. indicated that the severity of SARS-CoV-2 infection correlates with high numbers of alveolar mast cells and their degranulation. Accordingly, SARS-CoV-2 correlated with activation of mast cells, significantly. Mast cell activation appears to be due to indirect effects related to the overall inflammation. Their data recommend that proteases from mast cells might forecast the clinical outcome and sequelae of severe COVID-19 infections. As a consequence, patients might profit from including mast cell stabilizing drugs in their novel treatment scheme.

Penrice-Randal et al. suggest that blood gene expression profiles predict intensive care unit admission in hospitalized patients with COVID-19. Their team demonstrated a “best gene” with its expression signature would be predictive for ICU admission. For this aim, they applied topological data analysis with an accuracy of 0.72 (ROC AUC: 0.76). The gene signature describes herein targeted differentially activated pathways controlling epidermal growth factor receptor (EGFR) presentation, Peroxisome proliferator-activated receptor alpha (PPAR-α) signaling and Transforming growth factor beta (TGF-β) signaling.

Rubio et al. demonstrated that SARS-CoV-2 infection during the third trimester of pregnancy leads to a robust antibody and cytokine response at delivery and causes a significant reduction of the SARS-CoV-2-specific IgGs transplacental transfer, with a significant negative effect when the infection is closer to delivery.

Bizjak et al. emphasized the biomarker, Kynurenine in serum and saliva. Kynurenine may play a role in acute and long-term pathophysiology of the SARS-CoV-2 disease. Specifically, Kynurenine is induced by interferon-g (IFN-g) by innate immune cells (NK-effectors), but also by TH17/IFN-g inflammatory T cells (ref.). The most prevalent pathway of induction in both Long- and Post-COVID for diagnostics and syndrome monitoring needs to be addressed in further studies.

Castelli et al. from Brazil assumed that MUC22, (a member of the mucins’ family), may play an important protective part against severe Covid-19. They think that MUC22 might reduce the overactive immune responses in the senior population. Interestingly, the resilient super elderly group showed a higher frequency of some missense variants in the MUC22 gene as one of the most robust signaling elements in the MHC region. These results are based on comparison of the severe Covid-19 group to a general elderly control population.

Schenz et al. from Germany showed an elevated occurrence of clonal hematopoiesis of indeterminate potential in hospitalized patients with COVID-19. Their results indicate an increased exposure to a severe course of COVID-19 requiring hospitalization related with CHIP. Furthermore, they relate it to a differentially regulated cellular immune reply under the pressure of SARS-CoV-2 infection.

Therefore, a better understanding of the immunological background of the disease is of utmost importance in order to develop more effective prevention and treatment strategies.
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Finding cytokine storm initiator factors associated with uncontrolled inflammatory immune response is necessary in COVID-19 patients. The aim was the identification of Fas/Fas Ligand (FasL) role in lung involvement and mortality of COVID-19 patients. In this case-control study, mild (outpatient), moderate (hospitalized), and severe (ICU) COVID-19 patients and healthy subjects were investigated. RNA isolated from PBMCs for cDNA synthesis and expression of mFas/mFasL mRNA was evaluated by RT-PCR. Serum sFas/sFasL protein by ELISA and severity of lung involvement by CT-scan were evaluated. Also, we docked Fas and FasL via Bioinformatics software (in silico) to predict the best-fit Fas/FasL complex and performed molecular dynamics simulation (MDS) in hyponatremia and fever (COVID-19 patients), and healthy conditions. mFasL expression was increased in moderate and severe COVID-19 patients compared to the control group. Moreover, mFas expression showed an inverse correlation with myalgia symptom in COVID-19 patients. Elevation of sFasL protein in serum was associated with reduced lung injury and mortality. Bioinformatics analysis confirmed that blood profile alterations of COVID-19 patients, such as fever and hyponatremia could affect Fas/FasL complex interactions. Our translational findings showed that decreased sFasL is associated with lung involvement; severity and mortality in COVID-19 patients. We think that sFasL is a mediator of neutrophilia and lymphopenia in COVID-19. However, additional investigation is suggested. This is the first report describing that the serum sFasL protein is a severity and mortality prognostic marker for the clinical management of COVID-19 patients.
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Introduction

Coronaviruses (CoVs) created two pandemics in the world by the Severe Acute Respiratory Syndrome (SARS)-CoV (1) and Middle-East respiratory syndrome (MERS)-CoV (2) variants, respectively. Recently, SARS-CoV2 initiated a third pandemic called Coronavirus disease-2019 (COVID-19). This pandemic is a major cause of mortality in the world (3).

On the other hand, COVID-19 is commonly accompanied by a harmful inflammatory response, and overactivation of neutrophils which leads to the formation of Neutrophil Extracellular Traps (NETs), sepsis, and cytokine storm (4, 5). Cytokine storm is one of immunopathological reactions in COVID-19 patients, which is an aggressive inflammatory response with excessive release of cytokines and elements, including interleukin (IL)-2, IL-6, IL-7, IL-10, tumor necrosis factor (TNF), granulocyte colony-stimulating factor (G-CSF), monocyte chemoattractant protein-1 (MCP1; or CCL2), macrophage inflammatory protein 1 alpha (MIP1α; or CCL3), CXC-chemokine ligand 10 (CXCL10), C-reactive protein (CRP), ferritin, and D-dimers (6–8). In addition to cytokine storm, other inflammatory factors such as sFasL increase disease severity and inflammation in COVID-19 patients (9).

We recently proposed a novel triangle in COVID-19, comprising viral infection, cytokine storm, and multi-system damage, such as respiratory and CNS. We described how this triangle dysregulates immune response through Fas/Fas Ligand (FasL) in COVID-19 patients (10–13). Soluble FasL (sFasL) is produced by the cleavage of membrane-attached FasL (mFasL) via a zinc-regulated matrix metalloprotease (MMP). mFas/mFasL and sFas/sFasL interactions could induce hyperinflammation and recruit immune cells playing a possible role in the multi-system injury in COVID-19 patients (12).

A new study showed that raised serum sFasL in severe burn is associated with pro-inflammatory cytokine production, organ injury, lymphopenia, and predicts mortality (14). André et al. showed that T-lymphocytes death in COVID-19 patients could be mediated by sFasL and CXCL10, that leads to hyperinflammation in this condition (15). Moreover, mFasL and sFasL lead the inflammaging processes, that are related to viral lung disorders (16). Kessel et al. explained that sFasL is a discriminating factor that can lead to a dysregulated immune response and amplify inflammation in COVID-19 patients (17). Finally, evidence suggests that sFasL may be distinctly implicated in COVID-19 as an important factor in the inflammatory response and contribute to mortality.

In this study, we evaluated mFas/mFasL expression by RT-PCR, sFas/sFasL serum level by ELISA, severity of disease by computed tomography (CT)-scan in COVID-19 patients and utilized in silico (Bioinformatics) software to study Fas/FasL interactions.



Methods


Sample selection and data collection

This study enrolled 120 subjects in four groups in 2020-2021; including healthy controls, COVID-19 out-patients (mild), hospitalized COVID-19 (moderate), and ICU COVID-19 (severe). The inclusion criteria for healthy controls were I; no history of any major condition that is associated with hyperinflammation, such as obesity (BMI>30), diabetes, severe cardiovascular, renal, cerebrovascular, or autoimmune disorders, II; not being vaccinated for COVID-19, III; not being infected with or recovering from a recent COVID-19 infection. COVID-19 patients were included without age limitation. Demographic information, clinical symptoms of COVID-19, and past medical history were obtained for COVID-19 patients. Additional laboratory data, such as CBC, C-reactive protein (CRP), ESR, electrolytes, as well as vital signs and O2 saturations were collected for hospitalized and ICU COVID-19 patients. COVID-19 diagnosis was confirmed by serological rapid IgM assay and real-time polymerase chain reaction (RT-PCR). Furthermore, hospitalization or admission of patients to ICU was carried out according to different clinical parameters, including SpO2, lung computed tomography (CT)-scan, heart rate, and various blood parameters such as LDH, CPK, Ferritin, Troponin, C-reactive protein (CRP) and interleukin-6 (IL-6), similar to criteria provided by the National Institutes of Health (NIH) (https://www.covid19treatmentguidelines.nih.gov) and National Guidelines of the Diagnosis and Treatment Committee for COVID-19. Also, COVID-19 mortality was followed by the medical record center of referred hospital as well as via phone calls (the patients him/herself or through patients’ family members).



PBMCs isolation, RNA extraction, and cDNA synthesis

Venous whole blood specimens (5 cc) were transferred to collection tubes with EDTA. Peripheral blood mononuclear cells (PBMCs) were isolated via lymphocyte separation media. The blood samples by Ficoll as the lymphocyte separation media, were centrifuged at 800 ×g for 20 min. Then, the PBMCs were washed twice by phosphate buffered saline (PBS), at pH 7.4. RNA was extracted from PBMCs by Total RNA Extraction Kit (Yekta tajhiz Azma, Tehran, Iran) based on the manufacturer’s instructions. The Easy™ cDNA Reverse Transcription kit (ParsTous, Iran) was used to perform reverse transcription of total RNA into cDNA. Briefly, the template RNA (total RNA or Poly (A) mRNA) and other kit components in RNase-free tube were mixed. Next, the mixture was rapidly vortexed and then, incubation was performed for 10 min at 25°C and 1 hour at 47°C, respectively. The reaction was stopped by heating at 85°C for 5 minutes. At the end, cDNA products were stored at -80°C.



Serum isolation

Venous whole blood samples from COVID-19 cases and normal participants were obtained in Falcon collection tubes without EDTA. The blood specimens were then centrifuged at 1000 xg for 10 min to remove the clots. The supernatant was collected and stored at -80°C and used for enzyme-linked immunosorbent assay (ELISA) experiment.



Expression analysis of Fas and FasL by real-time PCR

Primer sequences that were used are mentioned in Table 1 (18–20). The used sequences were oligonucleotide primers for the recognition of Fas and FasL. NCBI blast was also used to check the primer against human genome. Glyceraldehyde 3-phosphate dehydrogenase (GAPDH) was selected as reference housekeeping gene, with same primers as our recent previous study (20). These sequences were re-analyzed for suitability by Oligo7. In order to assess relative mRNA expression RT-PCR was performed.


Table 1 | Primer sequences.



After amplifying cDNAs using PCR with SYBR Green qPCR Master Mix 2X (ParsTous Biotechnology, Mashhad, Iran), we performed real-time PCR test using Applied Biosystems 7300 real-time thermocycler (Applied Biosystems, MA, USA).

We assessed the expression level of Fas and FasL mRNA in mild, moderate, and severe COVID-19 cases, and control subjects, as expression ratios normalized to the expression of the house keeping gene, GAPDH.



Analysis of Fas and FasL protein concentrations by ELISA

Serum of patients was used to measure Fas and FasL proteins. Their levels were quantified for 88 subjects by the BIOTECH ELISA kit for human Fas and FasL (SHANGHAICRYSTAL DAY BIOTECH CO., Shanghai, China), respectively. Concentrations were measured at 450 nm by Synergy HTX multi-mode microplate reader (BioTek Instruments, Winooski, VT, USA) according to the color shade of each plate. We assessed the concentration of Fas and FasL proteins in mild, moderate and severe COVID-19 patients as well as the control group.



Correlation analysis of lung injury CT scan and sFas/sFasL protein levels

Lung has two right and lobes, that includes upper, middle, and lower lobes. Each lobe is about one-sixth of lung area, and percent of involvement is determined by this method in our department. We collected the lung CT-scan results that were available for COVID-19 patients. Correlation analysis was performed between lung injury and sFas/sFasL protein levels that were detected by ELISA.



The in silico molecular dynamics study of Fas/FasL interaction in blood

Immunoinformatics is carried using various software that extend our knowledge of molecular findings by facilitating processes such as simulating complex reactions and screening compounds for experimental evaluation of drugs (21). Therefore, we evaluated Fas/FasL interactions in silico by simulating the blood profile condition of COVID-19 patients, such as fever and hyponatremia which is responsible for inflammation in this condition.

We modelled Fas and FasL by homology modelling and assessed structure quality. We used the best complex according to docking results. Molecular dynamics simulation (MDS) is a computational simulation method that is utilized for analysis of the physical movement of atoms and molecules. In MDS, a biological system is virtually set up and equilibrated, and is allowed a limited time to evolve. Then, the evolution of the system within the MDS trajectory can be analyzed. One of the most recognized and versatile programs for MDS is GRoningen MAchine for Chemical Simulations (GROMACS). This software package enables rapid and precise simulations (22).

We simulated the best docked Fas/FasL complex in blood via GROMACS. Visual Molecular Dynamics (VMD) (23) and UCSF chimera were employed to assess the simulation box during all MDS steps. Also, OPLS-AA force field was selected to produce topology of proteins (24, 25). Then, the Fas/FasL complex was centered in a triclinic box with edges separated by a minimum of 1 nm from the edges and also the simulation box enclosed the Fas/FasL complex. The box size was set to 6.2, 7.1, 5.2 nm. We used spce16 water for solvation. Moreover, we added Na+ and Cl- ions to neutralize the system, and to reach a concentration of 150 mM similar to blood of healthy cases. Previous studies demonstrated that hyponatremia and fever are important pathophysiological findings in COVID-19 patients (26–31). Therefore, for COVID-19 groups; hyponatremia and fever, the simulation setting was modified to 130 mM/37°C and 150 Mm/38.4°C, respectively.



Binding energy analysis of the contact area of the Fas/FasL complex

We selected protein binding energy prediction (PRODIGY) (https://wenmr.science.uu.nl/prodigy/), a novel tool that assesses the binding strength in biological molecules interactions. This algorithm has the ability to utilize alternative atomic radii and various nonpolar solvation modes (32). By this approach, we interconnected MDS with binding energy analysis for contact area of the Fas/FasL complex for all MDS groups. Negative energies were considered an indicator of favorable binding.



Statistical analysis

Statistical Packages for Social Sciences (SPSS), (SPSS Inc., Chicago, USA) and GraphPad Prism version 8.4 (GraphPad Software Inc., La Jolla, CA, USA) were utilized to analyze RT-PCR and ELISA data. Moreover, data normality was evaluated via the Kolmogorov-Smirnov test for sample size (n ≥50) or Shapiro-Wilk for sample size (n ≤50) (33). ELISA data were assessed through one-way ANOVA with post-hoc Tukey analyses. Results were plotted as mean ± SEM. Moreover, t tests or non-parametric tests (e.g., Mann-Whitney) were used where appropriate. For all tests, threshold of significance was considered p = 0.05. For Bioinformatics analyses, suitable software packages and servers were used.




Results


Subject’s information and demographics

In this study, 120 individuals were enrolled, including mild (n=31), moderate (n=31), and severe (n=31) COVID-19 patients as well as healthy subjects (n=27), for whom gene expression analysis was performed. In the next step, the patients were followed-up for mortality and ELISA study. For follow-up subjects, age of participants was 48.59 ± 17.54, and 43 patients (48.86%) were male and 45 patients (51.14%) were female. As shown in detail in Table 2, clinical findings of COVID-19 patients included fever in 38 patients (57.57%), cough in 36 patients (54.55%), weakness in 31 patients (46.7%), myalgia in 30 patients (45.45%), nervous system symptoms in 22 patients (33.33%), along with GI symptoms such as nausea, vomiting, and diarrhea in 18 patients (27.27%). Inflammatory markers such as CRP and IL-6 as well as demographic information are provided in Table 2.


Table 2 | Patient’s clinical characteristics.





Expression of mFas and mfasL are attenuated in mild COVID-19 patients

Expression of mFas and mFasL mRNA was evaluated for all groups. COVID-19 patients in the moderate and severe COVID-19 groups showed significantly higher mFas expression compared to the mild COVID-19 group (p < 0.0001). Further, mild COVID-19 group had lower mFasL expression in comparison with the control group (p < 0.01) as well as moderate and severe COVID-19 groups (p < 0.0001). Overall, mFasL expression was higher in COVID-19 cases compared to the control group. mFasL expression was significantly elevated in moderate (p < 0.05) and severe (p < 0.001) COVID-19 groups compared to the control group. PCR results for mFas and mFasL are provided in Figures 1A–F. Also, correlation analysis of mFas/mFasL expression and clinical COVID-19 symptoms are provided in Figure 2.




Figure 1 | Fas and FasL mRNA expression in PBMC samples mRNA expression of Fas and FasL is shown for (A, B) COVID-19 (n = 93) and control group (n = 27). (C, D), mild, moderate, and severe COVID-19 (n = 31 per group), and control group (n = 27). (E, F) Heatmaps graphically demonstrate expression level; *p<0.05, **p< 0.01, ***p<0.001, ****p< 0.0001. Outlier data which were abnormal were excluded for each gene expression analysis. *Outlier values are displayed as blanked in heatmaps. Higher values than graph range exceed the plot and may not be shown.






Figure 2 | Correlation matrix for Fas/FasL and clinical disease properties.





sFas and sFasL proteins are increased in mild COVID-19

ELISA analysis of serum samples from mild COVID-19 patients displayed an increase in both sFas and sFasL proteins compared to all other subgroups. sFas levels were significantly higher in mild COVID-19 group, compared to the control group (p < 0.05) and severe COVID-19 group (p < 0.01). sFasL levels were significantly higher in mild COVID-19 compared to moderate COVID-19 group (p < 0.05). Also, sFasL levels were lower in severe COVID-19 group compared to control and mild COVID-19 groups. ELISA results for sFas and sFasL are provided in Figures 3A–D.




Figure 3 | Fas and FasL protein level in serum samples. Serum levels of Fas and FasL is shown for (A, B) COVID-19 (n = 66) and control group (n = 22). (C, D), mild, moderate, and severe COVID-19, and control group (n = 22 per group); *p<0.05, **p< 0.01, ***p<0.001, ****p< 0.0001.





Correlation analysis of CT scan lung injury and sFas/sFasL protein level in patients with COVID-19

In CT-scan, the normal lung appears clear with low attenuation area and normal vascularity, but inflamed/injured areas appear with ground glass opacity (GGO) and abnormal vascularity. Lung CT-scan of COVID-19 cases representing mild, moderate, and severe respiratory involvement are provided in Figure 4. Analysis of the lung CT-scan in COVID-19 patients showed that a decrease in sFas and sFasL levels was significantly correlated with severity of respiratory injury (r= - 0.3485, p= 0.0085; r= - 0.3388, p= 0.0106), respectively. These results are indicated in Figure 5.




Figure 4 | Lung CT of COVID-19 patients representing mild, moderate, and severe respiratory injury. (A) Mild, Multiple peripheral and central ground glass opacities (GGOs) in right upper lobe and left lower lobe; Band atelectasis in left lower lobe; (B) Moderate, Subpleural GGOs near costal and mediastinal pleura of both lungs, Consolidation with air-bronchogram in lower lobes of both lungs, multiple observations of band atelectasis; (C) Severe, Peripheral patchy GGOs, Diffuse and mostly peripheral GGOs, Multiple fibrotic bands.






Figure 5 | Correlation of lung involvement CT scan and sFas/sFasL in COVID-19 patients. Lung has two right and lobes, that includes upper, middle, and lower lobes. Each lobe is about one-sixth of lung area, and percent of involvement is determined by this method in our department.





sFasL protein level predicts mortality in COVID-19 patients

In this study, ten patients died, comprising five patients in each of moderate and severe COVID-19 groups. However, none of patients died in the mild COVID-19 group. We performed logistic regression to evaluate the sFas and sFasL levels for prediction of mortality in COVID-19 patients. We found that lower sFasL levels are associated with a significantly increased risk for mortality (OR β1 = 0.940; 95% CI= 0.881-0.991, p = 0.038). Regression analysis and Receiver operating characteristic (ROC) curve are also shown in Figures 6A, B. Area under curve (AUC) was 0.70 (p = 0.042). As well, the cut-off value of sFasL was determined 19.65 ng/ml for predicting of COVID-19 patients’ mortality. Finally, we performed statistical analysis to compare the mean sFasL levels in dead vs. alive COVID-19 patients. Our results showed that the mean sFasL levels were significantly (p < 0.05) lower in the dead group compared to the alive group (Figure 6C).




Figure 6 | Regression analysis and prognostic performance of sFasL for COVID-19 mortality. (A) Regression analysis showed lower sFasL is associated with an increased risk for mortality (n =66). (B) AUC in ROC was 0.70. (C) sFasL levels were lower in dead compared to alive COVID-19 patients. *p<0.05, **p< 0.01, ***p<0.001, ****p< 0.0001.





Homology modelling of Fas and FasL structures

In the present study, homology modelling is defined as the prediction of a protein structure (Fas/FasL) based on experimental data. Single template modelling using 4MSV achieved for FasL. Align 2D algorithm showed an alignment score of 123061.55. molpdf and DOPE score are 865.61 and 15026.96. Furthermore, multiple template modelling using 3TJE and 3X3F was achieved for Fas. molpdf score for the best structure is 2547.91. GA341, a MODELLER tool used to rule out bad models, for generated models was higher than 0.6, confirming that the models had good quality.



Protein structure refinement

In this work, protein structure refinement is defined as the determination and optimizing of protein structure properties, such as amino acid angles, protein Z-score, alignment of beta-sheets, alpha-helices, and coils. The initial models were refined by GalaxyRefine server, through Refine2 tool set to conservative mode. As shown in Figures 7A–F for Fas, RMSD, MolProbity, clash analysis, poor rotamers, Ramachandran preferred, and GALAXY energy for the initial model and the top refined model were 0.000, 3.580, 117.8, 4.9, 90.9, and 1039.44; 8.682, 1.560, 2.7, 1.4, 94.2, and -2838.07, respectively. Also as shown in Figures 8A–F for FasL, RMSD, MolProbity, clash analysis, poor rotamers, Ramachandran preferred, and GALAXY energy for the initial model and the top refined model were 0.000, 2.833, 55.3, 4.4, 97.3, and -1184.28; 6.043, 0.887, 1.5, 0.0, 99.3, and -3912.69, respectively. In this step, we refined the Fas and FasL structure.




Figure 7 | Protein quality verification for Fas tertiary structure. In this illustration, the proteins (Fas/FasL) are evaluated based on structural Bioinformatics rules. After refinement, Fas structures was favorable. (A, B) In the Ramachandran plot, more residues are located in favorable regions. (C, D) ERRAT score was improved from 36.296% to 85.849%. A score over 80% shows the refined structure has good quality. (E, F) ProSA Z-score was improved from -3.41 to -4.08 which is within the acceptable range for structures with the same aminoacid length.






Figure 8 | Protein quality verification for FasL tertiary structure. After refinement, FasL structure was favorable (A, B) In the Ramachandran plot, more residues are located in favorable regions. (C, D) ERRAT score was improved from 70.833% to 88.696%. A score over 80% shows the refined structure has good quality. (E, F) ProSA Z-score was improved from -4.3 to -4.93 which is within the acceptable range for structures with the same aminoacid length.





Protein structure quality assessment

Protein quality assessment is defined as evaluating of quality of the final target protein, based on the previous steps and Bioinformatics analysis rules, for example, the number of amino acids located in most favorable regions should be maximized. For both Fas and FasL, we refined the structures to accomplish a structure that is verified as good quality by various tools, such as Ramachandran plot, ERRAT, and ProSA. For Fas, Ramachandran analysis showed 93.431%, 4.380%, and 2.190% of elements were positioned in the most favored, allowed, and questionable areas. After refinement, mentioned scores were further enhanced, reaching 94.891%, 2.920%, and 2.190%, respectively. For FasL, initial structure showed values of 98.473%, 0.763%, and 0.763%. After refinement, these results were further improved to 99.237%, 0.763%, and 0.000%, respectively. Also, ERRAT scores showed the scores of 36.296% and 85.849% for initial and refined Fas structures, respectively. This analysis showed the scores of 70.833% and 88.696% for initial and refined FasL structures, respectively. These results indicate that the refined structures passed the ERRAT analysis. ProSA analysis of protein Z-score showed values that were within the range of experimentally-verified structures of sequences with the same amino acid length. For Fas, Z-scores for initial and refined structures were -3.41 and -4.08, respectively. Also, for FasL, Z-scores for initial and refined structures were -4.3 and -4.93. These results are shown in Figures 7–9.




Figure 9 | Refinement of Fas and FasL tertiary structure. Protein structure refinement is the determination and improving of a protein’s structural properties. In this figure (A; Fas and B; FasL), by beige/blue colors, the initial and refined structure have been matched to show how the 3D structures, such as beta-sheets, alpha-helices and coils have been altered to improve the protein quality. Also, a significant portion of the refined structure is made of beta-sheets or alpha-helices indicating good structural stability.





Docking analysis for Fas/FasL complex

Molecular docking is the evaluation of the way that two or more molecular structures such as protein, enzyme and drugs fit together (34). The final protein structures for best docked complex showed docking score, area, ACE, and transformation of 12864, 1594.40, 137.01, 0.57, and -0.48 -0.04 84.68 -20.55 42.63. After refinement by FireDock, energy (global), attractive VdW, repulsive VdW, ACE, and HB -22.15, -24.02, 4.16, 8.64, and -2.93. The contact residues were detected by UCSF Chimera and default contact criteria. Additionally, 118 contacts were detected in the Fas/FasL complex which are provided in Table 3 and highlighted in yellow within the docked complex in Figure 10.


Table 3 | Contact area for Fas/FasL complex.






Figure 10 | Docked Fas/FasL complex. In this figure, molecular docking has been shown. Docking is the Bioinformatics assessment of how two proteins (Fas and FasL) fit best as a complex. Fas and FasL are shown with distinct colors (purple and beige). Fas/FasL complex contacts are highlighted with yellow lines.





Molecular dynamics simulation study of Fas/FasL complex for COVID-19 patients

MDS is explained as a computational simulation method that allows the prediction of time-related evolutions of a particular interacting system (35). In our research, the Fas/FasL system was converged to Fmax < 1000 by the steepest descents algorithm, in 1027 steps, reaching the potential energy of -9.3472875e+05 (Figure 11A). After the NVT equilibration, temperature reached 309.782 °K (Figure 11B), and after NPT equilibration, the pressure of the system reached 0 bar (Figure 11C) and the density was 1027 kg/m3 (Figure 11D). For all studied conditions, gyration, RMSF, and visual evaluation of the MDS trajectory did not show denaturation of the protein (Figure 11E). RMSD of the Fas, FasL, and Fas-FasL complex stabilized after 5-6 ns (Figure 11F). Results for the normal conditions are shown in Figures 11A–F.




Figure 11 | Molecular dynamics simulation (MDS) analyses for Fas/FasL in blood MDS is a simulation approach for analysis of the physical movement of atoms. Here, a biological system of Fas/FasL was virtually set up and equilibrated in blood-like conditions, and was allowed a limited time to evolve. (A) Energy minimization (EM) was set-up for the Fas/FasL system. (B) During the NVT equilibration, the temperature was matched to blood-like conditions. (C) During the NPT equilibration, the pressure reached 0 bar. (D) Density of the Fas/FasL system was also equilibrated in this step. After production MDS of the Fas/FasL system: (E) Root-mean square fluctuation (RMSF) analysis did not show fluctuation in the Fas/FasL system and the proteins did not denature. (F) Root-mean square deviation (RMSD) values shows that the Fas/FasL complex reached stability within the blood-like simulation conditions.





Final binding analysis of Fas/FasL interactions in COVID-19

Regarding the PRODIGY analysis, in the control conditions, the average Fas-FasL binding energy was -9.8 kcal.mol-1. In the COVID-19 fever condition, the average Fas-FasL binding energy was -8.11 kcal.mol-1, showing a stable binding. Also, in COVID-19 hyponatremia condition the binding energy was -10.71 kcal.mol-1, which showed a more stable binding state. These results may indicate that a mild increase in temperature can result in slightly less favorable binding while lower Na+ levels could enhance binding energies. Nonetheless, binding for all group showed a stable negative ΔG, confirming our experimental data. Binding results for all groups are provided in Table 4.


Table 4 | Binding analysis for molecular dynamics study of Fas/FasL.






Discussion

Several studies have shown that Fas and FasL activate inflammatory cells, particularly neutrophils, through the release of pro-inflammatory cytokines (4, 36, 37). These molecules lead to neutrophils’ and macrophages’ recruitment to injury area (12, 38–41). Uncontrolled inflammation mediated by Fas/FasL plays an immunopathological dysregulated immune response and increased neutrophil counts in various tissue injuries, including respiratory and neurological disorders (12, 42–46). An important adverse effect of hyperinflammation and cell apoptosis in COVID-19 patients is lymphopenia, that is affected by Fas/FasL (47). A recent investigation demonstrated that increased expression of Fas (CD95) in CD4+ and CD8+ lymphocytes was associated with a reduced proportion of naive events. The findings of their study indicated apoptosis and exhaustion of lymphocytes during COVID‐19 infection (10). Also, in our experiment, moderate and severe COVID-19 groups showed higher mFas expression in comparison with the mild COVID-19 group in PBMCs samples, that consist of lymphocytes, monocytes, and immature neutrophils. Additionally, mFasL expression in PBMCs was higher in COVID-19 group in comparison with the control group. Findings of the present study support our hypothesis that mFas/mFasL is converted to sFas/sFasL. This event in the initial inflammatory phase in the mild COVID-19 patients may be mediated through additional mechanisms such as cleavage by MMPs (12). Further studies are recommended to explore these factors in the inflammatory phase of COVID-19.

Our data confirmed an increase in sFas and sFasL protein production in the initial-stage mild COVID-19 patients. Moreover, we found sFas and sFasL levels were reduced in later-stage more severe COVID-19 groups compared to the mild COVID-19 group. Interestingly, a recent work demonstrated that serum sFasL levels in ICU COVID-19 patients were lower compared to controls at the time of admission (9). Therefore, we suggest that the decrease in sFas/sFasL levels could be due to their consumption in the inflammatory phase of COVID-19 for neutrophil activity and recruitment in particular in the lungs. This phenomenon may indicate the increased activity of proteolytic enzymes such as MMPs or the alternative splicing of full-length Fas mRNA on receptor induction. However, further study is suggested (48).

On the other hand, lymphopenia and neutrophilia are found in patients with COVID-19. A previous study showed that neutrophils release sFasL, that activates apoptosis in some cellular subtypes expressing Fas (49, 50). sFasL promotes inflammatory feedback and overactivation of neutrophils from Type 2 Diabetes Mellitus (T2DM) patients without inducing apoptosis in these cells (4). Another research by Bellesi et al. showed that increased expression of Fas (CD95) in CD4+ and CD8+ lymphocytes was associated with a reduced proportion of naive events. The findings of their study indicated apoptosis and exhaustion of lymphocytes is induced by Fas during COVID‐19 infection (10). Moreover, next-generation anti-sFasL therapy through inhalation can be used more specifically and directly in future studies. Interestingly, a previous study showed therapy by anti-FasL antibody preserves lymphocytes and virus-exclusive cellular immune feedback, confirming our suggestion (51). According to results of the present work, we think that neutrophilia and lymphopenia in severe-stage COVID-19 patients is related to the role of sFasL.

In addition, it has been demonstrated that Fas/FasL interactions play a role in immune cytotoxicity, affecting peripheral nerve damage and pain (52). Another study found that the concentration of sFasL was significantly associated with the neuropathy severity (53). Findings of the present work indicated that mFas expression has an inverse correlation with myalgia in patients with COVID-19. A recent work showed that serum sFas production is related to a higher risk of nerve injury in Guillain-Barré syndrome (GBS) patients. Also, other studies indicated that myalgia is the most prevalent pain-related symptom after COVID-19–induced GBS (54, 55). Taken together, we believe that Fas/FasL signaling may affect myalgia in COVID-19 cases. Also, analysis of disease severity in COVID-19 patients by lung CT-scan showed that sFas and sFasL proteins are negatively correlated with respiratory injury. Notably, previous research has demonstrated that Fas/FasL pathways and their common genetic variants are related to lung injury and an inflammatory response, which are in line with our findings (56, 57). This is the first evidence supporting a role for sFas and sFasL proteins in respiratory injury in COVID-19 patients.

Strength of this study is that, for the first time, we employed an interdisciplinary approach comprising various clinical findings, laboratory molecular tests, and Bioinformatics simulation (in silico) to evaluate Fas/FasL role in COVID-19 patients. We found that sFasL is a prognostic factor for mortality and severity of COVID-19 patients. Another major strength is the confirmation of previous findings regarding sFasL levels in COVID-19 (9) and the potential relation of sFasL levels to lung injury.

A limitation of this research was that it was a single-center study. Therefore, multi-center research with a larger sample size and age-matched participants may be needed to assess these results in COVID-19. Sampling for this study was performed at the beginning of the COVID-19 pandemic. Thus, our study does not include newer variants such as Omicron and delta. We suggest that future research evaluates these results by including other variants of COVID-19. Another restriction of our work was that we could not obtain bronchoalveolar lavage (BAL) fluid. Exploring of sFasL in the BAL fluid in future studies could lead to major advancements. Overall, these limitations do not significantly impact the results of the present study, and our study provides an essential clue for further studies in the absence of possible disruptive factors such as multiple vaccinations. We recommend that future research evaluates the role of sFasL in different variants of COVID-19 to further confirm these results.

COVID-19 presents itself through complicated multi-system symptoms, affecting a wide range of body systems (3). Although different vaccines have been shown to be effective in slowing the COVID-19 pandemic, they have not been adequately successful in providing a permanent immunoprotection. Therefore, pharmacotherapy of COVID-19, in particular by targeting novel inflammation mediators, such as Fas/FasL, should still be studied (8, 58).



Conclusions

Fas/FasL pathways could play a role in the mediation of hyperinflammatory cytokine response in COVID-19 by being consumed through an interaction with MMPs, and the novel triangle of viral entry, cytokine storm, and multi-system damage. We found the role of Fas/FasL may depend on the disease stage and severity of COVID-19. Our in silico analysis confirmed that, alterations in the blood of COVID-19 patients could change Fas/FasL interactions at the molecular level. Preclinical and clinical research testing Fas/FasL-mediating drugs such as anti-sFasL for COVID-19 treatment may aid vaccination efforts to eradicate the COVID-19 pandemic. The findings of the present study indicate that sFasL prognostics severity and mortality in COVID-19 patients. This is the first report describing that the serum sFasL protein is a severity and mortality prognostic marker for the clinical management and therapy of COVID-19 patients.
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SARS-CoV-2 Omicron infections are common among individuals who are vaccinated or have recovered from prior variant infection, but few reports have immunologically assessed serial Omicron infections. We characterized SARS-CoV-2 humoral responses in an individual who acquired laboratory-confirmed Omicron BA.1.15 ten weeks after a third dose of BNT162b2, and BA.2 thirteen weeks later. Responses were compared to 124 COVID-19-naive vaccinees. One month post-second and -third vaccine doses, the participant’s wild-type and BA.1-specific IgG, ACE2-displacement and virus neutralization activities were average for a COVID-19-naive triple-vaccinated individual. BA.1 infection boosted the participant’s responses to the cohort ≥95th percentile, but even this strong “hybrid” immunity failed to protect against BA.2. Reinfection increased BA.1 and BA.2-specific responses only modestly. Though vaccines clearly protect against severe disease, results highlight the continued importance of maintaining additional protective measures to counteract the immune-evasive Omicron variant, particularly as vaccine-induced immune responses naturally decline over time.




Keywords: COVID-19, vaccine, Omicron variant, reinfection, humoral immunity



Introduction

SARS-CoV-2 infections, predominantly fueled by the Omicron (B.1.1.529) variant, are increasingly common among individuals who are vaccinated and/or have recovered from prior infections (1–3). Globally, the highly transmissible and immune-evasive Omicron variant has rapidly overtaken the previously dominant Delta variant (3–7), and the original Omicron BA.1 strain is being outcompeted by newer Omicron sub-lineages BA.2, BA.3, BA.4 and BA.5 (8, 9). In British Columbia (BC), Canada, Omicron BA.1 had overtaken Delta by December 2021, and BA.2 had largely outcompeted BA.1 by March 2022 (10, 11).

COVID-19 vaccine coverage in BC is relatively high, with 93%, 90% and 57% of individuals aged 12 years or older having received one, two and three COVID-19 immunizations, respectively, by May 2022 (12). Persons at elevated risk of severe COVID-19 were also eligible for fourth doses at this time (13). Despite this, the province experienced fifth and sixth waves of COVID-19, dominated by BA.1 and BA.2, respectively, as public health measures were gradually relaxed (10, 11). Indeed, it is estimated that between December 2021 and March 2022, nearly half of British Columbians experienced a SARS-CoV-2 infection, likely due to Omicron (14, 15).

Several reports have examined post-vaccination Omicron infections, or Omicron reinfections following exposure to prior variants (16–23), but we are aware of only one study that assessed repeat Omicron infection incidence through viral genomic surveillance (24). The prior study however did not measure immune responses (24). In fact, at the time of writing, no studies to our knowledge appear to have investigated vaccine- and infection-induced immune responses after serial Omicron infections. Here, we longitudinally characterize SARS-CoV-2 humoral responses in an individual who experienced serial BA.1 and BA.2 Omicron infections following three-dose COVID-19 mRNA vaccination. Responses were compared to those of 124 COVID-19-naive vaccinees over the same period. Taken together with existing literature, our results suggest that vaccination provides limited protection against infection and/or reinfection by Omicron variants, though the fact that the individual’s symptoms were not serious enough to require hospitalization demonstrates that vaccination was nevertheless effective in its primary goal of preventing severe disease.



Methods


Observational COVID-19 vaccine cohort and SARS-CoV-2 infection monitoring

In December 2020, we established a prospective longitudinal study in Vancouver, Canada, to examine SARS-CoV-2 specific humoral immune responses following vaccination with BNT162b2 (Comirnaty; BioNTech/Pfizer) or mRNA-1273 (Spikevax; Moderna) in a cohort of adults aged 24-98 years [described in (25, 26)]. Serum and plasma were collected longitudinally up to 6 months following the third dose (Figure 1A). At each visit, serum was tested for the presence of SARS-CoV-2 anti-nucleocapsid (N) antibodies, which indicate seroconversion following infection, using the Elecsys Anti-SARS-CoV-2 assay on a Cobas e601 module analyzer (Roche Diagnostics). In addition to the case participant, immune measures from a comparison group of 124 participants of this cohort, who remained anti-N seronegative up until at least one month post-third vaccine dose, are included for context.




Figure 1 | Case participant history and longitudinal humoral responses against wild-type and Omicron BA.1 SARS-CoV-2. Panel (A) Case participant timeline. Immunizations and SARS-CoV-2 Omicron infection history are shown at the top. Longitudinal SARS-CoV-2 anti-N serology results are shown in small green (anti-N negative) or orange (anti-N positive) circles. Large black circles denote time points where additional humoral functions, shown in panels below, were measured. Panel (B) Longitudinal anti-S-RBD IgG concentrations, expressed in log10 BAU/mL, in the case participant (large circles) versus the comparison group of SARS-CoV-2-naive individuals (small circles) at various time points following two- and three-dose COVID-19 vaccination. Wild-type (WT) specific anti-S-RBD responses are shown in red; Omicron BA.1-specific ones are shown in blue. Matching solid lines connect the participant’s longitudinal values, while dotted lines connect the median values for the comparison group. Approximate times of BA.1 and BA.2 infections are shown with arrows. Total Ns are shown at the bottom of the plot. Later time points have smaller Ns because some control participants were censored due to post-vaccination SARS-CoV-2 infection or had not yet completed the visit. Panel (C) same as (B), but for longitudinal ACE2% displacement function from wild-type (red) and BA.1 (blue) S-RBDs. Panel (D) same as (B), but for longitudinal live virus neutralization function against wild-type (red) and BA.1 (blue) strains. ULOQ/LLOQ: upper/lower limit of quantification.





Ethics approval

All participants or their authorized substitute decision makers provided written informed consent. This study was approved by the University of British Columbia/Providence Health Care and Simon Fraser University Research Ethics Boards (protocol H20-03906).



SARS-CoV-2 diagnostics and lineage confirmation

Diagnostic samples from the case participant’s two SARS-CoV-2 infections were tested at the St. Paul’s Hospital Virology Laboratory using the cobas® SARS-CoV-2 Test which targets conserved regions within the Orf1a/b and E genes (Roche Diagnostics) followed by screening using a real-time reverse transcription (RT)-PCR based algorithm for SARS-CoV-2 lineage classification that is frequently updated to detect emerging variants (27, 28). Following this, the diagnostic samples were subjected to full-genome SARS-CoV-2 sequencing in two independent laboratories: the BC Centre for Disease Control, the provincial laboratory that performs all SARS-CoV-2 sequencing for epidemiological surveillance, and the BC Centre for Excellence in HIV/AIDS. Both laboratories use the Illumina platform. The SARS-CoV-2 full genome sequences for the participant’s BA.1.15 and subsequent BA.2 infections are available in GISAID (Accession IDs EPI_ISL_12767799 and EPI_ISL_12662303, respectively) and in Genbank (Accession Numbers OP237526 and OP237527).



Binding antibody assays

We quantified anti-Spike Receptor Binding Domain (RBD) binding IgG concentrations in serum using the V-plex SARS-CoV-2 (IgG) ELISA kit (Panel 22, Meso Scale Diagnostics), which features wild-type and Omicron BA.1 RBD antigens. For a subset of participants, Anti-Spike binding IgG concentrations in serum were also quantified using the V-plex SARS-CoV-2 (IgG) ELISA kit (Panel 25, Meso Scale Diagnostics), which features full-length S antigens from wild-type, Omicron BA.1 and Omicron BA.2. This panel was used because, at the time of analysis, no reagents featuring Omicron BA.2 RBD were offered by the manufacturer. Both assays were performed on a Meso QuickPlex SQ120 instrument, with sera diluted 1:10000. Results are reported as WHO International Standard Units (BAU/mL), using the manufacturer-provided conversion factors.



ACE2 competition assays

We assessed the ability of serum antibodies to block the wild-type and Omicron BA.1 RBD-ACE2 receptor interaction by competition ELISA (Panel 22 V-plex SARS-CoV-2 [ACE2]; Meso Scale Diagnostics). For a subset of 28 participants, we also assessed the ability of serum antibodies to block the wild-type, BA.1 and BA.2 Spike-ACE2 receptor interaction using the same methods (Panel 25 V-plex SARS-CoV-2 [ACE2]). Both assays were performed on a Meso QuickPlex SQ120 instrument, with sera diluted 1:40. Results are reported as % ACE2 displacement.



Live virus neutralization assays

Neutralizing activity in plasma was examined in live SARS-CoV-2 assays using a wild-type isolate (USA-WA1/2020; BEI Resources) and a local Omicron BA.1 isolate (GISAID Accession # EPI_ISL_9805779) on VeroE6-TMPRSS2 (JCRB-1819) target cells. Viral stock was adjusted to 50 TCID50/200 µl in Dulbecco’s Modified Eagle Medium in the presence of serial 2-fold plasma dilutions (from 1/20 to 1/2560), incubated at 4°C for 1 hour and added to target cells in 96-well plates in triplicate. Cultures were maintained at 37°C with 5% CO2 and the appearance of viral cytopathic effect (CPE) was recorded three days post-infection. Neutralizing activity is reported as the reciprocal of the highest plasma dilution able to prevent CPE in all triplicate wells. Samples exhibiting partial or no neutralization at 1/20 dilution were defined as below the limit of quantification (BLOQ).



Data analysis

Data visualization and analysis was conducted in Prism v9.2.0 (GraphPad). As this is a report of a single case where immune response data are contrasted to those observed in a COVID-19-naive comparison group, response magnitudes are characterized in detail, but no formal statistical tests were applied.




Results


Case participant SARS-CoV-2 vaccination and infection timeline

The participant was a frontline health care worker, approximately 30 years of age. The participant had no major health conditions, but did take medications for hypothyroidism and familial hypercholesterolemia, both of which were well-controlled. The participant received three doses of mRNA vaccine (all BNT162b2; 30 mcg) in late December 2020, early February 2021 and late October 2021 (Figure 1A). All blood samples collected up to one month following the third immunization were anti-N seronegative.

In early January 2022, ten weeks after the third immunization, the participant experienced moderate COVID-19 symptoms including sore throat, fatigue, congestion, body aches, severe headaches, loss of taste and smell, coughing, shortness of breath and nausea. Symptoms, primarily cough, intensified in the second week after diagnosis requiring corticosteroid therapy. By the third week, symptoms had subsided except for shortness of breath and fatigue, with minimal improvement from short- and long-acting bronchodilating agents. A saline gargle collected on January 10, 2022 tested positive on the cobas® SARS-CoV-2 Test with a cycle threshold (Ct) value of 21 for both Orf1a/b and E gene targets. Real-time RT-PCR-based molecular screening identified the infection as Omicron BA.1, with subsequent full-genome viral sequencing confirming the specific lineage as BA.1.15.

In early April 2022, 13 weeks following the BA.1 infection (and 23 weeks following the third immunization) the participant experienced a profile of milder COVID-19 symptoms that differed compared to the first infection, consisting of a sore throat, fever, body aches, headaches, and diarrhea. No change in sense of taste or smell was noted. The participant noted persisting weakness, fatigue and mental fog, as well as severe long-term, treatment-resistant shortness of breath triggered by mild activities or exercises. A nasopharyngeal swab collected on April 9, 2022 tested positive on the cobas® SARS-CoV-2 Test with Ct values of 24 (Orf1a/b) and 23 (E). This infection was identified as BA.2 by molecular screening and confirmed by full-genome viral sequencing.



Longitudinal humoral responses to wild-type and Omicron BA.1 variants

We began by investigating the magnitude of the participant’s humoral immune responses following immunization, in context of a control group of 124 COVID-naïve individuals who were vaccinated during the same period. The comparison group was 74% female with a median age of 57 (Interquartile Range [IQR] 38-76) years. We quantified antibody responses to wild-type and Omicron BA.1 strains in the participant and the comparison group at one month after the second and third vaccine doses, as these time points should capture peak responses post-vaccination (Figures 1B–D).

One month post-second dose, the participant’s wild-type and BA.1-specific RBD IgG concentrations were 3.34 and 2.70 log10 BAU/mL respectively, which were equivalent to the 53rd and 50th percentile values of the comparator cohort (Figure 1B). One month post-third dose, the participant’s wild-type and BA.1-specific RBD IgG concentrations had increased to 3.51 and 3.06 log10 BAU/mL respectively, equivalent to the 30th and 50th percentile values of the cohort. Similarly, one month post-second dose, the participant’s ability to disrupt the interaction between the ACE2 receptor and the wild-type and BA.1 RBDs were 97% (57th percentile) and 42% (55th percentile) respectively (Figure 1C). At one month post-third dose, the participant’s wild-type- and BA.1-specific RBD-ACE2 displacement activities had increased to 99% (74th percentile) and 76% (73rd percentile) respectively. Finally, at one month post-second dose, the participant’s plasma neutralized wild-type and BA.1 SARS-CoV-2 at reciprocal dilutions of 320 and 20, which were equivalent to the 97th and 76th percentile values of the cohort. At one month post-third dose, the participant’s wild-type and BA.1 neutralization titers were 320 (78th percentile) and 40 (59th percentile) respectively. These results indicate that the participant’s overall vaccine responses were typical of the cohort, but nevertheless insufficient to prevent infection by BA.1 approximately six weeks later.

Seventeen days after testing positive with BA.1 (which coincided with a three-month post-third-dose study visit), the participant’s wild-type and BA.1-specific responses were boosted substantially, reaching the cohort 95th percentile for most measures at this time when immune responses had begun to decline in the comparator cohort (Figures 1B–D). The participant’s wild-type RBD IgG concentration increased to 4.15 log10 BAU/mL, while their BA.1-specific RBD IgG concentration increased to 3.55 log10 BAU/mL (Figure 1B). For context, these values would have placed the participant in the 94th and 91st percentiles of “peak” cohort values, measured at one month post-third vaccine dose. Similarly, the participant’s wild-type-specific RBD-ACE2 competition activity remained high at 99.9%, while their BA.1-specific RBD-ACE2 competition activity increased to 96.3%. For context, these values would be equivalent to the 99th percentiles of peak cohort values one month post-third vaccine dose (Figure 1C). The participant’s wild-type and BA.1-specific neutralization values held at 320 and 40, respectively, equivalent to the 78th and 59th percentiles of peak cohort values (Figure 1D). These results indicate that BA.1 infection boosted the participant’s humoral response, particularly in terms of binding antibody concentrations and ACE2 displacement activity. Nevertheless, this boost was insufficient to prevent reinfection by BA.2 approximately 10 weeks later.

Sixteen days after testing positive with BA.2 (which coincided with a six-month post-third-dose study visit), the participant’s wild-type-specific responses remained steady or declined slightly (e.g. RBD IgG) from prior measurements (Figures 1B–D). Nevertheless, most of the participant’s wild-type-specific responses remained at the cohort 100th percentile at this time point, which is unsurprising given that vaccine-induced responses had declined substantially over this time in the COVID-19 naive comparison group. For context, the participant’s wild-type-specific responses at this time point would have represented the 84th (RBD IgG), 99th (ACE2 competition) and 78th (neutralization) percentiles of peak cohort values measured at one month post-third vaccine dose.

By contrast, the BA.2 reinfection had mixed effects on BA.1 responses. While the participant’s BA.1-specific RBD IgG concentration rose substantially to 4.01 log10 BAU/mL (whereas the cohort median at this time point was nearly 2 log10 lower), no change was seen for BA.1-specific RBD-ACE2 competition, and BA.1 neutralization increased only modestly (Figures 1B–D). The more pronounced impact of BA.2 reinfection was to extend the duration of BA.1-specific responses in the participant, who maintained an RBD-ACE2 competition activity of 95.7% (compared to the cohort median 29% at this time point) and a neutralization activity of 80 (compared to the cohort median BLOQ at this time point). For further context, the participant’s BA.1-specific responses at this time point would represent the 99th (RBD IgG), 99th (ACE2 competition) and 83rd (neutralization) percentiles of peak cohort values measured at one month post-third vaccine dose. Nevertheless, despite BA.1 infection and BA.2 reinfection, the participant’s virus neutralization activity against BA.1 at this time point, which represented the highest activity measured during the study, remained 4-fold lower compared to that against the wild-type strain one month post-third vaccine dose (Figure 1D). The substantially weaker ability of even “hybrid” (vaccine and dual-infection induced) immune responses to neutralize Omicron compared to wild-type suggests that the participant may remain at risk of additional Omicron infection.



Longitudinal humoral responses to Omicron BA.2

We next characterized BA.2-specific Spike IgG and ACE2 competition activities in the participant, compared to a subset of 28 control vaccinees (79% Female, median age 59 years) beginning one month following the third vaccine dose (Figure 2). As these analyses focus on whole Spike (rather than RBD antigen), the corresponding wild-type and BA.1 Spike-specific responses are also shown for context (Figure 2). We additionally confirmed the (strong) correlations between wild-type- and BA.1-specific RBD and Spike responses in these individuals (all p<0.0001; Figure S1). At one month post-third vaccine dose, the participant displayed wild-type, BA.1 and BA.2-specific Spike IgG concentrations of 3.76, 3.14 and 3.41 log10 BAU/mL respectively (Figure 2A), and ACE2 competition activities of 99.4%, 50.6% and 64.3% respectively (Figure 2B). The participant’s wild-type and BA.2-specific Spike-specific IgG concentrations and ACE2 competition activities were broadly average compared to control vaccinees at this time (54th and 68th percentiles for IgG, respectively; 46th and 54th percentiles for ACE2 competition, respectively). The participant’s values for BA.1-specific IgG and BA.1 Spike-specific ACE2 competition however were slightly lower than the averages of the control group (37th and 39th percentiles, respectively).




Figure 2 | Longitudinal humoral responses against wild-type, BA.1 and BA.2 Spike antigens. Panel (A) Anti-Spike IgG concentrations, expressed in log10 BAU/mL, in the case participant (large circles) versus a subset of the comparison group of SARS-CoV-2-naive individuals (small circles) at one, three and six months following three-dose COVID-19 vaccination. Wild-type-specific (WT) anti-Spike responses are in red; BA.1-specific ones are in blue; BA.2-specific ones are in black. Matching solid lines connect the participant’s longitudinal values; dotted lines connect the median values for the comparison group. Approximate times of BA.1 and BA.2 infections are shown with arrows. Total Ns are shown at the bottom of the plot; the final time point has a smaller N because some control participants were censored due to post-vaccination SARS-CoV-2 infection or had not yet completed the visit. Panel (B) same as (A), but for longitudinal ACE2% displacement function from wild-type (red), BA.1 (blue) and BA.2 (black) Spike protein.



Following BA.1 infection, the participant’s wild-type, BA.1 and BA.2-specific Spike IgG concentrations increased modestly, to 3.77, 3.17 and 3.44 log10 BAU/mL, respectively (Figure 2A). Though the magnitude of these increases was not as pronounced as those observed in the RBD-based assays (shown in Figure 1B), these values nevertheless placed the participant at or above the 85th percentile compared to control vaccinees at this time point, when immune responses had begun to decline in the broader cohort. For context, these values would place the participant in the 57th, 39th, and 68th percentile of peak cohort values measured at one month post-third vaccine dose. Similar to the ACE2 competition activities measured using RBD antigens (shown in Figure 1C), the participant’s wild-type Spike-ACE2 competition activities remained high at 99.7%, while BA.1 and BA.2 Spike-ACE2 activities rose substantially to 87.9% and 89.3%, respectively (Figure 2B); values that represented the 71st, 75th, and 79th percentiles of peak values for the control vaccinees at one month post-third vaccine dose.

Following BA.2 infection, the participant’s wild-type Spike IgG concentration declined slightly to 3.73 log10 BAU/mL, whereas their BA.1 and BA.2-specific values increased slightly to 3.20 and 3.51 log10 BAU/mL, respectively (Figure 2A). These trends were consistent with the anti-RBD IgG concentrations measured in the primary analysis (shown in Figure 1B), though of a smaller magnitude. Similar to the ACE2 competition activities measured using RBD antigens (shown in Figure 1C), the participant’s wild-type Spike-ACE2 competition activity remained high (99.5%) after BA.2 infection. BA.1 and BA.2 Spike-ACE2 activities increased, though only marginally, to 88.6% and 90% respectively (Figure 2B).

Together, these results confirm that the participant’s humoral responses to wild-type and Omicron variants were broadly average for a COVID-19-naive individuals one month post-third vaccine dose. While subsequent BA.1 infection boosted Omicron-specific immune responses (highlighted by an increase in BA.1 and BA.2 Spike-ACE2 competition activities), BA.2 reinfection did not substantially augment these activities further, but rather extended the duration of these responses.




Discussion

This study provides a detailed characterization of humoral responses in a laboratory-confirmed case of serial infection by SARS-CoV-2 Omicron subvariants BA.1 and BA.2 in an individual who had mounted typical immune reactivity to three doses of COVID-19 mRNA vaccine. While data on repeat Omicron infections remain limited, a recent genomics-based study from Denmark identified 47 cases of BA.2 reinfection that occurred between 20 and 60 days following BA.1 infection (24). The authors concluded that such events were rare (<0.1% of cases during the brief window of analysis) and more likely to occur among unvaccinated individuals, but further evaluation of the data indicates that most reinfection cases were due to BA.2 following BA.1. The fact that the present case participant was one of only 151 original enrollees of our observational COVID-19 vaccine study (25, 26), which would translate into an Omicron serial infection prevalence of 0.7%, suggests that the risk of serial infection with Omicron subvariants may be higher than existing estimates. We note however that the participant’s status as a frontline healthcare worker may have resulted in an increased risk of exposure and infection over the general population (29). The potential influence of the participant’s hypothyroidism and familial hypercholesterolemia (though well-controlled by medication) on the symptoms profile following infection is also unknown.

Acknowledging that our ability to generalize from a single case is limited, we note that initial vaccine-induced IgG, ACE2 competition and virus neutralization response magnitudes against wild-type and Omicron BA.1 in the participant were comparable to the median values observed in diverse COVID-19-naive controls who were vaccinated along the same timeline. The observation that average humoral responses to three-dose vaccination failed to protect the participant against Omicron BA.1 infection is consistent with the extremely high rates of community transmission observed in many regions during recent Omicron-driven pandemic waves. Given that third vaccine doses substantially boost humoral responses in individuals of all ages (30–33), the relative risk of Omicron breakthrough infection is likely to be even higher among individuals who have received fewer than three doses (18, 34). Relative risk is also likely to increase with time following vaccination due to natural declines in antibody responses (26, 35–38), which, combined with natural Spike antigenic drift, may lead to ongoing risk of periodic re-infection (39). Additional studies are needed to assess these factors, as well as to investigate the impact of Omicron (re)infections following three-dose vaccination in larger numbers of individuals.

While it is perhaps unsurprising that COVID-19 vaccines based on ancestral SARS-CoV-2 sequences will not generate sterilizing immunity against Omicron strains that have evolved to evade host immune responses (4, 40–44), various lines of evidence suggest that “hybrid” immunity resulting from vaccination plus infection nevertheless provides enhanced protection against SARS-CoV-2 variants (5, 45), due in part to maturation of Spike-specific antibodies (46–48) and expansion of antiviral T cells (49–54). In light of this, we note that symptomatic BA.1 infection boosted the case participant’s vaccine-induced humoral responses against both BA.1 and BA.2. The heightened response nevertheless failed to prevent subsequent symptomatic infection by BA.2 ten weeks later, suggesting that these responses were insufficient to block infection, or that they had already declined to below-protective levels in this relatively short timeframe. Moreover, even after vaccination plus two Omicron infections, the participant’s ACE2 competition and virus neutralization responses against BA.1 (as well as ACE2 competition activity against BA.2) plateaued at levels substantially lower than those seen against the wild-type strain, suggesting that the participant will remain at risk of new Omicron infections. A limitation of our study is that it did not assess T cell responses, which can reduce disease severity but may have less impact on virus transmission (55, 56), and thus we may be underestimating the protection that results from infection and reinfection in this case.

Despite documentation of this case, it is important to keep in perspective that the participant’s symptoms following both infections were not severe enough to require hospitalization. This clearly demonstrates that vaccination was nevertheless effective in its primary goal of preventing severe disease. Results of our study should therefore not be mis-interpreted to suggest that COVID-19 vaccines (including booster doses) are not effective at their primary goal - indeed, substantial evidence clearly indicates that a third COVID-19 dose significantly reduces the risk of severe disease outcomes, including against Omicron (40, 57–59). Rather, our observation that “typical” antibody responses to vaccination failed to prevent Omicron infection in the case participant, and that the resulting enhanced “hybrid” immunity also failed to prevent Omicron re-infection, are consistent with the potentially limited ability of current vaccines to prevent recurrent symptomatic Omicron infections. Our study thus highlights the importance of additional preventive measures to reduce transmission, including masking, pre-exposure prophylaxis [e.g (60)], and potentially variant-specific immunizations (61–64), particularly as vaccine-induced immune responses naturally decline over time.
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COVID-19 manifests a spectrum of respiratory symptoms, with the more severe often requiring hospitalization. To identify markers for disease progression, we analyzed longitudinal gene expression data from patients with confirmed SARS-CoV-2 infection admitted to the intensive care unit (ICU) for acute hypoxic respiratory failure (AHRF) as well as other ICU patients with or without AHRF and correlated results of gene set enrichment analysis with clinical features. The results were then compared with a second dataset of COVID-19 patients separated by disease stage and severity. Transcriptomic analysis revealed that enrichment of plasma cells (PCs) was characteristic of all COVID-19 patients whereas enrichment of interferon (IFN) and neutrophil gene signatures was specific to patients requiring hospitalization. Furthermore, gene expression results were used to divide AHRF COVID-19 patients into 2 groups with differences in immune profiles and clinical features indicative of severe disease. Thus, transcriptomic analysis reveals gene signatures unique to COVID-19 patients and provides opportunities for identification of the most at-risk individuals.
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Introduction

Coronavirus Disease 2019 (COVID-19) is caused by the RNA virus severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2), which mediates respiratory infections and lung pathology of varying severity (1–3). Infected individuals may be asymptomatic or present with a range of mild symptoms that can be treated at home to severe manifestations requiring hospitalization (4–8). Among hospitalized patients, there remain differences in the degree of respiratory distress and the need for mechanical ventilation. This heterogeneity in COVID-19 patients necessitates the ability to identify risk factors for severe disease and the development of acute hypoxic respiratory failure (AHRF). Currently accepted risk factors for worse clinical prognosis of COVID-19 patients include age, male gender, obesity, pre-existing diabetes, viral load, and pre-existing respiratory conditions or immunodeficiencies (9–11). However, these factors are not predictive of disease severity in all cases and young individuals in good health may still succumb to AHRF.

In addition to demographic statistics, the immune response of COVID-19 patients has been linked to disease severity and presents an opportunity for utilizing immune profiles to predict patient outcomes. To date, several groups have used a combination of flow cytometry, transcriptome data, cytokine levels, and clinical data to categorize COVID-19 patients and to associate particular immune profiles with disease severity (12–30). Immune cells and inflammatory molecules have been implicated in COVID-19 progression, including type I interferon (IFN) (22, 25, 27, 29), innate immune cells (12–14, 16, 18, 28), antibodies (31, 32), autoantibodies (33, 34), and pro-inflammatory cytokines (14, 17, 21, 23, 26, 35). However, these studies often describe conflicting associations of immune profiles with disease, emphasizing the need to better understand the heterogeneity in responses to SARS-CoV-2 infection. Furthermore, little work has focused on the classification of severe COVID-19 patients and the immune profiles associated with greater risk of death as a way to tailor treatment plans to each individual.

We previously utilized publicly available gene expression data to characterize the trajectory of the host immune response to SARS-CoV-2 in the blood, postmortem lung tissue, and bronchoalveolar lavage fluid (BALF) of COVID-19 patients (36). We have now employed a similar bioinformatic approach, combining gene expression and clinical feature data, to classify severe COVID-19 patients with AHRF upon admission to the intensive care unit (ICU) and to differentiate mild from severe patients at different timepoints after disease onset based on their immune profiles. In addition, we used longitudinal gene expression analysis from the same ICU patients to assess the stability of immune signatures over time. As a result, we identified two groups of AHRF COVID-19 patients with distinct enrichment of gene signatures of innate and adaptive immune cells and inflammatory pathways linked with differences in clinical outcomes. This classification of severe COVID-19 patients based on differences in immune profiles offers opportunities for identification of individuals with heightened disease severity and enables a targeted therapeutic approach to employ the most effective therapy for each individual COVID-19 patient.



Materials and methods


Patient population

We included patients who consented to donate blood to the University of Virginia (UVA) Intensive Care Unit (ICU) Biorepository. We then selected patients with confirmed COVID-19 respiratory failure, viral, non-COVID-19 respiratory failure, and patients with non-viral causes of respiratory failure (presumed bacterial infections) in the UVA ICU Biorepository to serve as a comparison cohort. Control patients were patients admitted on mechanical ventilation without respiratory failure (usually intubated for airway protection). We followed the Strengthening the Reporting of Observational Studies in Epidemiology (STROBE) guidelines (37) and our study complied with all principles outlined in the Declaration of Helsinki. All study protocols were approved by the UVA Institutional Review Board for Health Sciences Research (Protocol #21101). Respiratory failure was defined as patients with acute respiratory distress syndrome (ARDS) using Berlin criteria (38) who were on mechanical ventilation in the ICU. COVID-19 diagnoses were confirmed by RealTime SARS-CoV-2 assay performed on the m2000 system (Abbott Molecular Inc.; Des Plaines, IL).



Serum cytokine and chemokine analysis

Serum cytokine and chemokine levels were measured by Merck Millipore MILLIPLEX Human Cytokine/Chemokine/Growth Factor Panel A (HCYTA-60K) and Panel II (HCYP2MAG) assays.



Sample collection

Blood was collected into PAXgene® Blood RNA tubes upon admission to the ICU, and after 24 and 72 hours. RNA was prepared and sequenced by Genewiz (Azenta Life Sciences). RNA was isolated using a Qiagen total RNA isolation kit, followed by RNA-seq library preparation using standard Illumina protocols with rRNA and globin depletion. RNA was sequenced on an Illumina HiSeq 4000. 



RNA-seq data analysis

Three independent whole blood datasets were analyzed. In the first dataset of patients from the UVA ICU Biorepository, RNA-seq data was obtained from 13 COVID-19 AHRF patients, 8 viral AHRF, 5 non-viral AHRF, and 5 control ICU patients. COVID-19 patients were subdivided into 2 groups (COVID Group 1 and COVID Group 2) based on separation by PCA of the top 500 variable genes. Additional publicly available RNA-seq datasets (GSE161731; GSE172114), were obtained and analyzed as confirmation studies. Additional dataset details can be found in Supplementary Table 1.

For RNA-seq analysis, the quality of raw FASTQ reads was analyzed using FASTQC (39) to identify the poor-quality reads and the adaptor contamination. Adaptors and low-quality sequencing reads were trimmed using Trimmomatic (40) and reads before 14bp were discarded. The clean raw sequencing reads were aligned to human reference genome (Gencode hg38) using STAR(v2) (41). The SAM files were converted into BAM files using sambamba (42). The aligned BAM files were fed to read summarization program featureCounts (43), to assign the sequencing reads to genomic features. The differential gene expression between COVID-19 and normal patients was carried out using the R/Bioconductor package DESeq2. The raw counts were normalized within the DESeq2 analysis pipeline using the median of ratios method and genes with low expression were filtered using HTSFilter (44). The p-values and adjusted p-values (FDR) were calculated for each gene. Genes with FDR < 0.05 were determined as significant differentially expressed genes. PCA plots of log2 transformed gene expression values were generated using the plotPCA function from the DESeq2 package.



Gene set variation analysis (GSVA)

The R/Bioconductor package GSVA (45) (v1.25.0) was used as a non-parametric, unsupervised method to estimate the variation in enrichment of pre-defined gene sets in RNA-seq dataset samples as previously described (36) (www.bioconductor.org/packages/release/bioc/html/GSVA.html). In brief, a matrix of log2 transformed gene expression values for each sample and pre-defined gene sets were used as inputs for the GSVA algorithm. Then enrichment scores (GSVA scores) for each gene set were calculated using a Kolmogorov Smirnoff (KS)-like random walk statistic. GSVA scores for each patient and control were calculated and normalized to scores between -1 (no enrichment) and +1 (enriched). Significance of gene set enrichment between cohorts was calculated using a Welch’s t-test and p-value < 0.05 was considered significant.

Input gene sets used for GSVA analysis were previously used for the analysis of COVID-19 patient datasets (36) and can be found in Supplementary Table 4.



Linear regression analysis

Multivariable linear regression analysis was performed with MaAsLin 2 (46), a Bioconductor R package that helps to determine the association between gene expression and complex metadata features. MaAsLin 2 is a statistical method that relies on general linear regression models which can test for the association between various functional and cell specific modules versus individual discrete and categorical clinical variables. Computed GSVA scores and patient metadata were used as input for the MaAsLin 2 function in R with normalization method and transformation method applied “NONE”, analysis method “LM”, and correction method “BH”. The significant associations with clinical variables were visualized using scatterplots and box plots.

Additional linear regression analyses for individual patient cohorts and between PC GSVA scores and log2 expression of Ig heavy chain transcripts were performed in GraphPad Prism (v 9.1.0; www.graphpad.com). For each analysis, the r2 value indicating the Goodness of Fit and the p-value testing the significance of the slope are displayed.



Statistical analysis

Patient demographic data from COVID Group 1 and Group 2 were compared using an unpaired t-test with Welch’s correction for continuous variables. Pearson’s chi-squared tests were used to analyze count data between groups. Cytokine data for COVID Group 1, COVID Group 2, and control ICU patients was compared using Brown-Forsythe and Welch ANOVA tests with Dunnett T3 test for multiple comparisons. Significant differences in gene set enrichment between COVID-19 patients and non-COVID-19 patient cohorts were calculated using Brown-Forsythe and Welch ANOVA tests with Dunnett T3 test for multiple comparisons.

All statistical analyses were performed in GraphPad Prism (v 9.1.0; www.graphpad.com) and a two-tailed p-value of 0.05 was used for statistical significance.



Data and materials availability

The RNA-seq data generated in the current study are publicly available through the National Center for Biotechnology Information (NCBI) under SRA project number PRJNA777938. The confirmation study datasets are publicly available under accessions GSE161731 and GSE172114.




Results


Transcriptomic analysis differentiates critically ill COVID-19 patients from other patients with AHRF and control patients in the ICU

To identify differences in immune pathology among severe COVID-19 patients, we analyzed whole blood transcriptomes from 13 individuals with COVID-19-induced AHRF, 6 with other viral and 7 with non-viral-induced AHRF, and 5 controls, who were patients admitted to the ICU on mechanical ventilation but without evidence of AHRF (Supplementary Table 1, Supplementary Table 2). Out of 18,130 total transcripts, we found 344 differentially expressed genes (DEGs) between control and COVID-19 ICU patients, 248 DEGs between viral AHRF and COVID-19 patients, and 650 DEGs between non-viral AHRF and COVID-19 patients (Supplementary Table 3 and Figure 1A). Notably, expression of none of the genes previously associated with severe disease or increased mortality and reported as therapeutic targets for treatment of COVID-19 was significantly changed between controls and COVID-19 patients in the ICU (Supplementary Figure 1B) (47–49).




Figure 1 | Gene signature analysis differentiates COVID-19 AHRF patients and control ICU patients. (A) Venn diagram of differentially expressed genes between COVID-19 patients and other ICU cohorts. (B) Individual sample gene expression from COVID-19 and control ICU patients was analyzed by GSVA for enrichment of immune cell and pathway gene signatures. Enrichment scores are shown as violin plots. *p < 0.05, **p < 0.01, ***p < 0.001.



To examine differences in inflammatory pathways between COVID-19 patients and control ICU patients, we carried out Gene Set Variation Analysis (GSVA) (45) using a set of immune cell and pathway gene signatures (Figure 1B). Gene expression from COVID-19 patients was enriched for signatures of granulocytes, including inflammatory neutrophils and low-density granulocytes (LDGs) as well as plasma cells (PCs) and CD40 activated B cells. In addition, as compared to controls, COVID-19 patients exhibited decreased enrichment for signatures of dendritic cells (DCs), activated T cells, and Tregs.



Enrichment of inflammatory cell types and pathway gene signatures separates COVID-19 ICU patients into two groups

Principal component analysis (PCA) using the log2 transformed gene expression values differentiating COVID-19 and control ICU patients indicated a division among COVID-19 patients into two groups (Figure 2A). Notably, the two COVID-19 groups differed in expression of specific COVID-19 associated genes (Supplementary Figure 1C). COVID Group 1 patients tended to show an increase in the innate immune checkpoint molecule CD24, whereas COVID Group 2 patients had increased expression of the anti-viral response genes OAS1, OAS2, and OAS3.




Figure 2 | Enrichment of inflammatory cell types and pathway gene signatures in gene expression-derived COVID-19 AHRF patient groups. (A) Principle component analysis of the top 500 variable genes between control (black) and COVID-19 (green) ICU patients. COVID-19 patients were further separated into COVID Group 1 (light green) and COVID Group 2 (dark green). (B) Individual sample gene expression from (A) was analyzed by GSVA for enrichment of immune cell and pathway gene signatures. Enrichment scores are shown as violin plots. *p < 0.05, **p < 0.01, ***p < 0.001.



We then utilized GSVA to examine inflammatory pathways in the two gene expression-derived COVID-19 patient groups in greater detail (Figure 2B). Enrichment of PCs and de-enrichment of DCs was conserved between both COVID-19 groups compared to controls. However, the majority of signatures were differentially enriched in the two groups, revealing distinct immune profiles. Specific granulocyte population signatures were enriched in the COVID-19 patient groups with increased LDGs in COVID Group 1 and increased inflammatory and suppressive neutrophils in COVID Group 2. In addition, COVID Group 1 was uniquely enriched for signatures of CD40 activated B cells, the alternative complement pathway, the cell cycle, glycolysis, and the NFkB complex and de-enriched for activated T cell signatures. In COVID Group 2, natural killer (NK) cell, general interferon (IFN), IFNA2, and IFNB1, but not IFNG signatures were significantly increased, whereas no inflammatory signatures were decreased compared to controls.



Conserved and unique immune signatures identify ICU patients with different causes of AHRF

We also compared gene signature enrichment from ICU patients with COVID-19-induced AHRF to patients admitted to the ICU with respiratory failure from other non-SARS-CoV-2 viral infections or non-viral causes (Figure 3A). The PC gene signature was consistently enriched in both COVID Group 1 and 2 compared with the non-viral and viral AHRF cohorts. Numerous differences in gene set enrichment patterns were noted between the COVID-19 groups and those with other causes of AHRF. Many of the differences in immune cell and pathway enrichment between COVID Group 1 and 2 and non-viral AHRF patients were consistent with the differences from control ICU patients, whereas, in general, viral and COVID-19 AHRF were more similar. In COVID Group 1, CD40 activated B cells and the cell cycle were increased over the non-viral AHRF group. In COVID Group 2, suppressive neutrophils, NK cells, T cells, IFN, IFNA2, and IFNB1 were increased, whereas granulocytes and glycolysis were decreased. as compared to non-viral AHRF. The most consistent difference between COVID Group 1 or COVID Group 2 and viral AHRF patients was the increased PC signature in the COVID patients.




Figure 3 | Conserved and unique immune signatures identify ICU patients with different sources of AHRF and vary in correlations with clinical data. (A) Individual sample gene expression from COVID Group 1, COVID Group 2, Viral, or Non-viral AHRF ICU patient cohorts was analyzed by GSVA for enrichment of immune cell and pathway gene signatures. Enrichment scores are shown as violin plots. *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001. (B) Multivariable linear regression analysis of immune cell gene signatures significantly correlated with clinical data from Control, COVID Group 1, COVID Group 2, Viral, and Non-viral AHRF ICU patient cohorts. Combined cohort correlations and p-values are displayed in the linear regression plots while individual cohort correlations and p-values are displayed in the tables below. Correlations with p < 0.05 were considered significant.



To correlate GSVA gene signature enrichment with AHRF patient cohort and clinical features, we performed multivariable linear regression analysis using MaAsLin 2 and plotted relationships with significant correlations (46) (Figure 3B; Supplementary Table 2). As a result, we found the TNF, IFNG, inflammatory neutrophil, and suppressive neutrophil signatures had significant positive correlations with length of stay. In addition, the LDG signature had a significant positive correlation and the activated T cell signature a significant negative correlation with length of intubation. However, when linear regression analysis was carried out individually for each cohort, we found that the gene signature to clinical feature correlations were not significant for all patient cohorts (Figure 3B). None of these gene signature to clinical feature correlations were significant when considering the control ICU patients or non-viral AHRF patients alone, indicating that these relationships were specific for patients with virus-induced respiratory failure. Among viral and COVID AHRF cohorts, the positive correlation between inflammatory neutrophils and length of stay was significant for both COVID and viral AHRF patients while the correlations between TNF, IFNG, or suppressive neutrophils and length of stay were only significant for COVID but not viral AHRF cohorts. Furthermore, the negative correlation between activated T cells and length of intubation was only significant for the viral AHRF cohort, but not for the COVID groups. Therefore, subsets of ICU patients exhibit differences in immune signatures indicative of a worse clinical prognosis, but this is not unique for COVID-19 patients.



Specific plasma cell populations are characteristic of COVID-19-induced AHRF

COVID-19 patients, whether Group 1 or Group 2, had a significant increase in PCs over all other ICU patients. This result was further probed by multivariable linear regression analysis, in which the most significant correlation between GSVA enrichment score and patient cohort was for the PC signature, which was uniquely associated with COVID-19 patient groups (Figure 4A). To investigate the immunoglobulin (Ig) heavy chain(s) expressed by AHRF COVID-19 patient PCs, we carried out linear regression using PC GSVA scores and Ig heavy chain gene expression (Figures 4B, C). As a whole, COVID-19 patient PC GSVA scores were significantly correlated with IGHG3 and IGHA1 Ig heavy chain isotypes (Figure 4B). However, when the COVID groups were analyzed separately, only COVID Group 1 showed a significant correlation with expression of IgHA1 (r2 = 0.8, p=0.004). This was not found with COVID group 2 (Figure 4C).




Figure 4 | Specific plasma cell populations are characteristic of COVID-19-induced AHRF. (A) Multivariable linear regression analysis boxplots depicting significant correlation of the PC gene signature GSVA scores with ICU patient cohort. (B, C) Linear regression between PC GSVA scores and Ig heavy chain isotype log2 gene expression values for COVID Group 1 and COVID Group 2 ICU patient cohorts. Combined cohort correlations and p-values are depicted in (B) and individual cohort correlations and p-values are depicted in (C). Correlations with p < 0.05 were considered significant.





Clinical features and serum cytokines are indicative of differential disease severity in gene expression-derived COVID-19 patient groups

To determine whether gene expression-derived groups of hospitalized COVID-19 patients also differed in the level of disease severity, we compared clinical feature and cytokine data of COVID Group 1 and Group 2 patients (Figure 5; Supplementary Table 3). We found that baseline demographic data as well as length of stay in ICU and length of intubation were similar between COVID Group 1 and 2 (Figures 5A, B). Notably, however, these cohorts varied widely in a number of clinical features indicating that COVID Group 2 had more severe disease (Figure 5B). On average, COVID Group 2 had two fewer days of symptoms before admission to the ICU and thus had accelerated disease onset. Upon admission, ferritin and AST levels were over 2X and 1.5X higher, respectively, in Group 2 patients whereas their lung function, as measured by mean PF ratio, was lower. Furthermore, maximum ferritin and aspartate aminotransferase (AST) levels were even more elevated in COVID Group 2 than at admission, indicative of rapid disease progression in these patients. In contrast to clinical features, pro-inflammatory cytokines were only modestly elevated in COVID Group 1 and 2 over controls and in COVID Group 2 over Group 1 (Figure 5C). COVID Group 1 and 2 exhibited modest increases in IL6, IL8, and TNF, although these differences did not reach statistical significance. In addition, COVID Group 1 had slightly elevated CD40L and VEGF and COVID Group 2 had significantly elevated levels of the myeloid chemokines CCL2 and CXCL10 as well as IFNA2 and IFNG. In many cases, severe COVID-19 patients are thought to have had greater viral exposure and thus greater viral load in relation to mild cases (50, 51). However, we found no significant differences in viral loads between the COVID-19 patient groups despite their clear differences in clinical features and gene expression profiles (Figure 5D).




Figure 5 | Serum cytokines, but not viral load, are indicative of differential disease severity in gene expression-derived COVID-19 patient groups. (A) Demographic data and (B) clinical feature data from COVID Group and COVID Group 2 patient cohorts. (C) Serum cytokine measurements from Control, COVID Group 1, and COVID Group 2 ICU patient cohorts. (D) SARS-CoV-2 viral load CT values of nasal swabs from COVID-19 ICU patient cohorts. *p < 0.05, **p < 0.01.





Longitudinal sampling reveals persistence of immune cell and pathway gene signatures in AHRF ICU patients over time

To examine the persistence of gene signature enrichment over time in the ICU, several COVID-19 AHRF, Viral AHRF, and Non-viral AHRF patients were also sampled at 24- and 72-hours post-admission and individualized trajectories of gene expression were assessed (Figure 6 and Supplementary Figure 2). Gene signatures for all AHRF cohorts remained largely stable over time, but among individuals with COVID-19, Group 1 patients appeared to have greater variation than Group 2 patients. In particular, the IFN and neutrophil signatures that were uniquely enriched in COVID Group 2 were decreased in Group 1 patients over time, whereas the LDG signature was increased. Importantly, Group 2 patient 142, who succumbed, displayed very little change in gene expression over the 72 hours.




Figure 6 | Longitudinal sampling reveals persistence of immune cell and pathway gene signatures over time. Trajectory plots of select immune cell and pathway GSVA enrichment scores from individual COVID-19 ICU patients at baseline, 24 hours, and 72 hours post-admission.





Non-hospitalized COVID-19 patient gene expression profiles resemble healthy controls, particularly at later stages of disease

Our initial dataset of COVID-19 patients consisted entirely of severe AHRF cases admitted to the ICU. Therefore, we wanted to characterize the immune profiles of COVID-19 patients at different stages of diseases and severity (non-hospitalized vs hospitalized) as compared to healthy controls. To do this, we analyzed a second publicly available COVID-19 transcriptomic dataset (GSE161731, Supplementary Table 1), which sampled 16 COVID-19 patients at early-stage (< 10 days), 30 at mid-stage (11-21 days), and 17 at late-stage (> 21 days) disease (52). In total, there were 82 common DEGs between individuals with COVID-19 and healthy controls in this study and our analysis of COVID-19 ICU patients compared to controls in the ICU (Supplementary Figure 3). GSVA analysis revealed that many gene signatures enriched in AHRF COVID-19 patients were selectively enriched in the early and mid-stage, but not late-stage disease cohorts (Figure 7A). Furthermore, early-stage patients most resembled the COVID Group 2 cohort, whereas mid-stage disease patients resembled COVID Group 1. Early stage COVID-19 patients were enriched for suppressive neutrophil, monocyte, PC, IFN, CD40 activated B cell, cell cycle, and NFkB gene signatures. Mid-stage patients were enriched for PC, CD40 activated B cell, alternative complement pathway, and cell cycle gene signatures. Late-stage patients were de-enriched for all of these signatures as compared to the early and mid-stage disease cohorts and had no significant differences from healthy controls. Notably, while early and mid-stage cohorts included both mild, non-hospitalized and severe, hospitalized patients, none of the patients with late-stage disease required hospitalization.




Figure 7 | Enrichment of immune cell and pathway gene signatures in non-hospitalized and hospitalized COVID-19 patients at different stages of disease. (A) Individual sample gene expression from non-hospitalized COVID-19 patients with early-, mid-, or late-stage disease and healthy controls was analyzed by GSVA for enrichment of immune cell and pathway gene signatures. (B) Individual sample gene expression from non-hospitalized and hospitalized COVID-19 patients and healthy controls was analyzed by GSVA for enrichment of immune cell and pathway gene signatures. Enrichment scores are shown as violin plots. *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001.





Immune cell and pathway gene signature enrichments are conserved between hospitalized COVID-19 patients

In addition to differences in disease stage, patients with early and mid-stage disease were further differentiated by disease severity based on whether they were hospitalized. Comparing 35 non-hospitalized and 11 hospitalized COVID-19 patients (Figure 7B) revealed that a few signatures were commonly enriched in all COVID-19 patients regardless of disease severity, including PCs, CD40 activated B cells, the alternative complement pathway, and the cell cycle. Interestingly, linear regression analysis of PC GSVA scores with IgH chain gene expression revealed that both non-hospitalized and hospitalized COVID-19 patients had significant correlations with IgG and IgA chain genes, although the non-hospitalized patient correlations were stronger than those of hospitalized patients (Supplementary Figure 4). The NFkB complex signature was the only one uniquely enriched in non-hospitalized COVID-19 patients as compared to healthy controls. In contrast, many inflammatory signatures were specific to hospitalized COVID-19 patients, including increased granulocyte, inflammatory neutrophil, suppressive neutrophil, LDG, monocyte, IFN, classic complement pathway, and anti-inflammation signatures. In addition, only hospitalized patients had decreased DC and T cell gene signatures. To provide further support for these results, we analyzed a third publicly available dataset (GSE172114) of 23 non-critical and 46 critical COVID-19 patients. Critical COVID-19 patients from this study shared 103 and 2573 DEGs with our previous analyses of COVID-19 ICU patients and COVID-19 patients with varying disease severity respectively (Supplementary Figure 3). Notably, the enriched gene signatures previously noted in hospitalized compared to non-hospitalized COVID-19 patients were also enriched in this group of critical compared with non-critical COVID-19 patients (Supplementary Figure 5). Therefore, severe cases of COVID-19, which require hospitalization, have conserved immune profiles as measured by inflammatory gene signatures, but upon further dissection reveal patient heterogeneity indicative of risk for more severe disease.




Discussion

Bioinformatic analysis of gene expression data from COVID-19 patients of varying disease stage and severity was used to identify immune signatures common to COVID-19 as well as immune signatures that differentiate patients with severe disease requiring hospitalization. Shared enrichment of the PC gene signature was the one constant feature of COVID-19 patients in comparison to healthy controls, regardless of the length of time since symptom onset or whether their disease was severe enough to require hospitalization, which is consistent with previous work from our group and others (3, 19, 36, 53). This rapid increase in the PC signature suggests that SARS-CoV-2 infection initiates a robust generation of antibody secreting cells (ASCs), potentially through an extrafollicular response, which are capable of producing virus-specific neutralizing antibodies (54, 55). These ASCs are presumably generated in secondary immune organs and migrate to the bone marrow as a normal feature of immunization. However, as fully mature PCs are rare to find in the blood, this enrichment likely represents an increase in short-lived plasmablasts (PBs), which are still capable of producing neutralizing antibodies, but may not have undergone somatic hypermutation to increase their specificity for SARS-CoV-2 viral antigens (56). Thus, the increased PC signature may be largely COVID, but not severity -specific and could account for conflicting reports as to whether antibody production in COVID-19 is helpful or harmful (53).

The pathogenic gene signatures associated with hospitalized COVID-19 patients were conserved across multiple datasets, suggesting that these enrichments represent a common immune profile of severe COVID-19 (52). This profile was characterized by increased enrichment of neutrophil subsets and IFN accompanied by de-enrichment of T cells and was specific to patients with early and mid-stage disease (< 21 days since symptom onset). Notably, the greatest inflammatory signature enrichment was observed in early-stage patients (< 10 days since symptom onset). In contrast, the immune profiles of patients who reached late-stage disease (> 21 days since symptom onset) were no different than healthy controls and none of these individuals were hospitalized indicating that they would fully recover. Thus, this result stresses the importance of early identification of infected individuals and provides critical insight into the pathologic immune signatures that are risk factors for the development of severe disease and need for hospitalization.

Analysis of longitudinal gene expression data from patients admitted to the ICU was utilized to decode the heterogeneity among severe COVID-19 patients and to differentiate them from others with AHRF based on their immune profiles. As a result, we identified and characterized 2 groups of COVID-19 patients (COVID Group 1 and COVID Group 2), with conserved and differential enrichment of immune cell and pathway gene signatures. COVID Group 1 was characterized by a lack of activated T cells, increased LDGs, increased CD40-activated B cells, and a general increase in cell proliferation and metabolism pathways. COVID Group 2 was characterized by increased expression of neutrophil subsets, markedly increased IFN gene signatures, and the absence of IgA1 expressing PCs. Aggregated clinical feature data and cytokine profiles for each COVID-19 patient cohort revealed that COVID Group 2 appeared to have more severe disease outcomes and indicated that patients with a similar immune profile would warrant a more targeted and aggressive therapeutic approach to mitigate risk of mortality.

Both COVID Group 1 and 2 shared enrichment of the PC signature, which consistently differentiated COVID-19 patients from control ICU patients as well as patients exhibiting respiratory failure from other viral or non-viral sources. However, it is possible that the IgH heavy chain isotype of PCs is indicative of whether a robust and early PC expansion is beneficial to COVID-19 patients and certain PC isotypes have been linked with severe disease (19). In line with this, we found evidence of differing PC specificities in COVID Group 1 and 2 patients as Group 2 patients, who exhibited more severe clinical features, also appeared to fail to generate an IgA1 PC response. This suggests that Group 2 patients may have a defect in T-B cell collaboration and the ability to produce class-switched IgA1 PCs. The IgA response is important to clear virus from mucosal surfaces, such as the lung and, therefore, a lack of IgA in COVID Group 2 may compromise SARS-CoV-2 clearance in these patients (57). Furthermore, production of autoantibodies of varying specificities has been reported in COVID-19 patients and could represent an non-specific PC response that contributes to systemic inflammation in infected individuals (33, 58). Therefore, a better characterization of the nature of PC generation and function following SARS-CoV-2 infection could be a critical factor in understanding the host immune response and how it differs among individuals.

COVID Group1 patients appeared to have less severe disease as compared to COVID Group 2. Whereas all presented with AHRF, all Group 1 patients recovered, whereas 2 of Group 2 patients died during their hospitalization. Although our data set is limited by the number of patients analyzed, it suggests that the Group 2 gene signature could serve as prognostic marker and warrant individualized intervention. Lymphopenia is an established feature of COVID-19 and, in particular, a lack of T cell responses has been associated with worse clinical outcome (14, 28, 53, 59, 60). However, COVID Group 1 patients had differential enrichment of B and T cell populations with enrichment of CD40 activated B cells and de-enrichment of activated and cytotoxic T cells. In addition, unlike non-viral and viral AHRF patient cohorts, lack of activated T cells failed to correlate with clinical data. This would indicate that a lack of T cell activation and function is detrimental to patient outcome, but not essential for patient recovery and also that a robust activated B cell response may be able to compensate in some capacity.

COVID Group 1 patients also exhibited an increase in genes associated with LDGs, neutrophil-like granulocytes with enhanced capacity for production of Type I IFNs and formation of neutrophil extracellular traps (NETs) that have been identified in severe COVID-19 patients (61, 62). In agreement with reports that NET formation contributes to enhanced pathogenesis in COVID-19 patients, it is likely that enrichment of LDGs contributes to the development of AHRF (63, 64). However, the lack of LDG enrichment in COVID Group 2 patients suggests that enrichment of LDGs does not increase the risk of death. In fact, the absence of an extreme IFN response and eventual recovery of all COVID Group 1 patients, suggests that the increased LDG signature reflects an appropriate antiviral innate immune response that will eventually subside as the virus is cleared. This was supported by the elevated expression of CD24 observed in COVID Group 1 patients, as the CD24-SIGLEC10 signaling axis serves as an important regulator of innate immune. Notably, CD24Fc was effective in protection against viral pneumonia in a simian model and has been proposed for the treatment of COVID-19 (49).

In contrast to COVID Group 1, the immune response of COVID Group 2 patients appeared to be associated with increased risk of mortality. The primary immune signatures enriched in COVID Group 2 resembled a dysregulated antiviral innate immune response. In particular, Group 2 exhibited enrichment of neutrophil populations expressing pro-inflammatory and suppressive genes that were previously identified in blood from severe COVID-19 patients (13, 18). Furthermore, levels of cytokines and chemokines with roles in myeloid cell activation and recruitment were significantly elevated and could contribute to aberrant expansion of these pathogenic neutrophils and disease progression. COVID Group 2 patients also had significant enrichment of Type I IFN gene signatures and increased serum levels of IFN proteins compared to COVID Group 1. To date, there have been conflicting reports claiming that severe COVID-19 cases exhibit increased (29) or impaired (27) Type I IFN responses. However, our results would suggest that severe COVID-19 patients exhibit a range of IFN responses, but that extreme early IFN production ultimately increases risk of death.

In addition to IFNs, a number of pro-inflammatory cytokines, including members of the IL-1 family, IL-6, IL-8, and TNF have been implicated in COVID-19 pathogenesis and linked to severe disease (14, 24, 35). We also observed that severe COVID-19 patients in the ICU had a trend toward increases in IL-6, IL-8, and TNF over control ICU patients and this increase was even greater in COVID Group 2 over Group 1. However, there was considerable heterogeneity and none of these comparisons reached statistical significance. This result corroborates a number of reports that have questioned the notion that “cytokine storm” is a prominent contributor to COVID-19 pathogenesis (17, 21). Viral load has also had conflicting associations with disease severity (50, 51). However, we found no difference in viral load between our COVID-19 patient cohorts suggesting that greater mortality risk is not necessarily associated with greater viral exposure. One caveat to this is that our viral load measurements were taken from nasal swabs and it is possible that increased viral presence in the lower airway may lead to worse disease outcomes. The lack of a clear association between more severe clinical manifestations and accentuated gene expression profiles and viral load suggests that genetic control of host defense may play a prominent role in disease outcome, as has been suggested (47, 48, 65).

Longitudinal gene expression analysis over 72 hours after admission to the ICU revealed that the immune profiles of COVID and non-COVID AHRF patients remained largely unchanged over time. However, among the COVID-19-induced AHRF patients, profiles of COVID Group 1 patients appeared to exhibit greater changes than COVID Group 2. Strikingly, gene signatures of COVID-associated neutrophil subsets and IFN were decreased, whereas the LDG gene signature was increased in COVID Group 1 patients, further supporting the conclusion that the innate immune response in Group 1 patients contributes to viral clearance whereas the response in Group 2 patients contributes to enhanced inflammation and fatal disease.

We have applied a combination of bioinformatics approaches to characterize COVID-19 patients based on disease stage and severity using gene expression data, but must acknowledge the limitations of the data. Our initial dataset of ICU patients contained up to 13 patients per cohort and COVID-19 patients were also sub-divided into groups, which reduced the statistical power of our analyses. To mitigate this, we designed the study to solely include patients in the ICU, including non-AHRF controls, and thus reduce patient heterogeneity. In addition, a larger publicly available dataset including both hospitalized and non-hospitalized COVID-19 patients with healthy controls was utilized for validation. However, additional studies comparing ICU patients with more patients per cohort and more uniform inclusion criteria are warranted.

Overall, we have identified immune profiles of severe COVID-19 patients associated with full recovery from disease or increased risk of mortality. We propose that these differences in COVID Group 1 and Group 2 patients could be employed to better allocate healthcare resources and design targeted treatment plans to better care for individuals who are at the greatest risk of worse outcomes. Whereas optimal medical care and appropriate ventilator management may be sufficient in patients with immune profiles similar to COVID Group 1, patients with immune profiles similar to COVID Group 2 could benefit from more aggressive therapeutic intervention targeting the dysregulated innate immune response. In particular, drugs targeting Type I IFNs, cytokines, such as IL6 or TNF, or myeloid chemokines such as IP-10 or MCP1 could be effective treatments for these individuals. Our work highlights the heterogeneity among severe cases of COVID-19 and the need for better characterization of hospitalized individuals to determine effective strategies to mitigate pathogenic immune processes that are dysregulated in the most at-risk patients. Furthermore, infected individuals with the potential to progress to severe disease should be identified as early as possible to allow for better resource allocation and early individualized therapies.
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The adaptive immune response induced by SARS-CoV-2 plays a key role in the antiviral process and can protect the body from the threat of infection for a certain period of time. However, owing to the limitations of clinical studies, the antiviral mechanisms, protective thresholds, and persistence of the immune memory of adaptive immune responses remain unclear. This review summarizes existing research models for SARS-CoV-2 and elaborates on the advantages of animal models in simulating the clinical symptoms of COVID-19 in humans. In addition, we systematically summarize the research progress on the SARS-CoV-2 adaptive immune response and the remaining key issues, as well as the application and prospects of animal models in this field. This paper provides direction for in-depth analysis of the anti-SARS-CoV-2 mechanism of the adaptive immune response and lays the foundation for the development and application of vaccines and drugs.
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Introduction

Severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) has been circulating since the end of 2019 and has infected more than five hundred million people and killed more than six million people (https://coronavirus.jhu.edu/map.html), which has had an impact on global public security and the global economy (1, 2). Although the development of vaccines and drugs has hindered the spread and pathogenic process of the virus, the emergence of a tremendous number of mutant strains (more than eight million), especially the delta and omicron strains, has reduced the protection afforded by existing vaccines and drugs, resulting in breakthrough infection (3–6). In response to the rapid spread of SARS-CoV-2, some countries, such as Ireland, Denmark, Sweden, the United Kingdom, and Iceland, hope to prevent infection and spread by raising the threshold of “herd immunity”, gradually regarding SARS-CoV-2 as similar to influenza and even implementing open-ended nonquarantine precautions. However, it cannot be ignored that we still know very little about SARS-CoV-2. Unlike severe acute respiratory syndrome coronavirus (SARS-CoV) and Middle East respiratory syndrome coronavirus (MERS-CoV) which were rapidly contained (7, 8), it remains to be investigated whether SARS-CoV-2 can be treated as influenza-like for prevention. Moreover, whether the emergence of new variants will increase the harm to public health safety remains worth exploring. Furthermore, how protective the existing vaccines and drugs are against the new variants and the durability of vaccine protection remain to be studied.

SARS-CoV-2 infection can initiate innate and adaptive immune responses. However, early studies have shown that patients with coronavirus disease 2019 (COVID-19) have extensive innate immune dysfunction (9–11), regarding type I and type III IFN responses, which are impaired and delayed, further increasing the clinical risk of patients (12, 13). At present, there is no evidence that the innate immune response can directly and completely control the early infection by SARS-CoV-2. The initiation of an adaptive immune response is critical for controlling SARS-CoV-2 infection and protecting the body from reinfection over time. Despite the uneven data cohort, overall, virus-specific antibody titers in people recovering from SARS-CoV-2 infection can be maintained for at least 4-6 months (14–16), and specific cellular immune responses last longer (17–19). The protective effect of SARS-CoV-2 primary infection on reinfection has received special attention. Follow-up studies on clinical patients have found that primary infection has a certain protective effect on the secondary infection (20).

The animal model is a very useful tool for clinical research on COVID-19. Various animal models of SARS-CoV-2 infection, including nonhuman primates (NHPs), rodents, etc. (21–30), have been developed and used to simulate the clinical pathology of the disease observed in humans and to test the preclinical effects of vaccines and drugs (31–35). Although animal models may not be able to recapitulate all the characteristics of human infection (36), they have more human-like characteristics than in vitro cell models and organoid models and can be used to indicate the pathogenesis of virus pathogenesis and immune protection mechanisms and can be used in other related research. In this study, we elaborated the research progress on SARS-CoV-2 in vitro and in vivo research models and adaptive immunology. In addition, we further summarized the application, advantages, and prospects of existing animal models in SARS-CoV-2 adaptive immunology research.



Classification and application of SARS-CoV-2 infection models

An in-depth understanding of SARS-CoV-2-related immunology is inseparable from the establishment and use of infection models. To date, three types of models have been established and applied in SARS-CoV-2-related research, including cells and organoids as well as animal models. They have different application scopes and advantages in related research (Figure 1), which are elaborated on in this section.




Figure 1 | Models of SARS-CoV-2 infection. Three kinds of model can be used to study SARS-CoV-2, including in vitro model cell line, organoid, and in vivo animal models. In contrast with in vitro models, animal models can simulate virus-host interactions observed in human clinical research and have unique advantages in their application.




Cell lines

As a classic method to study viruses in vitro, cell lines are crucial for understanding the biology, growth kinetics, and tropism of SARS-CoV-2 infection. Compared with primary human bronchial epithelial cells, which can better reflect the characteristics of infection (37), passaged cell lines have a series of advantages such as infinite proliferation, high stability, low cost, and simple operation, and can be applied to virus infection and replication research. Human angiotensin-converting enzyme 2 (ACE2) has been identified as a key receptor for SARS-CoV-2 to bind and invade cells (38), so a variety of cell lines expressing ACE2 receptors have become effective tools for the study of SARS-CoV-2 (Figure 1), such as Vero E6 cells (39), HEK-293T cells (39), Huh7 cells (40), Caco-II cells (41), and Calu3 cells (40). Especially in Vero E6 cells, the lack of type I interferon (IFN-I) and the high expression of the receptor ACE2 make it a cell line widely used to obtain high titers of virus particles of SARS-CoV-2 (42, 43). The cytopathic effects produced in virus-infected cell lines can be monitored for preclinical in vitro drug screening. However, the reliability of cell-based experimental results remains to be further investigated. For example, the antimalarial compounds chloroquine and hydroxychloroquine (HCQ) are effective in inhibiting the virus in cell lines, but less effective in primary cells and animal models (44–47). Therefore, although cell lines are convenient for studying SARS-CoV-2 in vitro, the obtained results still need to be further validated in primary cells and animal models. More importantly, deficiency immune-mediated or multicellular interactions are key factors limiting the application of cellular infection models.



Human organoids

Compared with cell lines with good homogeneity, human organoids are more complex 3D structures composed of a variety of cells, which can better simulate the physiological state of normal human organs, so they are more suitable for the study of SARS-CoV-2 infection and tropism and drug screening in vitro (48). To date, a large number of human organoids have been developed and used in SARS-CoV-2-related research (Figure 1), including lung organoids (49), bronchial organoids (50), kidney organoids (51), liver ductal organoids (52), intestinal organoids (53) and blood vessel organoids (54). Human organoids may allow observation of viral cell tropism, while exhibiting the accumulation of inflammatory cells and antiviral factors, reproducing the pathological symptoms after SARS-CoV-2 infection, which is crucial for understanding the pathogenesis of COVID-19 (55). Inevitably, the limitations of organoids prevent a deep understanding of severe COVID-19, possibly due to their lack of modulation of relevant immune components, including macrophages and natural killer cells. Furthermore, similar to the cell model, although neither can reproduce the pathogenic process of viral infection seen in vivo and the systemic antiviral infection process of the human body, they are good models for the convenient study of SARS-CoV-2 in vitro.



Animal models

Compared with in vitro models, animal models for SARS-CoV-2 are more complex, but they can yield more reliable clinical data on virus-host interactions (Figure 1). In detail, research on transmission routes, investigation of infection and pathogenic mechanisms, clinical evaluation of vaccines and drugs, elucidation of the host immune response and immune memory, the study of coinfection, and evaluation of complications, etc., requires the use of animal models (Figure 1) (56). Therefore, the rational development of animal models is crucial for gaining an in-depth understanding of SARS-CoV-2. To date, animal infection models that have been developed and are suitable for SARS-CoV-2-related research fall into five categories: small rodents, ferrets, cats, Tupaia belangeris, and NHPs.

Small rodents, including hamsters and genetically engineered mice, have many advantages such as easy operation, fast reproduction, and low cost, so they are widely used in research on the efficacy of antiviral drugs, vaccines, and immunotherapy. In particular, hamsters can be naturally infected by SARS-CoV-2 and show typical clinical symptoms, such as weight loss and multiple tissue and organ damage (57–59). Based on these characteristics, the hamster model has been applied to a series of studies, including transmission route (58), variant strain pathogenicity (60), and antibody therapy (61). Due to the limited specificity of the ACE2 receptor, wild-type mice are less sensitive to most variants of SARS-CoV-2, and only to the beta variant (62). Sensitization of mice by adenovirus expressing human ACE2 (Ad5-hACE2) is a fast and efficient method for susceptibility modeling and has been widely applied (63–66). Furthermore, genetically engineering mice to express the human ACE2 (hACE2) receptor is an effective way to increase their susceptibility to other variants of SARS-CoV-2. However, different genetically engineered mice have different clinical manifestations of disease due to differences in the modification and expression of the hACE2 receptors. For example, humanized mice expressing hACE2 under the epithelial cell-specific cytokeratin-18 (Krt 18) promoter (67), a universal chicken beta-actin (β-actin) promoter (68), or the human hepatocyte nuclear factor-3/forkhead homolog 4 (HFH4) promoter (25) are highly susceptible to SARS-CoV-2, develop severe pathological damage resembling COVID-19 symptoms in human lungs, and die rapidly. However, mouse models with only ACE2 replaced show only mild pathology and are confined to the lungs and intestine (24). Other nonprimate model animals, including cats (69, 70), ferrets (71), and Tupaia belangeris (72, 73), are susceptible to SARS-CoV-2 but do not produce severe clinical symptoms, so they may be potential intermediate hosts and ideal models for studying transmission in the absence of severe clinical symptoms.

The gold standard animal model that is closest to human genetics, anatomy, and immunology and is suitable for SARS-CoV-2 is the NHP model, mainly including African green monkeys (74), marmosets (23, 26, 75), baboons (75), cynomolgus macaques (23, 26) and rhesus macaques (26, 29, 30). They play a very important role in the study of the pathogenesis of COVID-19 and the development of vaccines and antiviral drugs. At present, it has been confirmed that the immune response of the NHP model after SARS-CoV-2 infection recapitulates the key features of COVID-19 in humans (76, 77). Therefore, the NHP model is the best model for evaluating drugs (78), neutralizing antibodies (79), and multiple vaccines (adenovirus, DNA, mRNA, inactivated, and subunit vaccines) (31, 80–85).




Animal models mimic the clinical features and pathogenesis of COVID-19

COVID-19 is a series of clinical syndromes caused by SARS-CoV-2 in humans, including asymptomatic infection, mild-to-moderate upper respiratory tract infection, pneumonia, acute respiratory distress syndrome (ARDS), hyperinflammatory disease, and long-term neurological and cognitive dysfunction (86). The pathogenesis of COVID-19 is complex and its severity and pathogenicity are closely related to various factors, such as age, complications, and genetic or acquired factors (87–90). Evidence suggests that SARS-CoV-2 is highly persistent and dangerous to those with weakened immune systems, especially elderly patients with cardiovascular disease, diabetes, hypertension, and some other serious chronic diseases (86, 88, 91–93). In particular, elderly individuals >65 years old showed similar lymphopenia, neutropenia, inflammation, and coagulation-related index elevation (90, 94–98). While most young and pediatric patients are asymptomatic or have mild symptoms, many of them experience persistent fatigue, anhedonia, muscle weakness, sleep problems, anxiety and even depression, difficulty concentrating, myalgia, and arthralgia, autonomic function obstacles, etc. (89, 99–101). Although the mechanism remains unclear, SARS-CoV-2 may cause irreversible damage to the brain, based on the evidence that SARS-CoV-2 can infect the central nervous system and brain cells (102–104).

Viral tropism depends on the susceptibility and permissiveness of specific host cells. Some studies suggest that SARS-CoV-2 induces an inflammatory response in the lower respiratory tract leading to lung injury (Figure 2), confirming that the lung is the main site of infection by SARS-CoV-2 (105, 106). Unlike SARS-CoV, SARS-CoV-2 can efficiently infect the upper respiratory tract (URT), such as nasopharyngeal and oropharyngeal tissues, increasing its infectivity and pathogenicity (Figure 2) (107–110). In addition, the gut is another target of SARS-CoV-2, and patients with COVID-19 often report suffering from gastrointestinal diseases (Figure 2) (111, 112). It is generally believed that the classical mechanism of SARS-CoV-2 infection targeting host cells occurs through the interaction between the viral surface structural protein Spike and the cell surface protein ACE2 (38). In addition, the function of the Spike protein requires the assistance of transmembrane serine protease 2 (TMPRSS2) (38, 113). Although it has been reported that other receptors or cofactors are also involved, such as the endosome/lysosomal cysteine proteases cathepsin B and L (CTSB, CTSL) (38), CD147 (114, 115), Neuropilin 1 (116, 117) and DPP4 (118, 119), whether these factors are necessary for SARS-CoV-2 invasion remains to be further confirmed. At least at the level of host protein expression, it has been determined that ACE2/TMPRSS2 are coexpressed in multiple tissues, including nasal epithelial cells (120), the alveolar epithelium (mainly type 2 alveolar cells), the bronchial branch epithelium (120, 121), the intestinal tract (122, 123) and the nervous system (124). This finding is also in line with the infection characteristics of SARS-CoV-2 and the clinical characteristics of patients.




Figure 2 | Clinical features of COVID-19. Based on the receptor (ACE2/TMPRSS2) binding specificity of the Spike protein, SARS-CoV-2 can infect multiple tissues and organs, especially the respiratory tract, lung and intestine. COVID-19 can cause significant lung inflammation, intestinal disturbances, and nerve damage, including loss of smell.



Animal models can mimic the clinical symptoms of COVID-19 in humans and are good models for studying the pathogenesis caused by SARS-CoV-2. A study showed that hACE2-HB-01 transgenic mice exhibited significant weight loss, supported viral replication, and displayed lymphocyte and monocyte infiltration in the alveolar interstitium and macrophage accumulation in the alveolar space after infection with SARS-CoV-2 (24), which recapitulate clinical patient findings (125). Furthermore, many studies have shown that Krt18-hACE2, β-actin-hACE2, and HFH4-ACE2 transgenic mice die rapidly after infection with SARS-CoV-2. Their lungs have high viral loads and severe interstitial lesions caused by inflammatory immune cell infiltration, with marked thrombosis and anosmia and neuroinvasive symptoms, consistent with human COVID-19 (25, 68, 126–128).

In the hamster model, SARS-CoV-2 infection has been found to cause weight loss, ruffled fur, postural changes, and symptoms similar to those of human COVID-19, such as dyspnea, olfactory epithelial cell and neuron damage, severe lung pathology, and lymphopenia (59, 129, 130). Furthermore, older hamsters exhibit more pronounced weight loss than younger hamsters (131). Although virus titers are higher in young mice, rapid clearance of the virus can be observed (131). In addition, SARS-CoV-2 infection can occur in hamsters through direct contact, aerosol transmission, and oral transmission, so this model is often used to evaluate the airtightness of surgical masks (58, 132, 133). Moreover, hamsters can be a valuable tool to study the correlation between SARS-CoV-2 pathogenicity and age.

Ferrets are considered the best model for asymptomatic or mild diseases in humans and are frequently used in transmission studies. Multiple studies have shown that ferrets infected with SARS-CoV-2 experience rapid transmission before peak viral load and body temperature, while the virus replicates primarily in the upper respiratory tract of ferrets without causing severe disease, which is consistent with the characteristics of individuals during asymptomatic periods (21, 134, 135). Multiple additional studies showed that ferrets can mimic both direct and indirect transmission of COVID-19 in humans (71, 134, 135). A profile of inflammatory cytokines similar to that in humans, including the expression of genes encoding IL-6, IL-1β, CCL2, and CCL8, was observed in the airways of ferrets after infection (136). In addition, compared with juvenile and adult ferrets, aged ferrets have higher viral loads, longer shedding times, more severe inflammatory cell infiltration in the lungs, and more clinical symptoms (137). In another model animal, Tupaia belangeri, higher titers were also observed early after infection in young tree shrews but for a longer duration in elderly tree shrews (73). In addition, evidence of an inflammatory process in the lungs was found in all age groups, and infiltration was similar to that observed in humans and monkeys (72).

The NHP model is the closest model to humans. At present, NHP models applied to SARS-CoV-2 research mainly include African green monkeys (74), marmosets (23, 26, 75), baboons (75), cynomolgus macaques (23, 26), and rhesus macaques (26, 29, 30). Among them, rhesus monkeys showed clinical symptoms similar to COVID-19 patients after infection, including increased expression of inflammatory cytokines and chemokines, decreased blood oxygen levels, and decreased white blood cell and lymphocyte counts (26, 29, 30, 75, 77). Meanwhile, several studies have also shown that lower doses of SARS-CoV-2 infection in African green monkeys than those infected with rhesus monkeys can still cause significant viral replication and lung lesions, which indicates that SARS-CoV-2 also has pathogenic potential in African green monkeys (74, 138). In addition, although there are fewer studies on baboons, one study showed that baboons are sensitive to SARS-CoV-2 infection and develop extensive pathological changes after infection (75). For marmosets and cynomolgus monkeys, the clinical symptoms of SARS-CoV-2 infection were mild and manifested as mild pneumonia (23, 26, 75). Although different monkey species in the NHP model differed in susceptibility and pathogenicity to SARS-CoV-2, overall they did not develop the characteristic cytokine storm syndrome and respiratory distress or even death similar to severe COVID-19 patients (23, 29, 139). In summary, NHP models, especially rhesus monkeys, African green monkeys and baboons, play a very important role in the testing of vaccines and antiviral drugs and the study of virus mechanisms.



The adaptive immune response and immune memory against SARS-CoV-2

Dysregulation of the innate immune response is closely associated with failure to control primary SARS-CoV-2 infection and a high risk of fatal COVID-19 (9–11). Although the adaptive immune response develops slower than the innate immune response, it responds to pathogens in an antigen-specific manner to generate protective immunity capable of protecting the host from reinfection with SARS-CoV-2 (140–142). This indicates that the adaptive immune response, including the action of B cells, CD4+ T cells, and CD8+ T cells, plays a key role in the antiviral process (Figure 3). This subsection will elaborate on the adaptive immune response elicited by SARS-CoV-2 and the key role of animal models in facilitating related research.




Figure 3 | Persistence of adaptive immune responses to SARS-CoV-2. Following infection with SARS-CoV-2, an adaptive immune response is initiated. The viral load peaks at one week, CD4+ and CD8+ T cells peak at 1-2 weeks, and antibody levels peak at 3-5 weeks. The persistence and protective thresholds of immune memory in cellular and humoral immune responses are currently unknown. The association of preexisting immunity elicited by cross-reactive T-cell immune responses with asymptomatic infection remains to be further investigated.




Humoral immune response against SARS-CoV-2

Neutralizing antibodies produced by adaptive humoral immune responses play a unique role in inhibiting virus invasion and killing target cells (143). Studies have shown that approximately 90% of the sera collected from COVID-19 patients on the 10th day after infection carry specific antibodies against the Spike and N proteins (Figure 3) (144–148), and specific antibodies against the Spike protein, especially the receptor-binding domain (RBD), can exert a significant neutralizing effect (61, 148, 149). Neutralizing antibody levels peak within the next 3-5 weeks and then decrease, reaching the lower threshold of detection within months (Figure 3) (14, 16, 150–152). Although neutralizing antibody titers drop rapidly, these antibodies still act immediately when the virus re-enters the host. Residual neutralizing antibodies on the mucosal surface can directly block the initial infection of host cells while circulating neutralizing antibodies can further prevent the occurrence of infection (Figures 4A, B). One study showed that a neutralizing titer equivalent to 20% of the mean titer during the recovery period was sufficient to provide 50% protection (153). In addition, non-neutralizing virus-specific antibodies may contribute to immune control of infection by increasing clearance of free virus or by targeting infected cells for immune clearance (through antibody-dependent cytotoxicity and other mechanisms) (154–156), although this phenomenon is difficult to quantify (157, 158). The mechanism may occur through Fc receptor-related functions in serum. Previous studies have confirmed that neutralizing antibodies with Fc receptor-binding ability are more protective in mice, while Fc-dependent antibody effector activity in non-surviving humans has been found to be reduced (82, 154, 159). Moreover, non-neutralizing antibody Fc effector functions such as complement activation, cytotoxicity, and phagocytosis have also been shown to protect model animals (154, 156).




Figure 4 | Antiviral mechanism of the adaptive immune response to SARS-CoV-2. (A) In vivo distribution of virus-specific adaptive immune responses, including circulating and tissue-resident adaptive immune responses. The relationship between circulating immune responses and tissue-resident immune responses remains to be further investigated. The role of lung tissue-resident immune responses in the fight against SARS-CoV-2 infection is worth investigating. (B) Mechanisms of adaptive immune responses against SARS-CoV-2 and their relationship to disease severity.



The specific antiviral effects exerted by neutralizing antibodies make them potential therapeutic drugs in the clinic. One study demonstrated that administration of SARS-CoV-2-specific monoclonal antibodies in the early stages of infection in patients with mild-to-moderate COVID-19 accelerated the virus clearance and reduced clinical risk (Figure 4B) (160, 161). It has also been found in animal models that human neutralizing antibodies can protect hamsters and mice, reduce clinical symptoms and even prevent infection (59, 61, 154, 162). In addition, the administration of neutralizing antibodies in NHP models can yield prophylactic and protective effects (79, 162, 163). However, the clinical manifestations of specific monoclonal antibodies administered to critically ill patients are quite different, and some studies have shown that increasing antibody levels can improve clinical outcomes (164, 165), while other studies have reported poorer clinical outcomes (Figure 4B) (166, 167). This discrepancy may be related to the antibody-dependent enhancement of COVID-19 (168), which is supported by in vitro and animal experiments (169–175). Interestingly, SARS-CoV-2 neutralizing antibody titers are independent of primary COVID-19 disease severity (145, 176, 177). Based on various animal models, neutralizing antibody titers (and total anti-Spike antibody titers) were further confirmed to be positively correlated with COVID-19 disease severity (Figure 4B) (149, 178). One possible reason is that high neutralizing antibody titers are associated with severe disease and underlying extrafollicular B-cell responses (179).

Neutralizing antibody is a double-edged sword, but whether they are necessary to control SARS-CoV-2 infection remains controversial. One study showed that COVID-19 patients with agammaglobulinemia and no circulating B cells still fully recovered from infection (180), and B-cell depletion therapy in COVID-19 cases have also shown some efficacy (181–183). Furthermore, some convalescent patients have not had detectable neutralizing antibodies against the virus throughout the disease course (18, 145, 184, 185), which supports the view that a humoral immune response may not be necessary to control SARS-CoV-2 infection.

Nonetheless, most of the current COVID-19 vaccine efforts are still focused on the induction of the production of neutralizing antibodies (186–188). The favorable therapeutic effect of neutralizing antibodies in clinical and animal models (59, 160, 162) and the increase in the number of B cells in convalescent patients (189) make the development of vaccines more promising. However, SARS-CoV-2 has a high level of genetic variability, producing mutant strains such as the alpha strain, beta strain, gamma strain, delta strain, zeta strain, and omicron strain, and the total number of mutants has exceeded 11 million (https://ngdc.cncb.ac.cn/ncov/release_genome). Among them, the number of omicron strains has reached nearly 4 million, and the number is growing continuously. Mutations focused on the Spike protein, especially the RBD, have received widespread attention, as they can allow immune evasion by reducing or even failure of the protection afforded by neutralizing antibodies (190–194). In addition, the high glycosylation level of Spike proteins promotes this effect (195–197). Notably, there are reports that partially neutralizing antibodies can cross-protect against multiple variants (198, 199), providing some promising reports for vaccine development. However, the absence of neutralizing antibodies does not mean that immunity is invalid, and the antiviral effects of neutralizing antibodies at different stages of the disease still need to be further confirmed by clinical data. Specifically, when the neutralizing antibodies produced during primary infection or vaccine immunization disappear, will the neutralizing antibodies secreted by immune memory B cells in a short period during reinfection provide timely effective protection? Furthermore, whether neutralizing antibodies are sufficient to provide complete protection in the absence of a cellular immune response remains to be supported by data. At present, such data are lacking in clinical practice, and it is also difficult to perform targeted research, so the corresponding clinical data must be obtained only via animal models with insufficient T-cell immune responses.



Cellular immune response against SARS-CoV-2

As an important part of the adaptive immune response, the cellular immune response also plays an important role in countering SASR-CoV-2 infection. Neutralizing antibody titers are independent of the severity of primary COVID-19 (16, 145, 149, 176–178), while the magnitude of virus-specific T-cell responses is highly correlated with disease severity (Figure 4B) (18, 145, 200, 201). In addition, T-cell responses have been detected in almost all COVID-19 patients (18, 19, 145, 202), suggesting that T-cell responses may be the key to the control and resolution of primary SARS-CoV-2 infection.

Although the data are not completely consistent, some studies have confirmed that CD4+ T cells exhibit a more prominent response and detection rate to SARS-CoV-2 than CD8+ T cells (18, 19, 203) and are associated with the control of primary SARS-CoV-2 infection (145, 177), especially circulating T follicular helper cells (cTfhs) (145). This may be related to the function of cTfhs, which play a key role in the development of long-term humoral immunity through the germinal center response and are essential for the development of most neutralizing antibody responses as well as memory B cells and long-term humoral immunity (Figure 4B) (203–205). At present, many studies have shown a correlation between the intensity of the SARS-CoV-2-specific antibody response and the CD4+ T-cell response (19, 206). In addition, CD4+ T cells can also differentiate into other effector cells with more direct antipathogen activity, Th1 cells, which function mainly by secreting IFNγ (Figure 4B) (19, 145, 207, 208). CD4-cytotoxic T lymphocytes (CTLs) are a related cell type with direct cytotoxic activity, and although some studies have observed CD4-CTL transcriptional signatures (209), their function remains unclear. Notably, Th2 cells are extremely rare in patients with COVID-19 (18, 19, 145) and appear only in critically ill patients (210). Whether this is related to the aggravation of disease in critically ill patients remains to be explored.

SARS-CoV-2-specific CD4+ T-cell responses can be detected as early as 2-4 days after infection (Figure 3) (145, 177, 208) and can produce specific responses to almost all viral proteins, especially the Spike, M, and N proteins, during the recovery period, which are correlated with protein expression levels (19). This finding is very promising, as most of the current vaccine candidates focus on Spike (211). In addition, studies based on earlier animal models of SARS-CoV and MERS-CoV infection confirmed that in the absence of antibodies or CD8+ T cells, adoptive transfer of CD4+ T-cells has a protective effect (212). This finding suggests that the cellular immune response, especially the CD4+ T-cell immune response, may be the key to controlling SARS-CoV-2. In addition, in-depth studies of CD4+ T cell responses based on the NHP model also reconfirmed that SARS-CoV-2 was able to induce a robust germinal center CD4+ T follicular helper cell response (213).

CD8+ T cells can kill infected cells and are also critical for clearing viral infections. Studies have shown that CD8+ T cells in patients with COVID-19 are usually observed within 7 days of symptom onset, with level peaking at 14 days (Figure 3) (210, 214), and are more activated than CD4+ T cells (142, 215, 216). Furthermore, some studies have demonstrated that CTL reactivity is associated with improved clinical outcomes in COVID-19 patients (Figure 4B) (145, 203, 210, 214, 217). Similar to SARS-CoV-2-specific CD4+ T-cells, CD8+ T cells develop rapidly in the acute phase (145) and produce good antigen specificity against the Spike, N, M, and ORF3a proteins of SARS-CoV-2 (18, 19, 185, 202, 218). Moreover, several studies have reported that intensive care unit (ICU) patients have significantly fewer CD8+ T cells than CD4+ T cells, which appears to be associated with COVID-19-related disease severity and mortality (91, 219–222). Therefore, many vaccines are devoted to stimulating T cell responses and achieving good anti-SARS-CoV-2 infection effects in animal models, including mRNA vaccines (223–225), lentiviral vaccines (226), adenovirus vaccines (83, 227, 228), etc.

Although the T-cell response may be the key to controlling and resolving primary SARS-CoV-2 infection, it is worrisome that approximately 82.1% of SARS-CoV-2 patients develop lymphopenia (229), and the degree of reduction of circulating T-cell levels is as high as 80% (11, 230). This finding suggests that the cellular immune response is suppressed, affecting the clinical recovery process (91, 222, 231). The mechanism leading to lymphopenia in SARS-CoV-2 patients is still unclear and remains to be explored via animal model studies. Nonetheless, SARS-CoV-2 variant strains do not escape T-cell immunity as they escape humoral immunity (190–193) because the T-cell epitopes of SARS-CoV-2 are very extensive and involve almost all viral proteins (19, 232–235). In addition, several studies have also shown that T-cell immunity induced by the SARS-CoV-2 vaccine can cross-recognize multiple mutant strains (236, 237), which may be promising for vaccine design and development. Based on the above results, we are optimistic about the relevant research on T-cell epitope vaccines in animal models and determining whether they can achieve the immune protection effect across variant strains. In addition, the current direction should also advance research on antibody-independent T-cell immune protection and immune memory. From previous experience, the adoptive transfer of CD4+ T cells has a protective effect against SARS-CoV and MERS-CoV infection (212), but data on SARS-CoV-2 are very scarce. It is urgent to study the immune protection and immune memory of CD4+ T cells or CD8+ T cells alone or in combination using genetically engineered mouse models lacking humoral immune responses or other models based on short-term antibody clearance of humoral immune responses.



Cross-immune response against SARS-CoV-2

Large-scale survey studies have shown that approximately 20-40% of SARS-CoV-2-infected people suffer from the asymptomatic disease (238–240), and asymptomatic disease is linked to age (Figure 3). The incidence of asymptomatic manifestations was 19.7% in elderly individuals and 46.7% in children (Figure 3) (241). However, the mechanism of this discrepancy remains unclear but may be related to preexisting cross-reactive immune responses. SARS-CoV-2 is a member of the coronavirus family that also includes the human coronaviruses (HCoVs) HCoV-OC43, HCoV-HKU1, HCoV-229E, and HCoV-NL63, which cause the common cold, as well as SARS-CoV-1 and MERS-CoV. Studies on cross-reactive humoral immune responses confirm that cross-neutralizing antibodies to Spike proteins are extremely rare (148, 242–245). Surprisingly, cross-reactive memory T cells are frequently present, detectable in 28%–50% of the population (Figure 3) (19, 207, 208, 218, 246, 247), and the vast majority are cross-reactive CD4+ memory T cells (19). Their recognition epitopes are mostly located in common cold-causing coronaviruses. Although cross-reactive memory CD8+ T cells have been observed less frequently (19), they are still biologically relevant (184). The marked differences in cross-reactive CD4+ T-cell and CD8+ T-cell responses may be related to the restricted presentation pattern of major histocompatibility complex class I and II molecules (248, 249). Interestingly, some studies have shown that cross-reactive CD8+ T-cell responses are mainly localized in tissues but are rarely detected in the circulatory system and may represent the first line of defense in adaptive immune responses (Figure 4A) (250, 251). In a mouse model, studies have also confirmed the existence of cross-reactive T cells after SARS-CoV-2 infection, and mainly cross-reacted with SARS-CoV but not MERS-CoV (65).

Currently, the clinical importance of preexisting cross-reactive T-cell responses in the control of SARS-CoV-2 infection and the impact on herd immunity thresholds are controversial, as the protective mechanisms remain unclear (246, 252). Some studies, after controlling for age and other factors, have found that SARS-CoV-2 patients with a confirmed HCoV infection in the past 3 years had a significantly lower risk of being admitted to the ICU (253). In addition, individuals with strong HCoV-specific T cells may acquire excellent protective cellular immunity after exposure to SARS-CoV-2 (253). Other studies argue that HCoV-specific T cells generally have a low affinity for SARS-CoV-2 peptides (254, 255), making it difficult to play a role in controlling SARS-CoV-2 infection. Regardless of which perspective is correct, further research is urgently needed to map the cross-reactive memory T cells against SARS-CoV-2 induced by different coronaviruses based on animal models under strictly controlled conditions to evaluate their cross-protection efficiency. This research direction has important implications for the control of disease spread and the potential for herd immunity.



Tissue-resident immune response against SARS-CoV-2

The circulating adaptive immune response plays a key role in the body’s defense against SARS-CoV-2 infection, but there are very limited reports on the functions of tissue-resident immune cells residing in nonlymphoid tissues including the lung and URT. Compared with circulating central memory cells and effector memory cells, tissue-resident memory cells respond faster, so the presence of tissue-resident memory cells may be critical for efficient target recognition and immune recall (256, 257). For SARS-CoV-2 infection, some studies have shown that circulating immune responses largely reflect local immune responses, and IgG and IgA antibodies against Spike in saliva have been found to correlate with antibodies in the blood (Figure 4A) (258). However, the neutralizing ability of secretory IgA produced by tissue-resident memory B (BRM) cells is stronger than that of circulating IgA, which may be related to its function and dimeric structure (Figure 4A) (259, 260). The respiratory tract is the main tissue invaded by SARS-CoV-2, so it is urgent to confirm the protective effect of BRM cells in respiratory tissues against reinfection. Intranasal lentiviral vector-mediated antibody delivery reduces SARS-CoV-2 infection in aged and immunocompromised mice, further confirming that antibodies play a non-negligible role in mucosal immunity (261). Over the years, intranasal vaccination has been shown to induce airway IgA and reduce viral load in the early stages of viral infection (262). Therefore, several SARS-CoV-2 intranasal vaccines including lentiviral vaccine (226), adenovirus vaccine (83, 227, 228), and adjuvant-assisted subunit vaccines (263, 264) were developed. Based on animal models, it can elicit systemic and pulmonary antibody responses and significantly reduce pulmonary viral load and local lung inflammation (83, 226–228, 263).

Tissue-resident memory T (TRM) cells may also play a key role locally against SARS-CoV-2 viral infection. Studies have shown that SARS-CoV-2 infection can stimulate the production of TRM cells in local tissues (nasal cavity and lung), and their quantity and degree of activation are associated with clinical protection (265, 266); these cells can last for at least 10 months or more (Figure 4) (267). Another study based on bronchoalveolar lavage samples from COVID-19 patients showed that there were more T cells in the lungs in moderate cases than in severe cases (201), which may be related to the degree of T-cell response impairment and the number of infiltrating cells (268). Studies based on cross-reactive TRM cells have also reported that CD8+ TRM cells may act as the first line of defense in the adaptive immune response against SARS-CoV-2 infection (Figure 4A) (250, 251). Other studies have presented the opposite view, arguing that TRM cells in lung tissue are not sufficient to produce anti-infective protection against SARS-CoV-2 (269, 270). A study based on the NHP model demonstrated that vaccine-induced strong neutralizing antibody and CD8+ T-cell responses can protect the lungs from SARS-CoV-2 infection and viral replication early in infection (days 2-4) (271). The same results were also confirmed in mice (83, 226, 263). These findings suggest that local tissue-resident memory cells are beneficial in antiviral responses (Figure 4A). However, the relationship between tissue-resident and circulating memory cells and their migration during SARS-CoV-2 infection remains unclear. Although some studies have shown that tissue-resident memory CD8+ T cells can shape local and systemic secondary T-cell responses (272, 273), more evidence related to SARS-CoV-2 is still needed.

However, studies on the actual protective effects of BRM and TRM cells are difficult to perform in the clinical setting because it is difficult to separate pulmonary BRM and TRM cells and the interference of many uncontrollable external factors cannot be excluded. Therefore, the animal model of SARS-CoV-2 infection has become a good model for studying tissue-resident immune responses, which can provide conditions for investigating the protective effect and immune memory of tissue (including nasal cavity and lung)-resident immune responses. Notably, tissue-resident immune responses and immune memory can be initiated only by natural infection and nasal vaccination, while other vaccination routes are difficult to efficiently initiate such responses. We are optimistic about research on the immunoprotective effect of the tissue-resident immune response in the initial stage of SARS-CoV-2 infection. This aspect is important because if the tissue-resident immune response is sufficient to protect the body from infection in the early stages of SARS-CoV-2 infection, the vaccine should be replaced and the nasal route is recommended. On the one hand, this route of vaccination is expected to prevent the introduction of pathogens and damage, and on the other hand, it can effectively hinder viral spread. However, evaluation of the effectiveness of the corresponding vaccine has higher requirements for the animal models of simulated infection, such as the need for sensitivity to aerosol or low-dose nasal infection, while animal models of high-dose infection and intratracheal infection cannot be used to evaluate nasal inoculation vaccines. Krt18-hACE2, β-actin-hACE2, or HFH4-ACE2 transgenic mice, golden hamsters, etc., are good animal models for studying tissue-resident immune responses.



Immune memory and protection against reinfection

Immune memory is the source of protective immunity against SARS-CoV-2 reinfection, and it is one of the issues that has been widely studied. Therefore, in addition to measuring circulating antibody levels, evaluating specific memory B- and T-cell persistence may be critical for understanding and predicting the persistence of protection against SARS-CoV-2 infection.

Multiple studies have shown that the frequency of circulating memory B cells in COVID-19 patients continued to increase during the first few months, peaking at 6 months (Figure 3) (16, 274). Moreover, the generated memory B-cell pool for Spike proteins is predominantly IgG and more potent (16, 274). The measurement of T-cell immune memory at 6 months post-infection showed that the positive ratios of memory CD4+ T cells and memory CD8+ T cells were 90% and 70%, respectively, and the proportion of memory CD4+ T cells was nearly double that of memory CD8+ T cells (16, 150, 275). However, the half-lives of both may be 3-5 months. Through long-term follow-up monitoring of recovered patients, it has been found that the persistence of SARS-CoV-2-specific T-cell responses is better than that of humoral immunity (17). Virus-specific memory T cells can still be detected when the serum antibodies of patients with asymptomatic infection and mild disease are negative (18, 275). In fact, based on previous studies on SARS-CoV (218, 276, 277) and MERS-CoV (278), memory T cells specific for SARS-CoV-2 are expected to be maintained for many years (150). Although the impact of specific immune responses mediated by memory T cells on the pathogenesis of COVID-19 is unclear, based on the results of the assessment of cross-reactive T cells (19, 279), preexisting cross-immune memory may confer resistance to asymptomatic infected individuals. This information will help guide the design of broad-spectrum protective vaccines.

Indeed, whether the immune memory of patients recovering from COVID-19 can protect against reinfection with SARS-CoV-2 remains an open question. It is worrisome that some studies have reported secondary infections. In a comprehensive analysis of more than 133,000 cases, 54 were thought to be reinfections with SARS-CoV-2 at least 45 days after initial infection, and only four were infections with a different variant (280). Another survey study of more than 43,000 participants found that the reinfection rate in seropositive individuals was only 5%. In addition, by examining more than 500,000 people, it was found that patients after recovery from COVID-19 had 80.5%protection for up to 7 months, although protection was observed in only 47% of patients over 65 years of age (281). Although the infection rate is low, a seroepidemiological study also suggested that reinfection is possible 6 to 8 months after infection (282–284), especially since the rapid mutation of the virus may further increase the risk of reinfection (284, 285).

SARS-CoV-2 has been spreading continuously for nearly 3 years since it was first reported, and it has been regarded as influenza in many countries, with no preventative measures. Therefore, it may not be eliminated as quickly as SARS-CoV and MERS-CoV (7, 8). The maintenance time and protection threshold of vaccines and immune memory generated after infection need to be further studied. Although it is difficult to perform relevant experimental studies in clinical practice, because animal models simulate the main clinical symptoms of COVID-19 patients (36), they have become a good tool to study the SARS-CoV-2 immune response and immune memory. The NHP model, in particular, has unique advantages in clinical research (29). Studies have found that primary infection with SARS-CoV-2 in the NHP model protects against high-dose viral challenge for at least 28-35 days, and re-exposure drives memory immune responses that include high levels of binding neutralizing antibodies (29, 30). Furthermore, depletion of CD8+ T cells resulted in a partial loss of protection against rechallenge, including protection against reinfection by CD8+ TRM cells in the URT (Figure 4A) (286). However, the role of antigen-specific CD4+ T memory cells in anti-SARS-CoV-2 function still deserves further study in animal models.

The study of the SARS-CoV-2 vaccine based on animal models can not only mitigate clinical risks but also provide conditions for the in vivo testing of vaccines and the design of immunization programs. Therefore, a variety of vaccines, including adenovirus vector vaccines (84, 85), DNA vaccines (84), mRNA vaccines (81), inactivated vaccines (31), and subunit vaccines (80), have been validated in animal models. However, whether vaccine-induced immune responses and immune memory are more effective in controlling infection than natural immunity remains a matter of concern (287). Current studies have demonstrated that both vaccination and infection produce up to 95% protection (288–292); however, peak neutralizing antibody responses produced by the vaccine ranged from approximately 1/2 to four times those in convalescent patients (153, 233, 293). Antibody decay rates did not differ significantly between vaccinated and naturally infected patients, with half-lives around 60 days (153). Repeated boosting with the vaccine may be beneficial to generate a longer period of protection than natural immunity. Although SARS-CoV-2 can evade immunity and reduce vaccine-induced protection by altering the epitopes recognized by neutralizing antibodies (190–193), omicron strains have evolved to exert low pathogenicity and high transmissibility (4–6, 294). This creates a complex situation, and it remains to be seen whether a new and more pathogenic SARS-CoV-2 will emerge in the future. Therefore, expanding protection against different variant strains may be an important requirement for next-generation vaccines.




Conclusions and future perspectives

The global COVID-19 pandemic has caused a global recession and tremendous casualties. Although preventive vaccines for COVID-19 are being developed at an unprecedented rate, we still face many challenges owing to the large genome and high levels of genetic variation of SARS-CoV-2. Currently, there is no evidence that the innate immune response can control primary SARS-CoV-2 infection. Conversely, the loss of control of the innate immune response caused by SARS-CoV-2 immune escape and immune hijacking may correlate with severe clinical disease (9–11). Adaptive immune responses have demonstrated unique advantages in controlling SARS-CoV-2 infection and clinical disease severity (140–142). However, there are still many mysteries regarding the role of adaptive immunity in controlling SARS-CoV-2 infection. The rapid development of SARS-CoV-2 animal models has provided us with a good platform to simulate human clinical studies to understand the mechanism of virus infection and host immune effects, which play an irreplaceable key role in testing the effectiveness of vaccines and drugs.

At present, a variety of animal models ranging from rodents to NHPs have shown clinical symptoms similar to those of human COVID-19 when infected with SARS-CoV-2. However, there is still a gap between animal models and humans in terms of clinical characteristics, and it is difficult to comprehensively summarize the clinical symptoms of COVID-19 patients. However, the application of animal models provides a wealth of insights into SARS-CoV-2 pathogenesis, especially as the NHP model can faithfully reproduce COVID-19 pathology in humans. Although much research has been devoted to the adaptive immune response to SARS-CoV-2, there are still many unanswered questions that need to be further explored using animal models.

	What is the mechanism of lymphopenia caused by SARS-CoV-2 infection? Are there certain viral proteins that antagonize adaptive immune responses?

	Are neutralizing antibodies, CD4+ T cells, or CD8+ T cells necessary for the control of primary viral infection?

	What are the immune protection thresholds and persistence of humoral and cellular immune responses induced by vaccines and infections?

	How does aging affect resistance to SARS-CoV-2 through adaptive immunity?

	Is preexisting cross-immunity sufficiently effective against infection and high pathogenicity caused by SARS-CoV-2?

	What is the antiviral mechanism at play in asymptomatic patients? Is it related to preexisting cross-immunity?

	What is the role of tissue, especially lung-resident, immune responses in anti-SARS-CoV-2 activity and their relationship to circulating immune responses?



In conclusion, although the pathogenicity of omicron variants has been greatly reduced, the long-term existence and high mutation frequency of SARS-CoV-2 require constant attention to its threat to humans. Even though both SARS-CoV-2 and influenza virus can cause respiratory diseases, SARS-CoV-2 far exceeds influenza virus in many aspects, such as mutation rate, transmission characteristics, and induction of mortality. We need a better understanding of SARS-CoV-2 to better prevent the establishment of future novel variants of SARS-CoV-2.
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Given pandemic risks of zoonotic SARS-CoV-2 variants and other SARS-like coronaviruses in the future, it is valuable to perform studies on conserved antigenic sites to design universal SARS-like coronavirus vaccines. By using antibodies obtained from convalescent COVID-19 patients, we succeeded in functional comparison of conserved antigenic sites at multiple aspects with each other, and even with SARS-CoV-2 unique antigenic sites, which promotes the cognition of process of humoral immune response to the conserved antigenic sites. The conserved antigenic sites between SARS-CoV-2 and SARS-CoV can effectively induce affinity maturation of cross-binding antibodies, finally resulting in broadly neutralizing antibodies against multiple variants of concern, which provides an important basis for universal vaccine design, however they are subdominant, putatively due to their lower accessibility relative to SARS-CoV-2 unique antigenic sites. Furthermore, we preliminarily design RBDs to improve the immunogenicity of these conserved antigenic sites. Our study focusing on conserved antigenic sites provides insights for promoting the development of universal SARS-like coronavirus vaccines, thereby enhancing our pandemic preparedness.
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Introduction

Severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) is the cause of the ongoing outbreak of coronavirus disease 2019 (COVID-19), resulting in a global pandemic (1, 2). As of March 14, 2022, SARS-CoV-2 has caused more than 450 million human infections around the world, including approximately 6 million deaths, which has led to unprecedented enormous global health and economic damage. The ~30 kb RNA genome of SARS-CoV-2 encodes four structural proteins including the spike (S), membrane (M), envelope (E) and nucleocapsid (N) proteins, nonstructural proteins, and a number of accessory proteins (3). The transmembrane S glycoprotein is divided into S1, comprising a receptor-binding domain (RBD) and an N-terminal domain (NTD), and S2 promoting membrane fusion via a fusion peptide. As most neutralizing monoclonal antibodies (mAbs) isolated from convalescent COVID-19 patients target the RBD (4–8), by which the S protein binds to receptor angiotensin-converting enzyme 2 (ACE2) and promotes the exposure of the fusion peptides within the S2 component to contribute to viral membrane fusion with host cells, this domain is the main target for the design of therapeutics and vaccines (9, 10).

Human coronaviruses (HCoVs) include HCoV-OC43, HCoV-HKU1, HCoV-229E and HCoV-NL63, as well as highly pathogenic Middle East respiratory syndrome coronavirus (MERS-CoV), SARS-CoV and SARS-CoV-2. SARS-CoV-2, which is phylogenetically close to SARS-CoV, is classified in the Betacoronavirus genus, which includes another highly pathogenic virus, MERS-CoV, as well as HCoV-OC43 and HCoV-HKU1 variants leading to endemic disease (11, 12). Historically, there have been three HCoV infection outbreaks causing a severe syndrome, including the SARS outbreak that was initially identified as an exotic infection in coronavirus evolution, the MERS-CoV outbreak that was the second most severe outbreak, and the current COVID-19 pandemic (13–16). Studies reveal that it is reasonable to speculate on the possibility of emergence of other SARS-like coronaviruses in the future. Hence, it is certainly valuable to promote the development of more universal coronavirus vaccines and broader therapeutic agents by characterizing conserved antigenic sites in SARS-CoV-2 RBD to enhance our preparedness against the possible pandemic risk of SARS-like coronaviruses in the future. Moreover, as the duration of the SARS-CoV-2 pandemic extends, multiple variants of concern (VOCs) have emerged around the world. Although the D614G mutation in the S protein significantly promotes corresponding variant infectivity in susceptible cells, this residue substitution fails to cause immune escape (17–21). Conversely, multiple studies support that the Beta, Gamma, Delta and Omicron variants could decrease the therapeutic efficacy of neutralizing antibodies (NAbs) and even compromise the protective efficacy of approved SARS-CoV-2 vaccines targeting the initial SARS-CoV-2 strain that emerged in 2019 (20, 22–26). Hence, universal SARS-like coronavirus vaccines based on the conserved antigenic sites in the RBD also have potential in preventing highly pathogenic SARS-CoV-2 variants that could escape established specific immune memory.

Although SARS-CoV-2 and SARS-CoV share 90% amino acid identity in the S2 domain, the SARS-CoV-2 RBD shows only 73% amino acid identity with the SARS-CoV RBD (12), implying that there may be fewer conserved antigenic sites within the RBD. Nevertheless, some highly conserved epitopes in the SARS-CoV RBD have been identified by the mAbs CR3022 (27), S309 (28) and ADI-56046 (6), cross-binding mAbs that were originally isolated from SARS patients, among which S309 and ADI-56046 could efficiently neutralize infection by SARS-CoV-2 and SARS-CoV. In addition, many human mAbs targeting the SARS-CoV-2 S protein isolated from convalescent COVID-19 patients have been reported; however, cross-binding mAbs, especially cross-neutralizing mAbs, are rarely reported (29–31), indicating that the conserved antigenic sites within the RBD may be subdominant compared to the unique sites. While some conserved antigenic sites have been identified by cross-binding mAbs, including CR3022 (27), S309 (28) and ADI-56046 (6) from SARS-CoV infection survivors and COVA1-16 (5), EY6A (8) and 2-36 (32) from COVID-19 patients, no studies have been performed to quantitatively define an antigenic map of conserved sites in the SARS-CoV-2 RBD.

In this study, 77 SARS-CoV-2 RBD-specific antibodies were isolated from a cohort of 10 convalescent COVID-19 patients for further biophysical characterization, by which we succeeded in defining a quantitative antigenic map of neutralizing sites within the SARS-CoV-2 RBD. We identified multiple conserved antigenic sites with weaker immunogenicity, due to their inaccessibility. To improve immune response to conserved antigenic sites, we tried to design RBDs, which might contribute to the development of universal SARS-like coronavirus vaccines.



Materials and methods


Collection of blood samples

In this study, a total of 10 convalescent COVID-19 individuals infected with SARS-CoV-2 were enrolled, and the peripheral bloods were collected. The study was approved by the institutional review board of the School of Public Health in accordance with the Declaration of Helsinki, and written informed consent was obtained.



Detection of plasma antibody titer against SARS-CoV-2 RBD

To detect the plasma titers of total antibodies (Ab), IgG and IgM against SARS-CoV-2 RBD, we performed commercial enzyme-linked immunosorbent assay (ELISA) kits (Beijing Wantai Biological Pharmacy Enterprise), according to the manufacturer’s instructions. The Ab-ELISA kit is based recombinant viral antigen using a double-sandwich reaction form. The IgG-ELISA kit is an indirect ELISA assay, and the IgM-ELISA kit is based on μ-chain capture method. The samples were initially tested undiluted, and the positive samples with the signal to a cutoff ratio (S/CO) >=10 were further diluted (1:10, 1:100, 1:1,000 and 1:10,000) by PBS buffer containing 20% newborn bovine serum (NBS) and tested again. The titers for Ab, IgG and IgM antibody were calculated via S/CO multiplied by the maximum dilution factors.



Recombinant expression and purification of SARS-CoV S protein, SARS-CoV-2 S protein and diverse SARS-CoV-2 RBD protein

For SARS-CoV and SARS-CoV-2 S protein, a gene encoding the ectodomain of a prefusion conformation-stabilized S protein was synthesized, composed of SARS-CoV gene sequence (GenBank: ABF65836) or SARS-COV-2 gene sequence (GenBank: MN908947), a C-terminal T4 fibritin trimerization motif, an HRV3C protease and 8xHisTag. To determine the blocking capacity of mAbs, we also synthesized gene of SARS-CoV-2 S fluorescin probe comprising SARS-COV-2 gene sequence, a C-terminal T4 fibritin trimerization motif, an HRV3C protease, 8xHisTag and a C-terminal green fluorescent protein (mGamillus). Moreover, to express mutate, wildtype SARS-CoV-2 RBD, residues 319-518 fused to mouse IgG1 Fc domain. For mutate RBDs, different selected amino acid of RBD were substituted by alanine or arginine on purpose (Table S3). Recombinant expressions of these proteins were performed by the ExpiCHO™ expression system (Thermo Scientific, A29133). Briefly, plasmids encoding targeted proteins were transiently transfected into ExpiCHO cells by using ExpiFectamine™ CHO transfection kit (Thermo Scientific, A29129). The cell-free supernatants were obtained 7 days after transfection by centrifugation and filtration with a 0.22 μm filter. Subsequently, the S-related proteins (SARS-CoV S, SARS-CoV-2 S and SARS-CoV-2 S fluorescin probe) were purified by Ni Sepharose Excel resin, and RBD fused to mouse IgG1 Fc domain by Protein A column, and the S and RBD proteins were stored in the PBS buffer.



Specific memory B cell response and single B cell sorting

RBD specific B cells were obtained in the same way as previously reported. PBMCs collected from 10 individuals were incubated with a cocktail containing live/dead-Aqua, CD3-PE-Cy7, CD19-BV786, CD27-BV650, anti-human IgM-PerCP-Cy5.5, anti-human IgG-BV421, RBD-FITC and biotinylated RBD, followed with Streptavidin-APC binding to biotinylated RBD. The RBD-specific memory B cells were identified as live+CD19+CD3-CD27+IgG+RBD+, and then the single specific memory B cells were sorted by fluorescence activated cell sorting on an Aria III sorter (BD Biosciences) into 96-well PCR plates containing 20 μL per well of lysis buffer [5 μL of 5×first strand buffer (Invitrogen), 1.25 μL dithiothreitol (Invitrogen), 0.5 μL RNase Out (Invitrogen), 0.0625 μL Igepal (Sigma)]. Plates were stored at -80°C prior to reverse transcription reaction.



Single B cell PCR, cloning and expression of antibody

Antibody variable genes (IgH, Igλ and Igκ) were amplified by RT-PCR and nested PCR reactions as previously described (33). The paired heavy and light chains were then cloned into expression vectors containing the constant regions of human IgG1 and light chain. The paired heavy and light chain expression cassettes were then transiently co-transfected into ExpiCHO cells with equal amounts of plasmids according to the manufacturer’s instructions (Life Technologies), and antibodies were purified from culture supernatant 5-7 days after transfection, using a recombinant protein-A column (GE Healthcare).



Antibody germline usage and phylogenetic analysis

Antibody gene repertoire was analyzed for the variable region of IgG heavy and light chains using the IMGT V-quest webserver (http://www.imgt.org/IMGT/vquest). Phylogenetic analysis of antibody gene was performed by ggtree R package (34).



Binding activity assay for mAbs by indirect ELISA

The binding activity of the mAbs against SARS-CoV-2 S protein were determined using an indirect ELISA. The mAbs were added to antigen-coated microwell plates, and incubated at 37°C for 30 min. Then, incubation of HRP-conjugated anti-human antibody at 37°C for 30 min to detect the bound mAbs, followed by washing five times. Finally, substrate solution was added to the wells for 15 min at 37°C, and reaction was stopped by adding 50 μL of 2 M H2SO4. The optical density (OD) was measured at 450 nm with a reference wavelength of 630 nm. In addition, binding activity of the mAbs against SARS-CoV-2 RBD and SARS-CoV S protein were determined by same method.



Identification of SARS-CoV-2 RBD critical residues recognized by mAbs

To determine the critical residues, mAbs were conjugated with horse radish peroxidase (HRP). Microwell plates were pre-coated with mutate SARS-CoV-2 RBD and wildtype RBD at 100 ng per well. mAbs-HRP were performed two times gradient dilution with 4 μg/mL begin and incubated at 37°C for 30 min followed by washing five times. Substrate solution was incubated for 15 min at 37°C and stopped by 50 μL of 2 M H2SO4. OD was determined at 450 nm with a reference wavelength of 630 nm. The binding activity of mAbs against wildtype and mutated RBD was calculated by area under the curve (AUC), and the influence of residues was assessed by binding activity reduction against corresponding mutate SARS-CoV-2 RBD. Residues reducing binding activity by more than 75% are identified as critical residues.



Blocking capacity of mAbs against SARS-CoV-2 S protein

For SARS-CoV-2 S protein-blocking assay, mAbs were pre-made as 2-fold serial dilutions using DMEM containing 10% FBS. Aliquots (44 μL per well) of diluted samples and S protein probes (11 μL per well) were mixed in a 96-well plate with U shaped bottom. Half of the culture medium (50 μL) of 293T-ACE2iRb3 cell plate were gently removed, and 50 μL of sample/probe mixtures were added to each well. Cell image acquisitions performed with Opera Phenix (green, red and near-infrared channels in confocal mode) using a 20x water immersion objective at 1-hour after probe incubation in wash-free and live-cell conditions.

All quantitative image analyses were based on images that acquired by Opera Phenix. All image data were transfer to Columbus system (version 2.5.0, PerkinElmer Inc) for analysis. Multiparametric image analysis was performed as described in the following. The signals of blue channel or near-infrared channel were used to detect the nucleus. As the ACE2 is a membrane protein, the signals of ACE2-mRuby3 (red channel) were used to determine the cell boundary. Then, the cells were further segment into the regions of membrane (outer border: 0%, inner border: 15%), cytoplasm (outer border: 20%, inner border: 45%), and nucleus (outer border: 55%, inner border: 100%). The MFI of probe channel (Ex488/Em525) in the cytoplasmic region (cMFI). The MFI of ACE2-mRuby3 (Ex561/Em590) on the membrane were also calculated for inter-well normalization. The cMFI inhibition ratio (%) of the test sample was calculated using the following equation: [(cMFIpc-cMFItst)/(cMFIpc-cMFIblk)]×100%. In this formula, the cMFIpc is the cMFI value of probe-only well (as positive control), the cMFItst is the cMFI value of test well and the cMFIblk is the cMFI value of cell-only well. For each plate, five replicates of probe-only well and one cell-only well were included. The blocking capacity of mAbs were expressed as IC50.



Neutralization capacity of mAbs determined by SARS-CoV and SARS-CoV-2 pseudovirus

SARS-CoV-2 pseudovirus using VSV carrying the SARS-CoV-2 spike protein were produced according to our previous study. Briefly, SARS-CoV-2 S gene was codon optimized for expression in human cells and truncated with 18 amino acids at the C-terminal, then was cloned into the eukaryotic expression vector pCAG to obtain pCAG-nCoVSde18. The plasmid pCAG-nCoVSde18 was transfected into Vero-E6. VSVdG-EGFP-G (Addgene, 31842) virus was inoculated into cells expressing SARS-CoV-2 Sde18 truncated protein and incubated for 1 hour. Then the VSVdG-EGFP-G virus was removed from the supernatant and anti-VSV-G rat serum was added to block the remaining VSVdG-EGFP-G infection. The progeny virus will carry SARS-CoV-2 Sde18 truncated protein. After VSVdG-EGFP-G infection, supernatant was collected, centrifuged and filtered (Millipore, SLHP033RB) to obtain the SARS-CoV-2 pseudovirus without debris. SARS-CoV pseudovirus was constructed by the same method. Finally, pseudovirus was stored for use at -80°C.

To determine the neutralizing capacity, mAbs with 2-fold serial dilutions with 10% FBS-DMEM from 2 μg/mL were mixed with diluted SARS-CoV or SARS-CoV-2 pseudovirus (MOI = 0.05), incubated at 37°C for 1 hour. A mixture of 80 μL was added to the precoated BHK21-hACE2 cells. After incubation for 12 hours, post-infection cells were fluorescently imaged using Opera phenix or Operetta CLS (Perkinelmer), and quantitatively analyzed by Columbus image management analysis software to detect the number of green, fluorescent positive cells. The inhibition rate was calculated by reduction of GFP positive cells with presence of mAbs compared with the untreated control wells.



Competition binding assay for neutralizing antibodies by ELISA and cluster analysis

Briefly, the unlabeled mAbs (50 μg per well) or PBS were added to RBD-coated 96-well microplates and then incubated for 30 min at 37°C. Next, HRP-conjugated mAbs were added at selected dilutions, at which OD readings was ~1.5 with PBS present. After incubation for 30 min at 37°C, the microplates were rinsed, and the color was developed. The competitive ability was measured quantitatively by comparing OD in the presence and absence of competitor mAbs and transformed using the formula log2 (ODinhibited/ODoriginal). For mAbs to be clustered by competitive ability, clustering distance was calculated by Euclidean, and mAbs were clustered by ward. D2 method using pheatmap R package (version: 1.0.12).



Mouse immunization

For antibody response evaluation of RBDGlycan420,475, RBDGlycan458,475, RBDTrucation455-491 and RBDTrucation470-491, BALB/c mice were immunized with various RBD proteins at 20 μg/dose with FH002C through intramuscular injection. Serum samples were collected at Week 0 and 2 via retro-orbital bleeding to measure the antibody titers.



Measurement of mouse sera IgG titer against SARS-CoV and SARS-CoV-2 S protein

Microplates were pre-coated with recombinant antigens of SARS-CoV or SARS-CoV-2 S protein. For detections, serial-diluted (2-fold) serum samples (100 μL per well) were added into the wells, and the plates were incubated at 37°C for 30 min, followed by washing with PBST buffer (20 mM PB7.4, 150 mM NaCl and 0.05% Tween 20). Then, HRP-conjugated anti-mouse IgG solutions (100 μL per well) were added. After a further 30 min incubation followed by washing, TMB chromogen solution (100 μL per well) was added into the well. 15 min later, the chromogen reaction was stopped by adding 50 μL of 2 M H2SO4, and the OD450-630 was measured. The IgG titer of each serum was defined as the dilution limit to achieve a positive result (>median+3×SD of ODs of negative controls).



Statistical analysis

To compare continuous variables, the Mann-Whitney U test and non-paired t test were performed. Linear regression model and Spearman test were used for correlation analyses. For difference analysis, p values less than 0.05 are considered statistically significant. GraphPad Prism (version 8.0.1) was used for all statistical calculations. Analysis of protein structure was performed by PyMOL Molecular Graphics System (version 2.3.0).




Results


Seroconversion of antibodies against SARS-CoV-2 in convalescent COVID-19 patients and isolation of SARS-CoV-2 RBD-specific antibodies

We collected blood samples from 10 convalescent COVID-19 patients (Table S1). The humoral immune response was efficiently elicited in these convalescent individuals, as indicated by high plasma titers of RBD-specific IgG with differences of less than an order of magnitude (Table S2). Since the plasma neutralizing capacity strongly correlates with RBD-specific total antibody and IgG titers, indicating that the RBD of the S protein is the dominant target of nAbs elicited by SARS-CoV-2 infection (Figure S1). The proportion of RBD-specific B cells in memory B cells ranged from 0.03% to 0.18%, and RBD-specific memory B cells contained a higher percentage of the IgG subtype than the IgM subtype, revealing that SARS-CoV-2 infection efficiently promoted B cell receptor (BCR) class switching and affinity maturation in convalescent individuals, thus eliciting strong humoral immune response against SARS-CoV-2 (Figures S2A–C). Then, 77 RBD-specific monoclonal antibodies (mAbs) were obtained from the 10 convalescent individuals for comprehensive feature description (Figure S2D).



Characterization of SARS-CoV-2 RBD-specific mAbs obtained from convalescent COVID-19 patients

To characterize SARS-CoV-2 RBD-specific mAb repertoire usage, we compared sequences with the well-defined naïve repertoire of the IMGT database to obtain the assigned germline V region. Based on the exclusion of clonal expansion in P01, P03 and P04, 67 unique clonotypes were identified. Notably, 7 out of 8 antibody sequences obtained from P03 were highly conserved, except for P03-3B1, illustrating that this BCR clonotype was the immunodominant clone in P03 induced by SARS-CoV-2 infection (Figure 1A and Figure S3). Furthermore, enrichment of multiple VH and VK/VL sequences was observed. In addition, VK1-39-derived light chains were most often combined with the heavy chain of various types of VHs to form antibodies, accounting for 22.4% (15/67) (Figure S4 and Figure 1A). The mean somatic hypermutation (SHM) rate of the heavy chain V region was similar among individuals, and the mean levels (2%) were comparable to those detected in the context of infections with other respiratory viruses (Figure 1B) (35–37). Additionally, even though the average length of CDRH3 of RBD-specific mAbs was consistent with that of the naïve repertoire (~15 amino acids), we observed significant enrichment of shorter CDRH3 sequences (11 amino acids) in VH3-53/66-derived mAbs, differing from influenza virus and human immunodeficiency virus (HIV)-1 mAbs (Figure 1C and Figure S8A) (38–40).




Figure 1 | Characterization of SARS-CoV-2 RBD-specific mAbs obtained from convalescent COVID-19 patients. (A) V gene frequencies for the heavy and light chains of SARS-CoV-2 RBD-specific antibodies. The size corresponding to the number of heavy and light chain pairs in the repertoires is also denoted. Color indicates different convalescent individuals. N1 indicates the number of SARS-CoV-2 RBD-specific antibodies for different individuals, and N2 indicates the number of SARS-CoV-2 RBD-specific antibodies with unique clonotypes for different individuals. (B) The V region SHM of the heavy chain of specific antibodies from different individuals (N=67). (C) Distribution of the CDR3 length of the heavy chain. Antibodies are colored by each individual (N=67). V region germline genes and SHM and CDR3 length were determined using immunogenetics (IMGT). (D) The binding activity of specific antibodies to the SARS-CoV-2 S protein was determined by ELISA. Color corresponds to binding activity; high (EC50 <100 ng/mL), medium (EC50 between 100 ng/mL and 1 μg/mL), low (EC50 between 1 μg/mL and 100 μg/mL) and N.B. (EC50 >100 μg/mL). (E) Correlation between the binding capacities to the SARS-CoV-2 RBD and S protein (N=77). The 95% confidence interval of the regression line is shown in light gray, and the r and P values of the correlation are also indicated. (F, G) Neutralizing capacity was determined with a SARS-CoV-2 pseudovirus, and blocking capacity was determined by an S protein binding model. IC50 values are shown in the left panel, and the percentage of mAbs within the indicated IC50 range is shown in the right panel. Color represents different neutralizing and blocking capacities; high (IC50 <100 ng/mL), medium (IC50 between 100 ng/mL and 1 μg/mL), low (IC50 between 1 μg/mL and 100 μg/mL), and N.N. or N.B. (IC50 >100 μg/mL). (H, I) The correlation between binding activity and neutralization or blocking capacity. For the blocking assay, mAbs were pre-made as 2-fold serial dilutions and incubated with S protein probe. The mixture was input into each well coated with 293T-ACE2iRb3 cell. After 1-hour S probe incubation, cell image acquisitions were performed with Opera Phenix. The r and P values of the correlation are also indicated. (J) The correlation between neutralization and blocking capacities. The r and P values of the correlation are indicated. (K) Correlation between the binding activity of specific antibodies and duration of the immune response in convalescent individuals (N=77). (L) The change in neutralization potency of specific mAbs over days after symptom onset. The r and P values of the correlation are indicated. All correlation analyses were performed using the Spearman test.



Subsequently, we assessed the binding activity of these mAbs to recombinant S protein and RBD protein fragment of SARS-CoV-2 using enzyme-linked immunosorbent assay (ELISA). mAbs presented diverse binding activity to SARS-CoV-2 S protein, of which 61.0% showed strong binding activity (EC50< 1 μg/mL); this result suggested that infection with SARS-CoV-2 can effectively stimulate humoral immune response to produce a large number of specific high-affinity mAbs (Figure S2A and Figure 1D). Interestingly, while there was a correlation between binding activity to SARS-CoV-2 RBD and to S protein, some mAbs bound more strongly to the RBD, implying that their target epitopes were poorly presented in S protein to be recognized, due to coverage by another RBD monomer or the NTD domain (Figure 1E) (41). Next, we assessed the neutralizing activity of these mAbs using a vesicular stomatitis virus (VSV) pseudovirus model carrying the SARS-CoV-2 S protein, and the neutralization IC50 potencies are shown in Figure S5C. In total, 80.5% (62/77) of these mAbs displayed neutralization of SARS-CoV-2, characterized as nAbs, among which 16 were identified as potent neutralizers with an IC50< 0.1 μg/mL, 22 as moderate neutralizers with an IC50 of 0.1-1 μg/mL, and 24 as weak neutralizers with an IC50 of 1-100 μg/mL (Figure 1F). Surprisingly, none of the antibodies isolated from the convalescent individual P03 had a potent neutralizing capacity, although clonal expansion was efficiently elicited (Figure S6).

Next, we investigate whether blocking S protein binding to ACE2 is the key neutralizing mechanism. The results showed that 61.0% of the specific mAbs had the ability to block entrance of the S protein into cells, with IC50 values ranging from 4 ng/mL to 100 μg/mL (Figure S5D and Figure 1G). These blocking and neutralizing capacities were well correlated with the binding capacity (Figures 1H, I). In terms of the neutralization and blocking data, we found a good correlation, indicating that blocking the attachment of the SARS-CoV-2 S protein to receptor ACE2 was critical for the inhibition of SARS-CoV-2 infection by nAbs targeting RBD (Figure 1J and Figure S7). However, some nAbs neutralized SARS-CoV-2 with weak blockade of SARS-CoV-2 S protein binding to ACE2 (28). Although the corresponding neutralizing mechanism has not been explained clearly, it is putative that binding of these nAbs may impede sequential conformational changes in the S protein.

To determine whether the affinity of SARS-CoV-2 RBD-specific mAbs efficiently evolves, we analyzed the association between the binding activity of mAbs and the duration of the immune response. The binding activity and neutralizing capacity of specific mAbs correlated with days after symptom onset, illustrating that the affinity of these specific mAbs can continuously evolve (Figures 1K, L and Figure S9). However, the plasma anti-RBD IgG titer did not correlate with days after symptom onset for individuals, which might resulted from the limitation of the plasma samples (Figure S1A) (42). Taken together, humoral immune response is efficiently elicited by SARS-CoV-2 infection, and affinity of functional mAbs is constantly evolving.



Profile of cross-binding antibodies between SARS-CoV and SARS-CoV-2

Due to the 76% sequence identity between SARS-CoV S protein and SARS-CoV-2 S protein, there may be conserved epitopes. Accordingly, humoral immunity could utilize these conserved epitopes to produce cross-reactive mAbs response. In this study, 50.6% of SARS-CoV-2-specific antibodies also bound to SARS-CoV S protein, of which 11 (14.3%) recognized SARS-CoV S protein with strong binding activity (EC50< 1 μg/mL) (Figure 2A and Figure S5B). As expected, these cross-binding mAbs also showed continuous affinity maturation (Figure 2B). In terms of genetic characteristics, it was observed that mAbs encoded by some VH germline genes, such as VH1-69, VH3-13, VH3-30 and VH4-46, had a tendency to broadly react with SARS-CoV and SARS-CoV-2 (Figure 2C). Additionally, cross-binding mAbs showed a tendency for lower SHM in the VH and JH regions, which might limit their affinity maturation, putatively due to the lower exposure of corresponding conserved antigenic sites (Figures 2D, E). Overall, these results confirmed an efficient cross-binding antibody response during SARS-CoV-2 infection and the presence of conserved antigenic sites inducing the maturation of cross-reactive mAbs.




Figure 2 | Profile of cross-binding SARS-CoV-2 RBD-specific mAbs. (A) The binding activity of antibodies specific for the SARS-CoV S protein and SARS-CoV-2 S protein were determined by ELISA. Color corresponds to binding activity; high (EC50 <100 ng/mL), moderate (EC50 between 100 ng/mL and 1 μg/mL), low (EC50 between 1 μg/mL and 100 μg/mL) and N.B. (EC50 >100 μg/mL). (B) Correlation between binding activity to the SARS-CoV S protein and duration of the immune response. Correlation analysis was performed using the Spearman test, and the r and P values of the correlation are indicated. (C) Distribution of SARS-CoV binding mAbs in the VH region (germline). (D, E) Comparison of VH and JH mutations between SARS-CoV S protein-binding mAbs and non-SARS-CoV S protein-binding mAbs. The black line denotes the mean value. (F, G) Neutralizing capacities against a SARS-CoV pseudovirus and SARS-CoV-2 pseudovirus are shown in the context of binding activity. Color varies with the neutralizing capability, with deep blue and deep red indicating a strong neutralizing capability.



Notably, the majority of mAbs with potent neutralizing activity against SARS-CoV-2 showed no reactivity with SARS-CoV, confirming that the unique antigenic sites in SARS-CoV-2 RBD, as immunodominant sites, more efficiently elicit high-affinity mAbs with potent neutralizing capacity than the conserved sites (Figure 2F). Subsequently, cross-binding mAbs were tested for their ability to neutralize SARS-CoV. Our results indicated that only P10-6G3, P07-4D10, P05-6H7 and P05-5B6 were identified as cross-neutralizing mAbs against both SARS-CoV and SARS-CoV-2, and P10-6G3 displayed higher binding activity to the SARS-CoV-2 S protein than the SARS-CoV S protein (Figures 2F, G). Combined with the weak binding activity, low affinity for SARS-CoV S protein is likely to be the reason why a large number of cross-binding antibodies could not neutralize SARS-CoV (Figure 2G). As the antigenic sites recognized by these cross-neutralizing mAbs were common between SARS-CoV and SARS-CoV-2, they could become the key targets for design of universal vaccines against SARS-like coronaviruses and selection of broad therapeutic antibodies.



Functional characterization of nAbs recognizing multiple antigenic sites

In order to further explore the function of each antigenic sites in RBD, nAbs were classified into six clusters (C1-6) using competition binding assay, and the antigenic sites for C1-6 nAbs were termed as sites S1-6, respectively (Figures S10, S11 and Figure 3A). Site S1 should be immunodominant antigenic sites, because the C1 nAbs accounted for relatively higher proportion (Figure 3A). Notably, nAbs in different clusters were efficiently induced for majority of convalescent SARS-CoV-2 patients, which embodied common immunogenic characteristics of these antigenic sites in RBD and indicated that SARS-CoV-2 infection can elicit antibody response using similar model (Figure 3B).




Figure 3 | Mapping of multiple neutralizing epitopes recognized by mAbs by cluster analysis and functional characterization. (A) Based on cluster analysis of competitive ELISA data for nAbs, nAbs were classified into six clusters targeting six different RBD antigenic sites (S1-6). The percentages of nAbs recognizing different antigenic sites were calculated and are displayed. Colors indicate different individuals. (B) Individual composition analysis of nAbs targeting different antigenic sites. ID denotes different convalescent individuals marked by colors. (C, D) The binding activity to the SARS-CoV and SARS-CoV-2 S proteins were determined by ELISA and are denoted as EC50 values. (E) Analysis of antigenic sites recognized by cross-binding nAbs. (F, G) Neutralizing capacity against a SARS-CoV-2 pseudovirus (F) and SARS-CoV pseudovirus (G), with comparison of nAbs targeting S2-6 and S1-directed nAbs. (H) The VH germline genes of each cluster of neutralizing antibodies were analyzed. Different colors are used to indicate each neutralizing cluster. (I) Fold increase in ED50 of plasma against SARS-CoV-2 pseudoviruses, relative to SARS-CoV-2 pseudoviruses, presented as a pink histogram, and gray histogram indicates neutralization against SARS-CoV-2 pseudoviruses. (J) Composition of antibodies targeting different antigenic sites in convalescent COVID-19 patients. Different colors indicated antigenic sites targeted by mAbs of convalescent COVID-19 patients. For panels (C, D, F, G), data are plotted as the geometric mean. n.s., no significant difference; *P < 0.05; **P< 0.01; ***P < 0.001. The black line indicates the mean value. Statistical significance in (C, D, F, G) was determined using the Mann-Whitney U test. ****P < 0.0001.



To determine the functional characteristics of nAbs targeting different sites, we analyzed the biochemical properties of these nAbs. The C1, C2, C4, C5 and C6 nAbs bound to SARS-CoV-2 S protein with comparable EC50 values; however, the nAbs elicited by site S3 displayed lower binding activity to SARS-CoV-2 S protein (Figure 3C). Furthermore, the majority of C2, C3 and C4 nAbs showed cross-reactivity with SARS-CoV S protein and SARS-CoV-2 S protein, suggesting that these sites were conserved between SARS-CoV and SARS-CoV-2 (Figures 3D, E). Nevertheless, these conserved sites in the context of natural infection of SARS-CoV-2 just induced four potent cross-neutralizing mAbs (P10-6G3 targeting site S2, P07-4D10 targeting site S3, and P05-5B6 and P05-6H7 targeting site S4) against SARS-CoV and SARS-CoV-2, since most cross-binding nAbs showed obviously weaker affinity for SARS-CoV S protein than SARS-CoV-2 S protein, leading to inability to achieve cross-neutralization (Figures 3C–G). Notably, the conserved sites-directed nAbs showed lower neutralization capacity against SARS-CoV-2 than nAbs recognizing SARS-CoV-2 unique antigenic sites (sites S1, S5 and S6), except those targeting conserved site S3; based on the premise that all nAbs possess similar binding activity to the SARS-CoV-2 S protein, these nAbs targeting conserved sites are implied to have a disadvantage in blocking S protein binding to receptor ACE2, putatively due to less overlap between their antigenic sites and ACE2 footprint (Figures 3C, F). Markedly, C1 nAbs isolated from the overwhelming majority of convalescent individuals recognized antigenic site S1, and potently and specifically inhibited SARS-CoV-2 infection by blocking S protein attachment to ACE2, revealing that site S1 is an immunodominant antigenic site in SARS-CoV-2 RBD that efficiently elicits a strong NAb response during natural SARS-CoV-2 infection (Figures 3B, F and Figure S12A). The immunodominance of site S1 may result from either its accessibility in different conformations of SARS-CoV-2 S protein or the innate affinity of the corresponding C1 nAbs derived from the naïve B cell repertoire (VH 3-53/66 germline) (Figure 3H); the latter factor would lead to rapid affinity maturation of C1 mAbs without the need for a high level of SHM (31, 43, 44). In contrast, while large amplification of the same antibody clone against site S3 was exhibited in the convalescent individual P03, the nAbs derived from this antibody clone poorly inhibited SARS-CoV-2 infection, revealing that site S3 is possibly an immunodominant, but weakly neutralizing site (Figure 3F, Figure S6, Figure 1A and Figure S4). The characteristics of nAbs targeting different antigenic sites is further mapped to plasma neutralizing function. nAbs recognizing conserved antigenic site S3 showed significant clonal amplification in P03, which resulted in weaker plasma neutralization compared to the other COVID-19 patients. High proportion of specific antibodies against site S1 can ensure stronger neutralization activity against SARS-CoV-2 in COVID-19 patient plasma, but its cross-neutralization potency decreased significantly, and P04 was the most representative among these convalescent patients (Figures 3I, J). On the contrary, P05 and P08 plasma showed higher cross-neutralization potency, which might result from the numerous cross-neutralizing mAbs binding to the conserved antigenic sites. Thus, our findings confirm that conserved antigenic sites can broadly induce antibody response in COVID-19 patients, while cross-neutralization potency varies for different patients.

Taken together, sites S2, S3 and S4 were identified as conserved antigenic sites between SARS-CoV-2 and SARS-CoV that could induce cross-neutralizing antibody response and should be considered in the rational design of universal SARS-like coronavirus vaccines, and the remaining sites were unique antigenic sites for SARS-CoV-2. The difference in binding location possibly confer nAbs elicited by conserved antigenic sites might show weaker neutralization of SARS-CoV-2 than those elicited by unique antigenic sites.



Identification of antigenic sites S1-6 in RBD

It is more helpful to understand the functional characteristics of corresponding antibodies by analyzing the structural characteristics of each antigenic site. To determine the spatial position of sites S1-6, we performed a mutagenesis study by substituting ACE2-interactive and noninteractive residues with alanine or arginine in RBD, and then assessed the decreased binding activity of representative nAbs to mutant RBDs compared to the reference RBD (45). The reduction in binding activity to each mutant RBD is shown in Figure S14. The spatial positions of all antigenic sites in RBD were simultaneously displayed to demonstrate their relative locations, which is critical to elucidate the functional characteristics of all neutralizing antigenic sites in RBD (Figure S15A and Figure 4A). Fortunately, numerous key epitopes in RBD have been identified by antigen-antibody complex structure and could be classified into five classes, which provides an important reference for this study (4, 28, 46). Site S1, S2 (and S3), S4 and S5 (and S6) sites are similar to Class 1, Class 4, Class 5 and Class 2/3 sites, respectively, according to their interactive residues and neutralizing characteristics of corresponding mAbs (Figures 4A, B).




Figure 4 | Dynamic analysis of site S1-6 accessibility. (A) Relative positions of sites S1-6 in the RBD. Red indicates the critical residues interfering the binding activity of representative nAbs. (B) Some SARS-CoV-2 RBD-specific mAbs reported in other studies are displayed in different colors, and cyan, green, blue, claret and purple indicate the mAbs C102, P2B-2F6, S309, COVA1-16 and S2H97, respectively. These mAbs were identified as representative mAbs for Classes 1-5. ACE2 footprint is outlined in black line. The glycan at position N343 is rendered as black spheres. (C) Conservation analysis of antigenic sites-directed by candidate mAbs using sequences including SARS-CoV-2 (n = 2216,010) and other Sarbecoviruses (n = 80). Deeper white indicates the more conserved region that was marked by a yellow star. (D) The fold change of mAbs neutralization potency against SARS-CoV-2 variants (B.1.1.7, B.1.351, B.1.1.28 and B.1.617.2), compared to that against the D614G variant.



SARS-CoV-2 unique sites S1, S5 and S6 largely overlapped with ACE2 footprint, supporting potent neutralizing activities of corresponding nAbs by efficiently blocking S protein binding to receptor, whereas conserved sites S2, S3 and S4 distant from ACE2 footprint is not conducive for neutralization (Figure S15A). However, site S4-specific nAbs, similar to broadly neutralizing mAb S2H97, might neutralize SARS-CoV-2 and SARS-CoV by promoting direct shed of S1 subunit, rather than blocking RBD attachment to ACE2. Site S2, S3 and S4 are highly conserved among SARS-CoV, SARS-CoV-2 and even other SARS-related viruses (Figure 4C and Figure S15B). Thus, nAbs targeting these antigenic sites retain strong neutralization potency against SARS-CoV-2 variants (B.1.1.7, B.1.351, B.1.1.28 and B.1.617.2), nevertheless, these variants escape neutralization of representative nAbs targeting SARS-CoV-2 unique sites (Figure 4D). As some neutralizing antigenic sites are hidden by the RBD in the lying-down state, this masking becomes an important immune escape mechanism of SARS-CoV-2 (41). The conserved sites, especially site S3, were highly concealed in the RBD lying-down state by adjacent RBD monomers. Even when the RBD was in the standing-up state, site S3 was not sufficiently exposed, and this inadequate exposure failed to improve the affinity maturation of S3-directed mAbs (Figure S16). Similarly, insufficient space for nAbs binding to conserved site S4 was found on the closed S protein, and only the RBD in the standing-up state could improve the accessibility of site S4.

Thus, our findings indicate that conserved antigenic sites display less accessibility than SARS-CoV-2 unique epitopes and that poor accessibility hinders the affinity maturation of site S3-directed mAbs in natural infection and even might decrease the cross-neutralizing antibody response after SARS-CoV-2 vaccination.



Rational design of SARS-CoV-2 RBD to enhance the immunodominance of conserved antigenic sites

The majority of mAbs recognizing antigenic site S1 were VH3-53/66 mAbs with a short (mostly 11 residues) CDRH3 sequence. Moreover, many studies have also reported the same enrichment of VH3-53/66 mAbs targeting antigenic sites similar to site S1 and found that they share structural similarities with each other (8, 29, 46–48). These VH3-53/66 mAbs showed native binding to SARS-CoV-2 RBD residues using CDRH1 and CDRH2 by forming many hydrogen bonds (L455, Y473, A475 and N487 bound by CDRH1, and D420, Y421 and R457 bound by CDRH2) (Figure 5A and Figure S17). Therefore, the native binding advantage between antigenic site S1 and VH3-53/66 was the cardinal cause of site S1 immunodominance, which could result in massive amplification of antigenic site S1-specific B cells and competition to inhibit the proliferation of B cells directed against conserved antigenic sites. To indirectly enhance the competitiveness of conserved antigenic sites in the immune response, it is essential to decrease the immunodominance of site S1. To this end, we designed a variety of SARS-CoV-2 RBD variants with antigenic site S1 silencing using either protein truncation or glycan modification (Figures 5B–E). Glycan modification at positions K458 and A475 within site S1, termed RBDGlycan458,475, was successful in destroying the binding of S1-directed mAbs, including P02-3C11 derived from VH3-66 and P05-5C4 derived from VH3-53, and could maintain conserved antigenic sites S2, S3 and S4 (Figure 5F). To preliminarily investigate whether RBDGlycan458,475 could improve the cross-binding antibody response, BALB/c mice were immunized with 20 μg/dose RBDGlycan458,475. Two weeks after immunization, the mice receiving RBDGlycan458,475 or the reference RBD all presented detectable serum anti-SARS-CoV S IgG and anti-SARS-CoV-2 S IgG; however, RBDGlycan458,475 induced a significantly higher cross-binding IgG titer than the reference RBD (Figure 5G). Additionally, the results also revealed that RBDGlycan458,475 could induce higher cross-binding IgG titer against SARS-CoV-2 and the Omicron variant (BA.1) than the reference RBD (Figure 5G). Hence, universal vaccines based on such glycan modification of the SARS-CoV-2 RBD have the potential to induce a stronger cross-binding antibody response that could efficiently protect against infection by SARS-like coronaviruses and emerging SARS-CoV-2 variants.




Figure 5 | Design of SARS-CoV-2 RBD variants to improve the competitiveness of subdominant conserved antigenic sites. (A) Interaction between CDRH1 and CDRH2 residues and the SARS-CoV-2 RBD. Residues of mAbs constructing hydrogen bonds with CDRH1 and CDRH2 in the RBD are rendered as red and cyan sticks. (B–E) Design of a SARS-COV-2 RBD with an enhanced capability to elicit cross-reactive antibodies. A truncated SARS-CoV-2 RBD was produced by removing T455-P491 and termed RBDTruncation455-491 in (B), and the RBD produced by removing T470-P491 was termed RBDTruncation470-491 in (C). A SARS-CoV-2 RBD glycosylated at positions 420 and 475 was termed RBDGlycan420,475 in (D), and an RBD glycosylated at positions 458 and 475 was termed RBDGlycan458,475 in (E). (F) Influence of designed RBDs on the binding activity of representative nAbs targeting different antigenic sites. (G) Antibody response against the SARS-CoV S protein and SARS-CoV-2 S protein induced by RBDGlycan458,475 in mice (N=3). BALB/c mice were immunized with 20 μg/dose at week 0, and specific IgG titers in the serum were tested at week 2. The ratio of the serum IgG titer against the SARS-CoV S protein to that against the SARS-CoV-2 S protein was calculated. For panel (G), data are plotted as the geometric mean or mean. Statistical significance in (G) was determined using a nonpaired t test, and * indicates P < 0.05.






Discussion

RBD is defined as the immunodominant domain within the SARS-CoV-2 S protein (4), which was supported by its few glycosylation sites compared with the other S protein domains and higher accessibility within the S protein with variable conformations, as well as by S1 domain shedding (6, 28). Structural studies have proven that the S protein possesses conformational dynamics, in which different prefusion conformations expose a variety of crucial antigenic sites, including conserved antigenic sites between SARS-CoV and SARS-CoV-2 (31, 49). Although some conserved antigenic sites identified by cross-binding mAbs have been reported, a systematic analysis is still lacking, which is prejudicial to rational design of universal vaccines (4–8). We used information obtained from neutralizing mAbs isolated from convalescent SARS-CoV-2 patients to develop a quantitative antigenic map of SARS-CoV-2 RBD neutralizing sites that demonstrates immunodominance, neutralization properties and conserved properties. Six dominant antigenic sites were identified, of which sites, S2, S3 and S4 are conserved antigenic sites and can elicit cross-neutralizing antibody response to SARS-CoV and SARS-CoV-2. Analysis of difference in plasma neutralization capacity from the perspective of mAbs is more conducive to the cognition of the process of humoral immune response to SARS-CoV-2, so as to promote the directional induction of functional immune response. This study demonstrates that, although similar plasma neutralization against SARS-CoV-2 was determined among convalescent COVID-19 patients, there was significant difference in cross-neutralization activity against SARS-CoV, which was probably caused by the diverse strength of antibody response to different antigenic sites. High proportion of conserved antigenic sites-specific antibodies will significantly decrease plasma neutralization titer, but accompanied by strong cross-neutralization capacity, which gives us the hope of developing universal vaccine based on the conserved antigenic sites, but also presents a serious test of how to effectively enhance the corresponding immune response.

These conserved antigenic sites are subdominant, and S3 induces a lower-affinity mAb response than unique antigenic site S1 that is immunodominant and coincides with the ACE2 footprint; this hierarchy is putatively related to the lower accessibility of conserved antigenic sites in a variety of conformations. Nevertheless, conserved antigenic sites can still effectively induce affinity maturation of specific antibodies, which provides an important basis for vaccine design based on conserved antigenic sites. SARS-CoV-2 unique antigenic sites (S1, S5 and S6) efficiently induce a specific antibody response and inhibit the production of cross-binding antibodies. Additionally, antigenic site S1 with native binding advantage of antibodies derived from VH3-53/66 might further suppress the humoral immune response to conserved antigenic sites through the depletion of a large number of B cells. Therefore, these antigenic sites, especially site S1, should be silenced for universal vaccine design. Moreover, some predominant SARS-CoV-2 variants, including B.1.351 and B.1.1.28 with K417N, E484K and N501Y mutations causing changes in antigenic sites overlapping with unique antigenic sites S1, S5 and S6, promote evasion of antibody-mediated immunity obtained by natural infection or vaccination; however, no cross-binding mAbs displaying decreased binding activity to these variants have been reported (20, 22–24). These findings prove that it is difficult for universal vaccines based on unique antigenic sites in the RBD to induce conserved antibody responses to prevent the possible pandemic risks of persistent SARS-CoV-2 variants with antigenic drift or SARS-like coronaviruses in the future; nevertheless, focusing on conserved antigenic sites might have great potential for universal SARS-like coronavirus vaccines (50).

Similar strategies for universal vaccine design have been proposed for the development of universal influenza virus vaccines that protect against infection with seasonal drift and novel pandemic influenza virus strains (51, 52). Candidates for universal influenza vaccines are mainly based on the conserved antigenic sites in the stalk domain of hemagglutinin, for example, headless hemagglutinin structures and display of conserved stalk epitopes on nanoparticles, which has shown promising results in animal models and has great reference significance for SARS-CoV-2 vaccines (53–56). To indirectly enhance the competitiveness of conserved sites in the mAb response by decreasing the immunodominance of site S1, we designed a variety of SARS-CoV-2 RBD proteins with site S1 silencing by either removal of a peptide fragment or glycan modification. In this study, the designed protein RBDGlycan458,475 with a glycan modification destroying site S1 and maintaining the remaining conserved sites induced stronger cross-binding antibody response, revealing that such a SARS-CoV-2 RBD design could promote the development of universal vaccines against SARS-like coronaviruses. To further enhance the immunogenicity, the modified RBD could be display on particle, such as ferritin (57), mi3 (58) and I53 (59).

In summary, our studies defined a quantitative antigenic map of neutralizing sites within SARS-CoV-2 RBD and completed the characterization of conserved antigenic sites, which is required for rational design of universal vaccines. Moreover, we tried to design RBD proteins to enhance the immune competitiveness of conserved antigenic sites. Although SARS-CoV-2 vaccines have been developed and approved, our long-term efforts aimed at preparing universal vaccines for other human epidemics caused by SARS-CoV-2 VOCS and SARS-like coronaviruses that may become prevalent in the future are still necessary.
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Supplementary Figure 1 | Characteristics analysis of humoral immune response by COVID-19 convalescent plasma. (A) Correlation between days after symptom onset and plasma antibody titer including anti-RBD antibody, anti-RBD IgG and anti-RBD IgM, using Spearman correlation test. (B) Correlation test between anti-RBD titers and PSV SARS-CoV-2 neutralizing capacity are determined by Spearman correlation test. r and P values of the correlation are indicated.

Supplementary Figure 2 | Identification of SARS-CoV-2 RBD-specific memory B cells and isolation of SARS-CoV-2 RBD-specific antibodies. (A) SARS-CoV-2 RBD-specific memory B cells are identified as CD3-/CD19+/CD27+/SARS-CoV-2 RBD+, and the percentage of RBD-specific B cells is indicated. (B, C) The BCR (B cell receptor) subtypes of RBD-specific memory B cells are analyzed by goat anti-human IgG and goat anti-human IgM, then are statistically analyzed. (D) Recombinant monoclonal antibodies with SARS-CoV-2 RBD specificity are identified by ELISA. Gray line indicates limitation of anti-RBD antibodies detection.

Supplementary Figure 3 | Phylogenetic analysis of heavy chain gene of SARS-CoV-2 RBD-specific mAbs. Maximum-likelihood phylogenetic tree of fully heavy chain of RBD-specific antibodies (N=77). Each color represents heavy chain sequence of SARS-CoV-2 RBD-specific mAbs from different convalescent individuals.

Supplementary Figure 4 | Gene repertoire analysis of SARS-CoV-2 RBD-specific mAbs. V gene frequencies for heavy chain (A) and light chain (B) of SARS-CoV-2 RBD-specific antibodies. Colors indicate different convalescent individuals. Germline of VH is determined using the Immunogenetics (IMGT).

Supplementary Figure 5 | Binding activity to S protein and neutralizing capacity against SARS-CoV-2 pseudovirus of SARS-CoV-2 RBD-specific mAbs. (A, B) Binding activity of mAbs to SARS-CoV S protein are compared among individual in B, and to SARS-CoV-2 S protein in C. Black line indicates mean value of EC50. (C, D) Neutralizing capacity of mAbs against SARS-CoV-2 are compared among individual in (C) and blocking capacity of mAbs in (D). Neutralizing capacity are tested by SARS-CoV-2 pseudovirus. Blocking assay is performed by incubating mixture of antibodies and SARS-CoV-2 S protein with ACE2-expressing cells. Black line indicates mean IC50.

Supplementary Figure 6 | Neutralization of SARS-CoV-2 RBD-specific mAbs against SARS-CoV-2 pseudovirus. Red indicates mAbs obtained from P03 convalescent individual.

Supplementary Figure 7 | The correlation between neutralization potency and blocking capability of SARS-CoV-2 RBD-specific mAbs. The scatter plot depicting neutralizing capacity and blocking capacity of specific mAbs from different individuals annotated by colors.

Supplementary Figure 8 | Analysis of CDRH3 length of antibodies derived from VH 3-53/66. (A) Repertoire information of RBD-specific antibodies composed of VH 3-53/66. (B) Length distribution of CDRH3 for RBD-specific antibodies derived from VH 3-53/66 by comparison with the remaining VH germline encoding antibodies. (C) Correlation of CDRH3 length and binding activity to SARS-CoV-2 S protein is performed for specific antibodies derived from of VH 3-53/66.

 
Supplementary Figure 9 | Correlation analysis for days after symptom onset and mean binding activity of SARS-CoV-2 RBD-specific mAbs from corresponding convalescent individuals using Spearman correlation test. r and P values of the correlation are indicated.

Supplementary Figure 10 | Competition ELISA for neutralizing mAbs. Competition ELISA is performed by using naked mAbs to block HRP-coupled mAbs, and ELISA signal for each HRP-coupled mAb is normalized to the signal in the absence of naked mAbs. The heat map of competition ELISA data is shown, with parameters colored continuously from white (0, corresponding to 0% inhibition) to red (4, corresponding to 93.7% inhibition) in the scale bar.

Supplementary Figure 11 | Epitope mapping of mAbs by clustering analysis and functional characterization. By competition ELISA data, neutralizing mAbs are clustered into six group, Cluster1-6, and corresponding epitopes to each mAb cluster are defined as Site1-6. The color ranging from red to blue represented blocking potency against other antibodies (4.321 corresponding to 95% blocking rate and 0.074 corresponding to 5% blocking rate). The source of information and neutralization potency of each mAb are also indicated by different colors.

Supplementary Figure 12 | Analysis of blocking capability against SARS-CoV-2 S protein binding to ACE2. (A) Blocking capacity of nAbs targeting sites S2-6 are compared with that of nAbs recognizing S1. (B) The neutralizing capacity and blocking capacity of nAbs recognizing site S4 are analyzed, and nAbs ID are indicated in figure.

Supplementary Figure 13 | Neutralization capacity of a combination of representative nAbs targeting sites S1-6 against the SARS-CoV-2 pseudovirus and SARS-CoV-2 pseudovirus.

Supplementary Figure 14 | Identification of SARS-CoV-2 RBD critical residues recognized by nAbs using selected amino acid substitution. (A) Mutate residues of SARS-CoV-2 RBD shown in pink. (B) Mutation of residues leading to damaging effect on SARS-CoV-2 RBD activity. Dash line indicates 25% binding activity of mutant RBD relative to wild type RBD. (C) The selected amino acid of RBD is mutated to alanine or arginine on purpose. Binding activity of sites S1-6 representative mAbs to wild-type (WT) and mutant RBD was measured by ELISA. The binding capacity to mutate RBD is normalized by binding to wild type RBD. Lines denote 10% binding activity relative to wild type RBD and 25% binding activity relative to wild type RBD. Residues reducing binding activity by more than 75% are identified critical residues for representative nAbs.

Supplementary Figure 15 | Identification of sites S1-6 spatial position. (A) Structure of the RBD highlighting the critical residues interfering binding activity of representative nAbs, red denotes residues reducing binding activity by more than 75%. (B) Conservative analysis of sites S1-6, carmine denotes different residues between SARS-CoV-2 RBD and SARS-CoV RBD.

Supplementary Figure 16 | CDRH1-3 sequence analysis of mAbs derived from IGHV3-53/66, including P05-5C4 derived from IGHV3-53 and P02-3C11 derived from IGHV3-66 targeting site S1.

Supplementary Table 1 | Information of COVID-19 convalescent individuals. F, female; M, male.

Supplementary Table 2 | Plasma anti-RBD antibody titers and neutralization capacity for COVID-19 convalescent individuals.

Supplementary Table 3 | Amino acid sequence of diverse SARS-CoV-2 RBD variants expressed.
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Background

The COVID-19 pandemic has created pressure on healthcare systems worldwide. Tools that can stratify individuals according to prognosis could allow for more efficient allocation of healthcare resources and thus improved patient outcomes. It is currently unclear if blood gene expression signatures derived from patients at the point of admission to hospital could provide useful prognostic information.



Methods

Gene expression of whole blood obtained at the point of admission from a cohort of 78 patients hospitalised with COVID-19 during the first wave was measured by high resolution RNA sequencing. Gene signatures predictive of admission to Intensive Care Unit were identified and tested using machine learning and topological data analysis, TopMD.



Results

The best gene expression signature predictive of ICU admission was defined using topological data analysis with an accuracy: 0.72 and ROC AUC: 0.76. The gene signature was primarily based on differentially activated pathways controlling epidermal growth factor receptor (EGFR) presentation, Peroxisome proliferator-activated receptor alpha (PPAR-α) signalling and Transforming growth factor beta (TGF-β) signalling.



Conclusions

Gene expression signatures from blood taken at the point of admission to hospital predicted ICU admission of treatment naïve patients with COVID-19.





Keywords: COVID-19, Critical Care, biomarkers, prognosis, topology, transcriptome, RNA-seq - RNA sequencing



Introduction

Severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) is a betacoronavirus responsible for coronavirus disease-19 (COVID-19) resulting in a global pandemic with over 6.3 million deaths by June 2022. SARS-CoV-2 causes a spectrum of symptoms in humans, from asymptomatic to severe disease, where the latter requires continuous and intensive care and is associated with extensive pulmonary immunopathology (1, 2). The nature of severe coronavirus disease has caused a strain on healthcare systems across the world (3). Biomarkers predictive of outcome in patients with Ebola virus disease have been identified (4), highlighting that prognostic biomarkers could be useful in outbreak and clinical settings. There is an urgent need for tools which can stratify patients according to prognosis to better manage healthcare resources and improve patient outcomes, particularly in resource poor or limited settings.

There have been many attempts to define prognostic biomarkers in COVID-19 (5–10). However, these have focused on predicting mortality, which is primarily associated with older age groups. The ability to predict, at admission to hospital, the trajectory of a patient towards intensive care unit (ICU) admission will allow for more efficient triaging and improve outcomes through early targeted interventions. The decision to admit individuals to ICU is a result of applying standard clinical and physiological metrics with clinical oversight and scoring tools such as NEWS2 (11). Leveraging host response data from an accessible sample (e.g., peripheral blood) to predict and inform ICU admission is therefore an exciting continuation of previous work to define the host response in patients with COVID-19 (12).

Several studies in different disease contexts, including COVID-19, have been conducted to predict in-hospital mortality and ICU admission (11, 13–17). For sepsis, NEWS, was assessed for the prediction of in-hospital death with an AUROC of 0.65 (0.61 to 0.68) and ICU admission with an AUROC of 0.64 (0.57 to 0.71), however, the authors highlight that no scoring system has both high sensitivity and specificity for predicting adverse outcomes in sepsis at admission (13). A retrospective analysis of data available at the time of admission, including heart rate, supplementary oxygen, abnormal sodium, and amount of time spent in the emergency department, was used to build a logistic regression model to predict early ICU admission which produced a AUROC of 0.70 (0.67-0.72), and was able to identify 10% of early ICU transfers (14). Some attempts in predicting COVID-19 ICU admission have not performed well (16). However, a model based on age, sex and comorbidities did predict ICU mortality and ICU admission in COVID-19 patients, generating a c-statistic of 0.876 (0.864-0.886) (11). Others have found that CURB-65 scores perform well in predicting in-hospital mortality with an AUC of 0.781, and the qCSI score performed well in predicting ICU admission with an AUC of 0.761 (15). Models with AUC values between 0.86 – 0.88 have been developed for predicting hospitalisation, ICU care and mechanical ventilation (18). Age and BMI were important predictors for hospitalisation, whereas for ICU admission male sex, opacities in chest scans and age were important variables (17). Routine laboratory values predictive of ICU admission and mechanical ventilation included elevated serum lactate dehydrogenase (LDH), C-reactive protein (CRP), anion gap and glucose, in addition to decreased serum calcium, sodium and albumin (17).

Using gene expression signatures to predict clinical outcome or care trajectories, from a sample such as blood, have been infrequently reported in the literature. Previously, an 11-gene host response score was found to perform similarly to SAPS3 and APACHE II as a stand-alone test, from whole blood collected within 30 days of admission when predicting 60-day mortality (AUC: 0.68), in-hospital mortality (AUC: 0.75), shock patients (AUC: 77) and primary MODS or ARDS (AUC: 0.98) (19). In sepsis, 20 and 10 gene panels have been trialed with AUCs between 0.723 to 0.956 being achieved depending on the cohort and the number of genes included in the panel (20).

Genomic analyses such as RNAseq are routinely used to inform clinical decisions (21–24). Turnaround times from sampling to actionable data are continually improving, making their potential use as point-of-care tools more feasible. In addition, the cost of sequencing continues to decrease and many sequencing platforms are becoming more accessible. In this study, using blood gene expression profiles from 78 SARS-CoV-2 infected patients, machine learning and an emerging topological data analysis approach (25, 26) was used to identify and validate gene signatures that were predictive of ICU admission of patients with COVID-19 disease. This predictive model, demonstrates potential as a valuable tool for personalised treatment and assist in the clinical decision making for hospitalised COVID-19 patients, and provide a point of comparison for evaluating the effects of medical countermeasures.



Materials and methods


Patient cohort and study design

In this study, a cohort of 78 patients presenting hospitalised with COVID-19 were analysed. Samples were collected as part of the CoV-19POC study (ISRCTN trial registry: ISRCTN14966673) as previously described (12). In brief, blood samples were collected in PAXgene tubes within 24 hours of admission to hospital between March and April 2020. All patients were sampled and RNAseq data generated. Detailed patient characteristics and demographics collected at time of admission from medical records, are included in Table 1, generated by gtsummary (27).


Table 1 | Patient characteristics and demographics grouped by ICU admission status.





Extraction of RNA from clinical samples and Illumina sequencing

Total RNA was extracted from PAXgene BRT using the PAXgene Blood RNA Kit (PreAnalytix), according to the manufactures protocol at Containment Level 3 in a Tripass Class I hood. Libraries were sequenced using 150 bp paired-end reads on an Illumina® NovaSeq 6000.



Data processing and machine learning

Raw paired-end fastq files generated by the NovaSeq were trimmed for the presence of adapter sequences using cutadapt (v.1.2.1), with the -O 3 parameter (28). The fastq files were further trimmed using sickle (v.1.200) with a minimum window quality score of 20 and reads shorter than 15bp are removed from analysis (18). Hisat2 v2.1.0 (29) was used to map the trimmed reads on the reference Homo sapiens genome assembly (release-94) downloaded from the Ensembl FTP site. The resultant alignment files were processed by featureCounts v2.0.0 (30) with the default setting to generate raw read counts per gene. Before further analysis, outlier samples in the hierarchical clustering were removed and low-expression genes (at least 1 read per million in smallest groups) were filtered. The decision trees models to classify ICU admission in COVID-19 samples were built according to the random forest classifier based on gene expression or traits of hospital assay by using randomForest() function in R package “randomForest” (31) with “ntree=500, proximity=TRUE, mtry=5”. Variable importance in the random forest models were measured through mean decrease in accuracy and the Gini Index.



Topological data analysis (TDA)

To determine reliability and accuracy of the TDA method presented here, the cohort was divided randomly in two not-overlapping sets, one for training (48 samples) and another for statistical testing (30 samples). Patient demographics and characteristics are presented in Table 2 for the test and training datasets. The average gene expression of ICU samples within the training set was also calculated and its topology of the global differential gene expression was measured by Topological Pathway Mapping, TopMD, without filtering. Such topology was then used as a reference with respect to the topology of global differential gene expression of each sample. Highly modulated pathways are large features of the TopMD Maps; gene pathways of high importance. When performing the regression analysis, via Logistic Regression with ElasticNet penalty (see formula below), we stress that the TopMD ICU profile used as reference was computed only on the training set.


Table 2 | Patient characteristics and demographics grouped by test or train status.



To define a gene signature, TopMD profiles were computed for both each patient blood sample and the ICU average gene expression within the training set, relative to the average of all training set samples. From the training ICU profile, a panel of m genes taken from N TopMD-pathways of highest importance was selected and subsequently a feature matrix was constructed to perform the linear regression analysis, as follows.

From the training ICU profile, a reference panel is constructed using the most important N TopMD-pathways and, per each of them, the m most abundant genes. The feature matrix was then constructed associating each sample to a row and each reference gene to a column, that is, the entry (i, j) referred to sample Pi and gene gj. Any matrix entry (i, j) was defined to be 0 whenever the gene gj was not within the TopMD-defined sample panel, that is, gj was not one of the m most abundant genes within the N most important TopMD-pathways for the Pi TopMD-profile. Otherwise, such entry was the relative gene expression of gj for sample Pi.

For the statistical analysis, the Logistic Regression model, with ElasticNet penalty, was used, defined by the following formula:

	

Where X is the feature matrix, y the binary classification vector and w is the weights vector. Parameters for this model are C, a regularisation parameter (improving numerical stability), and ρ which controls the strength of l1 and l2 regularisation, respectively the first and second member in the formula. The best performing panel of genes was selected, among all the combination of N and m with value ranging from 1 to 100, given that m≤N. The best performing model, with respect to predictive error, was obtained using N=10 TopMD-pathways and m=5 genes. The regression model allows naturally to define the belongingness probability to the positive class, the ICU class in this case. For statistical testing purposes, each patient blood sample in the test set is predicted to be ICU when such probability is higher than 0.5.



Statistical analysis

Statistical testing was performed including a Shapiro-Wilk test to assess for data normality followed with either an unpaired parametric T-test (Shapiro-Wilk test p-value > 0.05) or an unpaired non-parametric Wilcoxon test (Shapiro-Wilk test p-value< 0.05) for continuous data, or a Chi-square test for categorical data.




Results

To identify transcripts that were predictive of ICU admission for those with COVID-19 disease, the transcriptome of blood samples from infected patients was analysed.


Patient characteristics

These samples were collected through the CoV-POC trial in early 2020. Out of the 78 samples included in this study, 48 were included in the training dataset and 30 in the test dataset. The median age of the study population was 61 (IQR: 46-74) 52 were male (67%) and 26 were female (33%). The most common comorbidities were hypertension (37%), chronic respiratory disease (27%) and diabetes mellitus (24%) (Table 1). 27 were admitted to ICU of which 15 died within 30 days of admission. In this dataset there was no difference in sex between those admitted to ICU and those not admitted to ICU, p = 0.61. Age was different between those admitted to ICU and those not admitted to ICU, p 0.006, median age of 56 and 70 years respectively. Table 1 shows that data points from blood chemistry, cytokine/chemokine assessment and physiological metrics are significantly different between the patients admitted to ICU and not admitted to ICU. Including white blood cell count, neutrophil count, albumin, LDH, ferritin, CRP, IL-6, IL-33, Oxygen saturation, administration of oxygen, NEWS and consolidation of infiltrates. Patient characteristics and demographics are also shown for the test and training split (Table 2).



Machine learning

Combinations of the top 30 important genes were identified by Random Forest analysis predictive of ICU admission in the test dataset (Figure 1), achieving good accuracy (0.73) and a ROC of 0.68. The higher the value of importance of the variable (mean decrease gini score), the higher the importance of the genes in the model. In this analysis, the gene that was most associated with the decision to admit to ICU was family with sequence similarity 219 member A (FAM219A) gene.




Figure 1 | The importance of genes in a classification of ICU admission with Random Forest. The higher the value of importance of the variable (mean decrease gini score), the higher the importance of the gene(s) in the model.





Topological data analysis

TopMD Pathway Biomarker Analysis defined a model with 79 genes identified from TopMD clusters predictive of ICU admission in the test dataset with accuracy: 0.72 and ROC AUC: 0.76 (Figure 2). The genes of this predictive signature were features of the top 10 pathways with top 10 genes for a total of 79 genes overall; differentially activated gene pathways between patients admitted to ICU or not admitted to ICU in the training dataset.




Figure 2 | ROC analysis of the overall performance of the TopMD-defined gene signature predictive of ICU admission. ROC curve with split 62/38, using top 10 pathways with top 10 genes for a total of 79 genes overall.





The top 3 identified pathways predictive of ICU admission are involved in EGFR, PPAR-α and TGFβ signalling pathways

TopMD analysis identified pathways associated with ICU admission by defining and ranking pathways by their topological volume, the sum of normalised differential expression. The gene with the largest fold change was termed the peak-gene of the identified pathway. The top pathway had peak gene SNX2, associated with epidermal growth factor receptor (EGFR) signalling, followed by ACAA1, associated with Peroxisome proliferator-activated receptor alpha (PPAR-α) signalling and finally, FAM89B associated with Transforming growth factor beta (TGF-β) signalling (Figure 3). Additional peak genes and pathways are presented in Supplementary Figure 1. These consist of peak genes PHETA1, KEAP1, BAIAP2, TRAPPC6A, AGXT, HES1 and CDK5R1. Highlighting pathways such as phosphatidylinositol signalling, and glyoxylate and dicarboxylate metabolism (Supplementary Figure 1).




Figure 3 | Differential expression of top genes in the top 3 pathways between patients admitted to ICU and not admitted to ICU of the training set. Connections represent known gene interactions according to STRING-db. (A) SNX2 - controlling epidermal growth factor receptor (EGFR) presentation, (B) ACAA1-peak pathway, representing peroxisome proliferator-activated receptor alpha (PPAR-α) signalling, (C) FAM89B-peak pathway, mediating transforming growth factor beta (TGF-β) signalling. Pathways and genes identified by topological data analysis, TopMD.






Discussion

The emergence of the novel infectious agent SARS-CoV-2 has had a huge impact on healthcare systems worldwide and highlighted the importance of pandemic preparedness and management of limited healthcare resources. Here we demonstrate using retrospective analysis of gene expression data from patients hospitalised with COVID-19, at the point of admission, that there are markers that can predict the patient’s clinical outcome.

Like many other studies have previously identified, there were significant differences between clinical observations and physiological metrics for those who were and were not admitted to the ICU. In this study population, this included white blood cell count, neutrophil count, albumin, LDH, ferritin, CRP, IL-6, IL-33, oxygen saturation, NEWS, and consolidation of infiltrates (Table 1). This is in line with previous studies (17, 32). To further understand the host response in this study population and to determine whether mRNA signatures were able to predict ICU admission, a combination of topological analysis and machine learning was employed to identify genes and related pathways that predict disease.

To test the predictive nature of the model, data was split randomly into training and test datasets. There were differences in variables between the training and test cohorts (Table 2). Differences in measured variables are expected with high dimensional profiling of randomly split cohorts. The results of this study represent biological mechanisms which are consistent across the training and test cohorts, however, they are likely to be not the only mechanisms at play in driving COVID-19 disease severity, including those related to variables not balanced between the training and test cohorts.

COVID-19 gene expression prognosis studies are limited (33, 34). Scoring algorithm of molecular subphenotypes (SAMS) have been used to identify 50-gene risk profiles for COVID-19 which discriminate between mild and severe disease (33). Such profiles were able to predict ICU admission, the need for mechanical ventilation and mortality with an AUC of 0.77, 0.75 and 0.74 respectively. Immunophenotyping in addition to transcriptomic analysis on data derived from COVID-19 patients has led to the discovery of molecules that were associated with more severe disease, however, no AUC values were presented (34). In our analysis we ranked the top 30 most important genes with random forest, achieving an accuracy of 0.73 and ROC of 0.68, where FAM219A was identified as the most important variable for predicting ICU admission. FAM219A has been identified as a potential interactor with the SARS-CoV-2 M protein (35), however, the transcripts function is unknown.

TopMD analysis is an emerging topological data analysis (TDA) technology. When using high dimensional and noisy biological data sets, such as gene expression data, TDA approaches are particularly advantageous and have been successful in disease sub-phenotyping studies (25, 36–40). These approaches facilitate measurement of genes relative to their networks in disease context as opposed to the conventional differential abundance analysis, traditionally utilised in biomarker discovery. The TopMD algorithm was applied to gene expression data from COVID-19 patients at point of admission, with varying care trajectories. Our analysis shows that gene expression signatures in blood predict ICU admission. Gene expression signatures predictive of ICU admission were defined by machine learning and TopMD with accuracy: 0.73 and ROC: 0.68 and accuracy: 0.72 and ROC: 0.76 respectively. Topological analysis with TopMD improved the predictive model in comparison to the machine learning approach, demonstrating the advantages of considering the shape of data relative to underlying biological mechanisms above standard bioinformatic approaches which rely on statistical analysis of abundances of isolated molecules in vastly reduced, noisy, ‘omics datasets.

The TDA analysis of gene expression relative to pathways by TopMD acts as a global pathway analysis tool, defining patterns of differentially expressed genes with evidenced interactions. The top pathways differentially modulated between patients admitted to ICU and not admitted to ICU were 1st, SNX2-peak pathway, controlling epidermal growth factor receptor (EGFR) presentation, 2nd, ACAA1-peak pathway, representing peroxisome proliferator-activated receptor alpha (PPAR-α) signalling and 3rd, FAM89B-peak pathway, mediating transforming growth factor beta (TGF-β) signalling. (Figure 2). SNX2 was the top peak gene identified through TopMD analysis and is associated with EGFR signalling pathways. Dysfunctional EGFR signalling has been identified as a contributing factor to pulmonary fibrotic-like illness during SARS-CoV infections in animal models following the SARS-CoV pandemic in 2002, where authors speculated that inhibiting EGFR pathways would prevent fibrotic disease (41, 42). This is further supported by similar findings in SARS-CoV-2 infected patients, whereby EGFR was again found to be a regulator of pulmonary fibrosis (43). Inhibiting this pathway with nimotuzumab, a monoclonal antibody against EGFR, was found to decrease inflammatory markers and fibrosis associated with COVID-19 (44, 45). ACAA1; the peak gene of the second top pathway; is representative of PPAR-α signalling. PPAR-α signalling is a key mediator of inflammation, and like EGFR a potential marker for acute lung injury. Modulation of PPAR-α signalling by SARS-CoV-2 may alter lipid metabolism in the lung epithelial cells, contributing to lipotoxicity, inflammation and untoward respiratory effects (46). Therapeutics such as fenofibrate that target PPAR-α have been recommended to enter clinical trials (47). Where others have proposed that oleoylethanolamide (OEA), a high-affinity agonist to PPAR-α and ultramicronised palmitoylethanolamide (PEA), may have therapeutic effects by suppressing inflammatory responses (48, 49). Where PEA is also able to inhibit SARS-CoV-2 entry and replication (50). Interestingly, others have identified PPAR-α as a potential mediator neuroinflammation in COVID-19 (51). The third Top pathway had peak gene FAM89B, representing TGFβ signalling pathway, which is also associated with pulmonary fibrosis (52). TGFβ is a known regulator of immune reactions and its signalling is associated with fibrosis (53, 54). In the context of COVID-19, TGFβ gene signatures are observed in plasmablasts following seroconversion and is associated with a chronic immune reaction and severe disease (52). Within the ten pathways, peak gene KEAP1 was identified as a biomarker for ICU admission. KEAP1 is most well-known for its interaction with Nrf2 facilitating its ubiquitination, where exploiting this interaction to manage cytokine storms has been discussed in the context of COVID-19 (55, 56).

A key limitation of this study is that only one time point was considered in this analysis, although this was at the point of admission to hospital, which demonstrates its potential value as a POC tool, it does not consider the dynamic element of disease-course, future studies would benefit from gene expression measured at multiple time points. RNA sequencing can take a long time, however, with the third-generation sequencing platforms, rapid biomarker discovery and implementation at POC may be possible in the future. RNA sequencing at the bedside for personalised and precision medicine may not be an accessible solution for healthcare systems at this point in time, however, our data and analysis shows the potential use of sequencing data for prognosis. As sequencing costs continue to fall and accessibility to sequencing increases, this concept could progress to the bedside. In the case of retrospective analysis, useful pathways can also be identified informing future research and thus our understanding of disease.

Prognostic gene expression signatures identified here, upon further validation in independent cohorts, could be used to inform management of healthcare resources and improve outcomes of patients with COVID-19. Gene expression signatures measured in global RNAseq transcriptomics data could be applied across health and disease for precision medicine.
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Introduction

In patients with SARS-CoV-2, innate immunity is playing a central role, depicted by hyperinflammation and longer lasting inflammatory response. Reliable inflammatory markers that cover both acute and long-lasting COVID-19 monitoring are still lacking. Thus, we investigated one specific inflammatory marker involved as one key player of the immune system, kynurenine (Kyn), and its use for diagnosis/detection of the Long-/Post-COVID syndrome in comparison to currently used markers in both serum and saliva samples.



Material and methods

The study compromised in total 151 inpatients with a SARS-CoV-2 infection hospitalized between 03/2020 and 09/2021. The group NC (normal controls) included blood bank donors (n=302, 144f/158m, mean age 47.1 ± 18.3 years (range 18-75)). Two further groups were generated based on Group A (n=85, 27f/58m, mean age 63.1 ± 18.3 years (range 19-90), acute admission to the hospital) and Group B (n=66, 22f/44m, mean age 66.6 ± 17.6 years (range 17-90), admitted either for weaning or for rehabilitation period due to Long-COVID symptoms/syndrome). Plasma concentrations of Kyn, C-Reactive Protein (CRP) and interleukin-6 (IL-6) were measured on admission. In Group B we determined Kyn 4 weeks after the negative PCR-test. In a subset of patients (n=11) concentrations of Kyn and CRP were measured in sera and saliva two, three and four months after dismission. We identified 12 patients with Post-COVID symptoms >20 weeks with still significant elevated Kyn-levels.



Results

Mean values for NC used as reference were 2.79 ± 0.61 µM, range 1.2-4.1 µM. On admission, patients showed significantly higher concentrations of Kyn compared to NC (p-values < 0.001). Kyn significantly correlated with IL-6 peak-values (r=0.411; p-values <0.001) and CRP (r=0.488, p-values<0.001). Kyn values in Group B (Long-/Post-COVID) showed still significant higher values (8.77 ± 1.72 µM, range 5.5-16.6 µM), whereas CRP values in Group B were in the normal range.



Conclusion

Serum and saliva Kyn are reflecting the acute and long-term pathophysiology of the SARS-CoV-2 disease concerning the innate immune response and thus may serve a useful biomarker for diagnosis and monitoring both Long- and Post-COVID syndrome and its therapy.





Keywords: kynurenine reference values, inflammation diagnostics, COVID-19 monitoring, Long-COVID biomarkers, innate immunity



Introduction

The mutual reaction of host defense against pathogens generally exhibit an initial tissue injury mediated by various generated pathogen-associated molecular patterns (PAMPs) and by any injurious nonpathogenic factors that includes the generation and appearance of damage-associated molecular patterns (DAMPs) (1).

There is evidence that in the center of tissue injury, reactive oxygen species (ROS) play a dominant role and that its origin (e.g., infectious, toxic, physical, or other injurious events) has only a minor effect (2). Oral gingival epithelium as well as the airway epithelium are predisposed as a sentinel system to detect pathogens and nonpathogenic agents and to initiate a host innate defense response (3–5).

The innate immune responses and respective involved cell types play a vital role in the origin of clinical symptoms and severity of COVID-19 disease. This assumption is in agreement with previous studies on the SARS-CoV, which is the closest relative to SARS-CoV-2, and that predominantly infects airway and alveolar epithelial cells, vascular endothelial cells, and macrophages (6). It has been demonstrated that SARS-CoV can influence and trigger various innate recognition and response pathways (6).

The prevailing evidence suggests that patients with severe COVID-19 seem to have an overreaction of the innate immune system demonstrating exacerbated levels of inflammation caused by a so-called “cytokine storm” (6). Although COVID-19 has been closely examined in the last two years regarding acute and long-term mental and physiological health consequences, the versatile mechanisms that underpin COVID-19 are still intensely studied with regard to possible symptoms and health outcome (6, 7).

Inside the tryptophan metabolism, the kynurenine pathway (KP) plays a critical role in generating cellular energy in the form of nicotinamide adenine dinucleotide (NAD+). Especially during an immune response, energy requirements are substantially increased and the KP acts a key regulator of the immune system (8). This key regulator is of utmost importance especially in the line of first defense in the innate immune activation (9).

Kynurenine is known to signal through the aryl hydrocarbon receptor (Ahr) with the possibility for modulation of ROS levels (10). The Ahr promoter region contains several sites for NF-kB binding, indicating that inflammation is a key factor modulating Ahr expression. Furthermore, kynurenine activation of Ahr stimulate expression of the enzyme Indoleamine 2,3-dioxygenase 1 (IDO1), which generates kynurenine by degrading tryptophan (11). On the one hand, this positive feedback loop may link inflammation with ROS production, whereas on the other hand, the antioxidant Nrf2 can be stimulated by Ahr, and Nrf2 can itself activate Ahr expression. The balance between pro- and anti-oxidative functions of Ahr mediated by kynurenine may therefore regulate healthy versus unhealthy aging in different tissues and organ systems (11).

Kynurenine is metabolized by IDO-1 in the brain. Prolonged exposure by chemokines due to increased kynurenine levels may result in long-term brain impairment. Kynurenine metabolites itself are producing pro-oxidative and pro-inflammatory effects, resulting in impairment of cognitive function, enhanced oxidative stress and decreased brain-derived neurotrophic factor. The place of action is located in the microglia cells, responsible as innate immune cells (9, 12).

The mechanistic pathways especially in the brain through which the kynurenines interact with these systems are well known, and the subsequent inflammation and inflammatory events induced by e.g., virus-driven diseases can negatively affect emotion, cognition, pain, metabolic function, and aging (8). In doing so, abnormal concentrations or a disbalance of kynurenine metabolites have the potential for increasing the risk of developing psychiatric disorders (13, 14).

The currently most prominent example of the virus-driven activation and not successfully downregulated innate immune response together or alone with a cytokine storm event is the so-called Long-COVID syndrome in adults, or the PIMS (pediatric inflammatory multiorgan syndrome) in children (15). These syndromes include long-term health consequences including impaired healing in the brain (depression), in the lung (fibrosis), in the cardiovascular system (loss of heart function, endothelial reaction) and in the kidney (loss of renal function). The disease exhibits symptoms like severe pneumonia, associated to a severe inflammatory reaction including high C-reactive protein (CRP) and interleukin-6 (IL-6) levels, low albumin and eosinophils, but high sedimentation rate and lymphopenia. Hospitalized individuals also have increased lactate dehydrogenase (LDH), a marker of cellular death, often associated with altered coagulation (16, 17). With more than 90% accuracy, high concentrations of high-sensitivity CRP and LDH as well as a low lymphocyte count can predict mortality of individual patients more than 10 days in advance (18). Several meta-analyses also associated IL-6 levels with the severity of COVID-19 syndrome (19–21).

The Long-COVID syndrome is a longer lasting subclinical inflammation in different parts of the body yet, leading in some individuals to chronic manifestations called Post-COVID syndrome (> 12 weeks), but the diversity of symptoms and individual disease progression indicates that there is no main clinical denominator of biomarkers so far (22–24). The duration and kind of predictive forecasting of the COVID-19 infection by measuring this sustained subclinical inflammation might thus be a valuable asset for clinical diagnostics.

This asset might be the aforementioned aromatic amino acid kynurenine. It has been observed that in some cases, SARS-CoV-2 elicits a reaction like the cytokine storm syndrome seen in sepsis. During sepsis, dendritic cells showing an “overproduction”of IDO, leading to a powerful counter-regulatory, anti-inflammatory reaction characterized by apoptosis of immune effector cell and cellular (especially T cell) exhaustion. The resulting consequence is often seen by immunosuppression and increased susceptibility to secondary infections (25–28). Recently, a meta-analysis showed that the kynurenine pathway is extremely active in acute COVID-19, accompanied by reduced tryptophan and elevated kynurenine, and much more active in severe COVID-19 patients compared to mild or moderate patients (29).

All these patterns are related to the tryptophan-metabolism and its central molecule, kynurenine. The ongoing elevation of the tryptophan metabolism downstream including kynurenine and kynurenic acid is thus of utmost importance.

The main purpose of this proof-of-concept study was 1) to examine if kynurenine is able to depict the inflammatory situation during the acute phase of the disease and 2) if so, if there will be the theoretically developed prognosis of an ongoing subclinical inflammatory situation in patients with the Long-/Post-COVID syndrome.



Material and methods


Study population

The study compromised in total 151 inpatients with a SARS-CoV-2 infection hospitalized between 03/2020 and 09/2021 in LMU Munich (Großhadern). The group NC (normal controls) included blood bank donors (n=302, 144f/158m, mean age 47.1 ± 18.3 years (range 18-75)). Detailed NC characteristic can be found in Kaden et al. (2015) and Abendroth et al. (2014) (30, 31).

Two further groups were generated based on acute admission at the hospital:

Group A (n=85, 27 f/58 m, mean age 63.1 ± 18.3 years (range 19-90), admitted LMU Großhadern) was treated either on the infection ward (n=67) or the Intensive care Unit (ICU) (n=18), whereas Group B was admitted either for weaning or for rehabilitation period due to Long-COVID symptoms/syndrome (n= 66, 22 f/44 m, mean age 66.6 ± 17.6 years (range 17-90), admitted Rehabilitation Hospital Ichenhausen). Plasma concentrations of kynurenine, CRP and interleukin-6 (IL-6) were measured on admission (Table 1).


Table 1 | Demographic and biochemical data of group NC, A, B.



In Group B kynurenine concentrations were determined 4 weeks after the negative PCR-test. In a subset of patients (n=11) concentrations of kynurenine and CRP were measured in sera and saliva 2, 3 and 4 months after dismission in a pilot-like sub study. The same protocol was used for saliva measurements withdrawn for PCR-Analysis for detection of COVID-19 antibodies (n=11). Figure 1 illustrates the different groups with the experimental determined biomarkers at the respective time points.




Figure 1 | Overview of the different study populations and the respective experimental biomarkers. Group NC (normal controls) consisted of healthy blood donors (30, 31) where kynurenine concentrations were measured and taken as reference values for the Sars-CoV-2 infected individuals (Group A and Group B). ICU = Intensive Care Unit; CRP = C-Reactive Protein; IL-6 = Interleukin 6.



As has been shown earlier, there exists a linear correlation (r2= 0.902) between the measurement of kynurenine in serum and in saliva (24).



Ethics

The study was released and signed by the ethics committee of the University of Ulm (4/2011, 312/2015, 19/2020) and ethics committee of the Ludwigs-Maximilians-University Munich (CORKUM, associated research project) and performed in accordance with the current Declaration of Helsinki. Each patient signed a letter of informed consent for the leave of blood and saliva samples.



Biosampling

We established a biobank by collecting leftovers of blood samples from patients suffering from COVID-19 whenever sent to the central laboratory of our university hospital.

Blood for routine monitoring of the patients was normally withdrawn every Monday, Wednesday and Friday between 7:00 and 8:00 o’clock a.m. After measurement of routine parameters, the remaining serum was stored at -30°C until further measurements. Saliva sampling was performed by using the Salivette™ tube (Sarstedt, Nümbrecht, Germany).



Kynurenine, IL-6 and CRP measurement

The method of kynurenine measurement was already published in detail (30). In short, serum samples were deproteinized with acetic acid trichloride, followed by consecutive proton-dominant hydrolysis. The stable metabolite kynurenine is reacting under the use of 4-dimethylamino-benzaldehyde (Ehrlich’s reagent) into a yellow product. Said coloring reagent serves for the detection of primary amino groups, pyrrole and indole derivatives as well. The colorimetric determination of the concentration is performed with monochromatic light. The standard solution of kynurenine was prepared by using L-kynurenine sulfate. Equal amounts of sample were mixed with 100 ml trichloroacetic acid (30%) thoroughly. Absorption was measured with 492 nm wavelength in a linear sector from 0.5–100 μM of the concentration of N-formylkynurenine, proportional to the activity of the enzyme indoleamine-2,3-dioxygenase. The absorbents of each sample at 492 nm were compared with the absorbents at 650 nm or 690 nm of the same sample. Then the absorbents of the controls were subtracted from the absorbents of each well. By preparing a standard curve the concentration of kynurenine in each sample could be determined.

Kynurenine concentration stability of stored samples for NC and the COVID-groups were observed (31). Thus, a reliable comparison of reference samples (NC) and the study groups A and B can be assumed.

IL-6 and CRP were measured with commercial immunoassays on a COBAS 8000 analyzer™ (Roche Diagnostics, Rotkreuz, Switzerland).



Statistical analysis

Descriptive data analysis and analysis of variance methods were used to characterize the data. All p-values are two-sided and considered to be descriptive. For a formal statement of descriptive significance, a nominal type I error level of α=0.05 (two-sided) was assumed.

The exact Mann-Whitney U test was performed for comparison of two groups with not normally distributed continuous variables. Spearman’s rho (ρ) was performed to assess correlations between parameters of tryptophan metabolism and IL-6.

If not otherwise stated, all values are given as mean ± standard deviation. The analyses were performed using Sigma Plot 14™ from Systat Software Inc. (San Jose, CA, USA).




Results

In this pilot-study, including n=85 patients infected with COVID-19 (mean age 52.8 ± 30.0 years) and n=302 NC, we first measured kynurenine in serum and subsequently in saliva (n=11).


Serum kynurenine, IL-6 and CRP in group A and B on first admission

On admission, serum kynurenine was significantly elevated in COVID-19 patients Group A compared to NC (10.81 ± 8.8 µM vs. 2.79 ± 0.61 µM; p<0.001) (Figure 2). Samples in Group A were taken by starting clinical treatment in the first week. For better graphical demonstration, we left out two results in the COVID-19 positive group (43 and 58 µM) with a hyperinflammatory syndrome.




Figure 2 | Kynurenine in normal controls (n=302) vs. COVID-19 patients in the early acute clinical state (n=85). The difference was significant (p< 0.001). We left out two results (58 and 43 µM) with an extreme hyperinflammatory syndrome in the COVID-19 positive group A.



Kynurenine significantly correlated positively with IL-6 peak-values (r=0.411; p<0.001) and CRP (r=0.488, p<0.001) (Table 1).

Kynurenine values in Group B (Long-COVID) showed still significantly higher values (8.77 ± 1.72 µM, range 5.5-24.6 µM, p<0.001 (Figure 3).




Figure 3 | Comparison of kynurenine values between normal controls (n=302) and previously positive COVID-19 patients (Group B, n=66) with an existing Long-COVID syndrome (p<0.001). Patients with the LCS were currently under therapeutic management.





Serum vs saliva kynurenine

Kynurenine was measured not only in serum. In Figure 4 the measurements of kynurenine of NC and COVID-19 positive patients (n=11) either measured in serum or saliva were compared according to the previous publication data of our group (30, 31). Serum and saliva values in the previously COVID-19 positive patients were significantly higher compared to NC (p<0.001).




Figure 4 | Measurement of Kynurenine in serum and in saliva in normal controls (n=302) and in patients with COVID-19 infection (Group B, n=11). Serum and saliva values in the previously COVID-19 positive patients were significantly higher compared to normal controls (p<0.001).





Serum kynurenine, IL-6 and CRP in group A and B on follow-up admission

Looking in the follow-up of a starting group of patients (n=11) with the diagnosis of Long-COVID syndrome, we could observe the sustained elevated level of kynurenine compared to NC from month 2 until month 4, the end of the follow up monitoring period so far. This was not found for CRP (Figures 5A, B). We compared 11 patients with positive infection and patients after COVID-19 positive infection without signs of a Long-COVID syndrome.




Figure 5 | (A) Follow up of C–Reactive Protein and Kynurenine–measurement in patients either cured (n=11) or with a Long-COVID-syndrome (n=11) from a subset of Group B CRP was in a normal range after month 2 post infection (verified by a positive PCR-Test). (B) Kynurenine was still significantly increased.



CRP, described in the literature as a good biomarker in COVID-19 patients (17), was not suitable to identify the Long-COVID syndrome. CRP at 2 months after positive testing was near the normal range of >5 mg/L or 5 µg/ml (Figure 5A). These findings are showing the difference between the Long-COVID (4-12 weeks) and Post-COVID syndrome (> 12 weeks).

12 patients with Post-COVID symptoms >20 weeks (range 20-42 weeks) with still elevated serum kynurenine-levels (8.73 ± 3.19 µM, range 5.4-16.5 µM) were identified (Figure 6).




Figure 6 | Kynurenine (Serum) in the 3rd month after positive PCR-testing: either cured or with a Long-COVID syndrome for 3 months or Post-COVID syndrome more than 5 months in a subset of Group B Kynurenine is still significantly increased, whereas the values of the cured patients are in a normal range.






Discussion

Long-COVID is a chronic illness with a wide variety of symptoms, of which many are not explainable using conventional laboratory tests. There still are existing difficulties in detecting the illness. Researchers looking more deeply at Long-COVID patients have found visible dysfunctions throughout the body (22, 32).

Although it was shown that the marker CRP might be helpful during the acute phase of the disease (16, 17), the long-term value remains questionable. Our data underline the appropriate use of CRP in the acute phase, while CRP concentrations in Long-COVID are comparable with normal controls and thus do not reflect the long-term inflammation. This was supported by previous results of our group in renal transplanted patients, where the diagnosis of rejection could not be estimated by CRP-monitoring (30).

In contrast, kynurenine was still increased up to four months in patients suffering from Long- and Post-COVID compared to cured COVID-patients without developing Long-/Post-COVID (subpopulation of Group B) or NC. In addition, the picture of hyperinflammation with extraordinary high levels of kynurenine was solely found in COVID-19 patients, especially in those on the ICU with kynurenine concentrations up to 79.4 µM (data not shown).

Furthermore, the accumulative evidence of the COVID-19 specific studies published in the last year suggests that SARS-CoV-2 infection induces a powerful, and apparently uncontrolled inflammatory response. This inflammation can be assumed to contribute to the tissue damage already caused by the viral infection towards the COVID-19 underlying pathology. The short- and long-term sequalae following recovery of COVID-19 suggests that these syndromes lead to an accelerated state of chronic subclinical systemic inflammation. Thus, a reliable immunological marker to support prognosis in the acute and long-term phase of the COVID-19 disease and which reflects the current inflammatory status would be a valuable asset.

Studies estimate that around 10-30% of people infected with SARS-CoV-2 may develop long-term symptoms. Four different risk factors were identified for a more severe development: a) the presence of having Type 2 diabetes, b) reactivation of Epstein-Barr virus (EBV) c) presence of certain autoantibodies and d) high levels of viral RNA early during an infection (16, 24).

The interdependence of virus infection with kynurenine and the activation of the kynurenine pathway in SARS-CoV-2 positive patients has been examined by fellow working groups. Lawler et al. evaluated indicators of the tryptophan metabolism by quantitative metabolic phenotyping and found that especially the neurotoxic metabolites kynurenine, quinolinic acid and 3-hydroxykynurenine were increased in ten SARS-CoV-2 positive subjects (33). This finding was confirmed by the metabolomic study of Thomas et al., who observed a profound alteration of the kynurenine pathway in patients with SARS-CoV-2 infection (34). In their study population of 33 SARS-CoV-2 positive subjects, a significant decrease of tryptophan with concomitant increases of kynurenine, kynurenic acid and picolinic acid was observed.

Furthermore, the association between the disease outcome and the plasma levels of kynurenine pathway metabolites demonstrates that indicators of tryptophan metabolism - especially but not limited to kynurenine - may have the potential as prognostic biomarkers in individuals with SARS-CoV-2 infection. Kynurenine levels of patients compromised by virus-infections (Cytomegalovirus vs. COVID-19) are comparable, but much more pronounced in COVID-19 (30). In addition, we already showed that kynurenine is elevated in patients suffering from overtraining symptom and associated chronic fatigue (35), which is also a common side effect of Long- and Post Covid, compared to healthy individuals.

Post-COVID patients appear to have a disrupted immune system to Long-COVID patients who fully recover. One reason is that the body is still fighting remnants of SARS-CoV-2. Other groups found that the virus spreads widely during an initial infection, while SARS-CoV-2 specific genetic remnants can remain in tissues for many months (i.a., in the intestines and lymph nodes) (36). A further possibility is that the initial viral infection induces chronic inflammatory processes, possibly by reactivating other viruses in the patient’s body that are normally dormant. Most individuals are infected during their childhood and adolescence, and its reactivation might help predict whether a person will develop Long-COVID.

Beside CRP, we found correlations between kynurenine and peak IL-6 values in the acute infection phase. Long-term assessments are still undergoing, but recent studies point to a link between Long-COVID and elevated IL-6 concentrations (37). Hence, the simultaneous determination of EBV, IL-6 and kynurenine may therefore complement each other in a “Long-COVID-Panel” for the clinical assessment and monitoring, as all three can reliably be measured non-invasive in saliva (38), and might provide even higher prognosis accuracy.

Thus, our results are demonstrating the relevance concerning diagnosis and monitoring of a Long- and Post-COVID syndrome and PIMS in children and the potential for other virus induced inflammation monitoring. Furthermore, recent data indicates that the maintenance of gut dysbiosis and increased gut permeability, evident in acute COVID patients, may underpin Long-COVID (39). Given that alterations in gut dysbiosis/permeability impact on systemic mitochondrial function, including in immune and glial cells (40) as well as increasing the pro-inflammatory cytokines driving IDO and the conversion of tryptophan to kynurenine, the role of gut dysbiosis/permeability interactions with kynurenine, serotonin and melatonin may be important to examine. It should also be noted that the kynurenine activation of the AhR will actively suppress natural killer cells, and therefore the capacity of the body to detect and eliminate virus-infected cells as well as cancer cells (41).

Above that, our pilot experiment of determining kynurenine in serum and subsequently in saliva demonstrates the additional usefulness of clinical kynurenine monitoring. The non-invasive kynurenine measurement in saliva is a safe and fast approach of assessing the disease status of COVID-19 patients that is not biased by blood-thinning medications or other therapy targeting the cardiovascular or blood system.

Taken together, our data supports the following possible theory behind the Long-COVID syndrome: the longer lasting activation of the innate immunity, triggered additionally by genetic material of the virus in tissue, induce DAMP-like inflammatory reactions, which may end up in a subclinical chronic inflammation. This subclinical chronic inflammation could be detected by measuring kynurenine that opens a window for new therapeutical approaches which could be easy monitored.


Strengths and limitations

Nevertheless, some limitations of this study must be considered. Due to the retrospective study design, only the routinely measured parameters were available for statistical analysis. Furthermore, kynurenine concentrations in saliva and serum of Long- and Post-COVID patients were only determined in a limited subsample of the whole cohort, which limits the statistical effect size.

A strength of the study is that none of the patients in Group A or B was under hemodialysis. Therefore, an influence on the kynurenine level by this treatment is unlikely. Above that, this pilot study was partly designed as a “proof-of-concept” study to show the prognostic value of kynurenine monitoring. Although the preliminary results are promising, higher participant numbers are needed for still higher validity and reliability of the presented data.

Another source of bias may be the parenteral substitution of amino acids in ICU patients. We do not have information about the exact nutritional program of the included ICU patients. Hence, we cannot rule out an influence on the measurements of the tryptophan metabolites, although the effect might be supposedly weak (42). Considering a normal diet, the daily uptake is nearly five times higher than the need. Lack of supply for tryptophan is only existent in heavenly starving people and not in the western hemisphere, so an influence on the kynurenine level is again unlikely. Additionally there are a few more mechanisms regulating the tryptophan pathway (43) which need to be considered in interpreting the observed results.



Conclusion and future perspectives

Kynurenine can be regarded as a useful biomarker in detection of the inflammatory and hyperinflammatory character of the SARS-CoV-2 disease in the acute as well as the long-term progression. Furthermore, kynurenine is able to detect the chronic subclinical systemic inflammation typical for the Long-COVID- and more pronounced for Post-COVID syndrome.

In addition, we could demonstrate in a sub study with pilot character that in a subpopulation of previously COVID-19 positive patients, kynurenine could be the first time measured additionally in saliva and serum with comparable results. We are working on a test (ELISA as well as a LFA-format) to translate this biomarker testing in a new format either concerning the matrix (saliva) and the technique. Measurements in saliva opens the opportunity for self-monitoring of the patients and noninvasive therapy control.

Given the wider alterations arising from the conversion of tryptophan to kynurenine, including suppressed levels of serotonergic and melatonergic pathway activation (44), it will be important to determine the relevance of such coordinated changes together with kynurenine monitoring in acute, Long- and Post-COVID. Further pathway studies including the different sides of kynurenine pathways (hepatocytes, muscle cells, gut lumen) may shed additional light on the involvement of kynurinen and its metabolites in virus driven disease like COVID-19 and assist in clinical monitoring and disease outcome. Investigations on such processes will allow for better integration of the role of raised kynurenine levels in both Acute and Long-COVID.
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In this study, we aimed to explore whether lymphocyte–C-reactive protein ratio (LCR) can differentiate disease severity of coronavirus disease 2019 (COVID-19) patients and its value as an assistant screening tool for admission to hospital and intensive care unit (ICU). A total of 184 adult COVID-19 patients from the COVID-19 Treatment Center in Heilongjiang Province at the First Affiliated Hospital of Harbin Medical University between January 2020 and March 2021 were included in this study. Patients were divided into asymptomatic infection group, mild group, moderate group, severe group, and critical group according to the Diagnosis and Treatment of New Coronavirus Pneumonia (ninth edition). Demographic and clinical data including gender, age, comorbidities, severity of COVID-19, white blood cell count (WBC), neutrophil proportion (NEUT%), lymphocyte count (LYMPH), lymphocyte percentage (LYM%), red blood cell distribution width (RDW), platelet (PLT), C-reactive protein (CRP), alanine aminotransferase (ALT), aspartate aminotransferase (AST), serum creatinine (SCr), albumin (ALB), total bilirubin (TB), direct bilirubin (DBIL), indirect bilirubin (IBIL), and D-dimer were obtained and collated from medical records at admission, from which sequential organ failure assessment (SOFA) score and LCR were calculated, and all the above indicators were compared among the groups. Multiple clinical parameters, including LYMPH, CRP, and LCR, showed significant differences among the groups. The related factors to classify COVID-19 patients into moderate, severe, and critical groups included age, number of comorbidities, WBC, LCR, and AST. Among these factors, the number of comorbidities showed the greatest effect, and only WBC and LCR were protective factors. The area under the receiver operating characteristic (ROC) curve of LCR to classify COVID-19 patients into moderate, severe, and critical groups was 0.176. The cutoff value of LCR and the sensitivity and specificity of the ROC curve were 1,780.7050 and 84.6% and 66.2%, respectively. The related factors to classify COVID-19 patients into severe and critical groups included the number of comorbidities, PLT, LCR, and SOFA score. Among these factors, SOFA score showed the greatest effect, and LCR was the only protective factor. The area under the ROC curve of LCR to classify COVID-19 patients into severe and critical groups was 0.106. The cutoff value of LCR and the sensitivity and specificity of the ROC curve were 571.2200 and 81.3% and 90.0%, respectively. In summary, LCR can differentiate disease severity of COVID-19 patients and serve as a simple and objective assistant screening tool for hospital and ICU admission.
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Background

Although it has been more than 2 years since the first outbreak of coronavirus disease 2019 (COVID-19) in Wuhan, this highly pathogenic disease has so far shown no signs of abating, suggesting that severe acute respiratory syndrome coronavirus type 2 (SARS-CoV-2) may coexist with humans for a long time to come (1). As the epidemic spreads, rapid recombination and successive mutation of SARS-CoV-2 make its variants more pathogenic and transmissible, which in turn possess the ability to continue spreading in the face of rising population immunity (2–5). Without predictable preparation and effective medical management, the rapid outbreak and surge of COVID-19 patients in a short period will overwhelm limited medical resources (6). Under these new circumstances, China’s response must strike a balance between epidemic prevention and management and economic development, making the need for China to adopt a unique anti-epidemic path in the near future, rather than copying the models in other countries.

The latest Diagnosis and Treatment of New Coronavirus Pneumonia (ninth edition) has pointed out that mild COVID-19 cases, let alone asymptomatic infection cases, only need centralized isolation without hospitalization. The timely detection of COVID-19 patients with disease progression to severe and critical illness and their transfer to intensive care unit (ICU) for appropriate organ support are expected to eventually improve prognosis (7). There is an urgent need to explore an easy-to-implement and high-accuracy clinical objective parameter as an assistant screening tool to identify COVID-19 patients who need hospitalization and detect severe and critical COVID-19 patients who need timely transfer to ICU. The pathogenesis of COVID-19 may be complex and related to inflammation, immunity, blood coagulation, multiple organ functions, and their interactions (8–10). Therefore, the ideal candidate clinical variables should contain some parameters reflecting these aspects but should not be too complicated and difficult to implement as an assistant screening tool for hospital and ICU admission.

To address the above issue, we aimed to explore whether the lymphocyte–C-reactive protein ratio (LCR) can differentiate disease severity of COVID-19 patients and its value as an assistant screening tool for hospital and ICU admission. Our findings will provide a solid basis for the rational allocation and utilization of limited medical resources in the ongoing pandemic.



Methods


Study design

A total of 184 adult COVID-19 patients from the COVID-19 Treatment Center in Heilongjiang Province at the First Affiliated Hospital of Harbin Medical University between January 2020 and March 2021 were included in this single-center retrospective study. These patients were divided into asymptomatic infection group (n = 16), mild group (n = 23), moderate group (n = 105), severe group (n = 33), and critical group (n = 7) according to the Diagnosis and Treatment of New Coronavirus Pneumonia (ninth edition). Demographic and clinical data including gender, age, comorbidities, severity of COVID-19, white blood cell count (WBC), neutrophil proportion (NEUT%), lymphocyte count (LYMPH), lymphocyte percentage (LYM%), red blood cell distribution width (RDW), platelet (PLT), C-reactive protein (CRP), alanine aminotransferase (ALT), aspartate aminotransferase (AST), serum creatinine (SCr), albumin (ALB), total bilirubin (TB), direct bilirubin (DBIL), indirect bilirubin (IBIL), and D-dimer were obtained and collated from medical records at admission. From these data, sequential organ failure assessment (SOFA) score and LCR were calculated, and all the above indicators were compared among the groups. This study was reviewed and approved by the Ethics Committee of the First Affiliated Hospital of Harbin Medical University (IRB number: IRB-AF/SC-04/01.0).



Study population

In this study, the inclusion criteria were age ≥18 years old and confirmed COVID-19 patients. COVID-19 patients who met the following criteria were excluded: uncontrolled malignant tumors with multiple metastases, leukemia, acquired immunodeficiency syndrome (AIDS), chronic organ failure, immunotherapy or organ transplant within 6 months, autoimmune disorder, pregnant or breastfeeding women, and incomplete medical records (Figure 1).




Figure 1 | Flowchart of the study participants.





Diagnosis and classification of COVID-19

All enrolled adult COVID-19 patients were confirmed by detection of SARS-CoV-2 nucleic acids on oropharyngeal swabs, nasopharyngeal swabs, or lower respiratory tract specimens. These patients were then classified into asymptomatic infection group, mild group, moderate group, severe group, and critical group according to the Diagnosis and Treatment of New Coronavirus Pneumonia (ninth edition).



Data collection

Demographic data, involving gender, age, comorbidities, and clinical data, including the severity of COVID-19, SOFA score, WBC, NEUT%, LYMPH, LYM%, RDW, PLT, CRP, LCR, ALT, AST, SCr, ALB, TB, DBIL, IBIL, and D-dimer were obtained and collated from medical records at admission by dedicated personnel in our research team. None of the other members of our research team was privy to the enrolled patient’s personal information beyond what was required for this study.



Statistical analyses

SPSS 23.0 (SPSS, Inc., Chicago, IL, USA) was used for statistical analyses. Continuous data with normal distribution are expressed as mean ± standard deviation (SD), while those with non-normal distribution are described as median (P25, P75). One-way analysis of variance (ANOVA) was adopted for three-group comparisons of continuous data with normal distribution. If there was a significant difference, the least significant difference (LSD) method was used for further pairwise comparison. The Kruskal–Wallis rank-sum test was employed for three-group comparisons and further pairwise comparisons of continuous data with non-normal distribution. Independent-samples t-test was used to perform intergroup comparisons of continuous data with normal distribution, while the Mann–Whitney U test was adopted for intergroup comparisons of continuous data with non-normal distribution. On the basis of intergroup comparisons, multiple logistic regression analysis was conducted with significant variables as independent variables and groups as dependent variables. The independent variables were screened by the Wald backward method. The receiver operating characteristic (ROC) curve of LCR was analyzed, and the area under the ROC curve, the sensitivity and specificity of the ROC curve, and the cutoff value of LCR were calculated. P-values <0.05 were considered to indicate statistical significance.




Results


Comparison of demographic and clinical baseline data among asymptomatic infection and mild groups combined, moderate group, and severe and critical groups combined

A total of 184 adult COVID-19 patients from the COVID-19 Treatment Center in Heilongjiang Province at the First Affiliated Hospital of Harbin Medical University between January 2020 and March 2021 were included and divided into asymptomatic infection group (n = 16), mild group (n = 23), moderate group (n = 105), severe group (n = 33), and critical group (n = 7) according to the Diagnosis and Treatment of New Coronavirus Pneumonia (ninth edition). Age, number of comorbidities, WBC, NEUT%, LYMPH, LYM%, PLT, CRP, AST, ALB, TB, IBIL, D-dimer, LCR, and SOFA score showed significant differences among the groups (P = 0.000, P = 0.000, P = 0.021, P = 0.000, P = 0.000, P = 0.000, P = 0.000, P = 0.000, P = 0.000, P = 0.000, P = 0.000, P = 0.014, P = 0.000, P = 0.000, P = 0.000, respectively). No significant differences were observed in the remaining demographic and clinical baseline data, including gender, hypertension, diabetes, RDW, ALT, SCr, and DBIL (Table 1).


Table 1 | Comparison of demographic and clinical baseline data among asymptomatic infection and mild groups combined, moderate group, and severe and critical groups combined.





Comparison of demographic and clinical baseline data between asymptomatic infection and mild groups combined and moderate, severe, and critical groups combined

Age, hypertension, diabetes, number of comorbidities, WBC, LYMPH, PLT, CRP, AST, ALB, DBIL, D-dimer, LCR, and SOFA score showed significant differences between the groups (P = 0.000, P = 0.015, P = 0.029, P = 0.000, P = 0.001, P = 0.000, P = 0.000, P = 0.000, P = 0.000, P = 0.000, P = 0.033, P = 0.000, P = 0.000, P = 0.000, respectively), while no significant differences were seen in the remaining demographic and clinical baseline data, including gender, NEUT%, LYM%, RDW, ALT, SCr, TB, and IBIL (Table 2).


Table 2 | Comparison of demographic and clinical baseline data between asymptomatic infection and mild groups combined and moderate, severe, and critical groups combined.





Analysis of the related factors to classify COVID-19 patients into moderate, severe, and critical groups

The related factors to classify COVID-19 patients into moderate, severe, and critical groups included age, number of comorbidities, WBC, LCR, and AST. With every unit change in age, number of comorbidities, WBC, LCR, and AST, the possibility of classifying COVID-19 patients into moderate, severe, and critical groups was 1.054, 1.814, 0.719, 0.9999, and 1.064 of the original rates, respectively. Among these factors, the number of comorbidities showed the greatest effect, and only WBC and LCR were protective factors (Table 3). The area under the ROC curve of LCR to classify COVID-19 patients into moderate, severe, and critical groups was 0.176 (Figure 2 and Table 4). The cutoff value of LCR and the sensitivity and specificity of the ROC curve were 1,780.7050 and 84.6% and 66.2%, respectively.


Table 3 | Analysis of the related factors to classify COVID-19 patients into moderate, severe, and critical groups.






Figure 2 | The receiver operating characteristic (ROC) curve of LCR to classify COVID-19 patients into moderate, severe, and critical groups.




Table 4 | Area under the receiver operating characteristic curve.





Comparison of demographic and clinical baseline data between asymptomatic infection, mild, and moderate groups combined and severe and critical groups combined

Significant differences were obtained in age, number of comorbidities, NEUT%, LYMPH, LYM%, PLT, CRP, AST, ALB, TB, IBIL, D-dimer, LCR, and SOFA score between the groups (P = 0.000, P = 0.000, P = 0.000, P = 0.000, P = 0.000, P = 0.008, P = 0.000, P = 0.004, P = 0.000, P = 0.000, P = 0.004, P = 0.000, P = 0.000, P = 0.000, respectively), while no significant differences were observed in the remaining demographic and clinical baseline data, including gender, hypertension, diabetes, WBC, RDW, ALT, SCr, and DBIL (Table 5).


Table 5 | Comparison of demographic and clinical baseline data between asymptomatic infection, mild, and moderate groups combined and severe and critical groups combined.





Analysis of the related factors to classify COVID-19 patients into severe and critical groups

The related factors to classify COVID-19 patients into severe and critical groups included the number of comorbidities, PLT, LCR, and SOFA score. With every unit change in the number of comorbidities, PLT, LCR, and SOFA score, the possibility of classifying COVID-19 patients into severe and critical groups was 1.466, 1.009, 0.9996, and 3.56 of the original rates, respectively. Among these factors, SOFA score showed the greatest effect, and only LCR was a protective factor (Table 6). The area under the ROC curve of LCR to classify COVID-19 patients into severe and critical groups was 0.106 (Figure 3 and Table 7). The cutoff value of LCR and the sensitivity and specificity of the ROC curve were 571.2200 and 81.3% and 90.0%, respectively.


Table 6 | Analysis of the related factors to classify COVID-19 patients into severe and critical groups.






Figure 3 | The receiver operating characteristic (ROC) curve of LCR to classify COVID-19 patients into severe and critical groups.




Table 7 | Area under the receiver operating characteristic curve.






Discussion

SARS-CoV-2, a novel highly pathogenic human coronavirus (hCoV), has posed an unprecedented and persistent threat to the global health system due to rapid evolution resulting in constant emergence of variants with spike protein mutations. Mutations in SARS-CoV-2 enable it to facilitate antigenic shifting for escaping the host antiviral defense and the humoral immune system. This makes it possible to break through the protection of vaccination and then increases the risk of infection in vaccinated populations and reinfection in those previously infected with different variants and even leads to repeated outbreaks of the epidemic (3, 11–13). Although human-to-human transmission is still the main pathway of COVID-19 spread, SARS-CoV-2 infections caused by indirect transmission from the contamination of inert/inanimate surfaces are increasingly common (14). It is important to note that environmental contamination caused by infected animals, especially domestic pets, constitutes a potential virus reservoir and may be one of the pathways of SARS-CoV-2 transmission during COVID-19 outbreaks, despite the lack of direct evidence of human–animal–human transmission (15, 16). A small blind spot in epidemic prevention and management will lead to a total loss of the epidemic response (17).

COVID-19 patients with different disease severity should be triaged to ensure the rational allocation and utilization of limited medical resources, such as centralized isolation and treatment for asymptomatic infection and mild patients, hospitalization for moderate patients, and timely transfer to ICU for severe and critical cases. Therefore, an easy-to-implement and high-accuracy clinical objective parameter as an assistant screening tool to classify COVID-19 patients is required. Multiple candidate clinical parameters, including LYMPH and CRP involved in this study, have been shown to be closely associated with disease severity, rapid progression, and clinical prognosis in COVID-19 patients (10, 18–21).

Lymphocytes are a type of white blood cell, accounting for about 20%–40% of all white blood cells. They are mainly produced by lymphoid organs and reflect the body’s protective immune ability against infection. Related studies showed that lymphopenia at the time of admission was strongly associated with organ damage, disease severity, need for intensive therapy, and poor prognosis in COVID-19 patients, especially in younger cases (22, 23). Redistribution of T cells, termination of T-cell activation by proinflammatory cytokines, and direct destruction of T cells induced by SARS-CoV-2 might be the main causes of lymphopenia (21, 24–26). Likewise, CRP, as a non-specific acute-phase reactant and representative marker of systemic inflammatory response syndrome (SIRS), was found to be significantly elevated at the initial and progression stages of SARS-CoV-2 infection and could be an early clinical predictor for disease severity and adverse outcomes (18, 27, 28). CRP could also activate complement and co-induce the production and release of proinflammatory cytokines, which were involved in the pathogenesis of COVID-19 (29). This further suggested that uncontrolled systemic inflammatory response to SARS-CoV-2 invasion, rather than the fatal virus infection itself, is a driver behind disease deterioration and poor prognosis in COVID-19 patients (8).

It is self-evident that imbalanced immune responses and uncontrolled systemic inflammatory responses intertwine, interacting and influencing each other in the pathogenesis of COVID-19 (30). LCR, as the ratio of the above two clinical parameters, represents both the protective immune activation status and the degree of systemic inflammatory response of the body after SARS-CoV-2 invasion. Perioperative LCR was first utilized as a promising novel biomarker for assessing disease development and the risk of recurrence. It was used in predicting postoperative complications and short-term and long-term prognoses and determining individualized therapeutic strategies in patients with malignant diseases and then extended to many other areas (31–34). A declined level of LCR in COVID-19 patients suggests compromised immune responses and/or an enhancement of systemic inflammatory responses, either of which can be fatal after SARS-CoV-2 invasion. Several lines of evidence demonstrated that the level of LCR could provide pivotal information for evaluating disease severity and predicting prognosis in COVID-19 patients, but its value proposed in our study as an assistant screening tool for admission to  hospital and ICU had not been further explored (35, 36).

To our knowledge, our study was the first to explore the value of LCR as an assistant screening tool for COVID-19-related hospital and ICU admission. Our results showed that LCR exhibited significant differences among the groups regardless of grouping. LCR was a protective factor in moderate, severe, and critical groups  combined, as well as severe and critical groups combined. The cutoff values of LCR to classify COVID-19 patients into moderate, severe, and critical groups and severe and critical groups were 1,780.7050 and 571.2200, respectively, proving that it can be utilized as an assistant screening tool to triage COVID-19 patients. That is, when the level of LCR in COVID-19 patients is greater than 1,780.7050, between 178.7050 and 571.2200, and less than 571.2200, centralized isolation and treatment, hospitalization, and timely transfer to ICU can be considered, respectively.

Several limitations in the present study should be noted. First of all, the reliability and generalizability of our conclusion were limited by the nature of a single-center retrospective study. Second, due to the lack of LYMPH and CRP within 24 h of admission in a large number of asymptomatic infection and mild patients with COVID-19, the final sample size of our study was relatively small, and thus the results need to be interpreted with caution. Finally, the clinical value of dynamic monitoring of LCR was not further discussed.



Conclusion

The present study is the first pilot study showing that LCR, as the ratio of lymphocyte to CRP, can differentiate disease severity of COVID-19 patients and serve as a simple and objective assistant screening tool for admission to hospital and ICU. Our findings need to be further validated with a larger sample size.
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Background

The systemic inflammatory response post-SARS-CoV-2 infection increases pro-inflammatory cytokine production, multi-organ damage, and mortality rates. Mast cells (MC) modulate thrombo-inflammatory disease progression (e.g., deep vein thrombosis) and the inflammatory response post-infection.



Objective

To enhance our understanding of the contribution of MC and their proteases in SARS-CoV-2 infection and the pathogenesis of the disease, which might help to identify novel therapeutic targets.



Methods

MC proteases chymase (CMA1), carboxypeptidase A3 (CPA3), and tryptase beta 2 (TPSB2), as well as cytokine levels, were measured in the serum of 60 patients with SARS-CoV-2 infection (30 moderate and 30 severe; severity of the disease assessed by chest CT) and 17 healthy controls by ELISA. MC number and degranulation were quantified by immunofluorescent staining for tryptase in lung autopsies of patients deceased from either SARS-CoV-2 infection or unrelated reasons (control). Immortalized human FcεR1+c-Kit+ LUVA MC were infected with SARS-CoV-2, or treated with its viral proteins, to assess direct MC activation by flow cytometry.



Results

The levels of all three proteases were increased in the serum of patients with COVID-19, and strongly correlated with clinical severity. The density of degranulated MC in COVID-19 lung autopsies was increased compared to control lungs. The total number of released granules and the number of granules per each MC were elevated and positively correlated with von Willebrand factor levels in the lung. SARS-CoV-2 or its viral proteins spike and nucleocapsid did not induce activation or degranulation of LUVA MC in vitro.



Conclusion

In this study, we demonstrate that SARS-CoV-2 is strongly associated with activation of MC, which likely occurs indirectly, driven by the inflammatory response. The results suggest that plasma MC protease levels could predict the disease course, and that severe COVID-19 patients might benefit from including MC-stabilizing drugs in the treatment scheme.
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Introduction

As of January 2022, the coronavirus disease (COVID-19) has resulted in over 343 million confirmed cases and 5,6 million deaths. The morbidity and mortality in COVID-19 patients is a result of a high virus transmission rate, inadequate anti-viral immune response, and a high incidence of life-threatening complications, such as acute respiratory distress syndrome (ARDS), extrapulmonary organ dysfunction and uncontrolled thrombosis (1–7). Understanding the mechanisms driving the development of tissue damage, ARDS and multiple organ failure in patients with severe COVID-19 is critical to develop targeted therapeutic approaches.

Mast cells (MC) are bone marrow-derived myeloid cells, which possess pleiotropic functions in allergy, asthma, anaphylactic reactions, and gastrointestinal disorders (8, 9). In healthy lung tissue, they express low levels of angiotensin converting enzyme (ACE)-2 and transmembrane serine protease 2 (TMPRSS2), two molecules involved in cellular entry of SARS-CoV-2 (10). Thus, it could be speculated that MC contribute to the severe inflammatory response and subsequent thrombosis in patients with COVID-19.

Recent studies provide increasing evidence for a role of MC in host defense. They are widely distributed in peripheral tissues and are activated in an antigen-dependent manner via crosslinking FcεRI in IgE-mediated allergic reactions (11, 12). In addition, MC recognize and become activated by viral and bacterial pathogens through pattern-recognition receptors (PRRs) including toll like receptors (TLRs), nucleotide oligomerization domain-like binding receptors (NLR), and retinoic acid-inducible gene-I (RIG-I)- like receptors (RIG), Mas-related G protein-coupled receptors and C-type lectin binding receptors (13, 14). Their activation induces rapid degranulation leading to the release of inflammatory mediators such as histamine, proteases, TNF-α, serotonin, heparin, bioactive lipids, cytokines and chemokines (15, 16). MC-derived mediators cause increased vascular permeability, edema and innate and adaptive immune cell recruitment (17, 18). The effects of MC on endothelial cell activation and vascular integrity could be potentiated by MC release of TNF-α and proteases. This provides a link between inflammation and blood coagulation, complement pathway, and kallikrein-kinin system (19). The mediators released during MC degranulation, including proteases and histamine, could contribute to inflammatory cell infiltration in the airways, increase of vascular permeability, and activation of airway epithelial cells (20).

MC-derived pro-inflammatory substances, such as histamine and TNF-α, can activate endothelium and stimulate its degranulation. Von Willebrand factor (VWF) is one of the mediators stored in Weibel-Palade bodies of the endothelium. This is a large protein capable of binding platelet surface glycoprotein Ibα (GPIbα) and strongly potentiating platelet adhesion and aggregation. VWF is implicated in thromboembolic events in the setting of COVID-19 (21). In the current study, we aimed to explore MC and their biomarkers in SARS-CoV-2 infection. In particular, we demonstrate increased numbers and degree of degranulation of lung MC in patients, and positive correlation of MC degranulation with lung VWF, which reflects local prothrombotic potential. We have also revealed elevated levels of MC-derived proteases in the serum of these patients, which correlates with disease severity. Finally, we report that MC are not directly activated by the whole virus or its membrane proteins. Thus, prevention of MC recruitment and degranulation may dampen the inflammatory environment and be therefore a promising therapeutic strategy in COVID-19 infection.



Methods


Patients

This study complies with the principles of the Declaration of Helsinki. The patients for the measurement of serum MC markers were enrolled at the University Clinic of Privolzhsky Research Medical University, Nizhny Novgorod, Russia; an approval for this research project was obtained from the local ethics committee of the Nizhny Novgorod State University. SARS-CoV-2 infection was confirmed in pharyngeal swabs by real-time reverse-transcription polymerase chain reaction (RT-PCR). The patients in the control group were age-matched healthy volunteers without any acute respiratory symptoms. A detailed description of the study cohort is provided in our earlier report (22). The patients were grouped into moderate and severe illness according to the COVID-19 treatment guidelines (23). Patients with moderate disease severity (7 males and 23 females) were admitted to hospital, but not the intensive care unit (ICU), whereas severe COVID-19 cases (11 male and 19 female) were both admitted to hospital and ICU. Postmortem MC staining in the lungs was performed at the University of Birmingham. Collection of post-mortem FFPE tissue was approved (IRAS: 197937) and the samples were received by a prospective consent and retrospective acquisition of tissue, for which consent for use in research had already been obtained. Ethical approval for the use of patient tissue was provided by the Health Research Authority with a National Health Service Research Ethics Committee; approval issued by North East-Newcastle and North Tyneside 1 (19/NE/0336). A written consent was obtained for all patients. Patient (n = 8) lung samples were taken from individuals deceased from COVID-19 infection, aged between 59 and 89, of both sexes. Controls (n = 3) were individuals died from non-COVID-19-related reasons. Detailed information about both patient and control cohorts can be found in (24). Patient lung damage was quantified by a semi-quantitative scale for the evaluation of lesion volume in lungs based on a chest CT scan, applied according to the national guidelines (25, 26) as follows: chest CT grade 0 (no low abnormalities on the chest CT), chest CT grade 1 (25% of the lungs were affected), chest CT grade 2 (50% of the lungs were affected), chest CT grade 3 (75% of the lungs were affected), chest CT grade 4 (100% of the lungs were affected).



MC staining in the lungs

FFPE sections were deparaffinized and rehydrated, followed by antigen retrieval by heating in a microwave (10 min) in citrate buffer (pH 6). Autofluorescence was quenched using 3% hydrogen peroxide and sections blocked by PBS-Tween 0.05% containing 3% bovine serum albumin (BSA) and 5% goat serum for 1h at room temperature. Monoclonal primary antibody against tryptase (1:1000, clone G3, Merck) was applied overnight at 4°C. Then, the sections were washed, incubated with secondary antibody conjugated with Alexa-Fluor 647 (Invitrogen), washed again and autofluorescence was quenched again by Vector® TrueVIEW® Autofluorescence Quenching Kit (Vector Laboratories, CA, USA). After mounting, sections were analyzed by an epifluorescent microscope. Tryptase-positive objects with the area of >50 μm were considered MC, whereas objects with the area of <50 μm were regarded as released granules. The numbers of lung MC and cell-free granules as well as MC area were averaged from 15 random fields per patient/control using ImageJ (National Institute of Health, USA) (27).



VWF staining in lung sections

FFPE lung sections from COVID-19 patients and controls were rehydrated and underwent antigen retrieval and blocking with PBS containing 5% BSA and 10% goat serum for 1h at room temperature. Next, sections were incubated overnight with rabbit anti human VWF antibody (Agilent) at 4°C and then secondary antibody (goat anti rabbit, conjugated to Alexa Fluor 647, Invitrogen, 1 h, RT). Nuclei were counterstained by DAPI. Lung autofluorescence was quenched using commercial kit (Vector laboratories) and slides mounted using ProLong Gold Antifade Mountant (Life Technologies). VWF analysis was performed as described (28). Briefly, images were acquired using a Zeiss Axio Scan.Z1 Epi Fluorescence system and quantified using Fiji (29) by manually designating ROIs and measuring intensity after background subtraction and denoising.



Enzyme-linked immunosorbent assays

On the day of admission to the hospital, peripheral blood samples were collected by venipuncture, centrifuged for 10 min at 845 g, and sera were stored at −80°C until further analysis. The levels of MC proteases in sera of the patients were analyzed by commercial ELISAs for human tryptase beta-2 (TPSB2, ELH-TPSB2-1, RayBio, Peachtree Corners, GA, USA), chymase 1 (CMA1, ELK3058, ELK Biotech, Wuhan, P.R.C), and carboxypeptidase 3 (CPA3, LS -F52226, LSBio, Seattle, WA, USA).



Biochemical parameters

The analysis of creatinine, glucose, alanine aminotransferase (ALT), aspartate aminotransferase (AST), C-reactive protein (CRP), were done by an Indiko automatic biochemical analyzer (ТhermoScientific, Finland) using the manufacturer’s reagents. Control materials were produced by RANDOX (Randox Laboratories, UK). Lactate dehydrogenase activity in serum was analyzed using a kinetics method according to the manufacturer’s instructions (DDS in vitro Solutions, Pushchino, Russia). The levels of fibrinogen and D-dimer were analyzed using a coagulation analyzer ACL TOP 500 (Instrumentation Laboratory, USA).



Cell culture

Immortalized human mast cell line, LUVA (Kerafast, USA), was used to model lung-resident mast cell response to SARS-CoV-2 infection. We and others (Laidlaw et al., 2011) have shown that LUVA cells express FcεRI and c-Kit similarly to normal human MC. Cells were cultured in StemPro-34 SFM media (Gibco, USA) with L-glutamine (2 mM) and Penicillin-Streptomycin (10 U/ml) in a humidified incubator at 5% CO2 and 37°C. Cells were maintained at 5x105/ml and passaged up to 15 times; FcεRI and c-Kit expression the cell surface of LUVA cells was maintained throughout passaging.



Antigen generation and virus

SARS-CoV-2 England 2 virus (Wuhan strain) was a kind gift from Christine Bruce, Public Health England. Recombinant trimeric spike glycoprotein (S) was produced in human embryonic kidney (HEK) 293F cells as previously described (30). Nucleocapsid (N) protein was produced in E.coli bacteria and purified as described (31). The levels of endotoxin in the protein preparations were lower than 0.005 EU/mg.



MC stimulation

LUVA cells were either naive or primed using the presence or absence of native human IgE (1 µg/ml; Abcam, UK) for 24 h, before thrice washing with HEPES buffer. Cells were plated at 3x105/ml, and stimulated with a vehicle control, Compound 48/80 (50 µg/ml; Sigma) or SARS-CoV-2-related antigens (1-10 µM) for 1 h at 37°C in a CO2-free incubator; CO2 has been shown to limit MC degranulation (32). The stimulation of LUVA cells by SARS-CoV-2 (2,500 IU/ml) were performed as above, but at 5% CO2 due to limitations by Biosafety level 3.



Flow cytometry

LUVA cells were blocked in 10% serum (20 min on ice), prior to an incubation in the conjugated antibody cocktail, or company recommended isotype control (30 min on ice): hAce-2-AF405 (#535919; 1:300; R&D, USA), Avidin-fluorescein (#A821; 1:5,000; Invitrogen, USA), FcεRIα-PE (#AER-37; 1:300; Invitrogen, USA), CD63C-PECy5.5 (#H5C6; 1:300, BioLegend, USA), CD203c-PECy7 (#NP4D6, 1:300, Invitrogen), c-Kit-APC (#104D2; 1:300; BD Bioscience, USA). Cells were fixed with 10% formalin, and acquired using a CytoFLEX flow cytometer (Beckman, USA). At least 10,000 events were recorded, and gating strategy is outlined in Figure S1. Data was analyzed using FlowJo v10 and presented using GraphPad Prism v9.



Statistical analysis

The difference between the healthy controls, moderate and severe patients was analyzed by one-way ANOVA and Kruskal-Wallis test for multiple comparisons. Following analysis for Gaussian distribution, Pearson’s correlation coefficient and two-tailed p values were calculated for the selected datasets using GraphPad Prism 9.0. The numbers of lung MC, cell-free granules, and MC area were compared by two-tail student’s t-test. The p-value of less than 0.05 was considered significant.




Results


Clinical characteristics of the COVID-19 patient cohort

Patients were classified based on the severity of SARS-CoV-2-infection as described in the Methods. Patients with severe disease were significantly older than moderate cases (59.1 ±15.9 vs. 47.7 ±16.2 years, p < 0.02) with mildly increased body mass index (31.6 ±4.9 vs. 27.8 ±4.7, p=0.003) (Table 1). No marked difference in the symptoms was seen on admission between patient groups while severely affected patients had several comorbidities as described in our earlier report (22). On admission, severely ill patients with COVID-19 had a higher breathing rate than moderately ill patients. Peripheral capillary oxygen saturation (SpO2) reached 95.2 ±1.9% in moderate cases and was lower in severe cases (89.9 ±5.3%, p<0.0001). Fifteen patients with severe COVID-19 received non-invasive oxygen support, while those with a moderate severity did not require oxygen support.


Table 1 | Demographics and baseline characteristics of patients included in the study.



Fifty-six percent of the patients with severe COVID-19 and only 16% of patients with moderate disease had thromboembolic events such as stroke and myocardial infarction. A chest CT scan performed upon patient admission revealed pneumonia in 27 out of 30 severely ill COVID-19 patients. Ten percent of the patients with moderate disease severity had 75% lung damage accompanied by moderate clinical symptoms, 63% had lung damage between 25 and 50%, and 27% had below 25%. Only one patient in the group with moderate COVID-19 had reported current tobacco smoking. The patients were hospitalized for a median of 9.1 ±6 days to 9 ±3.6 days for severely and moderately ill COVID-19 patients, respectively. Four patients in a group of severely affected patients were mechanically ventilated and eventually died from ARDS and endotoxic shock.



MC proteases are elevated in patient serum relative to the clinical severity of COVID-19

The MC protease levels were analyzed in the serum of patients on the day of admission. All tested MC proteases, CMA1, CPA3, and TPSB2, were increased in the serum of patients compared to healthy controls (Figure 1), and in severe patients compared to moderate individuals. The levels of the proteases in four patients subsequently deceased from COVID-19 were comparable to the levels in the patients with severe COVID-19: CPA3 (21.54 ±6.6 vs. 22.25 ±5.7 ng/ml, p = 0.72); CMA1 (2426 ±1113 vs. 2387 ±720 ng/ml, p = 0.73) and for TPSB2 (27.5 ±17 vs. 30.04 ±17 ng/ml, p=0.95). Fifteen patients with severe COVID-19 that required oxygen support had levels of MC proteases comparable to other patients with severe disease (Figure S1).




Figure 1 | MC degranulation markers in patient serum are increased relative to clinical severity of patients post-SARS-CoV-2 infection. The presence of (A) CMA1, (B) CPA3 and (C) TPSB2 in patient serum was determined by ELISA. Healthy controls (n=17) were used to compare to patients post-SARS-CoV-2 infection with moderate (admission to hospital; n=30), or severe (admission to ICU; n=30) clinical outcome. Statistical significance was determined using a one-way ANOVA with Kruskal-Wallis multiple comparison test. *p<0.05, **p<0.01, ***p<0.001, ****p<0.0001.



A strong positive correlation was observed between the degree of lung damage (4 grades assessed by chest CT scan) and the serum levels of CMA1 (Pearson’s r= 0.591, p<0.0001), CPA3 (Pearson’s r= 0.577, p<0.0001), and TPSB2 (Pearson’s r= 0.503, p<0.0001) (Table 2). Levels of MC proteases in serum of patients with COVID-19 strongly correlated with the severity grade of the disease (Table 2). Patients with severe COVID-19 showed higher levels of proteases than individuals with moderate severity. Thus, MC protease activity is associated with lung damage and subsequent poor clinical outcome post SARS-CoV-2 infection although certain contribution of other comorbidities in SARS-CoV-2 patients cannot be ruled out.


Table 2 | Correlation analysis of MC protease levels in serum with demographical and clinical characteristics of patients with COVID-19.





MC numbers and degranulation are increased in the lungs of COVID-19 patients

We next assessed MC accumulation and degranulation in lung autopsies by immunofluorescence staining for MC marker, tryptase. These sections were collected from a separate cohort of patients who died of COVID-19, as well as from patients who died from non-COVID-19-related reasons as a control. The numbers of tryptase-positive MC (Figures 2A, B) were dramatically increased in patients with COVID-19 vs. non-COVID-19 controls (26.4 ±9.85 vs. 13 ±1.32 per view field, p < 0.009). The amount of secreted MC granules was also elevated as well as the granule/MC ratio, which reflects the average number of released granules per one MC (226.7 ±154.5 vs. 47.1 ±7.28 per view field, p < 0.02 and 7.3 ±3.4 vs. 4 ±0.63 per view field, p < 0.04, respectively; Figures 2C–E). There was a strong correlation between the numbers of MC and secreted granules (r = 0.84, p < 0.02; Figure 2F). Enhanced release of granular content could be expected to reduce the volume of MC; hence we next calculated the average area of MC in the lung sections, however this parameter did not differ between COVID-19 patients and controls (Figure 2G). The increased numbers of MC and their granules in the lungs post-infection may suggest their contribution to the immune response in patients with COVID-19.




Figure 2 | MC recruitment and degranulation is increased in the lungs of patients post-SARS-CoV-2 infection. The lungs of patients deceased post-SARS-CoV-2 infection were frozen, sectioned to 6 μm and labelled by immunofluorescence, before imaging using an epifluorescence microscope. Lungs of non-SARS-CoV-2-linked deaths were used as a control. (A) MCs were identified by tryptase (magenta) in the lungs of deceased non-SARS-CoV-2 (n=3) or COVID-19 patients (n=8); (B) Quantification of MC numbers; (C) Non-degranulated (controls, left panel) and degranulated (COVID-19, middle panel) MCs; right panel represents non-degranulated MC (arrows) and granules (arrowheads) releasing from a MC in the process of degranulation; (D) Quantification of MC granules identified as tryptase-positive objects with the area of <50 µm2; (E) Ratio between the numbers of cell-free granules and MCs; (F) Correlation between the numbers of MCs and cell-free granules; (G) Quantification of the average of MC area. Images were analyzed using ImageJ. Horizontal lines represent mean. Statistical significance was determined using the unpaired Student’s t-test.





Neither live SARS-CoV-2 nor its viral proteins directly activate MC in vitro

To test whether SARS-CoV-2 can directly activate MC, we next performed experiments using human immortalized MC line, LUVA, initially derived from CD34+ mononuclear cells (33). Prior to the experiments, we confirmed that the cells express high levels of both CD117 (c-kit) and FcεRI, typical for a regular MC phenotype (Figure S2). Incubation of LUVA cells with increasing concentrations of SARS-CoV-2 viral proteins nucleocapsid or spike protein for 1 h, as well as live SARS-CoV-2, did not change the expression of both FcεRI and CD117 (data not shown). The proteins also did not affect MC degranulation as assessed by granule staining using fluorescently-labeled avidin (Figure 3A), which rapidly binds heparin in MC granules (34). The membrane expression of CD203c or CD63 (Figures 3B, C) as well as by β-hexosaminidase secretion were unchanged (data not shown). Stimulation of MCs with compound 48/80, a potent MC secretagogue, upregulated the surface expression of ACE-2, whereas its expression remained unchanged in the presence of the viral proteins (Figure 3D). Expression of CD63, CD203c, ACE-2, and avidin binding remained unaffected also after exposure of the cells to the live virus (Figures 3E–H). The same results were obtained also in all described experiments using MCs primed with native human IgE (data not shown). Incubation of LUVA cells with the virus for longer periods of time (24 - 72 h) also resulted in neither virus penetration into the cells, nor their activation (Figures 3I–K). Thus, degranulation of MCs post-SARS-CoV-2 infection is unlikely to be through a direct activation by the virus but could occur through mechanisms different from a direct contact with viral epitopes.




Figure 3 | Neither viral proteins nor the SARS-CoV-2 virus directly induce MC degranulation, and SARS-CoV-2 virus does not penetrates MC. LUVA cells were cultured in the presence or absence of compound 48/80 (10 µg/ml) or spike protein or nucleocapsid protein (1-10 µM; A–D), or SARS-CoV-2 (E–H) for 1 h in a CO2-free humidified atmosphere at 37°C. Cells were analyzed for the expression of (A, E) avidin, (B, F) CD203c, (C, G) CD63, or ACE-2 (D, H) using a CytoFlex flow cytometer and quantified using FlowJo v10. Statistical significance was determined using a one-way ANOVA with Tukey’s multiple comparisons test. *p<0.05, ****p<0.0001. ns, not significant. LUVA cells were incubated without or with (first and second rows, respectively) ARS-CoV-2 virus for 24 h, 48 h or 72 h, after which cells were seeded on a polylysine-coated polystyrene wells and stained for nuclei (blue), nucleocapsid protein (red), and spike protein (green) to evaluate virus entry into the cells (I). Vero cells (third row) served as a control of both virus penetration and quality of the antibodies. No dissemination of the virus inside cells was observed at all time points, which is confirmed by quantitation of the fluorescence (J); C and V designate control and virus for Vero cells. Staining of cell samples for avidin and CD203c revealed no degranulation (K). Scale bar 200 um, n = 3 for each time point.





MC granule release positively correlates with lung VWF levels in COVID-19 patients

COVID-19 infection frequently leads to thrombotic complications. To address whether MCs could be implicated in the development of local pro-thrombotic conditions we assessed the correlation of VWF levels in the lung sections (Figures 4A, B) with MC-related parameters. No correlation of lung VWF with MCs numbers was observed in the lungs of patients with COVID-19 (p = 0.27; Figure 4C). In contrast, the number of secreted granules moderately correlated with the VWF levels (r = 0.5311, p < 0.03) whereas correlation with granule/MC ratio was strong (r = 0.7348, p < 0.004; Figures 4D, E). Thus, the degree of MC degranulation rather than their total numbers is associated with the pro-thrombotic phenotype typical of SARS-CoV-2 infection.




Figure 4 | Correlation between MC-related parameters and lung VWF levels. The levels of VWF in the lungs were determined as fluorescence intensity in arbitrary units. (A) and (B), representative images of VWF staining in the lungs of non-COVID-19 and COVID-19 patients, respectively. Correlations of VWF levels with (C) MC numbers, (D) cell-free granule numbers and (E) granule/MC number ratio are presented. Pearson r coefficient was calculated using MS Excel.






Discussion

In the current study, we have analyzed the role of MC activation post-SARS-CoV-2 infection by measuring the levels of three MC-specific proteases, TPSB2, CMA-1, and CPA3, in serum of patients with moderate and severe clinical severity. We report (i) increased levels of MC proteases in serum of patients with COVID-19, and (ii) enhanced infiltration of MCs and their degranulation in lung tissue post-mortem, which may imply MC involvement in the pathogenesis of the disease. The degree of degranulation of each MC was increased and positively correlated with lung VWF levels; (iii) the live SARS-CoV-2 virus or its protein components did not degranulate MCs in vitro, suggesting that an indirect mechanism of MC activation could be involved.

Our studies show the simultaneous increase in CMA1, CPA3, and TPSB2 in COVID-19 patients, which are indicative of the MCTC subset of MCs (the most common subset in human airways) in the lungs of patients with COVID-19 (35). Eosinophil and MC activation has previously been reported in patients with COVID-19, whereby MC proteases in serum and lungs of COVID-19 patients were elevated (36). TPSB2 and CMA-1 have been demonstrated to induce vascular leakage in response to viral infection, which may explain the increased lung damage observed in CT scans (37). Moreover, other mediators released during MC degranulation, including proteases and histamine, could contribute to inflammatory cell infiltration in the airways, increase of vascular permeability, and activation of airway epithelial cells (20). Moreover, increased CMA1 in patients with severe COVID-19 contributes directly to destabilization of cellular contacts via degradation of MMPs, laminin, fibronectin (38, 39) and to the generation of pro-inflammatory cytokines IL-6, IL-1β, IL-18, IL-33, and TNF-α (40–43). This has been supported by in vivo data, whereby the administration of MC stabilizers reduced SARS-CoV-2-induced production of pro-inflammatory factors and the degree of lung injury (20). This outlines a clear role for MCs and their proteases in the modulation of the inflammatory response to SARS-CoV-2 through cytokine production and regulation of vascular permeability.

We here demonstrated that MC numbers increase in the lungs of patients with COVID-19. These findings corroborate previously reported accumulation of MCs in the perivascular spaces and alveolar septa next to alveolar capillaries (44) as well as recently demonstrated MC-mediated lung tissue damage (45). In the setting of SARS-CoV-2 infection, MCs accrued in the lungs had a connective tissue phenotype, which is untypical of non-COVID-related lung infections (45). In our samples, MCs were apparently activated as large amounts of cell-free tryptase-rich granules were observed in the lung tissues. Moreover, the total amount of the released MC content was apparently defined not only by the elevated numbers of MCs per se, but also by increased numbers of granules released by each MC as judged by the ratio between the quantities of MCs cell-free granules.

The nature of the factors recruiting MCs into the lungs is still to be defined. The “cytokine storm” observed during SARS-CoV-2 infection includes multiple pro-inflammatory agents that can chemoattract MC, such as components of the coagulation system (e.g., fibrinogen) or TGF-β, shown to contribute to pulmonary fibrosis (46–48). Multiple agents found in the plasma of COVID-19 patients, such as TNF-α and IL-8, can induce chemotaxis of MC. VWF is one of the key prothrombotic proteins capable of recruiting platelets, which in turn can stimulate MC degranulation through platelet-activating factor (49). VWF is stored in the Weibel-Palade bodies of the endothelium, and it is likely that MC-derived histamine, one of the most potent Weibel-Palade bodies secretagogues, stimulates its release in the COVID-19 setting. It has recently been shown that thrombi in the pulmonary artery can develop in situ (50), a process, in which VWF could be involved in the COVID-19 setting. Immuno-thrombosis mediated by MC accumulated in the lung septa has recently been reported using histopathology of post-mortem lung biopsies of patients with COVID-19 (44). This could represent a “vicious circle” underlying massive pulmonary thrombosis, a leading cause of SARS-Cov-2-induced mortality.

It is reasonable to hypothesize that MC degranulation is directly induced by viral proteins. Several viruses were shown to induce MC degranulation, including influenza A, Zika virus, herpes simplex virus and respiratory syncytial virus (51–56). Despite previous reports that the SARS-CoV-2 virus induces degranulation of MC line, LAD2, and in humanized ACE-2 mice (20), we did not observe direct LUVA MC activation by the virus or its proteins. Exposure of LUVA cells to live virus for longer periods of time (days) resulted in neither virus replication in the cells nor cell degranulation. This finding suggests that, in COVID-19 infection, MC are likely activated indirectly, potentially by certain elements of the “cytokine storm” typical for this infection, which are obviously absent in the cell culture experiments. It cannot also be ruled out that specific microenvironment in the lungs renders MC more susceptible to direct interactions with viral components than in the in vitro model. MC activation by a secondary mediator likely facilitates its binding to the virus, as judged by elevated expression of ACE-2 induced by compound 48/80, although the consequences of such binding are still to be determined. MC activating agents could originate from immune cells such as macrophages, which are considered critical for cytokine storm, COVID-19 severity and eventually death (57, 58). It is conceivable that MC degranulation can further accelerate lung inflammation and eventual dysfunction through release of histamine, myeloid chemoattractant CCL3 and prostaglandins (11). Therefore, MC could be a key point for the positive feedback, in which they are activated by a strong systemic pro-inflammatory milieu and then further enhance local inflammatory response.

In conclusion, our study shows that activation and degranulation of MC in the lungs of patients with COVID-19 correlates with the degree of disease severity, lung damage and local pro-thrombotic potential. An increase in MC protease levels is more pronounced in severe COVID-19, which could potentially contribute to their detrimental role in disease progression by increasing vessel permeability and contributing to the progression of ARDS and cytokine storm via secretion of inflammatory mediators. Therefore, the use of MC stabilizers might be beneficial in dampening the inflammatory response in patients at risk of developing severe COVID-19.
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The SARS-CoV-2 infection has spread rapidly around the world causing millions of deaths. Several treatments can reduce mortality and hospitalization. However, their efficacy depends on the choice of the molecule and the precise timing of its administration to ensure viral clearance and avoid a deleterious inflammatory response. Here, we investigated IFN-γ, assessed by a functional immunoassay, as a predictive biomarker for the risk of hospitalization at an early stage of infection or within one month prior to infection. Individuals with IFN-γ levels below 15 IU/mL were 6.57-times more likely to be hospitalized than those with higher values (p<0.001). As confirmed by multivariable analysis, low IFN-γ levels, age >65 years, and no vaccination were independently associated with hospitalization. In addition, we found a significant inverse correlation between low IFN-γ response and high level of IL-6 in plasma (Spearman’s rho=-0.38, p=0.003). Early analysis of the IFN-γ response in a contact or recently infected subject with SARS-CoV-2 could predict hospitalization and thus help the clinician to choose the appropriate treatment avoiding severe forms of infection and hospitalization.
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Introduction

The severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) infection that emerged in China in late 2019 has spread rapidly around the world, causing millions of deaths, overwhelming public health services, and resulting in severe economic and social crisis. Individuals who are male, older than 60 years, and have comorbidities are at higher risk for severe COVID-19, requiring hospitalization and more frequently presenting with complications such as multivisceral failure or death (1–4). The implementation of preventive measures such as lockdown, social distancing (5, 6) and vaccination (7–9) have limited its spread. Although no curative treatment has unequivocally demonstrated its effectiveness (10), the administration of antiviral drugs in the early phase of the disease appears to decrease viral replication and pathogenesis (11–13), interferon (IFN) therapy reduces the duration and severity of symptoms, as well as mortality, if administered early (14–20), and the treatment with monoclonal antibodies results in fewer hospitalizations and deaths in immunocompromised patients (21–23).

The immune response to a viral agent, including SARS-CoV-2, involves both the innate and adaptative response. Innate immunity induced by Toll-like receptors 3 (TLR3) and TLR7/8 signaling activates effector cells to mediate viral clearance, induces inflammation through secretion of proinflammatory cytokines (e.g., IL-6 and IL-1β), produces antiviral cytokines and stimulates the adaptative immune response by activating antigen-specific T cells. Type I and II IFN (i.e., IFN-α/β and IFN-γ, respectively) are the first-line cytokines against viral infections. While many studies have focused on type I and III IFN alteration in severe forms of COVID-19 (24–34), less research has been conducted on type II IFN deficiency (35–38). However, if type I IFN is a component of innate immunity, type II IFN is involved in both innate and adaptative immune responses. Indeed, IFN-γ is produced by natural killer cells and macrophages, effector cells in innate immunity, as well as by CD4+ T cells of the Th1 type and CD8+ T cells that participate in the adaptative response.

Moreover, rapidly after the beginning of the pandemic, many authors highlighted that an excessive pro-inflammatory innate immune response could be deleterious in the defense against the virus, leading to a cytokine storm responsible for acute respiratory distress syndrome, multivisceral failure and even death. Interleukin-6 (IL-6) is one of the main cytokines involved in the cytokine storm (35, 39–43). This observation made anti-IL-6 and corticosteroids first-line treatments for severe COVID-19. However, the evidence of excessive secretion of pro-inflammatory cytokines, including IL-6, is often late in the infection and does not allow the implementation of preventive measures. It is likely that a deficiency in interferons, responsible for a persistence of the virus by defect of clearance, can support the overexpression of pro-inflammatory cytokines at the origin of the cytokine storm (35, 41).

To our knowledge, no study has investigated the IFN response at an early stage of SARS-CoV-2 infection, or even before contamination, to detect preexistent immune dysfunction in subjects who may subsequently progress to a severe form of the disease. Thus, we hypothesize that dysregulation of the basal IFN-γ response, as assessed by an easy to perform functional immunoassay, promotes severe forms of COVID-19 requiring hospitalization. A clinically applicable blood biomarker identifying patients with dysregulated IFN-γ response could optimize management by directing the prescription of antivirals and/or IFN and/or monoclonal antibodies to patients likely to benefit from them, thus reducing the number of hospitalizations, while avoiding deleterious over-prescription and potential associated adverse effects in those for whom the treatment would not be of interest.



Materials and methods


Participants, data collection and ethics statement

We performed a prospective monocentric longitudinal and ancillary study at the Nice University Hospital, France. The participants included were extracted from three prospective monocentric cohorts: (i) patients recruited during an infectious diseases or emergency room consultation following COVID-19 symptoms, or a contact case between March 2020 and January 2022 (CovImmune 1 study, NCT04355351); (ii) patients recruited by partner laboratories during a positive RT-PCR for SARS-CoV-2, performed in the context of suggestive symptomatology, contact case, or health pass, between August 2021 and November 2021 (CovImmune 1 study, NCT04355351); (iii) voluntary participants from the general population monitored systematically and periodically since July 2020 as part of an epidemiological study in the context of COVID-19 (CovImmune 2 study, NCT04429594). COVID-19 positive participants for whom we had a stimulated blood sample either a) within one month prior to infection or b) within five days after the first symptoms of the disease or after a close contact with a COVID-19 case, were enrolled in this study. Demographic, clinical, biological, and outcome data were collected by the study investigators and then centralized in an anonymized database. Written informed consent was obtained from all study participants.



Blood collection and immunoassays

Blood samples were collected between 8am and 12pm by nurses or physicians in tubes containing lithium heparinate. After receipt in the laboratory, one milliliter of whole blood was stimulated with immune agents that mimic the pathogen-associated molecular patterns that activate immune cells (R848 as TLR7/8 agonist and anti-CD3 as T-cell stimulant) in QuantiFERON-Monitor® specific tubes (Qiagen®, Germany) within eight hours from blood collection. To measure IFN-γ levels produced by SARS-CoV-2-specific T cells, we used the QuantiFERON® SARS-CoV-2 test (Qiagen®, Germany) in which one milliliter of whole blood was collected in tubes containing a mixture of SARS-CoV-2 peptides. Blood samples stimulated with SARS-CoV-2 specific and nonspecific immune agents were then incubated for 16 to 18 hours at 37°C and then centrifugated at 2000-3000 x g for 15 minutes to harvest the plasmas. Plasmas were then stored at –80°C until analysis and freeze-thaw cycles were minimized to preserve the quality of the samples. Plasma IFN-γ levels after stimulation were measured by enzyme-linked immunosorbent assay (ELISA). The procedure with nonspecific response is summarized in Figure 1. To note, when IFN-γ values obtained after a nonspecific response were above the limit of detection range (e.g., IFN-γ >1000 IU/mL), the values were arbitrarily scored as 1000 IU/mL. This functional test is simple to implement for both clinical and laboratory staff, making it applicable for routine use. In addition, for patients included via hospital consultations (CovImmune 1 study), we also measured plasma IL-6 by ELISA without cellular stimulation with custom-designed cartridges Ella (ProteinSimple™).




Figure 1 | Procedure for the in vitro stimulation of immune cells in whole blood. Immune ligands mimic pathogen-associated molecular patterns that activate innate immune cells through TLR7/8 and T cells through CD3. IFN, interferon; mAbs, monoclonal antibodies; TLR, toll-like receptor. Created with BioRender.com.



The proportions and numbers of CD4+ T cells, CD8+ T cells, NK cells and B cells, as well as their IFN-γ production with no stimulation or after nonspecific stimulation, were assessed in three healthy volunteers by flow cytometry. Eight milliliters of blood were collected: 2 mL with unstimulated cells, including 1 mL to measure IFN-γ by ELISA and 1 mL to identify IFN-γ-producing cells by flow cytometry, 2 mL with cells stimulated with TLR7/8 agonist, 2 mL with cells stimulated with anti-CD3, and 2 mL with cells stimulated with both TLR7/8 agonist and anti-CD3. After 4 hours of incubation, BD GolgiStopTM (0.66µL/mL) was added to the samples for flow cytometry, followed by an additional incubation time of 12 hours. Finally, cells were fixed and stained using fluorochrome-conjugated antibodies against surface molecules (CD45 BV786, CD5 PerCP-Cy5.5, CD2 FITC, CD7 BV711, CD3 BV510, CD8 PE, CD4 BV605, CD19 PE-Cy7, CD16 BV510, CD56-BV510, CD64 APC-H7) and intracellular molecules (CD3 APC, IFN-γ R718). All antibodies used are commercially available. Flow cytometry data were acquired on a BD FACSLyric™ and analyzed using BD FACSuite™ software. The gating strategy is depicted in Supplementary Figure 1.



Statistical analyses

Data are presented as mean and standard deviation for quantitative variables with Gaussian distribution, as median and interquartile range [25th percentile; 75th percentile] for quantitative variables with non-Gaussian distribution, or as numbers and percentages for qualitative variables. The Shapiro-Wilk normality test was used to verify the distribution of data. Comparisons were performed using the unpaired two-sided Student’s t-test or Wilcoxon-Mann-Whitney U test according to data distribution for quantitative variables, and the Chi-square test for qualitative variables. The associations between specific and nonspecific IFN-γ responses, and between nonspecific IFN-γ response and plasma IL-6 values were compared using Spearman rank correlation coefficient. Multivariable logistic regression model was used to investigate independent factors that influence hospitalization. Receiver Operating Characteristic (ROC) curve was used to define an IFN-γ threshold below which patients would be considered at risk for hospitalization. Kaplan-Meier analysis was used to estimate the probability of hospitalization based on IFN-γ response. Statistical analyses were performed using GraphPad Prism 8 (GraphPad Software, Inc., San Diego, CA) for unadjusted analysis and Jamovi (version 1.8.4.0) for multivariable analysis. All comparisons were two-tailed, and the differences were considered significant when p value < 0.05.




Results


Interferon-γ production after nonspecific stimulation of innate and adaptive immune cells in healthy volunteers

Immune cells of seven healthy donors were stimulated with immune ligands: TLR7/8 agonist as a stimulant of innate immune cells, anti-CD3 as T cells stimulant, both TLR7/8 agonist and anti-CD3, or no stimulation. As shown in Figure 2A, a very low level of IFN-γ was detected in plasma without cell stimulation. TLR7/8 agonist and anti-CD3 stimulations significantly increased IFN-γ production (p=0.0006 and p=0.03, respectively). Stimulation with the combination of a TLR7/8 agonist and an anti-CD3 significantly increased IFN-γ production (p=0.0006), but without a significant increase compared to the TLR7/8 agonist alone, probably due to a too small sample size.




Figure 2 | Evaluation of IFN-γ production after stimulation or not of circulating peripheral blood cells in healthy donors. (A) Plasma cytokine levels in seven healthy donors after in vitro nonspecific stimulation of immune cells by anti-CD3, or TLR7/8 agonist, or both anti-CD3 and TLR7/8 agonist, or no stimulation. IFN-γ production was mainly increased after TLR7/8 agonist stimulation and partially after anti-CD3 stimulation. (B) Representative plots of IFN-γ production by CD4+ T cells, CD8+ T cells, NK cells and B cells after stimulation or not with TL7/8 agonist and/or anti-CD3. As expected, after nonspecific stimulation CD4+ T, CD8+ T and NK cells produce more IFN-γ, but not B cells. The level of IFN-γ measured on the same individual and in the same conditions with no stimulation and after nonspecific stimulation with anti-CD3, TLR7/8 agonist, or both was 4.9, 300.2, 466.3 and >1000.0 IU/mL, respectively. *p<0.05; **p<0.01; ns, not significant. IFN, interferon; TLR, Toll-like receptor.



The immune cells involved in IFN-γ production after nonspecific stimulation were innate immune cells, particularly NK cells, CD4+ T and CD8+ T cells (Figure 2B). Interestingly, we showed that the TLR7/8 agonist also activated CD8+ T cells (44, 45) and that the action of the two immune agents together seemed to be synergistic. There are probably large variations in the proportions and cell types activated after nonspecific stimulation from one individual to another (Supplementary Figure 2).



Characteristics of the population and outcomes

We included 115 individuals infected with SARS-CoV-2 for whom we obtained a blood sample with nonspecific cell stimulation within one month prior to infection or within five days after the first symptoms during the period from March 2020 to January 2022 (Figure 3). The population’s characteristics are shown in Table 1. Sixty-six (57.4%) of the subjects were women, and the average age of the cohort was 53.9 (± 17.2) years. Sixty-three (54.8%) participants had at least one comorbidity. The most frequent comorbidities were hypertension (26.1%), immunosuppressive therapy (13.9%) and respiratory diseases (13.0%). Seventy-eight (67.8%) individuals were completely vaccinated. Common symptoms, including cough (47.0%), fever (39.1%) and dyspnea (26.1%), were reported by many individuals. Only five of them (4.3%) received antiviral treatment. Among the 115 individuals included in this study, twenty-eight (24.3%) subsequently progressed to severe pneumonia requiring hospitalization, 24 (20.9%) and 16 (13.9%) required oxygen therapy and corticosteroids, respectively, 11 (9.6%) were transferred to an intensive care unit, and five (4.3%) died. To note, among the 24 who required corticosteroids, 22 were hospitalized and two were outpatients.




Figure 3 | Flow chart showing participants enrollment. The participants were included from three cohorts: (i) patients recruited during a hospital consultation following COVID-19 symptoms, or as contact of a diagnosed COVID-19 case (CovImmune 1 study, NCT04355351); (ii) patients recruited by partner laboratories during a positive RT-PCR for SARS-CoV-2 (CovImmune 1 study, NCT04355351); (iii) participants monitored periodically since July 2020 as part of an epidemiological study in the context of COVID-19 (CovImmune 2 study, NCT04429594) and developing a SARS-CoV-2 infection. COVID-19 positive participants for whom we had a stimulated blood sample either a) within one month prior to infection or b) within five days after the first symptoms of the disease or after a close contact with a COVID-19 case, were enrolled in this study. COVID-19, coronavirus disease 2019; RT-PCR, reverse transcription-polymerase chain reaction. Created with BioRender.com.




Table 1 | Population’s characteristics.





Factors associated with the risk of hospitalization for COVID-19 patients

As shown in previous studies (1–3, 46–49), unadjusted analysis of this cohort (Table 2) confirmed that the risk of hospitalization was significantly higher with increased age (p<0.001), male gender (p<0.001), and the existence of at least one comorbidity (p<0.001). No significant difference was found with body mass index (BMI) (p=0.083). As expected, the proportion of patients vaccinated was significantly lower in the group of patients requiring hospitalization (p<0.001). There was no difference in the lymphocytes count between the two groups (p=0.212), but a significant difference in the ability of immune cells to respond to a nonspecific stimulus, as measured by IFN-γ production, in those who were subsequently hospitalized (97.0 [interquartile range (IQR), 23.6-332.0] IU/mL vs 11.6 [IQR, 3.3-53.9] IU/mL, p<0.001) (Figure 4). Because we found a difference in hematocrit values between the two groups (p=0.022), we corrected for IFN-γ levels by performing a ratio with hematocrit values: again, patients who were subsequently hospitalized had a lower ability of immune cells to respond to a nonspecific stimulus (p<0.001). We then compared IFN-γ production between COVID-19 patients and 544 uninfected volunteers from the general population: we found no difference between outpatients and uninfected individuals (p=0.52) but a significant difference between hospitalized patients and uninfected individuals (p<0.001) (Figure 4). Of note, three patients in the outpatient group and ten uninfected individuals had IFN-γ above the limit of detection and the value was considered to be 1000 IU/mL. For information, the IFN-γ responses of volunteers from the general population, by age group and sex, are available as additional data (Supplementary Table 1).


Table 2 | Clinical and biological presentation of COVID-19 patients according to clinical course.






Figure 4 | IFN-γ response and the risk of hospitalization after SARS-CoV-2 infection. Comparison of IFN-γ secretion by stimulated blood cells in relation to subsequent care for infection management and compared with no infection. Statistical significance of difference between groups was assessed using Mann-Whitney non-parametric test. ***p<0.001; ns, not significant. IFN, interferon.



Of the 115 patients, we performed IFN-γ assay after specific stimulation with SARS-CoV-2 peptides for 84 (73%) of them, of which ten were hospitalized and 74 were outpatients. Although there is a correlation between specific and nonspecific cellular responses (Spearman’s rho=0.246 [0.027; 0.443], p=0.024), we did not find an altered specific cellular response in patients who will subsequently be hospitalized (p=0.149). The data are shown in Supplementary Figure 3.

As confirmed by multivariable analysis, low stimulated IFN-γ levels were an independent predictor of hospitalization in COVID-19 patients (p=0.023), as were no vaccination (p<0.001) and being over the age of 65 (p=0.037). These results are detailed in Table 3.


Table 3 | Factors independently associated with hospitalization for COVID-19.





A low IFN-γ response correlates with hospitalization in COVID-19 patients

We then examined the utility of measuring IFN-γ response as a biomarker of hospitalization in the early phase of COVID-19 infection. We found a significant inverse correlation between IFN-γ response and hospitalization (odds ratio=0.990 [0.981; 0.996], p=0.007). Next, we evaluated the relevance of using IFN-γ response as a biomarker of hospitalization in COVID-19 patients using a receiver-operating characteristic (ROC) curve: the area under the ROC curve (AUC) was 87.9%, revealing a good performance of IFN-γ response in predicting hospitalization in COVID-19 patients. Using this ROC curve, we defined an IFN-γ cut-off value at 15 IU/mL to identify patients at risk of hospitalization (sensitivity: 67.9%, specificity: 94.3%, p<0.001). In univariable analysis, individuals with less than 15 IU/mL of IFN-γ after nonspecific stimulation were 6.57-times more likely to be subsequently hospitalized (odds ratio=6.57 [2.55; 16.95], p<0.001) (Figure 5). We then sought to clarify the predictive impact of the IFN-γ response by adjusting for variables independently associated with hospitalization in the multivariable model. We found that IFN-γ level was more predictive when the subject was older than 65 years, male, had at least one comorbidity and was not vaccinated (Figure 6). In other words, the risk of hospitalization in a young, healthy, vaccinated subject is low even if his or her IFN-γ is less than 15 IU/mL, whereas the risk is major in an individual with one or more associated factors who would have the same IFN-γ level. Thus, our data suggest that IFN-γ response, assessed by functional immunoassay, may be a tool for predicting the risk of hospitalization for early or subsequent SARS-CoV-2 infection.




Figure 5 | Hospitalization-free survival rate based on IFN-γ response. The IFN-γ threshold of 15 IU/mL, determined by ROC curve (sensitivity 67.9% and specificity 94.3%), was used for Kaplan-Meier analysis. Of the 32 patients with IFN-γ ≤15 IU/mL, 17 (53%) were subsequently hospitalized, whereas only 11 of 72 (15%) patients with IFN-γ >15 IU/mL were hospitalized. IFN, interferon; ROC, receiver operating characteristics.






Figure 6 | Probability of hospitalization according to IFN-γ levels, adjusted for (A) age class, (B) sex, (C) presence of at least one comorbidity and (D) vaccination. Logistic regression models including explanatory variables associated with hospitalization in multivariable analysis. We show here four representations of the model adjusted on the explanatory variables: each of them represents the impact of a factor and IFN-γ production on hospitalization after adjustment. CI, confidence interval; IFN, interferon; OR, odds ratio.





A low IFN-γ response correlates with a high level of IL-6 in plasma

For the 56 (48.7%) patients included via hospital consultations, we also had a plasma IL-6 assay without cell stimulation. Among them, 30 (53.6%) were outpatients and 26 (46.4%) were hospitalized. As expected, hospitalized patients exhibited more IL-6 levels than outpatients (40.70 [9.50; 71.60] vs 7.00 [0.99; 35.70] pg/mL respectively, p<0.001). Significant inverse correlation was found between IFN-γ response and plasma IL-6 (Spearman’s rho=-0.38 [-0.59; -0.13], p=0.003).




Discussion

In this ancillary study of several prospective cohorts, we investigated whether an individual’s IFN-γ response, as assessed by a functional immunoassay, could predict the risk of hospitalization after SARS-CoV-2 infection. We found that participants with IFN-γ levels below 15 IU/mL were 6.57-times more likely to be hospitalized for COVID-19 than those with higher values. This risk was even higher if participants also had an associated factor such as age >65 years, male gender, presence of at least one comorbidity, or lack of vaccination. Probably due to a lack of statistical power, in the overall multivariable analysis, the relative risk of those under 45 years was not significantly associated with a lower risk of hospitalization than those over 65 years (Table 3), although it was in the logistic regression considering only the IFN-γ response and the age group (Figure 6A). Unlike other studies (4, 50), obesity was not found to be a risk factor for hospitalization, probably because few subjects were overweight in this cohort of individuals from southern France. In addition, we found a significant inverse correlation between IFN-γ response and plasma IL-6 in a subgroup of 56 patients, supporting data from other teams (24, 35, 41). This association supports the hypothesis that interferon deficiency may promote excess secretion of proinflammatory cytokines, probably due in part to the deficit in viral clearance. However, this result must be tempered by the fact that it is derived from a subgroup of patients and that the number of patients who have progressed to a severe form of COVID-19 requiring intensive care management is low. Further studies, including preclinical studies, are needed to demonstrate the impact of interferon variations on the inflammatory response in the context of SARS-CoV-2.

In this study, the SARS-CoV-2 specific cellular response was not associated with the risk of hospitalization. This result is not surprising given the study design. Indeed, in addition to the fact that the specific cellular tests were performed in only 84 patients, they were also performed very early after the infection, even before the contact with the infectious agent for almost half of the patients, including non-vaccinated patients for whom the specific response was necessarily non-existent without presaging their subsequent antiviral response. In our opinion, the evaluation of the specific cellular response is of particular interest in the evaluation of the post-vaccination immune response.

We believe that this simple to use functional measure of nonspecific cellular response could help clinicians identify patients who would benefit from early antiviral or IFN therapy, allowing for more personalized prescription. Moreover, the immune response must be maintained in a balanced manner and some recent data suggest that long COVID-19 may be due to an excessive IFN response (51). Thus, the choice of the molecule and the precise timing of its administration seem necessary both to induce viral clearance and prevent immunopathology. It could therefore be detrimental to prescribe IFN-based therapies in patients whose immunological balance is already dysregulated in favor of this pathway. Here again, this functional immunological test could help optimize management for a tailored prescription. Clinical trials could be considered: IFN or antiviral treatment if IFN-γ after cell stimulation <15 IU/mL in a patient with one or more associated factors but not within the indications of these therapies, to be compared to a standard-of-care arm.

The originality of this study is the analysis of the individual functional cellular response, at the early phase of the infection, and even before the infection for nearly half of the individuals included. If performed too late after the contamination, the results of the test would probably be modified by the ongoing anti-infectious response in various proportions: IFN-γ secretion increased at the peak of the antiviral response, decreased at the time of immune reconstitution and even more so in case of cell exhaustion, or even increased persistently in case of long COVID. As suggested by other teams, but without a functional approach (30, 38), a functional immunoassay performed early during the infection, or even before contamination, could predict the antiviral response against SARS-CoV-2, but also the response against other viruses or intracellular pathogens (52). This hypothesis is partly confirmed by our work but requires further studies.

Nevertheless, our study has several limitations. First, the inclusion period is long, extending from the beginning of the pandemic to a more recent period. It therefore covers infections with various variants of SARS-CoV-2 and pre- and post-vaccination periods. However, we are not studying the specific immune response to SARS-CoV-2 but the antiviral response in general, so the strain of virus should not influence the results. Also, vaccination was included in the multivariable model, which limits this bias. Secondly, the ability of immune cells to respond to stimulation also depends on an individual’s age, comorbidities, and infectious and immunological history (53). It is therefore difficult to disentangle these variables and establish IFN-γ standards. Finally, although the cohort size is reasonable given its prospective design and its biological assays with strict pre-analytical procedures, the sample size remains small, and the results need to be confirmed on a larger cohort.

Although many questions remain, early analysis of the IFN-γ response in a contact or recently infected subject could help the clinician choose the appropriate molecule for management and thus avoid severe forms of infection and hospitalization.
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SARS-CoV-2 infected pregnant women are at increased risk of severe COVID-19 than non-pregnant women and have a higher risk of adverse pregnancy outcomes like intrauterine/fetal distress and preterm birth. However, little is known about the impact of SARS-CoV-2 infection on maternal and neonatal immunological profiles. In this study, we investigated the inflammatory and humoral responses to SARS-CoV-2 in maternal and cord blood paired samples. Thirty-six pregnant women were recruited at delivery at Hospital Sant Joan de Déu, Barcelona, Spain, between April-August 2020, before having COVID-19 available vaccines. Maternal and pregnancy variables, as well as perinatal outcomes, were recorded in questionnaires. Nasopharyngeal swabs and maternal and cord blood samples were collected for SARS-CoV-2 detection by rRT-PCR and serology, respectively. We measured IgM, IgG and IgA levels to 6 SARS-CoV-2 antigens (spike [S], S1, S2, receptor-binding domain [RBD], nucleocapsid [N] full-length and C-terminus), IgG to N from 4 human coronaviruses (OC43, HKU1, 229E and NL63), and the concentrations of 30 cytokines, chemokines and growth factors by Luminex. Mothers were classified as infected or non-infected based on the rRT-PCR and serology results. Sixty-four % of pregnant women were infected with SARS-CoV-2 (positive by rRT-PCR during the third trimester and/or serology just after delivery). None of the newborns tested positive for rRT-PCR. SARS-CoV-2 infected mothers had increased levels of virus-specific antibodies and several cytokines. Those with symptoms had higher cytokine levels. IFN-α was increased in cord blood from infected mothers, and in cord blood of symptomatic mothers, EGF, FGF, IL-17 and IL-15 were increased, whereas RANTES was decreased. Maternal IgG and cytokine levels showed positive correlations with their counterparts in cord blood. rRT-PCR positive mothers showed lower transfer of SARS-CoV-2-specific IgGs, with a stronger effect when infection was closer to delivery. SARS-CoV-2 infected mothers carrying a male fetus had higher antibody levels and higher EGF, IL-15 and IL-7 concentrations. Our results show that SARS-CoV-2 infection during the third trimester of pregnancy induces a robust antibody and cytokine response at delivery and causes a significant reduction of the SARS-CoV-2-specific IgGs transplacental transfer, with a stronger negative effect when the infection is closer to delivery.
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Introduction

Coronavirus 2019 (COVID-19) pandemic caused by the severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2), has resulted in more than six million deaths and has infected over 500 million people as of July 19, 2022 (1). The most severe outcomes of COVID-19 have been documented in geriatric individuals and pregnant women with chronic diseases, including hypertension, diabetes, and cardiopulmonary problems, or with some other respiratory viral infections (2).

The immune status of pregnant women adapts to ensure tolerance to the fetus by changing the cellular composition and the functions of immune cells. T cell-mediated immunity and humoral responses are suppressed particularly during the third trimester (3), production of IL-4 and IL-10 are increased while IL-2 and IFN-γ are reduced in peripheral blood mononuclear cells (4, 5). As a consequence, pregnant women are at increased risk of morbidity and mortality from respiratory viral infections (6–9). Several studies show that pregnant women with COVID-19 are more likely to be hospitalized and have increased rates of ICU admissions and mechanical ventilation compared with non-pregnant women with COVID-19, resulting in a higher risk of mortality (10–15).

The maternal inflammatory response induced by SARS-CoV-2 infection may also have deleterious effects on the offspring. Although vertical transmission has been hardly observed in SARS-CoV-2 to date (16), with a rate of around 3% (17), pregnant women with COVID-19 are at increased risk of adverse pregnancy outcomes like intrauterine/fetal distress and preterm birth (11, 18). The pro-inflammatory cytokines induced during infection may enter the amniotic cavity and interfere with normal fetal development (19–21) causing short- and long-term damage (22–24) such as miscarriage, restricted fetal growth, or still-birth (25) and neurodevelopmental affection as seen in other viral infections ranging from autism spectrum disorder, attention deficit hyperactivity disorder, and cognitive dysfunction, to anxiety, depression, and schizophrenia (26). Recent studies evidence that SARS-CoV-2 infection during pregnancy results in offspring neurodevelopmental morbidity (26). Maternal infection may also alter the ability of antibodies to transfer across the placenta as has been shown for other infections like HIV (27), malaria (28), dengue (29) or Zika (30) and recently in COVID-19 (31–34). Vaccination of pregnant women with an mRNA COVID-19 vaccine resulted in a significantly greater antibody persistence in infants than infection at 20 to 32 weeks gestation. At 6 months, 57% of infants born to vaccinated mothers had detectable antibodies compared with 8% of infants born to infected mothers (35).

However, our knowledge is limited regarding the immune response in pregnant women infected by SARS-CoV-2 and the immunopathological mechanisms in maternal and neonatal outcomes. Studying the maternal immune response after infection and the in-utero antibody transfer can help understand neonatal vulnerability to infection and protection.

In this study, we investigated the inflammatory and humoral responses to SARS-CoV-2 in maternal and cord blood samples collected from pregnant women who had tested positive during the third trimester of pregnancy, and their neonates, by measuring antibody levels against SARS-CoV-2 antigens, their IgG transplacental transfer, and cytokine concentrations.



Materials and methods


Study design, participants and sample collection

This is a prospective case-control study in which pregnant women were recruited at delivery at Hospital Sant Joan de Déu (HSJD), Barcelona (Spain) between April and August 2020, before having COVID-19 available vaccines. Women approached were those visited at the hospital, or who arrived in labor or with a programmed induction of labor. To capture the maximum number of SARS-CoV-2 infected mothers inclusion criteria were: i) women with a positive SARS-CoV-2 rRT-PCR; and/or ii) symptoms consistent with SARS-CoV-2 infection (high temperature, fatigue, muscular pain, diarrhea, taste and smell loss, cough, difficulty breathing, pneumonia); and/or iii) direct contact (more than 15 min and less than 2 m distance) with someone diagnosed with COVID-19 by rRT-PCR during the third trimester. Pregnant women who did not meet any of the inclusion criteria were recruited for the control group. Women with multiple gestations, aged <18 or >45 years, with a fetus affected by abnormal karyotype, structural abnormalities, congenital infections, or who did not communicate in Catalan, Spanish or English, were excluded from the study. Thirty-six mother-newborn pairs were enrolled in the study. The study protocol was approved by the Ethics Committee for Clinical Research of the HSJD with the approval code number PIC 48-20, and informed consent was obtained from each participant.

Maternal (age, parity, ethnic group and pathologies) and pregnancy (high blood pressure, gestational diabetes, fetal growth retardation, preterm delivery or other pregnancy complications) variables as well as perinatal outcomes (type of delivery or any newborn complications), were recorded in a questionnaire or obtained from medical records.

Maternal and neonatal nasopharyngeal swabs, and maternal peripheral and cord blood samples, were collected just after delivery. Nasopharyngeal swabs were used for SARS-CoV-2 detection by rRT-PCR. Blood samples were processed to isolate serum that was stored at -80˚C until the analysis of antibody levels and cytokines. Data from the rRT-PCR and serology tests performed with the samples collected just after delivery was used to reallocate mothers to the case (infected) or control (not infected) groups, for the subsequent analyses.



Antibody luminex assays

IgM, IgG and IgA antibodies to six SARS-CoV-2 antigens were measured in mother and cord serum samples by Luminex as previously described (36). SARS-CoV-2 antigens included in the panel were: the spike full-length protein (S), its subunits S1 and S2, the receptor-binding domain (RBD), the nucleocapsid full-length protein (N FL) and its C-terminus region (N CT) (37). The full-length N proteins from the four HuCoVs OC43, HKU1, 229E and NL63 (37) were also included in the IgG panel. A positive control curve and four blanks were included in each assay plate for QA/QC purposes, and 129 pre-pandemic samples as negative controls to estimate the seropositivity cutoffs. To quantify IgM, test samples and controls were pre-treated with anti-human IgG (Gullsorb) to avoid IgG interferences. Paired mother-cord samples were tested in the same assay plate. At least 50 microspheres per analyte/well were acquired, and the median fluorescence intensity (MFI) was reported for each analyte. Assay positivity cutoffs specific for each isotype and antigen were calculated as 10 to the mean plus 3 standard deviations (SD) of log10-transformed MFI of the 129 pre-pandemic controls. A more detailed description of the antigens and the assay are included in the Supplementary Material.



Cytokine luminex assay

The Cytokine Human Magnetic 30-Plex Panel from Invitrogen™ was used to measure the concentrations of 30 analytes in serum from mothers and cord blood samples. Samples were tested using half of the reagents following a modification of the manufacturer’s protocol (38–40). Paired mother-cord samples were tested in the same assay plate. Each plate included 16 serial dilutions (2-fold) of a standard curve, two blank controls and three positive controls of high, medium and low concentrations for QA/QC purposes. Samples were acquired on a Luminex® 100/200. The interpolation of concentrations and imputation of missing data was done using the R package drLumi (41). A more detailed description of the analytes and the assay are included in the Supplementary Material.



Groups definitions and statistical analysis

SARS-CoV-2 infected mother groups were reallocated using serological data from the antibody Luminex assay. Thus, mothers were classified as infected when having a SARS-CoV-2 positive rRT-PCR during the third trimester and/or being seropositive just after delivery, and non-infected when not having reported any SARS-CoV-2 rRT-PCR positive during the third trimester and being seronegative just after delivery. Pregnant women were considered seropositive if positive for one or more isotype-antigen pairs. Time since the infection was estimated as the time since positive rRT-PCR or symptoms onset to delivery. This variable was not available for three mothers who were seropositive just after delivery but did not report any positive rRT-PCR or symptoms.

A comparison of clinical and demographic characteristics between infected and non-infected mothers was performed by the Wilcoxon-rank-sum-test for age (continuous) and by Fisher’s exact test for the rest of the variables (categorical). Antibody and cytokine data were log10-transformed to perform the statistical analysis and non-parametric tests were used. The IgG transplacental transfer was calculated as the log10-transformed ratio of antibody levels (MFI) in cord vs. mother in paired samples. Comparisons of antibody and cytokine levels between the study groups were performed by the Wilcoxon-rank-sum-test. Correlations between analytes were assessed with Spearman’s rank correlation coefficient ρ (rho) and p-values were computed via the asymptotic t approximation. Univariable linear regression models were performed to assess the associations between IgG transplacental transfer (ratio MFI Cord/MFI Mother) as the outcome variable and SARS-CoV-2 infection, infection during the third trimester or just after delivery, time since infection, gestational age, and birth weight as predictor variables. Nominal p-values (not adjusted for multiple testing due to small sample size) of <0.05 were considered statistically significant. All data processing and statistical analyses were performed using the R software version 4.1.1.




Results


Pregnancy outcomes in SARS-CoV-2 infected mothers

Our study included 36 pregnant women, 23 SARS-CoV-2 infected and 13 non-infected. No differences were observed between these two groups regarding parity, maternal age at delivery, ethnicity or pathologies (Table 1). Among the non-infected women, two reported COVID-19 compatible symptoms probably from another viral infection. Although having symptoms consistent with COVID-19 was an inclusion criterion for those infected or possibly infected with SARS-CoV-2, we included these two cases in the non-infected group because they were neither rRT-PCR positive nor seropositive. Thirty-nine % (9/23) of the infected women showed pregnancy complications vs. 15% (2/13) of the non-infected, although differences were not statistically significant (p=0.086). Pregnancy complications were of different etiologies without a predominant one (Table 1). Twenty-two % (5/23) of the newborns from infected women had complications vs. none of the 13 born from non-infected mothers, although differences were not statistically significant (p=0.089). Newborn complications consisted of three premature, one with hyperbilirubinemia and one with lymphopenia. None of the newborns tested positive for SARS-CoV-2 rRT-PCR just after delivery, and neither showed detectable levels of IgM or IgA in cord blood, which are indicative of fetal infection (data not shown).


Table 1 | Characteristics of the study population.





Antibody response in SARS-CoV-2 infected mothers

From the infected group (N=23), 11 were rRT-PCR positive in the third trimester and seropositive just after delivery; eight did not report any rRT-PCR positive during pregnancy but were seropositive just after delivery (5 reported symptoms during the third trimester and 3 were asymptomatic), and 4 were rRT-PCR positive but seronegative just after delivery, denoting recent infections or deficiency in producing antibodies. Anti-SARS-CoV-2 antibody levels did not differ between infected rRT-PCR positive (N=15) and negative (N=8) mothers during the third trimester (Figure 1). Infected mothers showed higher antibody levels compared to non-infected mothers (p≤0.01) regardless of the rRT-PCR status, except for IgM against N antigen (Figure 1). Among the infected mothers, those with symptoms showed an overall trend of higher antibody levels compared to asymptomatic mothers although not statistically significant except for IgA to RBD (p=0.049) (Figure S1).




Figure 1 | Anti-SARS-CoV-2 antibody levels in mothers stratified by infection and rRT-PCR (PCR) results. Comparison of anti-SARS-CoV-2 IgM, IgG and IgA serum levels (log10 median fluorescence intensity, MFI) between infected mothers who tested COVID-19 positive by rRT-PCR during the third trimester (+PCR, N=15, in green), those that tested negative (-PCR, N=8, in red) and non-infected mothers (N=13, in blue). The boxplots represent the median (bold line), the mean (black diamond), the 1st and 3rd quartiles (box) and the largest and smallest values within 1.5 times the inter-quartile range (whiskers). Groups were compared by the Wilcoxon-rank-sum-test. The red line indicates the seropositivity cutoff calculated as 10 to the mean plus 3 standard deviations (SD) of log10-transformed MFI of 129 pre-pandemic controls. Antigens: nucleocapsid full-length (N FL) and C-terminus (N CT), spike full-length (S), S1 and S2 subunits, and receptor-binding domain (RBD).





Effect of time since infection on SARS-CoV-2 antibody levels

We evaluated the association of antibody levels with time since infection in paired infected mother-cord samples. Anti-SARS-CoV-2 IgG levels in cord blood showed moderate positive associations with time since infection (ρ=0.3-0.54) for all antigens, being lower when the infection was closer to delivery, as expected, and the associations were statistically significant for S, S1 and RBD (Figure 2). However, only IgG levels to S1 and RBD showed moderate positive associations with time since infection in maternal samples (ρ=0.3) and were not statistically significant (Figure 2).




Figure 2 | Correlations between anti-SARS-CoV-2 IgG levels and time since infection. Correlations of anti-SARS-CoV-2 IgG levels (log10 median fluorescence intensity, MFI) in infected mothers (blue) and cord blood (red) with time since infection (days since positive rRT-PCR or symptoms onset), represented as a linear model with standard error as confidence interval (shaded areas) and assessed by the Spearman test, showing the rho (ρ) and p-values. Only data from SARS-CoV-2 infected mothers and their newborns are included (N=20). Antigens: nucleocapsid full-length (N FL) and C-terminus (N CT), spike full-length (S), S1 and S2 subunits, and receptor-binding domain (RBD).





IgG transplacental transfer in SARS-CoV-2 infected mothers

Among infected mothers, antigen-specific IgG levels in serum showed moderate to strong positive correlations with levels in cord blood (ρ=0.54-0.8, p<0.05, Figure 3A). Contrary to what was observed in mother samples, IgG levels to S antigens in cord blood showed significant differences depending on the the maternal rRT-PCR status during the third trimester (p<0.05), being higher in the infected but rRT-PCR negative (Figure 3B), suggesting a negative effect of infection during the third trimester in the IgG transfer. To confirm this observation, we assessed the effect of the SARS-CoV-2 infection on the IgG transplacental transfer by linear regression models in paired seropositive infected mothers and cord blood. The rRT-PCR positive mothers just after the delivery or during the third trimester transferred fewer anti-SARS-CoV-2 IgGs to cord blood compared to rRT-PCR negative, except for N FL antigen when tested positive during the third trimester (Figures 4A and S2A, p<0.01). Then, we investigated if this IgG transplacental transfer reduction was extensible to HuCoVs antigens by linear regression models in all study population. Being infected with SARS-CoV-2 reduced the transference of IgG to 229E N antigen (p<0.05) and having a positive rRT-PCR, either during the third trimester or just after delivery, to OC43 N antigen (p<0.05) (Figures 4B and S2B). This suggests a most noticeable negative effect for anti-SARS-CoV-2 antibodies. Gestational age and birth weight, two variables strongly associated with antibody transfer, did not affect the SARS-CoV-2 IgG transplacental transfer in seropositive infected mothers (Figure S3).




Figure 3 | Anti-SARS-CoV-2 antibody levels in cord blood. (A) Correlations of anti-SARS-CoV-2 IgG levels (log10 median fluorescence intensity, MFI) in paired infected mothers and cord blood samples represented as a linear model with standard error as confidence interval (shaded areas) and assessed by the Spearman test, showing the rho (ρ) and p-values. (B) Comparison of anti-SARS-CoV-2 IgG cord blood levels (log10 MFI) between infected mothers who tested COVID-19 rRT-PCR positive (+PCR, N=13, in green) during the third trimester, those that tested rRT-PCR negative (-PCR, N=8, in red) and from non-infected mothers (N=12, in blue). The boxplots represent the median (bold line), the mean (black diamond), the 1st and 3rd quartiles (box) and the largest and smallest values within 1.5 times the inter-quartile range (whiskers). Groups were compared by the Wilcoxon-rank-sum-test. The red line indicates the seropositivity cutoff calculated as 10 to the mean plus 3 standard deviations (SD) of log10-transformed MFI of 129 pre-pandemic controls. Antigens: nucleocapsid full-length (N FL) and C-terminus (N CT), spike full-length (S), S1 and S2 subunits, and receptor-binding domain (RBD).






Figure 4 | Association of SARS-CoV-2 infection and time since infection on IgG transfer from mother to the newborn in univariable linear regression models. Forest plots show the effect of SARS-CoV-2 infection, positive rRT-PCR (+PCR) during the third trimester or at delivery, and the time since infection (days since positive rRT-PCR or symptoms onset) on IgG transfer from mother to the newborn (MFI Cord/MFI Mother) for (A) SARS-CoV-2 antigens in seropositive paired infected mothers and cord blood and (B) HuCoVs N proteins in all study population. Univariable linear regression models were fitted to calculate the betas (dots) and 95% confidence intervals (CI) (lines). The color of the dots represents the p-value significance, where *p-value ≤ 0.05, **p-value ≤ 0.01 and ***p-value ≤ 0.001, ns, not significant. Antigens: nucleocapsid full-length (N FL) and C-terminus (N CT), spike full-length (S), S1 and S2 subunits, and receptor-binding domain (RBD).



According to the lower anti-SARS-CoV-2 IgG levels observed in cord blood in recent compared to past infections (Figure 2), there was a positive effect of time since infection on anti-SARS-CoV-2 IgG transplacental transfer (Figures 4A and S4). This observation together with the lack of correlation of maternal antibody levels with time since infection, confirms the impact of SARS-CoV-2 infection on IgG transplacental transfer and suggests a stronger negative effect when the infection is closer to delivery. Time since infection did not affect the HuCoVs IgG transference (Figure 4B).



Fetus sex effect on SARS-CoV-2 antibody response

SARS-CoV-2 infected mothers with a male fetus had higher SARS-CoV-2 antibody levels in serum compared to those with a female fetus (Figure 5A), specifically IgM against S, S1 and RBD (p<0.05); IgA against N antigens and S1 (p<0.05); and IgG to all antigens (p<0.05). However, no differences were found in cord blood samples (data not shown). Also, no differences were found by fetus sex in antibody levels against the N antigen of the HuCoVs, neither in the mother nor cord blood (data not shown). Interestingly, there was a trend of lower anti-SARS-CoV-2 IgG transplacental transfer in mothers carrying a male fetus compared to mothers carrying a female (Figure 5B), but not statistically significant. The same trend, not statistically significant, by fetus sex was observed for the transfer of IgG to N of the HuCoVs in SARS-CoV-2 infected mothers (Figure S5).




Figure 5 | Anti-SARS-CoV-2 antibody levels by fetus sex. (A) Comparison of anti-SARS-CoV-2 levels (log10 median fluorescence intensity, MFI) in infected mothers between those who had a male fetus (N=14, in red) and those who had a female fetus (N=9, in blue). (B) Comparison of the ratios of IgG levels (log10 MFI) to SARS-CoV-2 antigens in cord blood vs. mother peripheral blood from seropositive mothers who had a male fetus (N=10, in red) and those that had a female fetus (N=7, in blue). The boxplots represent the median (bold line), the mean (black diamond), the 1st and 3rd quartiles (box) and the largest and smallest values within 1.5 times the inter-quartile range (whiskers). Groups were compared by the Wilcoxon-rank-sum-test. The red line indicates the seropositivity cutoff calculated as 10 to the mean plus 3 standard deviations (SD) of log10-transformed MFI of 129 pre-pandemic controls. Antigens: nucleocapsid full-length (N FL) and C-terminus (N CT), spike full-length (S), S1 and S2 subunits, and receptor-binding domain (RBD).





Cytokine profile in SARS-CoV-2 infected mothers

SARS-CoV-2 infected mothers had higher serum concentrations of the growth factor EGF, the Th2 cytokine IL-13, the pro-inflammatory marker IL-2R, the anti-inflammatory cytokine IL-17, and the chemokines IP-10, MIG and MIP-1β (p<0.05) compared to non-infected mothers (Figures 6A and S6). Those with symptoms at any time during the third trimester showed higher levels of growth factors EGF, G-CSF and HGF, the pro-inflammatory cytokines IL-1β and IL-6, and the chemokines IP-10, MCP-1 and MIG (p<0.05) compared to the asymptomatic ones (Figures 6B and S7); and when the symptoms were at delivery, FGF, the anti-inflammatory cytokine IL-15, the Th1 markers IL-2, IL-2R, MIP-1α, MIP-1β and the pro-inflammatory cytokine TNF-α (p<0.05) were also increased (Figures 6C and S8).




Figure 6 | Cytokine, chemokine and growth factor concentrations in SARS-CoV-2 infected mothers. Comparison of inflammatory markers concentrations (log10 pg/ml) in serum between (A) Infected (N=23, in red) vs. non-infected (N=13, in blue) mothers; (B) Infected symptomatic (N=13, in red) vs. asymptomatic (N=10, in blue) mothers during the third trimester; (C) Infected symptomatic (N=11, in red) vs. asymptomatic (N=12, in blue) mothers at delivery. Groups were compared by the Wilcoxon-rank-sum-test. Only significant comparisons are shown, the remaining are in Figures S6–8.



Newborns from infected mothers showed higher concentrations of the pro-inflammatory cytokine IFN-α (p=0.044) in cord blood than those from non-infected mothers (Figures 7A and S9). Newborns from mothers with symptoms at any time during the third trimester presented higher levels of EGF, FGF and IL-17 (p<0.05) in cord blood compared to those from asymptomatic ones (Figures 7B and S10); and when symptoms were at delivery IL-15 was also increased while the chemokine RANTES was decreased (p<0.05) (Figures 7C and S11). Infected mothers showed positive significant correlations for EGF, HGF, IL-13, IL-17, IL-1β, IL-1RA, IL-5, IL-7 and IL-8, and MIP-1β (ρ=0.44-0.77, p<0.05) concentrations in serum and cord blood (Figures 8 and S12).




Figure 7 | Cytokine, chemokine and growth factor concentrations in cord blood from children born from SARS-CoV-2 infected mothers. Comparison of inflammatory markers concentrations (log10 pg/ml) in cord blood between (A) Infected (N=21, in red) vs. non-infected (N=12, in blue) mothers; (B) Infected symptomatic (N=12, in red) vs. asymptomatic (N=9, in blue) mothers during the third trimester; (C) Infected symptomatic (N=11, in red) vs. asymptomatic (N=12, in blue) mothers at delivery. Groups were compared by the Wilcoxon-rank-sum-test. Only significant comparisons are shown, the remaining are in Figures S9–11.






Figure 8 | Correlations of cytokine, chemokine and growth factor concentrations in serum and cord blood from SARS-CoV-2 infected mothers. Correlations of inflammatory markers concentrations (log10 pg/ml) in serum blood and cord blood from SARS-CoV-2 infected mothers are represented as a linear model with standard error as a confidence interval (shaded areas). Correlations were assessed by the Spearman test, and the rho (ρ) and p-values are shown. Only significant correlations are shown, the remaining are in Figure S12.





Fetus sex effect on SARS-CoV-2 cytokine response

SARS-CoV-2 infected women carrying a male fetus had higher concentrations of EGF, IL-15 and the regulatory cytokine IL-7 in serum compared to women carrying a female fetus (Figure S13, p<0.05). There were no differences in any of the analytes tested by the sex of the fetus in cord samples (data not shown).




Discussion

The SARS-CoV-2 infection during the third trimester induced a robust antibody and cytokine response detected at delivery in the mother and cord blood. Symptomatic mothers induced higher levels of cytokines and SARS-CoV-2 specific antibodies than asymptomatic women, and maternal levels correlated with cord blood levels. However, the infection during the third trimester caused an impairment of the IgG transplacental transfer that was stronger when the infection was closer to delivery. Furthermore, we observed that mothers carrying a male fetus induced higher anti-SARS-CoV-2 antibody levels and had higher EGF, IL-15 and IL-7 concentrations than mothers carrying a female fetus.

Among the infected pregnant women, those with symptoms had higher anti-SARS-CoV-2 antibody levels, especially IgA and IgM to RBD. Higher RBD-IgA levels in symptomatic infections in non-pregnant adults have been previously reported (42–44). Two recent studies have also reported higher RBD-IgG levels at delivery in pregnant patients with symptomatic infections compared to the asymptomatic ones (31, 45), and it probably impacts the passive transfer of protective IgA through breast milk.

SARS-CoV-2 infected mothers with symptoms presented increased levels of several cytokines compared to the asymptomatic ones, and cytokine serum levels correlated with cord blood levels. In a SARS-CoV-2 infection, inflammatory cytokine storms are an important cause of severe manifestations of COVID-19. This is critically important in the case of pregnant women because of the consequences for the fetus. We observed higher levels of IL-1β, IL-6 and TNF in symptomatic mothers, and of IFN-α in cord blood from SARS-CoV-2 infected mothers. Elevated levels of these cytokines may affect fetal development, increase the risk of neurological diseases, and lead to abortion in the first and second trimesters and preterm birth in the third trimester (46). We also observed increased levels of IL-17 in cord blood from infected symptomatic mothers. High levels of IL-17 can lead to cortical dysplasia and behavioral abnormalities in fetuses and increase the probability that offspring develop mental illness in adulthood (46). However, cytokine data have to be considered with caution due to the dramatic fluctuation of cytokines intrapartum. Normal delivery is pro-inflammatory and women with pregnancy complications, such as preterm delivery or fetal growth retardation, have an ever more pro-inflammatory profile (47), making it difficult to disentangle what is due to COVID-19 or to inflammatory changes in the labor process.

We observed that maternal antibody levels highly correlated to cord blood levels, similar to previous studies (31, 45). However, rRT-PCR positive mothers during the third trimester of pregnancy had a reduction in the IgG transplacental transfer, also observed in previous studies (31–34). We also found that the negative effect of the infection on the IgG transfer was stronger as the infection was closer to delivery. Previous studies have reported that the IgG transfer ratio at birth is significantly lower for third trimester as compared to second-trimester infections (48–50). This could be because the mother has been seropositive for a shorter period, therefore maternal antibody levels may have not reached the peak response and there has been less time for transfer of antibodies. However, we did not detect an effect of antibody levels in the mother by time since infection. Moreover, in the transfer ratio, the IgG levels in cord blood we corrected by the IgG levels in the mother. In addition, although it has been previously documented that preterm newborns have reduced IgG transplacental transfer (51, 52), prematurity was ruled out as the cause of the reduction of SARS-CoV-2 IgG transfer because neither gestational age nor birth weight were associated. All together suggest that SARS-CoV-2 infections closer to term have a stronger negative impact on the IgG transplacental transfer. Interestingly, the reduction in IgG transfer was more marked for the anti-SARS-CoV-2 IgGs than for the anti-HuCoV IgGs. This stronger effect on the transfer of anti-SARS-CoV-2 IgGs vs. other IgGs has also been observed in the studies by Edlow et al. (34) and Atyeo et al. (49). They suggest a potential alteration in the Fc region glycosylation of SARS-CoV-2–specific antibodies probably mediated by the inflammation (34, 49), which may result in a compromised transfer by the Fc receptors (53). Neonatal transferred anti-SARS-CoV-2 antibodies may also be of lower activity (49) and short-lived (54), which raises further concern.

Mothers carrying a male fetus had higher concentrations of EGF, IL-15 and IL-7 cytokines, and induced higher antibody levels against SARS-CoV-2 than those carrying a female, but IgG transfer to the fetus was less efficient in the first ones. Previous studies have shown that fetal sex influences maternal serum cytokine and antibody profiles (55–57). In the context of SARS-CoV-2 infection, a recent study has reported similar results to ours, and a more pronounced SARS-CoV-2-specific antibody glycosylation in mothers carrying a male fetus, which would explain the reduced transplacental transfer (58).

In line with previous studies, SARS-CoV-2 infected pregnant women and their newborns showed more gestational complications than the non-infected women, although differences did not reach statistical significance. An increased risk of adverse birth outcomes, preterm birth, preeclampsia, cesarean section, and even stillbirth, neonatal death and maternal mortality has been reported in COVID-19 positive pregnant women (59–63). A surveillance study by the CDC also showed that pregnant women suffer a greater clinical burden due to COVID-19 than their non-pregnant counterparts (10). A meta-analysis of 86 studies reported a high proportion of pregnant women with COVID-19 who had preterm birth (22%) and cesarean delivery (48%), and higher estimated rates of admission to the ICU (7% vs. 4% of non-pregnant women) (64).

One of the main strengths of the study is the broad panel of antigen-specific antibodies of three isotypes, including SARS-CoV-2 and HuCoVs, and cytokines measured, which allows having a very comprehensive picture of the humoral immune response in SARS-CoV-2 infected pregnant women and their newborns. However, the study has some limitations. The main one is the small sample size. Also, we did not adjust the p-values for multiple comparisons due to the small sample size, and therefore results should be taken with caution and require further validation. Larger sample size would have increased the statistical power to detect additional differences. It would have also been interesting to have histological data on placental samples to assess associations with the humoral response, the antibody transfer, and the delivery outcomes.

Results from this study indicate that we should pay greater attention to women infected with SARS-CoV-2 and their newborns. Children born to mothers with SARS-CoV-2 during pregnancy should be longitudinally observed to assess long-term outcomes. In addition, the vaccination of pregnant women should be highly recommended. Safety data on COVID-19 vaccines in pregnancy are rapidly accumulating without safety concerns being detected (65–68). However, additional longitudinal studies of vaccinated pregnant women at different trimesters and information on vaccine breakthroughs are necessary to inform maternally, pregnancy, and infant outcomes.

Future studies should further address the impact of SARS-CoV-2 infection in vaccinated and unvaccinated mothers along with gestational age on immune responses, how those affect fetal development, antibody mammary transfer, and the mechanisms underlying them. This knowledge may provide insights for vaccination strategies to assure the greatest protection for both mother and neonate.
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Background

The global burden of persistent COVID-19 in hemodialysis (HD) patients is a worrisome scenario worth of investigation for the critical care of chronic kidney disease (CKD). We performed an exploratory post-hoc study from the trial U1111-1237-8231 with two specific aims: i) to investigate the prevalence of COVID-19 infection and long COVID symptoms from our Cohort of 178 Brazilians HD patients. ii) to identify whether baseline characteristics should predict long COVID in this sample.



Methods

247 community-dwelling older (>60 years) patients (Men and women) undergoing HD (glomerular filtration rate < 15 mL/min/1.73m2) with arteriovenous fistula volunteered for this study. All patients presented hypertension and diabetes. Patients were divided in two groups: without long-COVID and with long-COVID. Body composition, handgrip strength, functional performance, iron metabolism, phosphate, and inflammatory profile were assessed. Patients were screened for 11-months after COVID-19 infection. Results were considered significant at P < 0.05.



Results

We found that more than 85% of the COVID-19 infected patients presented a severe condition during the infection. In our sample, the mortality rate over 11-month follow was relatively low (8.4%) when compared to worldwide (approximately 36%). Long COVID was highly prevalent in COVID-19 survivors representing more than 80% of all cases. Phosphate and IL-10 were higher in the long COVID group, but only phosphate higher than 5.35 mg/dL appears to present an increased prevalence of long COVID, dyspnea, and fatigue.



Conclusion

There was a high prevalence of COVID-19 infection and long COVID in HD patients from the Brazilian trial ‘U1111-1237-8231’. HD clinics should be aware with phosphate range in HD patients as a possible target for adverse post-COVID events.





Keywords: inflammation, phosphate, post-COVID, nephrology, hemodialysis



Introduction

Coronavirus disease 2019 (COVID-19), caused by the severe acute respiratory syndrome coronavirus-2 (SARS-CoV-2) has impacted worldwide public health (1, 2). More than 6 million deaths were registered by May 2022, being more evident in Europe and Americas (https://covid19.who.int/; assessed 30 May 2022). Recent studies suggest that are several risk factors for severe or fatal COVID-19 that differs according to pre-existing diseases status (1, 3).

Chronic kidney disease (CKD) has emerged as an independent risk factor for the severeness of COVID-19 illness (1, 3–5). Such adverse condition appears to be related with impaired immune function, low-grade chronic inflammation, cardiovascular diseases, frailty, and endothelial dysfunction, which are enhanced according to the severity of CKD, especially in patients undergoing maintenance hemodialysis (HD) (6–8). The Centre for the Mathematical Modeling of Infectious Diseases COVID-19 working group (1) suggested CKD as an important risk factor for severe COVID-19. Furthermore, the ERA-EDTA Council (European Renal Association and European Dialysis and Transplantation Association) and the ERACODA Working Group demonstrated that HD (2021) (9), organ transplantation, and low renal function (estimated glomerular filtration rate < 30 mL/min/1.73m2) are associated with highest mortality risk from COVID-19. Carriazo et al. (7) showed that the increased mortality rate persists during the one-year after COVID-19 diagnosis in HD patients. Therefore, it is recommended that patients undergoing HD that were infected with COVID-19 should be monitored continuously to avoid future complications, especially in the first three months (8).

The long-term of new, returning, or ongoing health issues after the first infection with SARS-CoV-2 is recognized as post-acute COVID-19 syndrome conditions or long COVID (10–12). This scenario can last ranging from weeks to years. Post-COVID symptoms mostly reported are fatigue, fever, shortness of breath, cough, body aches, heart palpitations, neurological symptoms, diarrhea, stomach pain, and body aches (13). Noteworthy, subjects with underlying health conditions, including HD patients are likely to develop long-COVID (8, 11–14). Considering the global interest on how COVID-19 symptoms might persist in HD patients, as well as possible targets to avoid this condition, we performed an exploratory post-hoc study from the trial U1111-1237-8231 (15) with two specific aims: i) to characterize COVID-19 infection and long COVID symptoms from our Cohort of 178 Brazilians HD patients. ii) to identify whether baseline characteristics should predict long COVID in this sample. This study provides relevant information regarding the prevalence of COVID-19 and long COVID in HD patients and suggested phosphate and interleukin (IL-10) as possible targets associated with post-COVID conditions.



Methods

This study is a follow-up study of data from the trial U1111-1237-8231. This study has been conducted prospectively in hemodialysis clinics from Brazil and has been previous described (15). It is worth to state that this manuscript presents additional data from the study of 15. Briefly, this study covered 247 (two hundred and forty-seven) community-dwelling older patients undergoing HD (glomerular filtration rate < 15 mL/min/1.73m2) with arteriovenous fistula who volunteered for this study. All patients presented hypertension and diabetes. Eligibility criteria for participants were: (i) age equal to or older than 60 years; (ii) hemodialysis for at least 3 months; (iii) dialysis at least three times per week; and (iv) no significant medical complications in the last 3 months, except for vascular access correction. Exclusion criteria were: (i) systemic lupus erythematosus; (ii) congenital kidney malformation or some auto-immune disease that affects the kidneys; (iii) severe decompensated diabetes. Participants were informed about the procedures and possible risks of participation in the study. Before participation in the research project, each participant completed a medical history questionnaire and voluntarily signed a written informed consent form. The study was conducted according to the Declaration of Helsinki (1975). All methods and procedures were approved by the Local Human Research Ethics Committee, Brazil (no 08856012.6.0000.5505 and updated 23007319.0.0000.0029). Furthermore, a new protocol register number was made and approved for conducting the study with COVID-19 patients (no 47011221.2.0000.5086). After 11-month follow-up only 178 patients were analyzed for COVID-19 and long-COVID. All patients’ selection can be found in Figure 1.




Figure 1 | Participant’s flow-chart.




Anthropometric assessment

All subjects were weighed on a mechanical scale (Filizola®, São Paulo, Brazil), and height was measured with a stadiometer built into the scale (precision: 0.5 cm). Waist circumference was assessed at the level of umbilicus using an anthropometric tape (Sanny®, São Paulo, Brazil). Body composition was measured using a Prodigy Advance Plus (LUNAR,Corp/General Electric; Madison, Wisconsin, USA) dual-energy X-ray absorptiometry (DXA) according to previously specified procedures (16). All measurements were carried out by the same experienced researcher.



Handgrip strength and functional performance

Handgrip strength was measured with a hydraulic hand dynamometer (Jamar® - Sammons Preston, Bolingbrook, USA). According to the recommendations of the American Society of Hand Therapists, measurements were performed with participants in a sitting position, elbow joint at 90°, forearm in a neutral position, and wrist between 0° and 30° of extension. The best performance of three trials in the contralateral arm to the arteriovenous fistula was recorded and used for the present analyses (17, 18). Functional performance was evaluated by the Timed Up-and-Go (TUG) test and six-minute walking test (6MWT). Procedures were fully explained before the assessment, followed by a familiarization attempt as described elsewhere (19).



Medications in use

All patients had similar medication regimen. Briefly, for glucose control the most common treatment was long-acting insulin. Erythropoietin was administered raging from 50 to 100 UI/kg three times/week with constant adjustments for anemia control. Simvastatin, Pravastatin, Fluvastatin, and Rosuvastatin with the following doses/day: 5 – 20mg, 10 – 40mg, 80mg, 10 – 20mg, respectively. Phosphate binder Sevelamer was administered 800mg three times/day to control phosphate levels between 5.5 and 7.5mg/dL.



Blood collection

Venous blood samples were obtained from all patients to measure biochemical variables using dry and EDTA containing tubes. All blood was obtained before COVID infection. Samples were obtained in the morning (8 to 12 h of fasting) and all patients were instructed not to practice any physical activity for 48 h before. Samples were centrifuged at 1500 x g for 15 min; after processing, the specimens were aliquoted into cryovials and stored at -80° C.



Inflammatory profile

The systemic TNF-α, IL-6, and IL-10 levels were measured in triplicate by enzyme-linked immunosorbent assay (ELISA) kits from R&D Systems (Minneapolis, MN, USA) according to the manufacturer’s instructions. The detectable limits for TNF-α, IL-6, and IL-10 were 10, 18, and 0.2 pg,mL-1, respectively. The overall intra- and inter-assay CVs for inflammatory markers and hepcidin were in a range from 2.3 to 10%.



COVID and post-acute COVID-19 syndrome assessment

Covid diagnostic by PCR and severity, including hospitalizations, deaths, nursery, intensive care unit, and supplementary O2 was obtained through the 11-months follow-up by checking the medical records from the HD clinic. Long COVID symptoms were recorded by performing a semi-structured telephone call, conducted through all 11-months follow-up. During the interviews patients were asked if they are feeling dyspnea, dizziness, headache, myalgia, cognitive deficits, and fatigue. After that, the interviewer checked with the responsible person for the patient if all the symptoms are corrected recorded and if they were not evident before COVID infection. At least ten contact attempts were made to each volunteer with missed calls. All telephone calls were made by the same person, who had experience with telephone interviews (20). The long-term of new, returning, or ongoing health issues after the first infection with SARS-CoV-2 recognized as post-acute COVID-19 syndrome conditions or long COVID (10–12).



Statistical analysis

Descriptive characteristics are presented as means and standard deviations unless otherwise noted. The Shapiro–Wilk test and Levene were used to verify data distribution nature and homogeneity, respectively. X2 tests were performed to compare categorical variables, while continuous variables were tested for significance by performing a student t test to compare groups (with and without post-covid syndrome. The Receiver Operating Characteristic (ROC) curve was generated plotting sensitivity (y-axis) as a function of 1-specificity (x-axis). Sensitivity or true-positive points to the individual that was correctly diagnosed with the outcome by an indicator. 1-specificity or true-negative refers to the subjects that were wrongly diagnosed with the outcome by an indicator. In the present study, to be considered an indicator, the area under the ROC curve should be higher than 0.50 and lower than 1.00. Therefore, a larger area indicates a greater discriminatory power of the respective indicator. Herein the two elected indicators were phosphate and IL-10. To establish the cut-off point, was considered the closest value between sensitivity and 1-specificity not lower than 0.60. Furthermore, the odds ratio (95% confidence interval [CI]) were obtained for phosphate and IL-10 to verify the likelihood to present post-covid syndrome according to the cut-off points established for both variables.

After performing the aforementioned analysis, phosphate was elected as a possible predictor of the post-covid syndrome. Therefore, the subjects were subgrouped according to the cut-off points established by the ROC curve (group 1: phosphate <5.35; group 2: phosphate >5.35). For that purpose, the groups were than compared using a chi-squared test. Results were considered significant at P < 0.05, and all analysis were performed using IBM Corp. Released 2013. IBM SPSS Statistics for Windows, version 22.0. Armonk, NY: IBM Corp. And GraphPad Prism version 8.0.0 to Windows, GraphPad Software, San Diego, california, EUA, www.graphpad.com “.




Results

COVID infection occurs raging from April to December of 2020. The prevalence of COVID-19 in our Cohort was 54.5%. 87% were hospitalized, 91.6% needed nursery, 98.8% used supplementary O2, and 91.6% were hospitalized in an intensive care unit. Time of hospitalization ranged from 1 to 11 days (mean ± SD: 5.95 ± 3). Furthermore, patients were not vaccinated yet. As observed on Figure 1, there were 15 deaths (8.4%) from the patients infected with COVID-19 in an eleven-months follow-up. From the 77 survivors (79.38%), 64 developed long covid (83.12%). Approximately 30% of the patients presented at least four post-covid symptoms, which the most prevalent were dyspnea and fatigue (78 and 77%, respectively). No differences were found between men and women related to post-covid syndrome (P > 0.05). See Figure 2




Figure 2 | Percent of long covid symptoms (A), frequency of men and women for each number of post-covid symptoms, and frequency of each symptom in hemodialysis patients (B). Percent of each post-covid symptoms (C)
.



Baselines characteristics stratified by the long covid diagnosis are described on Table 1. Patients that developed long covid demonstrated higher values of phosphate and IL-10 when compared to patients without long covid. In this context, a ROC curve was generated to verify the cut-off points of the aforementioned variables as possible risk factors for long covid (Table 2).


Table 1 | Baseline characteristics stratified by the presence of long COVID.




Table 2 | Area under the ROC curve and odds ratio in presenting post-covid syndrome.



The cut-off point stablished by the ROC curve for phosphate and IL-10 was 5.35 mg/dL and 9.75 pg/mL, respectively. Both variables seem to predict long covid in maintenance HD patients (area under the ROC curve higher than 0.50 and lower than 1.00). However, only phosphate presented a significant odds ratio (11.118%CI: 1.279 – 96.661). See Table 2. Noteworthy, IL-10 and phosphate levels from patients who did not survive were higher than the cut points proposed in the study: 11.25 ± 3.73 and 5.63 ± 0.87, respectively.

Patients with phosphate ≥ 5.35 mg/dL presented higher prevalence of long covid. Analyzing every symptom separately, it seems that subjects with higher values of phosphate are likely to present a higher prevalence of dyspnea and fatigue. See Table 3 and Figure 3. Correlation matrix between these variables is presented on Figure 2.


Table 3 | Long COVID according with phosphate concentrations.






Figure 3 | Heat map of the correlation matrix between phosphate ≥ 5.35 with each post COVID symptoms.





Discussion

This study sought to characterize COVID-19 infection and long COVID symptoms from our cohort of 178 Brazilians HD patients, and to identify whether baseline characteristics should predict long COVID in this sample. We found that more than 85% of the COVID-19 infected patients presented a severe condition during the infection (hospitalized, needed supplementary O2, nursery or hospitalized in an intensity unit care). In our sample, the mortality rate over 11-month follow was relatively low (8.4%) when compared to the present literature (approximately 36%) (7). However, long COVID was highly prevalent in COVID-19 survivors representing more than 80% of all cases. A key finding of the study was the association of baseline phosphate and IL-10 with long COVID, demonstrating that higher levels of these two variables might be a risk factor for post-COVID complications. We suggested that patients with phosphate higher than 5.35 mg/dL may present an increased prevalence of long COVID, dyspnea, and fatigue. Although our sample size was not robust, these results may motivate further prospective and randomized trial to investigate deepest this relation between increased phosphate and long COVID.

In COVID-19-infected patients without CKD, higher levels of phosphate appear to be a protective factor against pulmonary damage, COVID severity, and mortality (21–24). Javdani et al. (25) suggests that hypophosphatemia is associated with severe lung injures, while increased serum phosphate may be associated with better CT scan of lung outcomes. Wang et al. (24) verified that hypophosphatemia at admission may be associated with increased mortality. Xue et al. (22) indicated that the severity of COVID-19 might be linked with lower phosphate levels. By this scenario, it would be rationale to infer those higher levels of phosphate would protect HD patients from long COVID since post-covid symptoms are likely related to COVID severity and organ damage (1, 4, 12). However, due to the decreased number of nephrons, CKD patients develop a compensate mechanism for phosphate balance characterized by the increase of fibroblast growth factor – 23 (FGF-23), parathormone, and decreased Vitamin D (Kuro-o, 2013; 26, 27). This mechanism precedes a hyperphosphatemia since the residual renal function are insufficient to excrete phosphate, leading to bone mineral disorders, inflammation, and interstitial fibrosis in HD patients (Kuro-o, 2013; 26, 27).

McGovern et al. (28) verified that higher serum phosphate concentrations (>1.5 mmol/L or >4.65 mg/dL) is associated with increased cardiovascular risk in CKD stages 3-5 (odds ratio = 2.34; 95% confidence interval = 1.64 – 3.32). This same study demonstrated that subjects without CKD could also present increased cardiovascular risk related to phosphate. Furthermore, even in normal ranges, greater serum phosphate is associated with vascular and valvular calcification in CKD patients (29). Noteworthy, HD patients hospitalized with COVID-19 seems to present hyperphosphatemia (30). Taken together, all this evidence underpins the results of the present study, suggesting higher serum phosphate as a possible predictors of persistence COVID symptoms. In this regard, further studies should address the impact of phosphate on COVID-19 prognosis, and long COVID prevalence among HD patients. Although our study did not present mechanistic insights, the role of phosphate in a worst prognosis of COVID patients with HD, might be related to an increased systemic inflammation (21, 31).

A striking feature of COVID-19 severity is the ‘citokine storm’ (32, 33). This phenomenon has been attributed as a clinical condition caused by an hyperactivation of immune system associated with several diseases (32). It is known that some cytokines are elevated on cytokine storm, including IL-10, TNF, and IL-6 (32, 33). Furthermore, these cytokines appear to be higher on patients infected with COVID-19 hospitalized in intensive care units (2). Although IL-10 acts as an anti-inflammatory cytokine inhibiting TNF and IL-6, it increased concentrations in cytokine storm might be likely due to insufficient counterregulatory action to the proinflammatory proteins (32). However, another hypothesis was made based on recent studies rising IL-10 as a possible proinflammatory cytokine in COVID-19 burden, but this concept must be further tested in detail (34, 35). These findings support the elevated concentrations of serum IL-10 in patients that developed long COVID presented in the present study. Suggesting that baseline IL-10 levels might be associated with post COVID symptoms. These results should encourage further researchers in identifying whether IL-10 levels could predict COVID-19 complications and long COVID.

This study presents several limitations that should be considered: first, this is a follow-up study which were not designed to analyze COVID-19 or long COVID a priori. However, considering the global burden of persistent COVID-19 in HD patients, this is a topic worth of investigation in the critical care of CKD patients. Second, the small sample size limits our inference in the general population with HD. Third, the lack of more time points of analysis limits our observation of the phenomenon. Finally, the lack of nutrition control limit our results, and we encourage further studies to control this variable. Nonetheless, to our knowledge, this is the first study that screened COVID and long COVID in HD patients and identified two possible targets (phosphate and IL10) of post-covid symptoms in this population.

In sum, there was a high prevalence of COVID-19 infection and long COVID in HD patients from the Brazilian trial ‘U1111-1237-8231’. Further studies should give a special look on serum phosphate and IL-10 levels in HD patients as possible targets of persistent COVID symptoms and severity.
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Immunocompromised patients are at increased risk for a severe course of COVID-19. Treatment of severe acute respiratory syndrome coronavirus-2 (SARS-CoV-2) infection with anti-SARS-CoV-2 monoclonal antibodies (mAbs) has become widely accepted. However, the effects of mAb treatment on the long-term primary cellular response to SARS-CoV-2 are unknown. In the following study, we investigated the long-term cellular immune responses to SARS-CoV-2 Spike S1, Membrane (M) and Nucleocapsid (N) antigens using the ELISpot assay in unvaccinated, mAb-treated immunocompromised high-risk patients. Anti-SARS-CoV-2 mAb untreated though vaccinated COVID-19 immunocompromised patients, vaccinated SARS-CoV-2 immunocompromised patients without COVID-19 and vaccinated healthy control subjects served as control groups. The cellular immune response was determined at a median of 5 months after SARS-CoV-2 infection. Our data suggest that immunocompromised patients develop an endogenous long-term cellular immune response after COVID-19, although at low levels. A better understanding of the cellular immune response will help guide clinical decision making for these vulnerable patient cohorts.
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Introduction

The severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) has caused a pandemic of coronavirus disease 2019 (COVID-19), resulting in more than 530 million infected people and 6.3 million deaths (June 2022). Despite the availability of vaccines, the pandemic remains a global health burden (1). Many risk factors for the progression of COVID-19 to a severe and critical stage have been identified, including age, underlying comorbidities such as diabetes, obesity, chronic lung diseases, and immunodeficiency (2–4). Primary SARS-CoV-2 infections as well as breakthrough infections represent a potential risk for these vulnerable groups (5) resulting in a high burden of morbidity and mortality (6). During the early pandemic, COVID-19 patients were treated with SARS-CoV-2 convalescent plasma. Numerous studies were conducted, indicating that early onset of antiviral treatment is necessary to improve the course of disease and protect against a severe outcome (7–10). Later, monoclonal antibodies (mAb) against SARS-CoV-2 became available (11). Early treatment of SARS-CoV-2 infections with mAbs such as bamlanivimab (12) or a combination of the monoclonal antibodies casirivimab and imdevimab (11) has been shown to markedly reduce the risk of hospitalization or death among high-risk patients with COVID-19 (11, 12). However, the occurrence of novel SARS-CoV-2 variants of concern (VOCs) such as Alpha (Pango nomenclature B.1.1.7), Beta (B.1.351), Gamma (P1, B.1.1.28), Delta (B.1.617.2) and Omicron (B.1.1.529) led to an increase in the frequency of reinfection and vaccination breakthrough SARS-CoV-2 infections (3, 13, 14). Some of the mutations within the SARS-CoV-2 spike antigen are associated with immune escape, and thus a reduced effectivity of monoclonal antibodies against SARS-CoV-2 spike protein variants (15, 16). However, a recent study suggests that monoclonal antibody treatment, with respect to available antibody formulations and circulating viral variants, may provide favorable outcomes for mild to moderate COVID-19 in vulnerable patients, such as solid organ recipients (17).

Although the role of antibodies induced by immunization or additionally administrated early upon infection in those patients was already described, less is known about the cellular immune response in immunocompromised patients with primary or breakthrough infections and antibody treatment (18).

In the present study, we investigated the long-term cellular immune response in severely immunocompromised unvaccinated patients suffering from a SARS-CoV-2 infection and treated with the mAb bamlanivimab or a combination of the mAbs casirivimab and imdevimab in the early phase of infection. We compared the cellular immune response of these patients with those of vaccinated immunocompromised patients with a SARS-CoV-2 infection but without antibody treatment as well as vaccinated immunocompromised patients and immunocompetent volunteers without SARS-CoV-2 infection.



Methods


Study subjects and sampling

In the present study, we investigate the long-term cellular immune response against SARS-CoV-2 spike (S), Membrane (M) and Nucleocapsid (N) antigens in immunocompromised patients with primary SARS-CoV-2 infection after early mAb treatment (group 1) up to 5 months after COVID-19. Vaccinated immunocompromised patients with COVID-19 (group 2), as well as vaccinated immunocompromised patients (group 3) and vaccinated healthy volunteers (group 4) without COVID-19 served as controls. All immunocompromised patients (group 1-3) had a medical condition associated with secondary severe immunodeficiency. Patients suffering from a primary SARS-CoV-2 infection (group 1) were treated early with monoclonal antibodies (mAbs) bamlanivimab (LY-CoV555, Eli Lilly) or casirivimab/imdevimab (Ronapreve, Roche and Regeneron), which both bind to the SARS-CoV-2 spike protein. Group 1 included 12 non-vaccinated patients. Of the 12 patients, 8 were treated with 700 mg bamlanivimab (concentration 35 mg/ml) and 4 with a combination of 1200 mg casirivimab/imdevimab (concentration of 120 mg/ml each). Antibodies were administrated intravenously. The group consisted of 2 men and 10 women, and the median age was 57 years (range 31-78). The cellular immune response in the first group was examined at a median of 146 days (range 74-182) after mAb therapy. One of the patients had breast cancer, three had a kidney transplantation (median since transplantation 5.6 years, range 4 months – 10 years), seven had a lung transplantation (median since transplantation 10.2 months, range 4 - 25 months), one prostate cancer and one cachexia. In this first group, the three kidney transplant patients had concomitant arterial hypertension and an impaired renal function. In the lung transplant recipient group, one patient had coronary artery disease as an additional risk factor for a severe COVID-19 course. Except for one patient, all solid organ transplant patients had triple immunosuppressive therapy containing prednisone, the calcineurin inhibitor (CNI) tacrolimus, and mycophenolic acid (MMF) or the mTOR inhibitor everolimus. One renal transplant patient had triple immunosuppressive therapy containing prednisolone, MMF, and belatacept.

Group 2 included 10 immunocompromised, vaccinated patients with a SARS-CoV-2 infection. All patients were vaccinated with an mRNA vaccine (BioNTech or Moderna). The group was composed of seven men and three women and the median age was 59 years (range 20-69) after hematopoietic stem cell transplantation (HSCT). HSCT took place at a median of 2.9 years (range 0.9-17) prior to blood collection and all patients achieve complete remission of their underlying hematologic malignancy. Three patients had coronary artery disease as additional COVID-19 risk factor, one patient had grade I obesity, and one had a history of chronic obstructive pulmonary disease and splenectomy. 7 patients had developed graft versus host disease (GVHD) after HSCT and were treated immunosuppressive with steroids with or without CNI for this purpose. One patient received an mTor inhibitor plus steroids. The cellular immune response was explored at a median of 145 days (range 61-230) after infection.

Group 3 included 14 immunocompromised, vaccinated patients without SARS-CoV-2 infection. All patients were vaccinated with an mRNA vaccine (n=13 Comirnaty, BioNTech/Pfizer; n=1 Spikevax, Moderna). The group contained six men and eight women with a median age of 55 years (range 21-64). Of the 14 patients, four had a HSCT a median of 4.3 years (range 1.3-16.1) prior to testing and ten had a kidney transplant at a median of 3.1 years (range 0.09-10.5) prior to blood collection. The cellular immune response in this group was examined at a median of 87 days (range 16-238) after vaccination. 3 HSCT patients were on dual immunosuppressive therapy (steroid, with CNI or MMF) because of persistent GVHD; one patient had additional arterial hypertension and diabetes mellitus as risk factors for severe COVID-19 progression. All except one kidney transplant recipients had concomitant arterial hypertension and impaired renal function and received triple immunosuppressive therapy with prednisolone, MMF, and CNI. One patient received triple immunosuppressive therapy with prednisolone, MMF, and belatacept.

Group 4 included 14 healthy volunteers after the third SARS-CoV-2 vaccination with an mRNA SARS-CoV-2 vaccine (n=3 Comirnaty, BioNTech/Pfizer; n=11 Spikevax, Moderna). The group was composed of six men and eight women and the median age was 50 years (range 29-65). They were tested at a median of 47 days (range 30-72) after the third vaccination.

There were no significant differences between the different cohorts with respect to the known COVID-19 related risk factors being sex, age, and lymphocyte count (Table 1).


Table 1 | Overview of the study cohort.



The study was conducted according to the Helsinki principles and was approved by the local ethics committee of the University Hospital Essen, Germany (20-9225-BO, 20-9254-BO, and 20-9374-BO). All subjects provided informed consent to participate in the study.



T cell ELISpot assays for S1-, M-, and N-derived SARS-CoV-2 peptides

To analyze SARS-CoV-2 specific cellular immune responses, we performed interferon gamma (IFN-γ) enzyme-linked immunospot (ELISpot) assays as previously described (19). 250,000 peripheral blood mononuclear cells (PBMC) were cultured in the presence or absence of the PepTivator® SARS-CoV-2 membrane (M) protein, nucleocapsid (N) protein (600 pmol/mL of each peptide, Miltenyi Biotec, Bergisch Gladbach, Germany) or the S1 protein (4 µg/ml, Sino Biological, Wayne, PA, USA) (each in single cell culture) in 150 µL of AIM-V®. The peptide mixes corresponding to the M and N proteins cover the complete sequence of the glycoproteins. The S1 protein is a recombinant protein expressed in HEK293 cells and covers the sequence of aa 1 to aa 692 of the spike protein subunit 1. The peptide pools consisted of 15-mer sequences with an overlap of 11 amino acids. After 19 h of incubation at 37°C, IFN-γ production was measured as previously described (19). The spot numbers were evaluated by an ELISpot reader (AID Fluorospot; Autoimmun Diagnostika GmbH, Strassberg, Germany). From duplicate cell cultures, the mean value was considered. SARS-CoV-2 specific spots were determined as stimulated minus non-stimulated values (spot increment). The negative controls had an average of 0.21 spots (range 0-3) and their three-fold standard deviation was 3 x 0.67 spots = 2.01 spots (which we considered as background for the negative controls). As we used increment values, a three-fold higher value versus background means 3 x 2.01 spots minus 1 x 2.01 spots, which is 4.02 spots increment. We therefore chose a cut-off point of 4 as positivity.



Statistical analysis

Statistical analysis was performed using GraphPad Prism 9.3.1 software (San Diego, CA, USA). We used the Kruskal-Wallis-test and the Mann-Whitney U test for numerical variables. Fisher’s exact test was used for categorical variables. Two-sided p values < 0.05 were considered significant.




Results

In the present study, we examined the long-term cellular immune response unvaccinated severely immunocompromised patients suffering from a SARS-CoV-2 infection after treatment with bamlanivimab or a combination of the monoclonal antibodies casirivimab and imdevimab early after infection using ELISpot assay. We also investigated the cellular immune response in vaccinated immunocompromised patients after SARS-CoV-2 infection as well as in vaccinated immunocompromised patients and immunocompetent volunteers without a history of SARS-CoV-2 infection.

Unvaccinated immunocompromised patients with SARS-CoV-2 infection and early mAb treatment (group 1) showed a similar cellular immune response to all stimuli in the ELISpot assay to vaccinated immunocompromised patients with a SARS-CoV-2 infection (group 2) (Figures 1A–C). The measured mean values of spots increment after stimulation with spike S1 protein were 2.1 in group 1 and 2.8 in group 2 (p = 0.2) (Figure 1A), after stimulation with M protein 2.0 in group 1 and 7.9 in group 2 (p = 0.09) (Figure 1B) and after stimulation with N protein 6.1 in group 1 and 6.2 in group 2 (p = 0.2) (Figure 1C). In particular, the cellular immune response in group 1 and 2 was higher than in vaccinated immunocompromised patients (group 3) (Figures 1A–C). Significant differences in spots increment were observed between group 2 and 3 after stimulation with S1 protein (2.8 in group 2 and 1.1 in group 3 (p = 0.04)) (Figure 1A) and N protein (6.2 in group 2 and 0.6 in group 3 (p = 0.002)) (Figure 1C). As expected, healthy immunocompetent vaccinated volunteers (group 4) showed a higher cellular immune response than vaccinated immunocompromised patients (group 3) (Figure 1A). The spots increment after stimulation with the spike S1 protein were 1.1 in group 3 and 3.8 in group 4 (p = 0.01) (Figure 1A). No significant differences between groups 3 and 4 could be observed after stimulation with M protein (3.7 in group 3 and 1.1 in group 4 (p = 0.5) or N protein (0.6 in group 3 and 0.9 in group 4 (p = 0.6) (Figures 1B, C).




Figure 1 | Cellular immunity to SARS-CoV-2 antigens in vaccinated and/or recovered immunosuppressed individuals. Cellular immune responses towards SARS-CoV-2 S1 (A), M (B) and N (C) antigens were determined by IFN-γ ELISpot assay. Please note that the scales differ. Horizontal lines indicate mean values, error bars indicate the standard deviation (SD). The dotted gray line represents the assay cut-off. Differences between the groups were compared by Mann-Whitney U test (*p < 0.05).



Interestingly, after mAb treatment (group 1), the frequency of single and combined positive cellular response to S1, M, or N proteins was lower than in the vaccinated cohort with SARS-CoV-2 infection (group2) (S1: 14% vs. 30%; M: 21% vs. 50%; N: 14% vs. 30%, combined: 33% vs. 60% statistically not significant as calculated with the Fischer´s exact test). In the groups vaccinated against SARS-CoV-2 without COVID-19, only one of 14 immunocompromised patients (group 3) developed a positive response to S1 (7%), compared with 5 of 14 (35%) in the volunteer group (group 4). Immune responses against the M antigen could be detected in three volunteers from group 3 and two from group 4 and against the N antigen in one volunteer from group 3 and 4, respectively. All of these volunteers had no documented SARS-CoV-2 infection.



Discussion

In this paper, we present the profiling of cellular immunity in a cohort of immunocompromised, unvaccinated patients who developed COVID-19 and thus were treated with bamlanivimab or with the combination therapy casirivimab and indevimab. A cohort of immunocompromised patients vaccinated against SARS-CoV-2 who developed COVID-19, as well as immunized immunocompromised patients or healthy participants without COVID-19, served as controls. Our data suggest that immunocompromised patients may develop an endogenous long-term cellular immune response after COVID-19. The observed T cell-mediated immunity against the spike protein in unvaccinated immunocompromised patients after mAb therapy, seems to be blunted compared to vaccinated and mAb untreated immunocompromised patients with COVID-19. Consistent with this finding, cellular immune responses in our patient cohort were lower after mAb treatment compared with previously published results from immunosuppressed cohorts after COVID-19 but without mAb treatment (20–24).

Early treatment of SARS-CoV-2 infection in high-risk cohorts with mAbs is widely accepted, and mAbs clinical trials have reported overall reduced hospitalization rates in patients with mild to moderate COVID-19 (25–29). While many studies focused on the clinical efficacy of the treatment, its effects on long-term immunologic responses to the virus are largely unknown (12, 17, 30–33). The optimal use of these therapeutic options requires a sophisticated understanding of their effects on both the virus and the host immune system. For a long time, anti-SARS-CoV-2 T cell immunity was considered less important than specific antibodies as a parameter for immune protection in patients at risk of severe COVID-19 (34). However, the humoral anti-SARS-CoV-2 response declines over time, whereas SARS-CoV-2-specific T cell immunity appears to persist longer, even in seronegative convalescents (35–38). To our knowledge, no study has explored the effect of mAb treatment on cellular immunity in severely immunocompromised patients at risk for severe COVID-19 and only two studies explored the effect of treatment on humoral immunity (39, 40). Both studies demonstrated that passive immunization of COVID-19 patients with anti-S monoclonal IgG preparations profoundly suppressed the induction of the endogenous anti-S IgM response and, to a lesser extent, the anti-N IgG response. It is noteworthy that not only immunosuppressed patients were included in those analyses, as these patients would likely exhibit a reduced immune response due to immunosuppression (41–45). Anti-SARS-CoV-2 mAb preparations are reportedly able to reduce viral load (46, 47). Reduction of viral load in the early stage of infection might be expected to result in reduced immune responses. Additionally, stronger SARS-CoV-2 specific T cell responses are well documented in patients who had recovered from more severe symptoms of COVID-19 (48–51). Therefore, it seems possible that after mAbs treatment, the improvement in COVID-19 course is causative of the decreased immunologic response.



Conclusion

Most of the immunosuppressed, non-vaccinated COVID-19 patients treated with monoclonal antibodies within the present study developed no SARS-CoV-2 specific T-cell response. The adaptive immune response is an important factor in the clinical course after SARS-CoV-2 infection and may protect from reinfections. Deeper immunophenotyping of immunocompromised patients after mAb therapy will be important in expanding knowledge about long-term immunity to SARS-CoV-2. Its understanding is not only essential to evaluate the potential effect of COVID-19 treatment on future reinfection but also crucial for further risk assessment especially in the high-risk cohort of immunocompromised patients.
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Clonal hematopoiesis of indeterminate potential (CHIP) leads to higher mortality, carries a cardiovascular risk and alters inflammation. All three aspects harbor overlaps with the clinical manifestation of COVID-19. This study aimed to identify the impact of CHIP on COVID-19 pathophysiology. 90 hospitalized patients were analyzed for CHIP. In addition, their disease course and outcome were evaluated. With a prevalence of 37.8%, the frequency of a CHIP-driver mutation was significantly higher than the prevalence expected based on median age (17%). CHIP increases the risk of hospitalization in the course of the disease but has no age-independent impact on the outcome within the group of hospitalized patients. Especially in younger patients (45 – 65 years), CHIP was associated with persistent lymphopenia. In older patients (> 65 years), on the other hand, CHIP-positive patients developed neutrophilia in the long run. To what extent increased values of cardiac biomarkers are caused by CHIP independent of age could not be elaborated solely based on this study. In conclusion, our results indicate an increased susceptibility to a severe course of COVID-19 requiring hospitalization associated with CHIP. Secondly, they link it to a differentially regulated cellular immune response under the pressure of SARS-CoV-2 infection. Hence, a patient’s CHIP-status bears the potential to serve as biomarker for risk stratification and to early guide treatment of COVID-19 patients.




Keywords: cardiac function, CHIP, critically ill, immune system, SARS-CoV-2



Introduction

Clonal hematopoiesis of indeterminate potential (CHIP) is defined as the occurrence of an expanded proportion of mature blood cells derived from a single mutant hematopoietic precursor without evidence of hematological malignancies (1, 2). The principle behind the manifestation of CHIP is that the somatic mutation confers a certain predominance to the affected cell (3, 4). Different clinical consequences are linked to this expansion. Early reports have already described an association of clonal hematopoiesis with a higher mortality risk compared to individuals without CHIP-driver mutations (5, 6). Interestingly, this is not related to increased rates of cancer but associated in particular with increased cardiovascular mortality (7). Mechanistically, the development of clonal hematopoiesis is not only related to inflammatory processes, but it has even been identified as a driver of inflammation (8–12). In COVID-19, both inflammatory (13–15) and cardiac-associated processes (16–18) have been described. They are involved in the pathophysiology of the complex extra-pulmonary manifestations occurring in affected patients alongside pulmonary symptoms (19–21). Chronic infections with the human immunodeficiency virus and the thereby impacted inflammatory regulation have been linked already to an increased risk of age-related clonal hematopoiesis (22). Furthermore, it is known that the risk of numerous infections is increased by hematopoietic mosaic chromosomal alterations (23). Regarding CHIP and COVID-19 there is contradictory evidence. On the one hand, a stable CHIP prevalence and no outcome-relevant influence was described in a cohort including both hospitalized patients and outpatients with COVID-19 (24, 25). On the other hand, CHIP was reported being a risk factor for severe courses (26). With the aim of comprehensively assessing the impact of clonal hematopoiesis on the pathophysiology of COVID-19, hospitalized patients were evaluated for the presence of CHIP-driver mutations and an association between CHIP and disease progression.



Materials and methods


Study cohort

Patient recruitment was conducted at Heidelberg University Hospital, University Hospital Knappschaftskrankenhaus Ruhr University Bochum, and University Hospital Münster (all three: Germany). The ethics committees of the Medical Faculties of Heidelberg University (reference: S-176/2020), the Ruhr University Bochum (reference: 19-6606_6-BR), and the University of Münster (reference: SepsisDataNet.NRW: 2107-513-b-S, substantial amendment: CovidDataNet.NRW) approved this prospective observational clinical study. Patients were enrolled between October 2020 and August 2021. Written informed consent was obtained from all patients. If patients were incapable to give their consent, it was obtained from their legal representatives. All patients had a positive SARS-CoV-2 PCR test, were not vaccinated against SARS-CoV-2, and were admitted to the hospital due to COVID-19. Study inclusion was conducted within a maximum of 48 hours after initial admission to an intensive care unit (ICU) or general ward (time point: admission). Exclusion criteria were pregnancy, enrolment in an interventional study, preexisting immunosuppression, hematologic malignancies, or anemia.

Whole blood was drawn at enrolment. Upon centrifugation (2,000xg), the plasmatic fraction was removed and stored at -80°C for cytokine quantification. Peripheral blood mononuclear cells (PBMC) were separated directly by density gradient centrifugation and stored at -80°C until DNA extraction.



DNA isolation

DNA isolation from PBMC was performed either with the DNeasy Blood & Tissue Kit (Qiagen, Hilden, Germany) or the Roche MagNA Pure System with the MagNAPure96 DNA and Viral NA LV Kit (Roche LifeScience, Mannheim, Germany).



Sequencing, bioinformatics, and variant interpretation

Next-Generation Sequencing was performed for all samples by MLLSEQ - MLL Dx GmbH (Munich, Germany). The library preparation for enrichment was performed with 150ng DNA per sample with the Illumina TruSeq DNA Nano Kit (Illumina, San Diego, CA, USA) using Unique Dual Indices. Within the protocol, the DNA was fragmented to a length of 150bp using the Covaris LE220-plus ultrasonicator (Covaris, Woburn, MA, USA). Subsequently, the DNA target regions were enriched using the IDT Hybridization Capture Protocol and a corresponding custom lockdown gene panel (IDT Integrated DNA Technologies, Coralville, IA, USA). Sequencing of the libraries was performed on Illumina NovaSeq 6000 instruments (Illumina, San Diego, CA, USA) with paired end sequencing mode (2x101 cycles) and a target coverage of 4,000x.

The lockdown panel covered following genes: ABL1, ASXL1, ATRX, BCOR, BCORL1, BRAF, CALR, CBL, CBLB, CBLC, CDKN2A, CEBPA, CSF3R, CUX1, DNMT3A, ETV6, EZH2, FBXW7, FLT3, GATA1, GATA2, GNAS, GNB1, HRAS, IDH1, IDH2, IKZF1, JAK2, JAK3, KDM6A, KIT, KRAS, KMT2A, MPL, MYD88, NOTCH1, NPM1, NRAS, PDGFRA, PHF6, PPM1D, PTEN, PTPN11, RAD21, RUNX1, SETBP1, SF3B1, SMC1A, SMC3, SRSF2, STAG2, TET2, TP53, U2AF1, WT1, ZRSR2.

Ilumina’s BaseSpace Enrichment app (v3.1.1) was used to align the raw reads to hg19 reference sequence (Isaac Aligner v03.16.02.20). Subsequently, variants were called using PISCES (v5.1.3.60) somatic variant caller with 1% variant allele frequency (VAF) cutoff and 29 base quality filter and PCR duplicate flagging. In addition, the same data was processed through Illumina’s Dragen Enrichment app (v3.6.3) with 1% VAF, 1% VAF filter threshold and duplicate marking. We combined calls from both result files (VCF) for tertiary analysis.

The classification of the variants in mutated, variant of uncertain significance (VUS), or polymorphism was done using the public databases ClinVar, COSMIC, dbSNP, gnomAD, as well as the MLL in-house variant data base. Variants with a VAF <5% were validated in a subsequent amplicon-based assay.



Flow cytometry

For quantification of HLA-DR expression on monocytes, 50µL freshly drawn whole blood was stained with 20µL BD Quantibrite anti-HLA-DR/anti-Monocyte PerCP-Cy5.5 reagent (clone: L243/MwP9) (BD Biosciences, Franklin Lakes, NJ, USA) for 30 minutes in the dark. For erythrocyte lysis, 450µL lysing solution (BD Biosciences, Franklin Lakes, NJ, USA) were added. Measurement was done immediately after incubation (15 minutes, in darkness). BD Quantibrite PE tubes (BD Biosciences, Franklin Lakes, NJ, USA) were used for quantifying the average number of HLA-DR molecules per monocyte as indicated by the manufacturer.

For quantification of lymphocyte subsets and monocytes, 50µL freshly drawn whole blood was stained with 20µL BD Multitest 6-color TBNK reagent and 5µL anti-Human CD14-V450 (clone: MφP9) using BD Trucount tubes to determine absolute counts (all BD Biosciences, Franklin Lakes, NJ, USA). After 30 minutes incubation in the dark, 450µL lysing solution (BD Biosciences, Franklin Lakes, NJ, USA) were added and measurement was performed immediately after 15 minutes incubation in darkness.

To identify Treg cells and monocyte subsets, 100µL whole blood each were incubated (10 minutes) with 5μL Human TruStain FcX (BioLegend, San Diego, CA, USA) for Fc receptor blocking and stained by the addition of the appropriate antibodies (all from BD Biosciences, Franklin Lakes, NJ, USA) for 30 minutes at 4°C in the dark (Treg: 5µL anti-Human CD3-FITC (clone: UCHT1), 5µL anti-Human CD4-V500 (clone: RPA-T4), 20µL anti-Human CD25-PE (clone: M-A251), 20µL anti-Human CD127-Alexa Fluor 647 (clone: HIL-7R-M21); monocytes: 5µL anti-Human CD14-V450 [clone: MφP9), 5µL anti-Human CD16-FITC (clone: B73.1)]. Lysing of erythrocytes was done by adding 2mL lysing solution and incubation for 15 minutes at room temperature in darknes. Afterwards, the suspension was centrifuged (250xg, 5 minutes), the supernatant discarded, the cells washed (250xg, 5 minutes) once with 2mL CellWASH, and resuspended in FACSFlow (all from BD Biosciences, Franklin Lakes, NJ, USA).

A FACSLyric flow cytometer was used for all measurement. Results were analyzed using BD FACSuite software (both from BD Biosciences, Franklin Lakes, NJ, USA). Representative gating strategy is shown in Supplementary Figure S1.



PBMC stimulation

1.5x105 freshly isolated PBMC were resuspended in 300μL of RPMI 1640 (Thermo Fisher Scientific Inc, Waltham, MA, USA), containing GlutaMAX, 100units/mL penicillin, 100μg/mL streptomycin and 10% heat-inactivated fetal bovine serum ultra-low endotoxin (Cell Concepts, Umkirch, Germany). Stimulation was performed with 3μL Dynabeads Human T-Activator CD3/CD28 (Thermo Fisher Scientific, Waltham, MA, USA). Prior to use, Dynabeads were washed and resuspended in culture medium according to the manufacturer’s instruction. Control cells were incubated without a stimulating agent. Following a 24h incubation (37°C, 5% CO2), supernatants were collected by centrifugation (1,000xg, 5 minutes) and stored at -80°C until cytokine quantification.



Cytokine quantification

Cytokine levels in plasma or supernatants were measured using colorimetric enzyme-linked immunosorbent assay (ELISA) according to the respective manufacturer’s instructions. For CXCL10/IP-10 (limit of detection (LOD): 31.2pg/mL), TGF-β1 (LOD: 31.2pg/mL), and IL-6 (LOD: 9.4pg/mL) the respective human Duo-Set ELISA (all from R&D Systems, Minneapolis, MN, USA) were used. IFN-γ (LOD: 0.06pg/mL) was measured using the IFN gamma Human ELISA Kit, High Sensitivity (Invitrogen, Thermo Fisher Scientific Inc, Waltham, MA, USA).



Statistical analyses

All statistical analyses were performed using SPSS Statistics (Version 27.0.1.0, IBM®, Armonk, NY, USA). Continuous variables are presented as median (interquartile range (IQR)). Two-sided Mann–Whitney U-test or Kruskal-Wallis test were used for comparison, as appropriate. Categorical variables are shown as absolute number (frequency) and compared using Chi-square test or Fisher’s exact test, as appropriate. Binomial test was used to compare an observed prevalence against an expected. Figures were created using GraphPad Prism (V9.3.1 for Windows, GraphPad software, La Jolla, CA, USA).




Results


Patient characteristics

In total, 90 patients hospitalized due to COVID-19 were included in the study (Table 1). 72 of these patients were critically ill and treated in an ICU at the time of inclusion. The other 18 patients were admitted to general wards. Two of them were transferred to an ICU at a later stage. Patients had a median age of 60.5 (52.0 – 69.3) years and were overweight (body mass index: 28.4 (24.4 – 32.6) kg/m2). 35.6% of the cohort were female. At admission, only 35.6% of the patients were spontaneously breathing and without supplemental oxygen demand or respiratory support.


Table 1 | Baseline characteristics.





Prevalence of CHIP-associated mutations

With a VAF ≥ 1%, at least one CHIP-driver mutation was detected in 34 out of the 90 patients included in the study, corresponding to a prevalence of 37.8% (Figure 1A). According to modeling by Watson et al. including ~50,000 unselected individuals, 1% VAF cutoff at the median age of our cohort would be expected to result in a prevalence of single-mutant clones of 17% (P<0.001) (4). Thus, the frequency of a CHIP-driver mutation is significantly higher in hospitalized COVID-19 patients than in the general population adjusted for age.




Figure 1 | CHIP-associated mutations in hospitalized patients with COVID-19. (A) Prevalence of clonal hematopoiesis in hospitalized patients with COVID-19. CHIP-positive = patients carrying at least one CHIP-driver mutation with a VAF≥0.01. Expected prevalence according to Watson et al. (4). Observed and expected prevalence were compared using binomial test. Statistically significant results (P ≤ 0.05) are highlighted by bold print. (B) Number of individual mutations per CHIP-positive patient. (C) Prevalence broken down by affected genes.



Among the 34 CHIP-positive patients, 25 patients (73.5%) showed one single gene mutation, seven patients (20.6%) had two mutations, and two cases (5.9%) showed five mutations (Figure 1B). Most frequently mutated genes were DNMT3A (16/90 = 17.8%), PPM1D (8/90 = 8.9%), TET2 (6/90 = 6.7%), SF3B1 (3/90 = 3.3%), and ZRSR2 (3/90 = 3.3%) (Figure 1C). Of the 49 single mutations identified, 32 (65.3%) were single nucleotide variants, nine (18.4%) were deletion mutants, seven (14.3%) were duplication mutants, and one (2.0%) was an insertion mutant (Supplementary Table S1).



Prognostic relevance of CHIP-driver mutations for disease progression

The occurrence of at least one CHIP-driver mutation was associated with a significantly inferior clinical outcome in terms of survival within a 60-day follow-up period (Figure 2A). Since both groups significantly differed for age (CHIP-positive: 66.5 years (56.8 – 74.8); CHIP-negative: 55.5 years (50.3 – 65.8); P=0.003) (Table 1), Cox proportional regression analysis was performed to account for the potential effect of age: Only age was independently associated with survival, whereas carrying a CHIP-driver mutation was not (Table 2). Therefore, three subgroups were defined according to age (<45 years: n=8, 45-65 years: n=50, >65 years: n=32). Again, with these subgroups, it was confirmed that older patients had a significantly worse survival (Figure 2B). It is therefore not surprising that within these subgroups there is no difference in survival between patients with and without CHIP-driver mutation (Supplementary Figure S2A). There were no differences in age between CHIP-positive and -negative patients, within the age groups (Supplementary Figure S2B).




Figure 2 | Impact of clonal hematopoiesis on patient outcome. (A) Kaplan-Meier survival curve for overall survival of CHIP-positive (n=34) vs. CHIP-negative (n=56) patients within a 60-day period. (B) Kaplan-Meier survival curve for overall survival of patients <45 years (n=8), 45 – 65 years (n=50), and >65 years (n=32) within a 60-day follow-up period. Statistical evaluations were done using log-rank Mantel-Cox test. CHIP prevalence in patients (C) <45 years, (D) 45 – 65 years, and (E) >65 years. Expected prevalences according to Watson et al. (4). Observed and expected prevalence were compared using binomial test. (F) SOFA score at admission, and length of (G) hospitalization and (H) ICU stay. Each data point represents an individual patient (CHIP-positive n=34; CHIP-negative n=56). Horizontal line within the box marks the median, boxes depict the IQR, and whiskers indicate the total range. Group comparisons were performed by two sided Mann–Whitney U-test. Statistically significant results (P ≤ 0.05) are highlighted by bold print.




Table 2 | Cox proportional regression with age and CHIP status included as covariates.



In the group of patients younger than 45 years (median: 36.0 (26.3 – 42.5) years), no CHIP-driver mutation was detected (Figure 2C). In patients aged 45 to 65 years (median: 55.0 (52.0 – 61.3) years), 32% harbored a mutation (Figure 2D). According to Watson et al. (4), the expected prevalence at the subgroup’s median age would be only 10% (P<0.001). A similar result was revealed for patients older than 65 years (Figure 2E). With a median age of 75.0 (68.3 – 80.8) years in this subgroup, 40% prevalence would be expected according to the modeling. In contrast, among the hospitalized COVID-19 patients the prevalence was 56.3% (P=0.046).

Beyond age, the groups of CHIP-positive and -negative patients notably did not differ in terms of sex (Table 1), SOFA score at admission (Figure 2F), length of hospitalization and ICU stay (Figures 2G, H), or concerning other baseline characteristics (Table 1). This is also true when comparing the two groups based on age (Supplementary Figures S3A, B) or comparing the three age groups with each other (Supplementary Figure S3C).



Association between clonal hematopoiesis and organ function

At admission, CHIP-positive and -negative patients had comparable supplemental oxygen demand and required invasive or non-invasive ventilation to a comparable extent (Table 1). Besides, there were no differences regarding Horovitz index (Supplementary Table S2). Therefore, a similar degree of lung injury can be assumed in both groups. The infection-related parameters C-reactive protein (Figure 3A) and procalcitonin (Figure 3B) likewise did not vary between CHIP-positive and CHIP-negative patients. Surprisingly, investigating biomarkers for organ functions (Supplementary Table S2), at admission, the two groups differed only, but significantly regarding the cardiac biomarkers NT-proBNP (Figure 3C) and Troponin T (Figure 3D). Both markers already showed a clinically relevant increase in the CHIP-negative group (NT-proBNP: 347.0 (133.8 – 1217.0) pg/ml; Troponin T: 15.0 (5. – 28.5) pg/ml). Yet, the increase was markedly higher in the group carrying a CHIP-driver mutation (NT-proBNP: 991.9 (270.5 – 3726.0) pg/ml; Troponin T: 23.0 (16.0 – 44.3) pg/ml). High levels of cardiac markers were not related to poorer survival (Supplementary Figure S4). However, when both NT-proBNP and Troponin T were compared in relation to age, significantly higher values were again found in older patients (Figure 4A). Within the age groups, no differences were found between CHIP-positive and -negative patients regarding these cardiac markers, neither for those aged 45 – 65 years (Figure 4B) nor for those over 65 years (Figure 4C). Normal values for serum creatinine were found in patients with and without a CHIP-driver mutation (Figure 3E). D-dimer levels did not differ between both groups (Figure 3F).




Figure 3 | Infection and organ function related clinical parameters at admission. (A) C-reactive protein (CHIP-positive: n=34; CHIP-negative: n=56), (B) procalcitonin (CHIP-positive: n=33; CHIP-negative: n=56), (C) NT-proBNP (CHIP-positive: n=29; CHIP-negative: n=49), (D) high sensitive Troponin T (CHIP-positive: n=21; CHIP-negative: n=36), (E) serum creatinine (CHIP-positive: n=32; CHIP-negative: n=55), and (F) D-dimer (CHIP-positive: n=29; CHIP-negative: n=52) levels at admission. Each data point represents an individual patient. Horizontal line within the box marks the median, boxes depict the IQR, and whiskers indicate the total range. Group comparisons were performed by two sided Mann–Whitney U-test. Statistically significant results (P ≤ 0.05) are highlighted by bold print.






Figure 4 | Age-adjusted cardiac function related clinical parameters at admission. (A) NT-proBNP (< 45: n=5; 45 – 65: n=42; > 65: n=31) and high sensitive Troponin T (<45: n=4; 45 – 65: n=28; >65: n=25) in comparison between the age groups. Group comparisons were done using Kruskal-Wallis test. (B) NT-proBNP (CHIP-positive: n=12; CHIP-negative: n=30) and Troponin T (CHIP-positive: n=7; CHIP-negative: n=21) in the 45 – 65 age group. (C) NT-proBNP (CHIP-positive: n=17; CHIP-negative: n=14) and Troponin T (CHIP-positive: n=14; CHIP-negative: n=11) for the > 65-year-olds. Group comparisons were performed by two sided Mann–Whitney U-test. Each data point represents an individual patient. Horizontal line within the box marks the median, boxes depict the IQR, and whiskers indicate the total range. Statistically significant results (P ≤ 0.05) are highlighted by bold print.





Association between clonal hematopoiesis and peripheral immune parameters

At admission, immune parameters were comprehensively determined from whole blood from a 42-patient subcohort to provide evidence of the mechanistic link between clonal hematopoiesis, immune function, and poorer patient outcome (Supplementary Table S3). No differences were found between CHIP-positive and CHIP-negative patients concerning their absolute numbers of different lymphocytic populations and monocyte subpopulations or HLA-DR expression on monocytes. Plasma cytokine levels for IFN-γ, IP-10, TGF-β, and IL-6 also did not differ. Moreover, the cytokine response to ex vivo stimulation (αCD3/αCD28) of freshly isolated PBMC was found to be comparable.

Since the immune parameters at admission did not differ between CHIP-positive and CHIP-negative patients, parameters of the differential blood count routinely determined during treatment were used for comparison over time from the entire cohort (Supplementary Table S4). As expected, there were no differences between the groups at admission. However, at discharge, differences were found for lymphocytes, neutrophils, and eosinophils. Patients with a CHIP-driver mutation had higher neutrophil counts than patients without such a mutation (8.0 (5.4 – 13.2) vs. 5.5 (3.6 – 9.8) cells/nL; P=0.024)) (Figure 5A). These values indicate that especially CHIP-positive patients show neutrophilia (>7.7 cells/nL). Since the timepoint “discharge” has a very variable time lag to the timepoint “admission” depending on the course of the disease, these parameters were also compared at day 7 [total cohort: 64/90 (71.1%), CHIP-positive: 24/34 (70.6%), CHIP-negative: 40/56 (71.4%)] and day 14 (total cohort: 43/90 (47.8%), CHIP-positive: 13/34 (38.2%), CHIP-negative: 30/56 (53.6%)) after admission, including all patients who were still treated in the original hospital at that time. At day 7, both groups showed no significant alterations (Supplementary Table S4). The difference in neutrophil counts only became apparent at day 14 after admission (Figure 5B). The still more pronounced neutrophilia at this timepoint compared to “discharge” seems to be causative for the leukocytosis occurring in patients with mutation (Figure 5C). Albeit the group over 65 years of age tended to have higher leukocyte (Figure 5D) and neutrophil (Figure 5E) counts compared to the younger patients, the significant difference between CHIP-positive and -negative patients was maintained in this age group (Figures 5F, G). Among those aged 45 – 65 years, however, no difference was found (Figures 5H, I).




Figure 5 | Leucocyte and neutrophil counts. Neutrophil counts at (A) discharge (CHIP-positive: n=34; CHIP-negative: n=53), (B) day 14 after admission, and (C) leucocyte counts at day 14 after admission (CHIP-positive: n=13; CHIP-negative: n=30). (D) Leucocyte and (E) neutrophil counts in comparison between the different age groups at day 14 after admission (<45: n=3; 45-65: n=25; >65: n=15).(F) Leucocyte and (G) neutrophil counts for patients aged >65 years (CHIP-positive: n=9; CHIP-negative: n=6) and (H, I) 45 – 65 years (CHIP-positive: n=4; CHIP-negative: n=21) at day 14 after admission. Group comparisons were performed by two sided (A–C, F–I) Mann–Whitney U-test or (D, E) Kruskal-Wallis test. Each data point represents an individual patient. Horizontal line within the box marks the median, boxes depict the IQR, and whiskers indicate the total range. Statistically significant results (P ≤ 0.05) are highlighted by bold print.



While both groups were lymphopenic (<1.0 cells/nL) at admission (0.8 (0.4 – 1.3) vs. 0.8 (0.6 – 1.0); P=0.907) (Figure 6A), patients with a CHIP-driver mutation recovered worse and had significantly lower lymphocyte counts at discharge than patients without a mutation (1.1 (0.6 – 1.4) vs. 1.6 (1.1 – 2.0); P=0.002) (Figure 6B). Here again, differences between the age groups were apparent. Especially in the group of 45 – 65-year-olds, CHIP-positive patients poorly overcame lymphopenia and had significantly lower lymphocyte counts at discharge compared to patients without clonal hematopoiesis (Figure 6C). CHIP-negative patients older than 65 years were less efficient in controlling their lymphopenia, thus presenting with similarly low lymphocyte levels as CHIP-positive patients (Figure 6D). When comparing the age groups with each other, the lymphocyte counts were comparable (Figure 6E). Surprisingly, patients without a mutation had higher eosinophil granulocyte counts but without clinical relevance (eosinophilia >0.5 cells/nL) (Supplementary Table S4). Although not statistically significant, a trend in both lymphocytes and eosinophils might also be seen when comparing patients at day 14 (Supplementary Table S4).




Figure 6 | Lymphocyte counts. Lymphocyte counts at (A) admission (CHIP-positive: n=34; CHIP-negative: n=53) and (B) discharge (CHIP-positive: n=34; CHIP-negative: n=53). Lymphocyte counts at discharge for patients aged (C) 45 – 65 years (CHIP-positive: n=16; CHIP-negative: n=31) and (D) > 65 years (CHIP-positive: n=18; CHIP-negative: n=14). (E) Lymphocyte counts at discharge in comparison between the different age groups (<45: n=8; 45-65: n=47; >65: n=32). Group comparisons were performed by two sided (A–D) Mann–Whitney U-test or (E) Kruskal-Wallis test. Each data point represents an individual patient. Horizontal line within the box marks the median, boxes depict the IQR, and whiskers indicate the total range. Statistically significant results (P ≤ 0.05) are highlighted by bold print.






Discussion

Investigating the impact of CHIP in patients with COVID-19, we demonstrate here that CHIP prevalence in patients hospitalized due to COVID-19 is significantly higher than in the general population. Hence, and in line with Bolton et al. (26), CHIP increases the risk of a severe course of the disease. This also holds true when subgroups are evaluated separately according to age. Remarkably, Petzer et al. reported lower prevalences and no link with severe courses (24). This dichotomy might be explained by a higher VAF cutoff of 2% compared to 1% in our study. Intriguingly, based on our data, we reveal that CHIP leads to a differentially regulated cellular immune response under the pressure of SARS-CoV-2 infection. This becomes apparent with age-dependent differences especially in neutrophils and lymphocytes only in the later course. Furthermore, the presence of a respective driver mutation seems to be mechanistically related to the COVID-19 risk factor age. Thus, the results of our study provide novel insights into the group of nonmalignant diseases in which clonal hematopoiesis is closely linked to adverse courses or outcome.

Within our cohort, the group harboring a CHIP-driver mutation was significantly older than the group without a corresponding mutation. This is consistent with previous studies analyzing patients hospitalized for COVID-19 (25, 27) and with the fact that clonal hematopoiesis is an age-associated process (7). However, for COVID-19, age itself is a well-known risk factor for mortality (28, 29) and only age remained independently associated with survival in our cohort. Thus, for patients hospitalized for COVID-19, CHIP alone does not impact survival. The markedly higher prevalence of CHIP in these patients compared with an overall population, however, was still observed within the subgroups formed according to age. CHIP is, therefore, a risk factor for COVID-19 courses requiring hospitalization but does not directly affect outcome within the hospitalized group. The cohort unintentionally includes mainly overweight patients. Obesity is a well-described risk factor for COVID-19-related hospitalization (30). Against this background, it is to be expected that a large proportion of the cohort is overweight. However, since CHIP-positive and -negative patients did not differ with respect to their body mass index, this factor can be excluded as an influencing factor in our study. However, it should be mentioned that a possible link between obesity and CHIP is the subject of current investigations. Especially in the context of cardiovascular diseases, which correlates with both CHIP and obesity, a direct mechanistic link between CHIP and obesity is discussed (31, 32). In addition, our study did not analyze other risk factors or preexisting conditions associated with a high risk of COVID-19-related hospitalization.

CHIP-positive and -negative patients had a comparable disease severity at the time of admission to ICU or general ward, respectively, underscoring the role of CHIP as a risk factor for severe courses. Particularly their SOFA scores, as an established measure to predict clinical outcome at an early stage, especially in critically ill patients, did not differ. Severity of SARS-CoV-2-induced lung injury was also comparable in both groups. Moreover, both groups showed no differences in further infection- or organ function-related biomarkers, with exception of the cardiac marker NT-proBNP and Troponin T. The increase in both parameters was significantly greater in the CHIP-positive patients. Cardiac involvement in the pathophysiological appearance of severe COVID-19 has been described in detail previously (33, 34) and might be the underlying reason for the comparatively slight increase in CHIP-negative patients compared to standard values. Concurrent with the effect on survival, the observed difference equalizes in age-adjusted subgroups. Several studies revealed CHIP bearing an excessive cardiovascular risk and linked it, among others, to atherosclerosis, coronary artery diseases, or degenerative aortic valve stenosis (35–37). Based on our data, we cannot distinguish whether the tremendous increase in the CHIP-positive cohort can be related to clonal hematopoiesis or is simply a consequence of cardiac risk increasing with age. The interrelation and mutually reinforcing effect of all these factors, nevertheless, is unequivocal. Furthermore, it is in line with a modeling-based proposition formulated in June 2020 that COVID-19 mortality is linear correlated with CHIP frequency (38). Further investigations are needed to provide evidence if a CHIP-related higher, possibly previously unknown cardiac burden leads to deteriorated courses of COVID-19 or if CHIP fuels cardiac involvement in the manifestations of COVID-19.

Mas-Peiro et al. recently detected higher levels of proinflammatory subsets of circulating T cells and monocytes in patients with degenerative aortic valve stenosis carrying DNMT3A- or TET2-CHIP mutations (39). Avagyan et al. provided evidence, that clonal fitness is related to upregulation of anti-inflammatory signaling pathways in the mutant progenitor cells, leading to resistance to inflammatory signaling in their mature cellular progeny (40). Hence, it can be assumed that alongside with changes in cardiac function, immune response related differences are contributing to the higher disease severity in CHIP-positive patients. To our surprise, this only became detectable in the prolonged clinical course. At the time of admission, only lymphopenia, typical of severe COVID-19 (41, 42), as well as a weak T-cell response to ex vivo stimulation were apparent in both CHIP-positive and -negative patients, while there were no differences related to the immune response between the two groups. Patients without CHIP-driver mutations were able to overcome the lymphopenia, whereas in patients with such a mutation, long lasting neutrophilia may indicate persistent inflammation. Remarkably, these two, immune system-related, effects of CHIP do not appear to be necessarily linked but rather to vary in strength age-dependently. Protracted lymphopenia is most evident in the younger (45 – 65-years-old) patients. The contrast between CHIP-positive and CHIP-negative patients is hardly noticeable in the older ones, as here the CHIP-negative ones recover less well. However, there is persistent neutrophilia in this age group of over 65 years, which is not even a trend in the younger patients.

Taken together, our study substantiates the findings that harboring acquired somatic mutations in hematopoietic cells linked with CHIP amplifies the risk for hospitalization over the course of COVID-19. Additionally, we provide evidence that CHIP leads to distinct, late-occurring alterations of circulating immune cells in an age-dependent manner. Therefore, our data imply a CHIP-associated higher susceptibility to a sever course of COVID-19 on the one hand, and under the pressure of SARS-CoV-2 infection, an altered immune regulation in the long run. Based on this study, it is not possible to establish a direct, sole impact on the survival of hospitalized COVID-19 patients. Albeit the question remains to what extent CHIP, whose prevalence increases exponentially with age, indirectly contributes to the risk of death, which also increases depending on age. Our data at least propose that CHIP may be a hidden mechanistic link. Future studies are required to unravel these interconnections as well as the contribution of cardiac injury, as cardiac biomarkers were significantly elevated in the total cohort but not age-dependent and without an impact on survival. Another limitation of our study is the comparatively small number of patients, especially in each age-related subgroup. In view of this, our results need to be validated in further studies including substantially more patients. Finally, the mechanistic link between the different mutations on the one hand and the differently regulated immune response as well as its age dependence, on the other hand, appears worthy of further investigations. Yet, the findings we present here strongly support clonal hematopoiesis being a potent biomarker for early risk stratification and might be used to early guide clinical treatment of patients with COVID-19.
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Background

Although aging correlates with a worse prognosis for Covid-19, super elderly still unvaccinated individuals presenting mild or no symptoms have been reported worldwide. Most of the reported genetic variants responsible for increased disease susceptibility are associated with immune response, involving type I IFN immunity and modulation; HLA cluster genes; inflammasome activation; genes of interleukins; and chemokines receptors. On the other hand, little is known about the resistance mechanisms against SARS-CoV-2 infection. Here, we addressed polymorphisms in the MHC region associated with Covid-19 outcome in super elderly resilient patients as compared to younger patients with a severe outcome.



Methods

SARS-CoV-2 infection was confirmed by RT-PCR test. Aiming to identify candidate genes associated with host resistance, we investigated 87 individuals older than 90 years who recovered from Covid-19 with mild symptoms or who remained asymptomatic following positive test for SARS-CoV-2 as compared to 55 individuals younger than 60 years who had a severe disease or died due to Covid-19, as well as to the general elderly population from the same city. Whole-exome sequencing and an in-depth analysis of the MHC region was performed. All samples were collected in early 2020 and before the local vaccination programs started.



Results

We found that the resilient super elderly group displayed a higher frequency of some missense variants in the MUC22 gene (a member of the mucins’ family) as one of the strongest signals in the MHC region as compared to the severe Covid-19 group and the general elderly control population. For example, the missense variant rs62399430 at MUC22 is two times more frequent among the resilient super elderly (p = 0.00002, OR = 2.24).



Conclusion

Since the pro-inflammatory basal state in the elderly may enhance the susceptibility to severe Covid-19, we hypothesized that MUC22 might play an important protective role against severe Covid-19, by reducing overactive immune responses in the senior population.





Keywords: human leukocyte antigens, immune response, major histocompatibility complex (MCH), HLA, SARS-CoV-2, MUC22, COVID-19, resistant genetic variants



Introduction

Although a diverse clinical spectrum has been described among patients with Covid-19, robust data show that increasing age correlates with more severe disease and a higher frequency of deaths worldwide (1). While the elderly have a higher prevalence of comorbidities such as cardiovascular diseases, diabetes, and cancer - which are also independently associated with a higher risk of severe Covid-19 (2), increasing age is still the most significant risk factor for Covid-19 mortality (3). To yield clues about this infection susceptibility, the comparison of extremely older people presenting mild symptoms and young adults with a very severe outcome may contribute with relevant observations.

Covid-19 severity among the elderly may be related to immunosenescence, changes in cytokine patterns, activation of inflammatory pathways, and impaired innate and adaptive immune responses (4–6). Also, comorbidities in older individuals are strongly associated with an increased risk of Covid-19 complications (7, 8). Alternatively, older individuals are more likely to have been exposed to other corona and influenza viruses during their lifespan, even by vaccination, increasing their odds of defeating SARS-CoV-2 (9). For instance, centenarians exposed to the 1918 H1N1 influenza virus might present some protection against SARS-CoV-2 infection (10).

The MHC (Major Histocompatibility Complex) region contains more than 200 genes, many of them related to immunity. Therefore, it is a natural candidate for influencing infectious disease susceptibility and severity. MHC genes influence different levels of the immune response against viruses, such as genes encoding cytokines and molecules of the complement system, which may influence Covid-19 severity and cytokine storm (11, 12), genes encoding membrane-associated mucins (MUC22) (13), and genes encoding molecules that mediate NK cell responses (HLA-G, HLA-E, MICA, and MICB) (14–17). Some of the MHC genes are particularly important to the antigen presentation pathway. HLA-A, HLA-B, and HLA-C encode the heavy chain of the MHC-I molecule, responsible for binding the intracellular antigens and presenting them on the cell surface to the T cell receptor (TCR) of CD8 T lymphocytes. Likewise, HLA-DRA, HLA-DRB1, HLA-DQA1, HLA-DQB1, HLA-DPA1, HLA-DPB1, and others, encode the MHC-II molecule, responsible for binding the exogenous antigens, usually internalized by antigen-presenting cells such as macrophages, and presenting them on the cell surface to CD4 T lymphocytes. These genes are highly polymorphic, with hundreds to thousands of alleles for each locus (18). Such diversity influences antigen presentation since different MHC molecules may present a different subset of antigens (19).

Because of the unusually high polymorphism and extensive paralogy of the MHC region, particularly at the HLA classical class I and II genes, the MHC region requires specialized tools to align short reads correctly and, thus, call genotypes and haplotypes properly (20, 21). Additionally, allele frequencies vary across populations, as clearly documented in previous studies focusing on HLA genes and Covid-19 (22–26). Associations between HLA genotype and disease severity extend to other unrelated viruses, such as HIV and dengue (27, 28). Some MHC variants have already been reported to be associated with Covid-19 severity. HLA-G variant rs9380142 was associated with Covid-19 critical illness (29) and HLA-E allele E*01:01 with Covid-19 severity, particularly in patients requiring intensive care (30). The CCHCR1 locus was associated with critical illness in Covid-19 (29).

We hypothesized that differences in MHC can predispose to a severe or mild clinical course in Covid-19 despite age. Therefore, aiming to verify the existence of MHC differences between extreme opposed outcomes for Covid-19, we have analyzed exomes of Brazilian convalescents by SARS-COV-2 grouped according to Covid-19 clinical status and age: a group of super elderly patients (>= 94 yo) recovered from Covid-19 with mild to moderate symptoms (without ventilation support) as compared to younger adults (mean age <= 52) with severe disease (with ventilation support). We also compared patients with a previously whole-genome sequenced (WGS) census-based sample of elderly individuals from the same city (São Paulo, Brazil), sampled before the current pandemic (31). Brazilians are a highly admixed population composed of tri-hybrid proportions of European (average 73%), African (18%), and Native American (9%) ancestries (31). This was taken into account and therefore global genomic ancestry was controlled when performing the association study.



Materials and methods


Definition of the groups

This survey included 225 patients with Covid-19, as illustrated in Figure 1. Diagnostic tests (RT-PCR) confirmed the positive SARS-CoV-2 infection in all individuals. The samples were collected between June and October 2020, before new SARS-CoV-2 variants were reported in Brazil (especially Gamma) and before the onset of the Brazilian vaccination program against Covid-19.




Figure 1 | Distribution of Brazilian individuals with SARS-CoV-2 infection according to Covid-19 severity, and the definition of the larger groups MILD and SEVERE Covid-19.



Covid-19 severity was classified according to the clinical spectrum of the World Health Organization’s updated guideline for Covid-19 treatment (https://www.covid19treatmentguidelines.nih.gov/overview/clinical-spectrum/). Patients that were asymptomatic or presented mild symptoms were grouped into MILD Covid-19; deceased and/or hospitalized in ICU requiring ventilation support were grouped into SEVERE Covid-19 (Figure 1). The SEVERE group is significantly younger than the MILD group (Supplementary Table S1, p< 10-5).

We also considered a special group named super elderly (>= 94 yo) who recovered from Covid-19, with 72 super elderly with mild Covid-19 and 15 with moderate symptoms. We retrieved clinical data regarding the progression of Covi-19 and diagnostic test results.

These Covid-19 groups were compared with MHC data from a previously whole-genome sequenced (WGS) sample of Brazilian elderly individuals (>= 65 yo), known as the SABE cohort (31), collected before the SARS-CoV-2 outbreak and representative of the general elderly population in the same city. Age, sex, and mean genetic ancestry distributions for each group are displayed in Supplementary Table S1 and were used as co-variables in regression models.



Exome and whole-genome sequencing

We obtained full exomes from DNA extracted from patients’ samples with SARS-CoV-2 infection. We used the Nextera Rapid Capture Custom Enrichment Kit or the Nextera Flex Kit (Illumina, San Diego, CA, USA) for library preparation and the IDT xgen-V1 kit for capture following manufacturer protocols. Whole-exome sequencing was performed on the NovaSeq 6000 equipment (Illumina, USA) with a 150-base paired-end dual index read format. Reads were aligned to the human reference GRCh38 using Burrow–Wheeler Aligner (BWA), algorithm MEM (https://github.com/lh3/bwa/tree/master/bwakit). We also called genotypes using GATK HaplotypeCaller (version 4.0.9). We used the genotypes obtained in this step to infer the genetic ancestry. The pipeline used for alignment, variant calling, variant refinement, and genetic ancestry assessment is detailed elsewhere (22).

For the general elderly population (SABE), whole-genome sequencing was performed previously (31). Although SARS-Cov-2 infection is unknown for this cohort, this data provides a baseline for the frequency of each polymorphism in the general elderly population from São Paulo.



MHC genotyping and haplotyping

The MHC region is prone to genotyping errors because of alignment bias in paralogous and highly polymorphic genes (20, 21, 32). The HLA classical class I and II genes are the most impacted ones by alignment bias, and conventional NGS analysis workflows are not suitable for genotyping them. We used a customized workflow to circumvent this issue and get reliable genotypes and haplotypes in the MHC region. We used HLA-mapper (version 4) (20) to optimize read alignment along the MHC region (Supplementary Figure S1). The input for HLA-mapper is the BAM file obtained in the previous step (for exomes or whole-genomes). After applying HLA-mapper to correct the alignments, we called genotypes using GATK 4 HaplotypeCaller. Then, we selected only the variants that overlapped the region captured by the Exome, with no more than 5% of missing alleles in the Exomes. After, we refined the variants using the standard Variant Quality Score Recalibration (VQSR) supplemented with known variants from HLA genes. To obtain phased variants for each gene, we first phased closely located variants using WhatsHap (33). Then, we combined phase sets using Shapeit 4 (34). The final product is a phased VCF with SNPs throughout the MHC.



HLA allele calling

For HLA-A, HLA-B, HLA-C, HLA-E, HLA-F, HLA-G, MICA, MICB, HLA-DOA, HLA-DOB, HLA-DMA, HLA-DMB, HLA-DRA, HLA-DPA1, HLA-DPB1, TAP1, and TAP2, we obtained the complete exonic sequences for each individual by converting the phased VCF obtained in the previous step into complete CDS sequences using vcfx transcript (www.castelli-lab.net/apps/vcfx). We also translated these sequences into protein sequences (the allotypes) using Emboss transeq. We called HLA alleles (3-field and 2-field resolution) directly from these CDS and predicted protein sequences, comparing them with the ones reported in the IPD-IMGT/HLA database (35). Because of exome probe-capturing bias in some MHC regions, we imputed HLA-DRB1, HLA-DQA1, and HLA-DQB1 2-field alleles instead of calling alleles directly from the VCF data, as discussed in the next section.



Quality control for MHC variants and HLA imputation for HLA-DRB1, HLA-DQA1, and HLA-DQB1

For exomes, we noticed a probe-capturing bias in some MHC regions, which is not an unexpected issue, especially for HLA genes (32, 36). This bias is quite strong for HLA-DRB1, HLA-DQA1, and HLA-DQB1, as illustrated in Supplementary Figure S2. Although the HLA-mapper optimization corrects most of the alignment errors in HLA genes, the absence of sequences from one chromosome (the capture bias) led to genotyping bias and allele call errors. This is particularly problematic when comparing exomes and whole genomes because this error occurs only in the former.

To circumvent this issue, we only selected from the exomes the variants with an average proportion of reads among alleles in heterozygous sites (i.e., the allele balance) over 0.3, represented as a red line in Supplementary Figure S2. This procedure might have eliminated some important variants, but it allowed us to compare exomes and whole genomes by avoiding variants prone to genotyping errors. In addition, we selected only variants with a frequency of at least 1%, either among patients or among the general elderly population. Accordingly, 2,346 SNPs were selected across the MHC and were considered for all subsequent analyses.

The capture bias discussed above prevented the direct call of HLA alleles for HLA-DRB1, HLA-DQA1, and HLA-DQB1. We applied an imputation method with HIBAG 1.5 (37) to call 2-field resolution alleles (Supplementary Figure S1). First, we built a reference panel based on whole-genome data from Brazilians, the 1000Genomes, and HGDP datasets, using the same pipeline as presented in Supplementary Figure S1. The selected variants for the imputation model are bi-allelic variants present in both the reference panel and exomes and show an average proportion of reads among alleles in heterozygous sites over 0.30 in exomes (Supplementary Figure S2). After imputation, the incompatibility between imputed HLA alleles and direct calls was as follows: HLA-A (4.1%), HLA-B (2.8%), HLA-C (2.2%), HLA-DRB1 (20.9%), HLA-DQA1 (23%), and HLA-DQB1 (28.4%). Because of that, we opted to consider only the direct calls for HLA-A, HLA-B, and HLA-C, and only the imputed alleles from HLA-DRB1, HLA-DQA1, and HLA-DQB1.



Statistical analyses for association

The usual threshold for genome-wide significance in GWAS studies is P< 10-8, defined based on the average number of segregation blocks in European genomes. However, here, we are focusing on 2,346 SNPs across the MHC (not the full genome), in a different population (admixed Brazilians), and in a region with different LD patterns than the rest of the genome. Therefore, we calculated the number of different segregation blocks observed across our data by using Haploview and the confidence intervals algorithm (38). We detected exactly 100 segregation blocks with all bi-allelic markers with minimum allele frequencies of 2%. Therefore, we set alpha = 0.05/100 = 0.0005 as the threshold for detecting an associated variant despite multiple tests (the red lines in the Manhattan plots). We also report candidates that reach a 10-fold higher threshold, alpha < 0.005 (the blue line in the Manhattan plots) to avoid missing potential variants associated with Covid 19 severity.

We used plink2 to fit a logistic regression that considers each variable site, allotype, or amino acid residue as an independent marker. We created a plink-format table file containing a column for each allele of a SNP, every allotype, each amino acid in a specific position, and the dosage observed for the samples (from 0 to 2). The regression analysis, performed in R, considered sex and genetic ancestry as covariables in all comparisons. We did not include age as covariable to adjust P-values because of the super elderly. To evaluate the amino acid residues, we first aligned the predicted protein sequence of all individuals. While we considered all SNPs that have passed the filter described above, for the allotype and amino acid residues, we considered only the following genes: HLA-A, HLA-B, HLA-C, HLA-E, HLA-F, HLA-G, MICA, MICB, HLA-DRA, HLA-DRB1, HLA-DQA1, HLA-DQB1, HLA-DPA1, HLA-DPB1, HLA-DOA, HLA-DOB, HLA-DMA, HLA-DMB, TAP1, and TAP2.



Modeling of HLA structures and analysis of immunogenic regions and spike epitopes

Aiming to enhance our understanding of underlying mechanisms for HLA alleles associated with disease severity and the mechanisms underlying the associations, we have predicted the HLA molecule structure and the SARS-CoV-2 peptides that can bind to these HLA versions. The detailed methods are in the supplementary material.




Results


Covid-19 demographic data

Supplementary Table S1 presents demographic data and mean genome-wide genetic ancestry for each group. The mean age for the MILD group (66.9 years) is significantly higher than the SEVERE group (51.3 years), p < 10-5. There are more women in the MILD group (58.3%) and among the super elderly (74.7%) than in the SEVERE Covid-19 (43.6%).

All groups present similar proportions of genetic ancestry, except the SEVERE group which has a greater African and Native American ancestry than the MILD or the general elderly population from the same city (Supplementary Table S1). On one hand, ancestry might be related to Covid-19 severity, as observed for some Covid-19 comorbidities. For example, diabetes is a risk factor for severe Covid-19 (39) and is more frequent in individuals with higher African and Native-American ancestry in some populations (40). On the other hand, the lower socioeconomic status of a Brazilian citizen is correlated with a higher African and Native American ancestry. Most of the severe cases came from public hospitals, which, on average, are of poorer quality and lower efficiency, and then enriched for individuals with lower socioeconomic status (41). Nevertheless, the reported association results were controlled for genetic ancestry, which allowed adjustment to some extent for the socioeconomic scores.



Extreme outcomes for Covid-19 severity

The comparison between the SEVERE and MILD groups revealed three missense candidate variants that are 2-3 times more frequent in the SEVERE group than in MILD, coinciding with genes HLA-A, HLA-DOB, and TAP2 (Figure 2 and Table 1). The HLA-A variant is also significantly less frequent in the MILD group than in the general elderly population (p = 0.0066), and HLA-DOB and TAP2 variants are also significantly overrepresented in the SEVERE group compared to the general elderly population (p = 0.0009 and p = 0.0064, respectively), according with Table 1.




Figure 2 | Manhattan plot illustrating differences among patients with MILD and SEVERE Covid-19, and the general elderly population from the same city. The general elderly population consists of whole-genomes (WGS) of 1,170 elders from São Paulo city, with unknown status regarding Covid-19. We considered only variants with a minor allele frequency of 1% in at least one of the groups, with no more than 5% of missing alleles in both groups, and with a ratio between read depth for each allele in heterozygous sites ranging from 0.3 to 0.5 for Exomes (the MILD and SEVERE groups). The red line marks the threshold for detecting a variant associated with the phenotype by calculating the number of segregation blocks observed in our data. The blue line marks the suggestive threshold for a candidate variant, p < 0.005. Most MUC22 variants are in Linkage Disequilibrium (r2 > 0.8).




Table 1 | Polymorphisms across the MHC region (SNPs and indels) that are associated with Covid-19 severity in Brazilian patients.



Probably because of the relatively small and different sample size of both the MILD and SEVERE groups, some variants are highlighted when compared to the general elderly population but not when comparing the Covid-19 groups, as, the susceptibility missense variants rs1264457 at HLA-E and rs2228111 at TAP1, among others. On the other hand, the protective missense variants at MUC22 are significantly overrepresented among patients with MILD Covid-19 (Figure 2 and Table 1).

We also evaluated whether variants are associated with Covid-19 severity in younger patients by removing the super elderly from the MILD group. The resulting smaller sample size did not allow the identification of candidate variants in this comparison. However, the pattern observed in Table 1 was maintained.

We explored the allotypes and amino acid frequencies in different groups (Table 2). DOB*01:02 and the amino acid that defines this allotype, 18Q, are overrepresented in the SEVERE group compared to the MILD and the general elderly population. This amino acid exchange is related to the rs2071554 variant described in Table 1. HLA-E*01:03 and the main amino acid exchange that composes this allotype, 128G, is significantly overrepresented in the SEVERE group when compared to the general elderly population (p < 0.005) and the MILD group (p < 0.05). This amino acid exchange is related to rs1264457 (Table 1). All variants that define the allotype MICA*008 are overrepresented in the MILD group when compared to the general population (Table 2).


Table 2 | MHC allotypes and amino acid residues associated with Covid-19 disease severity in Brazil.



Two amino acid residues at HLA-A, 86R and 87N (full-length protein) or 62R and 63N (mature protein), are significantly overrepresented in the SEVERE group when compared to the MILD group (p < 0.005), and overrepresented in the general elderly population when compared to the MILD group (p < 0.01). Likewise, HLA-A residue 156/W is less frequent in the MILD group compared to the SEVERE (p < 0.05) and the general elderly population (p < 0.005). Residues 62R and 63N are associated with many HLA-A allotypes, including A*25, A*26, A*33, A*34, A*66, A*68, and A*69. Residue 156/W is associated with allotypes A*25, A*26, A*34, A*43, A*66, and A*68.

The linkage disequilibrium (LD) pattern in Figure S7 indicates that most Covid-19-associated MUC22 polymorphisms are in strong LD. Likewise, the MICA variants (all associated with MICA*008) are in strong LD. MUC22 and MICA are independent signals. The signals from HLA-DOB and TAP2 might not be independent. There is no LD between the HLA-A variant and other relevant variants across the MHC.



Super elderly patients recovered from Covid-19 as compared to the elderly general population

The strongest signal coincides with gene MUC22, rs62399430, two times more frequent among the super elderly than in the SEVERE group (p = 0.0057, OR=0.30). Moreover, when super elderly are compared to the general elderly population from the same city, we detected candidate variants in two genes, MUC22 and PSORS1C1/CDSN (Figure 3). Most of the signals coincide with gene MUC22. Variants rs62399430, rs11753789, and rs12110785 (p < 0.0002, OR > 2.0) are, in general, two times more frequent among super elderly recovered from Covid-19. Two of these are missense variants. Most MUC22 variants are in Linkage Disequilibrium (r2> 0.8, Figure S7). These variants are also overrepresented in the MILD Covid-19 group, which includes most of the super elderly patients and younger patients with mild Covid-19. Another candidate variant for protection is rs145583110, an intronic variant from PSORS1C1 or exonic for CDSN, which is 3 times more frequent among the super elderly than in the general population (p = 0.0018, OR = 3.85).




Figure 3 | Manhattan plot illustrating differences between Brazilian centenarians (>90 y) recovered from Covid-19 and the general elderly population. The general population consists of whole-genomes (WGS) of 1,170 elders from São Paulo city (> 65 y), with unknown status regarding Covid-19. The centenarian group includes exomes of 87 patients more than 90 years old that presented mild Covid-19 symptoms. We considered only variants with a minor allele frequency of 1% in at least one of the groups, with no more than 5% of missing alleles in both groups, and with a ratio between read depth for each allele in heterozygous sites ranging from 0.3 to 0.5 for Exomes. The red line marks the threshold for detecting a variant associated with the phenotype by calculating the number of segregation blocks observed in our data. The blue line marks the suggestive threshold for a candidate variant, p < 0.005. Most MUC22 variants are in Linkage Disequilibrium (r2 > 0.8).



The allotype and amino acid residue frequencies reveal no relevant association when comparing super elderly with MILD Covid-19 and younger patients with SEVERE Covid-19, or when super elderly are compared to the general elderly population.




Discussion

Here we investigated the polymorphisms across the MHC region associated with Covid-19 disease severity in patients with extreme phenotypes: young adults with severe Covid-19, and super elderly individuals with mild Covid-19. All the samples were collected between June and October 2020, before new SARS-CoV-2 variants were reported in Brazil (especially Gamma) and before the onset of the Brazilian vaccination program against Covid-19. This data may shed some light on the mechanisms underlying SARS-CoV-2 resistance, particularly for the earlier SARS-CoV-2 strains in unvaccinated individuals. All samples from the control elderly Brazilian population were collected before the SARS-CoV-2 outbreak.

We applied a bioinformatics pipeline to correct alignments and call reliable genotypes and HLA alleles and detected some associated and candidate variants that influence infection severity, some related to genes from the antigen presentation pathway and others from different pathways. This section will focus on the strongest hits and the frequent candidate variants associated with the phenotypes, particularly MUC22, HLA-A, and HLA-DOB.


MUC22 variants and mild Covid-19

We detected missense MUC22 variants associated with mild Covid-19 when evaluating all patients with mild symptoms, and the super elderly recovered from Covid-19. MUC genes encode mucins, and 16 different mucins have been identified in the lung (42). Mucins are high-molecular-weight glycoproteins that can be secreted or anchored to the cell membrane (transmembrane mucins) (42). MUC22 is a member of the mucins’ family. It encodes transmembrane mucins expressed in the bronchi of the lungs and participates in the inflammatory and innate immune response (43, 44). Airway mucus comprises water, antimicrobial proteins, serum protein transudates, and mucus glycoproteins. It protects and lubricates the respiratory tract. However, excessive mucus production is related to inflammatory lung diseases (45), which are found in severe cases of Covid-19. Overexpression of MUC1 and MUC5AC mucins, for instance, play a key role in Covid-19 symptoms and may contribute to the high viscosity of airway mucus, leading to airflow obstruction and respiratory distress (46).

MUC22 is up-regulated in infections with respiratory syncytial vírus (47). Some studies have been pointing to mucin´s role in Covid-19 (48, 49). The outcome of SARS-CoV-2 infection may be correlated with a signature of shed mucins in circulation from infected lung or respiratory tract epithelial cells (48). MUC22 polymorphisms have been associated with diffuse panbronchiolitis (43) and asthma in Latinos (50).

One may argue that these variants are related to longevity and not with protection against severe Covid-19. However, this variant is not correlated with longevity because (a) the SABE sample refers to a census-based cohort of elderly Brazilians with an average age of 75, and thus variant associated with longevity would already be more frequent, and (b) their frequency in SABE is very similar to frequencies observed in European and Latin American populations (https://www.ncbi.nlm.nih.gov/snp/rs62399430#frequency_tab).

Except for rs146685560, all MUC22 protective variants are correlated with higher expression of miR-6891 in many tissues, including the esophagus and lung (gtexportal.org). miR-6891 is co-expressed with MUC22 in the alveolus (pneumocyte type II). Interestingly, miR-6891 is encoded in the MHC, and targets the ORF3a gene from SARS-CoV-2 (51), which encodes a sodium or calcium ion channel protein involved in replication and pathogenesis (52). Most importantly, miR-6891-5p is upregulated in Calu3 cells infected with SARS-CoV-2 (53). During the early stages of SARS-CoV-2 infection, ORF3a directs the host’s immune response (54), may induce lysosomal evasion (55, 56) and could promote cytokine storms by activating the NF-kB signaling and NLRP3 inflammasomes pathways (57). Therefore, we can hypothesize that a higher expression of miR-6891-5p, associated with all MUC22 protective variants, may contribute to less severe symptoms during SARS-CoV-2 infection.

One possible explanation for higher miR-6891-5p expression is linkage with HLA-B since the MIR6891 gene coincides with an HLA-B intron. In the present study, there is a clear association between the protective variant rs62399430/T and some HLA-B alleles, such as B*35:01, B*35:03, B*48:02, and B*51:01. All of these HLA-B alleles are listed as high mRNA expressing alleles (58–60). Thus, higher HLA-B mRNA expression might be correlated with higher miR-6891 expression, and MUC22 variants are tagging this phenotype.

Also, MUC22 is approximately 100 kb from CCHCR1 gene, the most important signal in the MHC region for Covid-19 susceptibility, according to the Covid-19 Host Genetics Consortium (Covid19hg - https://app.covid19hg.org/). All CCHCR1 variants associated with Covid-19 (29, 61) are intronic and were not captured by our genotyping method (whole-exome sequencing). The exomic CCHCR1 variants included in our survey do not correlate with Covid-19 severity. This is expected since the meta-analysis provided by Covid19hg indicates that CCHCR1 is associated with Covid-19 susceptibility but not with severity when comparing hospitalized and non-hospitalized patients (as performed here). Moreover, studying LD among the most relevant variants from MUC22 and CCHCR1, we detected a weak LD (r2 < 0.3, D’ < 0.7). Covid19hg effort detected no relevant signal from MUC22, including the SNPs described here. Although our MUC22 findings are not cross-validated by the Covid19hg, we must consider that we are evaluating a very different cohort, aged and super elderly individuals with mild Covid-19 and younger patients with severe Covid-19. The signal from MUC22 is much stronger in the super elderly group. The frequency of rs62399430 among the super elderly with mild Covid-19 is 2x higher than the observed among Europeans and in the general elderly populations and 3.8x higher than in Africa. Therefore, considering study designs and cohort ancestries, the MUC22 signal might be ancestry-specific and independent of CCHCR1.



HLA-DOB*01:02/rs2071554 and severe Covid-19

The HLA-DO molecule is a heterodimer formed by two heavy chains, HLA-DOA and HLA-DOB. HLA-DO is a non-classical MHC-II molecule that does not present peptides on the cell surface, but it is required to efficiently load endosomal peptides onto MHC-II molecules (62–66). Thus, modifications in HLA-DOB may directly influence antigen presentation in the MHC class II pathway.

The HLA-DOB*01:02 allele has also been associated with an increased risk of death in patients with non-small cell lung cancer; reduced median survival time (67, 68), with type 1 diabetes (69), which is a major comorbidity related to severe Covid-19 (39), and with resistance to SARs-CoV-2 infection (22). DOB*01:02 has a different signal peptide, which may influence cellular localization and trafficking of the protein (15), possibly leading to inadequate antigen presentation.

HLA-DOB*01:02 is rare (0.6%) among SARs-CoV-2 resistant individuals (22), has similar frequencies of around 6% among patients with mild Covid-19 or the control elderly population, and reaches 13.6% in patients with severe Covid-19 (Table 1). The frequency of DOB*01:02 among the super elderly is similar to the general elderly population.

DOB*01:02 is frequent in Africa (reaching the same frequency as the SEVERE group) and less frequent in Europe. Although the percentage of Native-American and African ancestries are much higher in the SEVERE group than others, the associations described here are adjusted for genetic ancestry and sex. Because DOB*01:02 frequencies vary among different biogeographic regions, other studies are unlikely to find similar results unless addressing African or admixed populations comparable to the Brazilian one.



HLA-A, TAP1, and TAP2 polymorphisms and severe Covid-19

We detected three different associations involving genes from the class I antigen presentation pathway. These associations involve TAP1 and TAP2, which participate in the peptide pumping from the cytoplasm to the endoplasmic reticulum, and gene HLA-A, which will present these peptides on the cell surface to T CD8 lymphocytes (Tables 1, 2). High expression levels of TAP1 and TAP2 are correlated with the amount of virus in lung tissue (70). The TAP2 signal might be a hitchhiking association due to linkage with HLA-DOB*01:02 (Figure S7).

For HLA-A, the amino acid residues at positions 62 and 63 (mature protein) depend on the haplotype formed by four different variants, rs1059455, rs1064588, rs2230991, and rs199474424. Their presence is associated with severe Covid-19. The fact that (a) this combination of amino acids only occurs when there is a specific haplotype, (b) this haplotype occurs in many different HLA-A alleles, and (c) allele frequencies vary in different populations, may explain why we did not detect any association between HLA-A allotypes with Covid-19 severity and why previous surveys described different results or no association (23, 71–77).

One possible mechanism for these associations is different binding affinities to SARs-CoV-2 peptides coupled with the subset of peptides pumped by TAP. The higher frequency of 62R-63N in the SEVERE group is related to alleles A*33:03, A*68:01, and A*68:02. A*68 alleles are among the strong binders for SARs-CoV-2 peptides (78, 79) and among the best binders for respiratory viruses (70).

To investigate whether residues 62R/63N could be interfering with the subset of antigens presented by HLA-A, we performed an in silico prediction of the antigen processing pathway impact on the presentation ability of the alleles carrying 62R/63N. Since the set of MHC alleles that an individual presents defines the ligandome on its cell surface, we predicted the peptidome of inspected alleles and compared them with the corresponding immunogenic regions from the SARS-CoV-2 spike protein. The comparison did not provide evidence that the investigated alleles lack the potential to present T cell epitopes already described for SARS-CoV-2 sequences (Supplementary Figures S3, S4). Additionally, we extracted the frequency of response for each predicted peptide from each 62R/63N sample alleles to compare their average values of immunogenicity frequencies with other alleles associated with good and bad outcomes in Covid-19. Again, the alleles carrying 62R/63N and overrepresented in the severe group exhibited similar numbers, indicating that the presentation ability was not responsible for the impaired response (Supplementary Figure S5).

To infer if the mutations could be interfering with immunogenicity triggering, we also looked for alterations present in the 62R/63N alleles that could impact the TCR interaction surface of the MHC cleft. The HLA structural models were screened, looking for shared features in regions usually contacted by complementarity-determining region 3 (CDR3) loops (Supplementary Figure S6). Hierarchical clustering analysis showed that four out of eight investigated alleles presented an electrostatic potential distribution fingerprint in the probed area. This physicochemical element was already described as pivotal to cytotoxicity elicitation, as described previously (80).

Interestingly, the clustered alleles were HLA-A*33:01, A*33:03, A*68:01, and A*68:02, the ones with higher frequencies among patients with Severe Covid-19 (Figure 4). These analyses emphasize the need for a deeper investigation when we are dealing with HLA alleles and their involvement with immunogenic issues. Only looking for ligandome predictions can underestimate the whole importance of these structures in T cell stimulation.




Figure 4 | Top view of HLA-A molecules and hierarchical clusterization of HLA-A alleles. In (A) there is a MHC structure in both the ribbon and surface visualizations from the region that interacts with the TCR, respectively. The area in orange represents the zone proximal about the residues 62 and 63. In (B) we can see the cluster dendrogram of the analyzed MHCs. Under each allele name, there is the surface image that was generated for electrostatic potential distribution. In the right branch, we can see the cluster of alleles carrying rs199474424 (please refer to Figure 2), HLA-A*33:01, A*33:03, A*68:01, and A*68:02, with their respective shared molecular fingerprint.



Among the alleles with increased frequency in the SEVERE group, A*68:02 is particularly frequent in Africa, A*62:01 among Native Americans, and A*33:03 in Asia (www.allelefrequencies.net). Although the SEVERE group from Brazil presents a higher African and Native American ancestry than the MILD group (Supplementary Table S1), the associations presented here (62R/63N, p = 0.0017, OR=2.7) are adjusted for ancestry and sex. This p-value is much lower, 0.0003, and significant even after correction for multiple tests within the HLA-A locus when not adjusted for ancestry. Therefore, population stratification should be ruled out as the main issue leading to these results. Since the associated alleles are most frequent in non-European populations, particularly Native Americans and Africans, it is unlikely that any study addressing European ancestry samples (23, 25, 74, 75, 77, 81–83) would find similar results. In fact, most of the previous studies evaluate European patients and find different results than the one presented here. Nevertheless, a frequency analysis of HLA alleles among Covid-19 infected patients from Saudi Arabia found HLA-A*68 among the most common alleles associated with severe disease (84), and A*68 is relatively common in Saudi Arabia (www.allelefrequencies.net). These results demonstrate the importance of addressing admixed populations such as Brazilians and other less-studied population samples.




Conclusions

In short, here, we performed an in-depth analysis of the MHC region in a cohort of unvaccinated super elderly individuals with Covid-19 that presented mild, or no symptoms compared with a group of younger patients with severe Covid-19 and/or a lethal outcome. We used a method to call genotypes and haplotypes in the MHC that minimizes alignment and genotyping errors. Interestingly, the strongest signals in the MHC region for candidate variants protecting against severe Covid-19 coincide with gene MUC22. Missense variants at MUC22 are more frequent among the super elderly and in the MILD group than in the SEVERE group and the general elderly population. We hypothesized that MUC22 might play an important protective role against severe Covid-19. Functional studies must be placed to evaluate the true impact of such variants on MUC22 function.
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The emerging SARS-CoV-2 virus has affected the entire world with over 600 million confirmed cases and 6.5 million deaths as of September 2022. Since the beginning of the pandemic, several variants of SARS-CoV-2 have emerged, with different infectivity and virulence. Several studies suggest an important role of neutrophils in SARS-Cov-2 infection severity, but data about direct activation of neutrophils by the virus is scarce. Here, we studied the in vitro activation of human neutrophils by SARS-CoV-2 variants of concern (VOCs). In our work, we show that upon stimulation with SARS-Cov-2 infectious particles, human healthy resting neutrophils upregulate activation markers, degranulate IL-8, produce Reactive Oxygen Species and release Neutrophil Extracellular Traps. Neutrophil activation was dependent on TLR7/8 and IRF3/STING. We then compared the activation potential of neutrophils by SARS-CoV-2 variants and showed a significantly increased activation by the Delta variant and a decreased activation by the Omicron variant as compared to the initial strain. In this study, we demonstrate that the SARS-Cov-2 virus can directly activate neutrophils in COVID-19 and that the different VOCs had differences in neutrophil activation intensity that mirror the differences of clinical severity. These data highlight the need to address neutrophil-virus interactions as a potential target for therapeutic intervention in SARS-CoV-2 infection.
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Introduction

The emerging SARS-CoV-2 virus was first identified in Wuhan City, China, on 31 December 2019 as the etiological agent of coronavirus infectious disease 2019 (COVID-19). It was subsequently declared pandemic by the World Health Organization (WHO) on 11 March 2020 (1). Until 15 September, 2022, the entire world has been affected by this virus with over 600 million confirmed cases and over 6.5 million deaths.

Since the beginning of the pandemic, several variants of SARS-CoV-2 have emerged. The first successful emergence was observed between March and April 2020 with the spread of the D614G mutation. This mutation was associated with higher viral loads and improved adhesion to the cellular angiotensin-converting enzyme 2 (ACE2) receptor (2). Since the late 2020s, several new variants of concern (VOC) have been identified, including the Alpha (B.1.1.7), Beta (B.1.351), Gamma (P.1) and then Delta (B.1.617.2) variants, which have rapidly and widely dominated in Europe and worldwide. More recently, the Omicron variant (B.1.1.526) has come to the forefront of global concern. However, this variant, which is thought to have a much higher adhesion capacity than other VOCs (3), seem to induce a less severe disease (4).

In humans, coronavirus infection generally causes mild respiratory infections such as common cold, including fever, cough and shortness of breath (5). Several clinical profiles have been described, but none of them was associated to a specific risk factor (6). Most people infected are only mildly symptomatic, but approximately 20% of patients may progress to severe disease with a risk of acute respiratory distress syndrome (ARDS), sepsis, multiorgan dysfunction and ultimately death (5). The overactivation of the innate immune response against SARS-CoV-2, including production of pro-inflammatory cytokines (TNFα, IL-6, IL-1β and IFN-γ/α) is thought to play a major role in the pathophysiology (7).

Among the first immune cells to be recruited and activated in infections are neutrophils. Neutrophils possess formidable anti-infectious weaponry including secretion of proteases and cytokines, production of reactive oxygen species (ROS), and even expulsion of extracellular DNA filaments called neutrophil extracellular traps, or NETs (8). Although neutrophils are more studied in bacterial or fungal infections, they are now recognized to be of importance during viral infections as well (8, 9). In COVID-19 infection, increased circulating neutrophil numbers and neutrophil recruitment to lungs have been described and linked to severity (10). Additionally, elevated NETs have been measured in blood and tissues and associated to lung injury, thrombosis, and severity (11, 12).

However, despite the large amount of data available on the activation status of neutrophils in COVID-19, there is still little information on how the neutrophils respond to the SARS-CoV-2 itself, and particularly to the different VOCs of the virus. In this study, we explored the neutrophil activation potential of all the major VOCs of SARS-CoV-2 in vitro, and demonstrated a significant disparity in neutrophil activation intensity depending on the variant.



Material and methods


Viral strains

The viral strains of human SARS-CoV-2 VOCs were obtained from a positive nasopharyngeal PCR sample. The viruses have been treated in biosafety level-3 laboratory (BSL-3). The SARS-CoV-2 primo-culture stocks used as B (EPI_ISL_4537783), Alpha (EPI_ISL_4536454 and EPI_ISL_4536996), Beta (EPI_ISL_4537125 and EPI_ISL_4537284), Gamma (EPI_ISL_4536760), Delta (EPI_ISL_4536228) and Omicron (EPI_ISL_13017139) were produced in Vero E6 cells. The infected Vero E6 cells were incubated at 37°C in a humidified atmosphere with 5% of CO2. The supernatants were purified and concentrated in Amicon®Ultra-15 diafiltration devices (Merck Milipore Ltd). Then, supernatants were quantified for viral RNA levels by RT-qPCR (Altona ®, Roche) and viral infectivity by lysis plaque assay titration (13) (see below). Supernatants were then aliquoted and stored at −80°C until use. All sequences of culture strains have been sequenced with Nanopore technology (Agilent technologies®) using the Artic protocol.



Viral titration

SARS-CoV-2 infectious titers were obtained by a lysis-plaque assay as previously described (13). Briefly, Vero E6 cells were seeded onto a 12-well plate at a density of 100,000 in DMEM with 10% FBS. The next day, cells were infected by 10 to 10 serial viral dilutions with the same infection protocol than for our viral infection assays (13). After the viral adsorption period of 1 h at 37°C, 500 µl of an agarose medium mix was added. After 3-day incubation at 37°C with 5% of CO2, the supernatant was removed and cells were fixed with 1 ml of a 6% formalin solution for 30 min. The formalin solution was then removed, and cells were colored with a 10% crystal violet solution for 15 min. All wells were then washed with distilled water and dried on bench-coat paper.



SARS-CoV-2 pseudovirus assay

To compare the differences in neutrophil activation as a function of SARS-CoV-2 VOCs, lentiviral particles pseudotyped with spike proteins encoded for B, Delta and Omicron have been used. We used a NLENG1-ES-IRES plasmid coding for a derived HIV-1 virus NL4-3 (14). The virus produced by this plasmid are all defective carrying two stop codons in the reading frame of the envelope and expressing a fluorescent reporter gene GFP. Also, we used spike SARS-CoV-2 and VOCs expression plasmid (B, Delta and Omicron)(pLV-Spike, In vivogen). Briefly, pseudoviruses were produced in HEK293T cells by lipofectamine co-transfection of NLENG1-ES-IRES and pLV-Spike plasmids. The virus production have been concentrated and purified using a 100kDa specific filter (Amicon®, Milipore). Viruses’ productions were stored at -80°C until use. A measure of the viral load was performed on all purified viruses suspensions as previously described (15).



Neutrophil surface activation markers

Heparinized whole blood neutrophils were counted on an automated hematometer (Sysmex) and the blood was adjusted to a concentration of 4x106 millions neutrophils/mL. Alternatively, neutrophils were magnetically isolated (see below). Neutrophils were incubated with virus at multiplicity of infection (MOI) ranging from 0.1 to 500 or medium for 90 min at 37°C, CO2, H20. Anti-CD62L and anti-CD11b fluorescent antibodies (Becton-Dickinson) were added for 15 min at 4°C. Whole blood samples were then subjected to red blood cell (RBC) lysis (BD FACS Lysing Solution, Becton-Dickinson). After washing, cells were acquired on a FACS Lyrics cytometer (Becton-Dickinson). Results were expressed as percentage of activated CD62Llow/CD11bbright neutrophils. When indicated, whole blood was pre-incubated for 30 min with 10µM cytochalasin D (Sigma), 50nM TLR7/8 inhibitor ODN 2088 (Miltenyi), or 1µM IRF-3 inhibitor BX795 (In vivogen).



IL-8 measurement

Degranulated IL-8 was measured in supernatants from virus-activated neutrophils after 90 min of contact (short incubation to avoid measuring neosynthesized cytokines) using Human IL-8 Duoset ELISA kit (Bio-techne) according to manufacturers’ recommendations.



ROS measurement

Heparinized whole blood was pre-incubated with 600ng/ml dihydroethidium (DHE, Sigma-Aldrich) ROS probe for 15 min at 37°C under agitation in a water bath before adding the virus at MOI 0.1-500 or medium for 45min at 37°C, CO2, H20. Samples were then subjected to RBC lysis and washing before acquisition on a FACS Lyrics cytometer. Results were expressed in mean fluorescence intensity (MFI) of the probe.



Apoptosis measurement

Apoptosis was measured on virus-treated neutrophils at MOI 100 using Apoptosis staining kit I (BD Biosciences) according to manufacturer’s recommendations. Alternatively, neutrophils were fixed and permeabilized using Cytofix/Cytoperm kit (BD Biosciences) according to manufacturer’s recommendations, and stained for 30 min with anti-activated Caspase-3 antibody (Clone C92-605 BD Pharmingen).



NETosis assay

Neutrophils were purified from EDTA-treated whole blood using MACSXpress Neutrophil isolation kit (Miltenyi Biotech) which allowed a purity routinely over 98%. Purified neutrophils were suspended at 1x106 cells/mL and seeded in 12-well plates. Virus at MOI 100 or medium was added and the plates were incubated at 37°C, CO2, H20 for 3h. The supernatant was then collected and DNA-MPO complexes were measured by an in-house ELISA as previously described (16). Additionally, DNA-MPO complexes were measured in sera from COVID-infected patients using the same in-house method.



Patients

Whole blood and neutrophils used for in vitro stimulation experiments were collected from healthy volunteers from Etablissement Français du Sang. Samples from 35 SARS-Cov-2 infected patients used to measure NETs were collected upon admission to Bichat Hospital in the context of a clinical study approved by an Ethics committee with consent of patients (National Ethics committee “Ile de France 8”n°2020-A02676-33).



Statistics

Comparison between paired data set was done with paired Wilcoxon signed-rank test or Friedman test for comparison of more than two groups. Comparison of unpaired data sets was done with Mann-Whitney test or Kruskal-Wallis test for comparison of more than two groups followed by Dunn post-test. Analyses were done in Graphpad Prism v9.3.1 (GraphPad Software, LLC.). A p-value <0.05 was considered significant.




Results


Neutrophil activation by SARS-CoV-2 virus requires actin polymerization, TRL7/8 and IRF-3

A significant increase in CD11bhi/CD62Llow activated neutrophils from whole blood could be seen after 90 min of incubation at relatively high MOI (100 to 500, p=0.0002 for both compared to medium) with the ancestral Wuhan strain (B.) of SARS-CoV-2 (Figure 1A). A similar activation could be observed on magnetically isolated neutrophils at the same MOIs (Figure S1). To confirm this activation, we additionally measured degranulated IL-8 (Figure 1B) and ROS production (Figure 1C). Both IL-8 and ROS were significantly increased in virus-treated neutrophil supernatants as compared to medium at MOI 500 (333 ± 102 vs 8.2 ± 1.9pg/mL, p=0.0001; and 1551 ± 155 vs 683 ± 78 relative fluorescence units (RFU), p=0.0012, respectively). After 18h of incubation, late apoptotic cells were dramatically reduced in neutrophils incubated with SARS-CoV-2 compared to the medium alone (13.6% vs 57.0%, p<0.0001) (Figure 1D), in line with a strongly reduced active caspase 3 expression (3% vs 55%, P=0.0022) indicating that SARS-CoV-2 is able to delay neutrophil spontaneous apoptosis (Figure 1E).




Figure 1 | Activation of neutrophils by SARS-CoV-2 infectious particles. (A) Percentage of CD11bhigh/CD62Llow activated neutrophils after 90 min incubation of whole blood with SARS-CoV-2 (“Wuhan” B. strain)(n=12). (B) Concentration of IL-8 in supernatant after incubation with SARS-CoV-2 (n=12). (C) ROS production of neutrophils after incubation with SARS-CoV-2 virus. RFU, relative fluorescence units (n=12). (D, E) Percentage of (d) annexin V+/ 7-AAD+ late apoptotic neutrophils and (e) neutrophil expressing active caspase 3 after 18h of incubation of SARS-CoV-2 virus or medium (Mock)(n=12). (F) Percentage of inhibition of neutrophil activation by actin polymerization inhibitor cytochalasin D, TLR7 and TLR8 inhibitor ODN 2088 and STING/TLR3 signalling inhibitor BX795 (n=12). Data are mean ± SEM, *p<0.05; **p<0.01; ***p<0.001, ****p<0.0001.



To decipher neutrophil activation pathways, neutrophils were preincubated with several inhibitors prior to stimulation with the virus (Figure 1F). Neutrophil activation could be effectively reduced by inhibition of actin polymerization (52.7 ± 7.9% inhibition, p<0.0001), suggesting endocytosis is necessary for virus-induced neutrophil activation. In line with this, we found that neutrophil activation could also be reduced by inhibition of endosomal RNA-sensing pattern recognition receptors (PRR) TLR7/8 (45% ± 9, p<0.0001). Intriguingly, inhibition of IRF-3, a transcription factor downstream of nucleic acid sensors TLR3 and STING, could also significantly inhibit neutrophil activation (36.7% ± 7, p<0.0001). Since neutrophils do not possess TLR3, this suggests that the cytoplasmic receptor STING could also participate in neutrophil activation. Similarly, RIG-I and MDA-5, known to recognize viral double-stranded RNA, could also induce activation of IRF3. However, this would need cytoplasmic replication of SARS-Cov2 in neutrophils, which has not been observed so far.

Thus, our data show that human neutrophils can be directly activated by SARS-CoV-2 virus in an actin- and PRR-dependent manner.



SARS-CoV-2 variants have distinct activating properties of neutrophils

SARS-CoV-2 VOCs were cultivated from clinical isolates and used after infectious titration in neutrophil activation experiments in comparison with the original “Wuhan” (B) strain (Figures 2A–C). For a same MOI, incubation with the Delta variant induced a significantly higher percentage of neutrophil activation compared to the ancestral strain (84 ± 4% vs 44 ± 8%, p=0.03), while the Omicron variant induced a much lower activation than all other strains, in particular compared to the Delta strain (11.3 ± 3% vs 87 ± 4%, p<0.0001, Figure 2A). To confirm these results in a different model, we used lentiviral pseudotyped viruses expressing the spike protein from Delta and Omicron. In line with our results with the full virus, we found a significantly higher neutrophil activation with the Delta spike than with the Omicron spike (p<0.001; Figure S3). Next, we measured degranulated IL-8 in full virus-treated neutrophil supernatants, which showed an even larger difference for Delta variant compared to the Omicron variant (1914± 408 vs 87 ± 11 pg/mL, p<0.0001; Figure 2B). Since NETosis seems to be a prominent feature of neutrophil contribution to COVID-19 pathogeny, we tested NET generating capacity of SARS-CoV-2 variants circulating at the time of the study (Delta and Omicron) on isolated neutrophils. We show that the supernatants of neutrophils stimulated with the B. strain or the Delta strain contain higher NETs concentrations than those stimulated with the Omicron strain (618 ± 213 and 690 ± 217 vs 224 ± 139 UA/mL, p=0.0005 for both, Figure 2C). To confirm the impact in vivo, we measured circulating NET concentrations at diagnosis in patients infected with Delta or Omicron variants (Table 1), and found a higher concentration in patients with the Delta strain (1359 ± 658 vs 31.7 ± 5 UA/mL, p=0.027, Figure 2D) although blood neutrophil concentrations were similar in both groups (Supplemental Figure 2)




Figure 2 | Activation potential of neutrophils differ between SARS-CoV-2 variants. (A) Percentage of CD11bhigh/CD62Llow activated neutrophils after 90 min incubation with SARS-CoV-2  “Wuhan” strain B and its major VOCs after normalization for medium (n=12). (B) Concentration of IL-8 in supernatant after 90 min incubation with SARS-CoV-2 after normalization for medium (n=12). (C) Concentration of DNA-MPO complexes in supernatant of isolated neutrophils after 3h of incubation with SARS-CoV-2 virus after normalization for medium (n=12). (D) Circulating concentration of DNA-MPO complexes in patients infected with Delta (n=22) or Omicron strain (n=14). Data are mean ± SEM, *p<0.05; **p<0.01; ****p<0.0001.




Table 1 | Patients sera: These table contain age and gender of patients used to Netosis assay.






Discussion

Neutrophils are major players in SARS-CoV-2 infection and neutrophil activation has been linked to severity and poor prognosis (12, 17, 18). Therefore, understanding neutrophil activation pathways in COVID-19 is of paramount importance to design neutrophil-targeted therapeutic interventions. In this study, we demonstrate that one of the neutrophil activation pathways could be direct activation by infectious viral particles. We show that, in vitro, human healthy resting neutrophils can sense SARS-CoV-2 by TLR7/8 and STING activation, upregulate membrane activation markers, degranulate IL-8 and produce ROS and NETs. Additionally, we show that SARS-Cov2 is able to delay neutrophil apoptosis via downregulation of active caspase 3 expression, which could participate to a sustained pro-inflammatory effect. We then compared the activation potential of neutrophil by SARS-CoV-2 variants and showed a significantly increased activation by the Delta variant compared to the ancestral strain and a decreased activation by the Omicron variant.

We and other have described early neutrophil activation in blood and tissue neutrophils from COVID-19 patients (12, 17, 18). This activation is mostly believed to be due to pro-inflammatory cytokine released in particular by macrophages and monocytes (19, 20). Indeed, plasma from severe patients can activate neutrophils from healthy donors (21–23). However, a study suggested this could be dependent on circulating immune complexes rather than cytokines (24). Here, we show that direct activation by the virus itself could contribute to neutrophil activation at infection sites. While a direct neutrophil activation would seem a counterproductive strategy for a virus, it has been shown that neutrophil proteases could participate in the maturation of the spike protein and thus facilitate infection (25, 26). More intriguing, it was recently suggested that the SARS-CoV-2 could use the histones on NETs as a hook to facilitate infection of neighboring cells via sialic acid binding (27).

The quantity of virus necessary to activate neutrophils seemed relatively large as compared to what is usually necessary to infect epithelial cells (28). However, at infection sites there is a huge amplification of viral particles due to viral replication. Moreover, we used untouched resting neutrophils from healthy donors that are less responsive to weak stimuli. Indeed, it is well described that neutrophil activation is a multistep process and that a priming step is necessary to get a full response (29). In an infectious context, neutrophils recruited to tissues are primed by the chemotaxis and diapedesis process and arrive in an inflammatory environment, making them likely to respond to much lower quantities of free viral particles.

Some studies have already shown activation of neutrophils by SARS-CoV-2 (8, 9), but none have compared the activation potential of all major variants so far. In doing so, we demonstrated a significant difference between Delta and Omicron variants, the latter being much less active on neutrophils. Interestingly, we were able to link this finding to clinical data since patients with Omicron presented less NETs in their serum, a fact recently confirmed by a preliminary study (30). Clinically, it is now well established that infection with the Omicron variant causes less severe disease that infection with Delta with a significantly lower hospitalization and lethality rate (31, 32). Since neutrophils are believed to be instrumental in disease severity, one may speculate this could participate to the less severe disease phenotype.

In addition, our results with spike-expressing pseudoviruses strongly suggests that the spike protein plays an important role in neutrophil activation. Indeed, it has been shown that the spike protein alone can induce neutrophil activation and NETosis (33). Additionally, one team has recently demonstrated that the Omicron spike protein presented a new cleavage site for neutrophil Cathepsin G protease (25), a feature which might interfere with its neutrophil activation properties.

The main limitation of this study is the in vitro experiments that do not reproduce accurately the inflamed setting in which the neutrophil meets the virus. However, this bias was necessary to be able to distinguish the signal induced by the virus itself from the one induced by the inflammatory background. In the future, studies on more elaborate models including infected epithelial cells will allow to explore further the virus-neutrophil interactions in a more physiological setting. Additionally, we did not explore the effect of co-infection with several VOCs. Indeed, co-infections with several VOCs have been described (34). While the clinical significance of such occurrence is not yet well known, in light of our data, it would be interesting to study their effect on innate immune response.

In conclusion, we demonstrate that neutrophil activation in COVID-19 patients can be done directly by the virus, and that the differences of clinical severity between the different strains of SARS-CoV-2 could be caused by differences in neutrophil activation potential. These data highlights even more the need to address neutrophil-virus interactions as an additional potential target for therapeutic intervention in SARS-CoV-2 infection.
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ACE2 and TMPRSS2 are crucial for SARS-CoV-2 entry into the cell. Although ACE2 facilitates viral entry, its loss leads to promoting the devastating clinical symptoms of COVID-19 disease. Thus, enhanced ACE2/TMPRSS2 expression is likely to increase predisposition of target cells to SARS-CoV-2 infection. However, little evidence existed about the biological kinetics of these two enzymes and whether dexamethasone treatment modulates their expression. Here, we show that the expression of ACE2 at the protein and mRNA levels was significantly higher in the lung and heart tissues of neonatal compared to adult mice. However, the expression of TMPRSS2 was developmentally regulated. Our results may introduce a novel concept for the reduced susceptibility of the young to SARS-CoV-2 infection. Moreover, ACE2 expression but not TMPRSS2 was upregulated in adult female lungs compared to their male counterparts. Interestingly, the ACE2 and TMPRSS2 expressions were upregulated by dexamethasone treatment in the lung and heart tissues in both neonatal and adult mice. Furthermore, our findings provide a novel mechanism for the observed differential therapeutic effects of dexamethasone in COVID-19 patients. As such, dexamethasone exhibits different therapeutic effects depending on the disease stage. This was supported by increased ACE2/TMPRSS2 expression and subsequently enhanced infection of normal human bronchial epithelial cells (NHBE) and Vero E6 cells with SARS-CoV-2 once pre-treated with dexamethasone. Therefore, our results suggest that individuals who take dexamethasone for other clinical conditions may become more prone to SARS-CoV-2 infection.
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Introduction

The emergence of the Coronavirus Disease 2019 (COVID-19) has led to a major global pandemic. While severe/critical illness and death are more common in the elderly (1), severe outcomes are uncommon in the young (2, 3). Although infants and children are susceptible to infection, up to 90% of SARS-CoV-2 infected infants/children are asymptomatic or exhibit mild symptoms without a need for hospitalization (4, 5). These observations suggest that there are differences in the immune response to SARS-CoV-2 infection in the young versus the elderly. For instance, it has been proposed that infants respond to micro-organisms through biased immune tolerance rather than resistance strategies – preventing excessive immune response and collateral damage in the young (3). Also, more frequent/recent immunizations in young populations may result in trained immunity and cross-protection against SARS-CoV-2 (5).

Another host factor that may influence the infectivity to SARS-CoV-2 is the differential age-dependent expression of the viral receptor(s) and co-receptor on the target cell (6). Previous studies have indicated that SARS-CoV-2 enters the cell by binding to the Angiotensin-converting enzyme 2 (ACE2) on the cell surface via the spike protein (7, 8). Subsequently, the spike protein is cleaved by transmembrane protease serine 2 (TMPRSS2), facilitating target cell entry (7). Thus, SARS-CoV-2 not only gains initial entry via ACE2 but also downregulates ACE2, which impairs its protective physiological role (9). The downregulation of ACE2 in the respiratory tract is linked to neutrophil infiltration in response to LPS (10) and may result in angiotensin II accumulation and lung injury in respiratory viral infections (11, 12). Because ACE2 is a carboxypeptidase degrading angiotensin II, B1-bradykinin, and apelin-13, it contributes to cardiovascular physiology (13). Moreover, the enzymatic activity of ACE2 is protective against acute respiratory distress syndrome (ARDS) caused by viral and non-viral lung injury. ACE2 is predominantly expressed in the upper respiratory tract, heart, and other tissues (14, 15).

Therefore, in addition to the respiratory tract, the cardiac tissue could be the target of SARS-CoV-2. For example, it is reported that infected individuals with SARS-CoV-2 could experience cardiovascular disease such as myocarditis (16). A pilot study has reported the detection of SARS-CoV-2 viral RNA in 41% of heart tissues from deceased individuals who died of COVID-19 disease (17).

Although mounting evidence suggests that age and sex may influence ACE2 expression (18), this has been the subject of debate. For example, ACE2 expression in the lung tissue was not different between sexes and age groups in different cohorts of rodents (rats and mice) (19). Similar results were reported for the expression of ACE2 in human lung tissues (19). However, upregulation of ACE2 with age has been seen only in COVID-19 patients requiring mechanical ventilation (20). In contrast, a higher ACE2 expression in the lung of younger compared to older animals, regardless of their sex, has been reported (21). A couple of recent studies reported increased ACE2 gene expression with age in the respiratory tract (22). This discordance illustrates the need for a more unifying explanation as to whether ACE2 and TMPRSS2 are differentially expressed in the young and whether sex influences their expression. Moreover, recent evidence supports a survival advantage with dexamethasone in COVID-19 patients requiring oxygen or invasive mechanical ventilation (23, 24). However, the same treatment has no benefit and may exacerbate disease in patients with milder disease (24).

In the present study, we examined the expression of ACE2 and/or TMPRSS2 in one week old neonatal, 2 and > 6 months old mice at the gene and protein levels. We also examined the effects of dexamethasone treatment on ACE2 and TMPRSS2 expression in lung and heart tissues of both neonatal and adult mice. Finally, as proof of concept, we show that dexamethasone treatment enhances the infectivity of Verso E6 and normal human bronchial epithelial cells (NHBE) to pseudo SARS-CoV-2. Thus, our study may provide a potential and novel explanation for the observed differential effects of dexamethasone in COVID-19 patients.



Material and methods


Animal studies

BALB/c mice at different age groups were used for these studies. Similarly, the effects of dexamethasone (Sigma) on ACE2 and TMPRSS2 expression in the lung and heart tissues were assessed 2 days post intraperitoneal (IP) injection using the physiologically relevant concentration of 1 μg/g body weight (25). The research ethics boards at the University of Alberta approved these studies with the protocol # AUP0001021.



Western blot analyses

Tissues were lysed in lysis buffer supplemented with a protease inhibitor cocktail (Sigma-Aldrich) and protein concentration was determined using a BCA assay kit (Thermo Fisher Scientific). Protein samples were separated by electrophoresis on either 7%, 17%, or 4-15% gradient polyacrylamide gels and then transferred to PVDF membranes. The membranes were blocked with 5% milk and incubated with the anti‐ACE2 (Abcam, ab15348), anti‐TMPRSS2 (Abcam, ab242384), and anti‐β‐actin/GAPDH (Sigma) antibodies using 1:1000 dilution.

Next, membranes were incubated with the appropriate HRP‐conjugated secondary antibodies and developed using an enhanced chemiluminescence detection kit (Thermo Fisher Scientific).

Protein bands of interest were quantified using Image Lab Software v6.0.1 (Bio-Rad).



Gene expression analysis

RNA was isolated from the lung and heart tissues of mice using RNAeasy mini kit (Qiagen). The concentration of isolated RNA samples was measured using a nanodrop spectrophotometer (ThermoFisher Scientific) and samples with 260/280 ratios between 1.8 and 2.0 were selected for further analysis. RNA (500 ng) was used for cDNA synthesis using the miScript II Reverse Transcription Kit (Qiagen) and the T100 Thermal Cycler (Bio-Rad). The expression of genes was measured by RT-PCR using CFX96 Touch Real-Time PCR Detection System (Bio-Rad). The Quantitect Primer assay (Qiagen) was carried out for the following genes: ACE2, TMPRSS2 with Beta-2-microglobulin used as the reference gene. Data analysis was done using the 2 -CT method as we reported elsewhere (26, 27).



Immunofluorescence staining

Tissues were harvested and fixed in 4% PFA overnight. Slides were deparaffinized by washing twice in xylene for 10 min, 2 times in 100% EtOH for 10 min, 1 time in 95% EtOH for 5 min, 1 time in 70% EtOH for 5 min, and finally a 5-min wash in H2O. Next, slides were incubated in pre-warmed citrate buffer (pH 6.0) in a water bath at 92°C for 10 min, then removed and allowed to cool to room temperature followed by 3 washes with 1x PBS with 5 min intervals. First, slides were incubated in 10% donkey serum in PBST at RT for 1 hour to minimize non-specific antibody binding. After 3 washes with 1x PBS at 5 min intervals, samples were incubated in 100 µL of ACE2 primary antibody (1:200 Abcam ab15348) overnight in a moist chamber at 4°C. For the staining of TMPRSS2, samples were incubated in 100 µL of TMPRSS2 primary antibody (1:200 Abcam ab92323) overnight in a moist chamber at 4°C. For the negative control, samples were incubated with 100 µL PBS overnight in a moist chamber at 4°C. The next day slides were washed 3 times with 1x PBS at 5 min intervals. Finally, 100 µL of Alexa Flour 488 secondary antibody (1:1000 Invitrogen A32790) was added to samples in the dark and incubated for 1 hour at room temperature, and then washed 3 times with 1x PBS for 5 min each wash. The samples were then incubated with 100 µL of DAPI (1:1000 Invitrogen D1306) for 10 min. Slides were then washed 3 times with 1x PBS at 5 min intervals. A drop of ProLong Mountant (Invitrogen P36934) was added to each sample before coverslips were placed.



Infection assay with the pseudo SARS-CoV-2

Vero E6 cells were seeded at 30,000 cells/well in complete RPMI culture media in the presence or absence of dexamethasone (0.5 μg/ml and 1 μg/ml, Sigma) in a 48 well flat-bottomed plate for 24 hr. Similarly, NHBE cells originally purchased from the ATCC but no information was provided for the age/sex of the donor. These cells were seeded at 30,000 cells/well in bronchia epithelial cell growth media (BEGM, Sigma) in the presence or absence of dexamethasone (1 μg/ml) in a 48 well flat-bottomed plate for 24 hr. Then, cells were washed with warm PBS and exposed to the pseudo SARS-CoV-2 spike Delta variant green reporter (Montana Molecular, MT, USA) according to the manufacturers’ instruction overnight. Then cells were trypsinized and extensively washed of any extracellular pseudo virus before analysis by imaging and/or flow cytometry.



Flow cytometry

The expression of ACE2/TMPRSS2 was analyzed by using the anti-ACE2 (535919) from R&D, and the anti-TMPRSS2 (EPR3862) from abcam according to our methods (28–30). Besides, Live/dead fixable dead cell stain (ThermoFisher) was used to exclude dead cells in flow cytometry. Paraformaldehyde fixed cells were acquired by flow cytometry using a LSRFORTESSA flow cytometer (BD) and analyzed with FlowJo software (version 10).



Statistical analysis

Statistical analysis was performed using the Prism software. Based on the distribution of data the appropriate test was used. The non-parametric tests such as the Mann-Whitney U-test or Kruskal–Wallis one-way analysis of variance was used. Also, Wilcoxon matched-pairs signed rank test was used for paired studies (e.g. in vitro treatment). The P-values are shown in the graphs and measures are expressed as mean ± SEM and P-value < 0.05 was considered to be statistically significant.




Results


Higher ACE2 but lower TMPRSS2 in lung tissues of neonatal compared to adult mice

To compare the expression levels of ACE2 in the lung of neonatal compared to older mice, we measured total ACE2 protein levels by western blot in lung tissues. We found that neonatal mice (one week old) had significantly higher ACE2 protein levels compared to older adult mice (> 6 months) in bulk lung tissues (Figures 1A, B). A similar pattern was noted at the gene expression level when ACE2 mRNA was quantified in lung tissues of neonatal versus older adult mice (Figure 1C). This was also the case for ACE2 expression at the protein and gene levels in heart tissues of neonatal compared to older adult mice (Figures 1D-F). It is worth mentioning that although ACE2 is observed as a single band in most tissues of mice, it is usually observed as double bands in lung tissue as reported elsewhere (29). We further investigated the expression of ACE2 in the lung tissue by immunofluorescence staining (IF). Although we did not quantify the expression level, these observations suggest a more intense and less scattered ACE2 expression in the lung tissue of neonatal versus adult mice (Figures 1G-I). However, our observations did not support a differential expression level for ACE2 in neonatal female/male mice.




Figure 1 | Differential expression of ACE2 and TMPRSS2 in the lung and heart tissues of neonatal compared to adult mice. (A) Representative western immunoblots, and (B) cumulative data of ACE2 protein in the lung tissues of neonatal (1-week-old) versus adult mice (> 6 months). (C) Cumulative data showing fold regulation of ACE2 mRNA in the lung tissues of neonatal versus adult mice (> 6 months). (D) Representative western immunoblots, and (E) cumulative data of ACE2 in the heart tissues of neonatal versus adult mice (> 6 months). (F) Cumulative data showing fold regulation of ACE2 mRNA in the heart tissues of neonatal versus adult mice (> 6 months). (G) Representative immunofluorescence (IF) images of ACE2 expression in the lung tissue of a neonatal mouse, and (H) an adult mouse (5 sections/tissue, n= >3/group). (I) IF image of the lung section stained with the secondary antibody as control. Scale bar: 100 μm. Magnification x200 and x400. Sample size (n) is shown for each group. All blots were repeated for reproducibility and lanes were loaded with equal amounts of protein. Quantification of ACE2 (97 KDa) and TMPRSS2 (54 KDa) normalised to the loading control. Error bars indicate mean ± SEM from more than two independent experiments. Each dot represents data from an animal.



In a recent study, the developmental regulation of TMPRSS2 expression in the human lung epithelium was suggested to be the primary determinant of age-related differences in SARS-CoV-2 infection susceptibility (6). To determine whether this was the case in mice, we examined TMPRSS2 expression by western blot and qPCR in the lung tissues of neonatal versus older adult mice. We found that older adult animals, had significantly higher TMPRSS2 expression compared to neonates at the protein and gene levels in their lung tissues (Figures 2A-C). These observations were further confirmed by the IF staining that showed scarce expression of TMPRSS2 in the lung of neonatal versus older adult mice (Figures 2D-F). We further observed that TMPRSS2 expression was developmentally regulated in the lung tissues regardless of the animal sex as noted in female (Figures 2G, H) and male mice (Figures 2I, J). However, we were unable to detect TMPRSS2 expression in heart tissue as reported elsewhere (31). These results confirm the developmental regulation of TMPRSS2 in lung tissues of mice.




Figure 2 | Developmental regulation of TMPRSS2 in the lung tissues of mice. (A) Representative western immunoblots, and (B) cumulative data of TMPRSS2 protein in the lung tissues of neonatal versus adult mice (> 6 months). (C) Cumulative data showing fold regulation of TMPRSS2 mRNA in the lung tissues of neonatal versus adult mice (> 6 months). (D) Representative immunofluorescence (IF) images of TMPRSS2 expression in the lung tissue of a neonatal mouse, and (E) an adult mouse (5 sections/tissue, n= >3/group). (F) IF image of the lung section stained with the secondary antibody as control. Scale bar: 100 μm. Magnification x200. (G) Representative western immunoblots, and (H) cumulative data of TMPRSS2 protein in the lung tissues of neonatal (8 days old), young adults (2 months) versus older adult (> 6 months) female mice. (I) Representative western immunoblots, and (J) cumulative data of TMPRSS2 protein in the lung tissues of neonatal, young adults (2 months) versus older adult (> 6 months) male mice. All blots were repeated for reproducibility and lanes were loaded with equal amounts of protein. Quantification of ACE2 and TMPRSS2 normalised to the loading control. Error bars indicate mean ± SEM from at least three independent experiments.





Higher expression of ACE2 but not TMPRSS2 in the lung tissue of female mice

Hormonal and genetic factors are reported to result in ACE2 upregulation in females (32), which may, in part, explain differences in COVID-19 outcomes in females versus males. Thus, we analyzed the expression of ACE2 and TMPRSS2 in the lung tissues of older (> 6 months old) female versus male mice. We found that females had significantly higher ACE2 expression at the protein and gene levels in lung tissue compared to males (Figures 3A-C). However, this difference was noted only at the gene level but not at the protein level in the heart tissues of females (Figures 3D-F). When TMPRSS2 expression was analyzed, we did not find any significant differences between males and females at the gene and protein levels in lung tissues (Figures 3G-I). In agreement with another report (31), we were unable to detect TMPRSS2 gene expression in heart tissue. These results highlight the differential effects of sex on ACE2 and TMPRSS2 expression in older mice.




Figure 3 | Elevated ACE2 at the gene and protein levels in the lungs of female mice. (A) Representative western immunoblots, and (B) cumulative data of ACE2 protein in the lung tissues of adult male and female mice. (C) Cumulative data showing fold regulation of ACE2 mRNA in the lung tissues of male versus female adult mice. (D) Representative western immunoblots, and (E) cumulative data of ACE2 protein in the heart tissues of adult male and female mice. (F) Cumulative data showing fold regulation of ACE2 mRNA in the heart tissues of male versus female adult mice. (G) Representative western immunoblots, and (H) cumulative data of TMPRSS2 protein in the lung tissues of male versus female older adult mice. (I) Cumulative data showing fold regulation of TMPRSS2 mRNA in the lung tissues of male versus female adult mice. All blots were repeated for reproducibility and lanes were loaded with equal amounts of protein. Quantification of ACE2 and TMPRSS2 normalised to the loading control. Error bars indicate mean ± SEM from at least two independent experiments. ns, Not significant.





Dexamethasone upregulates the expression of ACE2 and TMPRSS2 in neonatal mice

Treatment with dexamethasone in hospitalized COVID patients has been shown to reduce mortality among those who require oxygen and/or mechanical ventilation (23). However, there is no evidence, to our knowledge, that dexamethasone may impact the expression of ACE2 and TMPRSS2 in these patients. Therefore, we aimed to determine the effects of dexamethasone on the expression of ACE2 and TMPRSS2 in neonatal mice. One-week old mice were administered intraperitoneal (IP) dexamethasone (1 μg/g body weight) for two consecutive days and their lung and heart tissues were harvested a day later (Figure 4A). Control animals were injected (IP) with phosphate buffered-saline (PBS) because the dexamethasone was water soluble and then was diluted in PBS. We found that dexamethasone treatment resulted in a significant upregulation of ACE2 at the protein and gene levels in the lung tissues of one-week old mice (Figures 4B-D). Furthermore, using the IF staining, we noted a more intense and less scattered ACE2 expression in the lung tissues of treated versus control mice (Figures 4E, F). However, the IF staining was not quantified and only implies a higher ACE2 expression in the treated group. Moreover, the expression of ACE2 at the protein and gene levels in heart tissues confirmed similar results (Figures 4G-I). Next, we assessed the expression of TMPRSS2 in the lungs of neonatal mice after treatment with dexamethasone. These studies yielded results that were consistent with the ACE2 expression (Figures 4J-L). In summary, these findings support the role of dexamethasone in upregulating the expression of ACE2 and TMPRSS2 in the lung and ACE2 in the heart tissues of neonatal mice.




Figure 4 | Dexamethasone upregulates the expression of ACE2 and TMPRSS2 in the tissues of neonatal mice. (A) Dexamethasone treatment strategy. (B) Representative western immunoblots, and (C) cumulative data of ACE2 protein in the lung tissues of neonatal mice treated with dexamethasone (IP, 1 μg/g body weight for two consecutive days) versus those treated with PBS (control). (D) Cumulative data showing fold regulation of ACE2 mRNA in the lung tissues of treated neonates versus control. (E) Representative immunofluorescence (IF) images of ACE2 expression in the lung tissue of a control versus (F) dexamethasone treated neonatal mouse (5 sections/tissue, n= >3/group). Scale bar: 100 μm. Magnification x200. (G) Representative western immunoblots, and (H) cumulative data of ACE2 protein in the heart tissues of control versus dexamethasone treated neonatal mice (I) Cumulative data showing fold regulation of ACE2 mRNA in the heart tissues of neonatal mice treated with dexamethasone compared to controls. (J) Representative western immunoblots, and (K) cumulative data of TMPRSS2 (TMP) protein in the lung tissues of control versus dexamethasone treated neonatal mice (L) Cumulative data showing fold regulation of TMPRSS2 mRNA in the lung tissues of neonatal mice treated with dexamethasone compared to controls. All blots were repeated for reproducibility and lanes were loaded with equal amounts of protein. Quantification of ACE2 and TMPRSS2 normalised to the loading control. Error bars indicate mean ± SEM from more than three independent experiments.





Dexamethasone upregulates the expression of ACE2 and TMPRSS2 in adult mice

Since our results showed differential expression of ACE2 and TMPRSS2 in the lung and heart tissues of neonatal mice (Figure 1), we hypothesized that dexamethasone may also exhibit differential effects on the expression of ACE2 and TMPRSS2 in older adult mice. Strikingly, we found that dexamethasone treatment (1 μg/g body weight, IP) for two consecutive days increased the expression of ACE2 at the protein level in adult mice (> 6 months) regardless of their sex (Figures 5A, B). We also observed similar effects in 2-month-old mice. To better understand the role of sex following treatment with dexamethasone, we measured the mRNA level for ACE2 in lung tissues of both male and female adult mice. We observed that dexamethasone treatment upregulated the mRNA expression for ACE2 in lung tissues of both female and male adult mice, respectively (Figures 5C, D). Similar observations were made for ACE2 expression at the gene level in the heart tissues of mice once treated with dexamethasone regardless of their sex (Figures 5E, F). However, we did not find any changes in ACE2 expression at the protein level in heart tissues of adult mice regardless of their sex despite treating additional animals (Figures 5G, H).




Figure 5 | Dexamethasone upregulates the expression of ACE2 and TMPRSS2 in the lung and heart tissues of adult mice. (A) Representative western immunoblots, and (B) cumulative data of ACE2 protein in the lung tissues of adult mice (> 6 months) treated with dexamethasone (IP, 1 μg/g body weight for two consecutive days) versus those treated with PBS (control). (C) Cumulative data showing fold regulation of ACE2 mRNA in the lung tissues of treated male, and (D) female versus control mice. (E) Cumulative data showing fold regulation of ACE2 mRNA in the heart tissues of treated male, and (F) female versus control mice. (G) Representative western immunoblots, and (H) cumulative data of ACE2 protein in the heart tissues of adult mice (> 6 months) treated with dexamethasone versus controls. (I) Representative western immunoblots, and (J) cumulative data of TMPRSS2 protein in the lung tissues of adult mice (> 6 months) treated with dexamethasone versus controls. (K) Cumulative data showing fold regulation of YMPRSS2 mRNA in the lung tissues of treated male, and (L) female versus controls. (M) IF images of TMPRSS2 expression in the lung tissue of a control versus (N) dexamethasone treated adult mouse. (O) Stained with the secondary antibody (5 sections/tissue, n= >3/group). Scale bar: 100 μm. Magnification x200. All blots were repeated for reproducibility and lanes were loaded with equal amounts of protein. Quantification of ACE2 and TMPRSS2 normalised to the loading control. Error bars indicate mean ± SEM from more than three independent experiments. ns, Not significant.



Next, we quantified the expression of TMPRSS2 in the lung tissue of animals treated with dexamethasone versus controls, which showed a significantly enhanced TMPRSS2 at the protein level in treated animals (Figures 5I, J). We further found that dexamethasone treatment significantly upregulated TMPRSS2 at the mRNA level in treated versus control female and male mice, respectively (Figures 5K, L). Finally, the IF staining on sections obtained from the lung tissues of control and treated mice supported the enhanced expression of TMPRSS2 following treatment with dexamethasone (Figures 5M-O). Thus, these observations confirmed that dexamethasone enhances ACE2 and TMPRSS2 expression in the lung tissues of adult mice.



Pre-treatment with dexamethasone enhances susceptibility of NHBE and Vero E6 cells to infection with pseudo SARS-CoV-2

Considering the upregulation of ACE2 and TMPRSS2 in the lung tissues of mice following treatment with dexamethasone, we decided to recapitulate these observations in NHBE cells, as a proof of concept. We found that overnight treatment with dexamethasone (1 μg/ml), significantly increased the expression of ACE2 and TMPRSS2 in NHBE cells (Figures 6A-D). This observation was similar to that seen in animal studies (Figures 4 and 5). As anticipated, upregulation of SARS-CoV-2 receptor and co-receptor, not only increased the proportion of infected NHBE cells to pseudo SARS-CoV-2 infection (Figures 6E, F) but also significantly enhanced the intensity of infection in these cells (Figures 6G, H). This was further confirmed by microscopic examinations (Figures 6I-K). Wells without treatment served as controls. In addition, we performed similar studies on Vero E6 cells to reconfirm and validate our observations in another cell line. Vero E6 cells are widely used for SARS-CoV-2 infection assays in vitro (33). We observed that overnight treatment of Vero E6 cells with dexamethasone (0.5 and 1 μg/ml) significantly increased their susceptibility to infection in a dose dependent manner when exposed to pseudo SARS-CoV-2 and analyzed by flow cytometer (Figures 7A, B). Also, the intensity of infection was more pronounced in dexamethasone treated versus untreated Vero E6 cells in a dose dependent manner (Figures 7C, D). Finally, our microscopic examinations further confirmed these observations (Figures 7E-J). Therefore, these results imply that dexamethasone increases NHBE and Vero E6 cells infectivity to SARS-CoV-2 via the upregulation of ACE2 and TMPRSS2.




Figure 6 | Dexamethasone treatment enhances the infectivity of NHBE cells to Pseudo SARS-CoV-2 infection. (A) Representative plots, and (B) cumulative data of ACE2 expression as measured by the mean fluorescence intensity (MFI) in NHBE cells following overnight treatment with (0.5 µg/ml) or without dexamethasone treatment. (C) Representative plots, and (D) cumulative data of TMPRSS2 expression (MFI) in NHBE cells following overnight treatment with (0.5 µg/ml) or without dexamethasone treatment. (E) Representative flow cytometry plots, and (F) cumulative data showing percentages of NHBE cells untreated or treated with dexamethasone (0.5 μg/ml) and infected with the pseudo SARS-CoV-2. (G) Representative flow cytometry histogram plots, and (H) cumulative data showing the intensity [the mean fluorescence intensity (MFI)] of pseudo SARS-CoV-2 infection in NHBE cells untreated or treated with dexamethasone (0.5 μg/ml). (I) Representative image of uninfected NHBE cells. (J) Representative images of dexamethasone untreated but infected NHBE cells with pseudo SARS-CoV-2. (K) Representative images of dexamethasone treated (0.5 µg/ml) and infected NHBE cells with pseudo SARS-CoV-2, magnification x200. Error bars indicate mean ± SEM from at least two independent experiments. Each dot represents results from a single experiment. Dexamethasone (Dexa), w/o (without). Fluorescence minus one (FMO).






Figure 7 | Dexamethasone treatment enhances the infectivity of Vero E6 cells to Pseudo SARS-CoV-2 infection. (A) Representative flow cytometry plots, and (B) cumulative data showing percentages of Vero E6 cells untreated or treated with dexamethasone (0.5 μg/ml and 1 μg/ml) and infected with the pseudo SARS-CoV-2. (C) Representative flow cytometry histogram plots, and (D) cumulative data showing the MFI of pseudo SARS-CoV-2 infection in Vero E6 cells untreated or treated with dexamethasone (0.5 μg/ml and 1 μg/ml). (E, F) Representative images of uninfected Vero E6 cells. (G, H) Representative images of dexamethasone untreated but infected Vero E6 cells with pseudo SARS-CoV-2. (I, J) Representative images of dexamethasone treated and infected Vero E6 cells with pseudo SARS-CoV-2, magnification x200. Error bars indicate mean ± SEM from at least two independent experiments. Each dot represents results from a single experiment. Dexamethasone (Dexa), Vero E6 cells (Vero cells), virus (pseudo SARS-CoV-2).






Discussion

Here, we report several notable findings in this basic science study with important clinical implications. First, we find that TMPRSS2 is dynamically and developmentally regulated by age. However, ACE2 is highly expressed at the gene and protein levels in the very young and it is not developmentally regulated in mice. Our results are consistent with an earlier study showing greater expression of ACE2 in the lung of young Rhesus monkeys and mice (21, 34). However, our findings contradict another report showing continued expression of ACE2 in the lung as mice age (35). However, this study only analyzed the expression of ACE2 in the lungs of 2-month-old versus older animals (35). In fact, these findings are consistent with our observations except that this group did not investigate the expression of ACE2 in neonatal mice. Similarly, others have identified increased ACE2 expression by age at the gene and protein levels in human lungs (20). However, these results were based on the expression levels of ACE2 in the lungs of older versus younger adults (20). Our results suggest that differential ACE2 expression may contribute to increased or decreased susceptibility to SARS-CoV-2 infection. The second interesting finding of our study is our observation that ACE2 is highly expressed at the gene and protein levels in the lungs of older female mice compared to their male counterparts. Although ACE2 expression is associated with cellular susceptibility to SARS-CoV-2 infection (7, 29), lower tissue levels are correlated with worse clinical outcomes and lung injury (36).Greater ACE2 expression could enhance viral entry at the cellular level, but may provide protection at the organ/tissue level. It is worth mentioning that despite higher expression of ACE2 in the lung of older female mice, TMPRSS2 expression was unchanged. This suggests that females might not be at a greater risk of infection because of the unchanged expression of the co-receptor in their lungs. Instead, this in part may explain why women are at lower risk of complications and mortality associated with COVID-19 infection (18, 37). An additional observation of our study was changes in ACE2 and TMPRSS2 expression in the heart tissues of neonatal versus older mice. We observed a higher expression of ACE2 in the heart tissues of neonatal that older animals. This may increase the likelihood of infection with SARS-CoV-2, as suggested by others, in the lung (38). Notably, in the present study, we found very low to the undetectable levels of TMPRSS2 in the heart tissues, suggesting the inability of SARS-CoV-2 to enter the myocardium. Our results concur with human studies detecting relatively very low TMPRSS2 expression in myocardium (39, 40). This implies that although ACE2 is highly expressed in the heart, without the presence of a co-receptor (e.g. TMPRSS2), myocardial infectivity of SARS-CoV-2 is low. Emerging data indicate an association between COVID-19 and myocarditis (41, 42). Intriguingly, the association between COVID-19 and myocarditis has been reported to be the highest among those younger than 16 years (43). Although causality is unknown, we suggest that higher expression of ACE2 in the heart of the young could partially explain the observed age-related association.

Another finding was the effects of dexamethasone on ACE2 and TMPRSS2 expression in tissues of neonatal and older mice. Strikingly, our results revealed that dexamethasone treatment enhances the expression of ACE2 and TMPRSS2 at the gene and protein levels in the lung tissues of mice regardless of their age/sex. Based on these observations we speculate that dexamethasone may exhibit the same effects in human subjects resulting in enhanced susceptibility to SARS-CoV-2 infection. This hypothesis was further confirmed when we noted significantly increased ACE2 and TMPRSS2 expression in NHBE cells upon treatment with dexamethasone. This was resulted in enhanced infectivity of NHBE cells with pseudo-SARS-CoV-2 once pre-treated with dexamethasone in vitro. However, these are hypotheses generated based on our intriguing animal and in vitro results, which require validation in human subjects.

Moreover, viral entry represents just one of several elements involved in SARS-CoV-2 infection, each of which involves different genes and pathways that may potentially be influenced by dexamethasone in the lung/heart and elsewhere. As such, whether dexamethasone modulates other genes and pathways associated with viral replication/infection merits further investigation.

Another important discovery of this study is the very low expression of TMPRSS2 in both lungs and heart tissues of neonatal compared to older mice. Similar to our results, very low expression of TMPRSS2 has been reported in the lungs of human infants and prenatal mice (6). Given the very low expression of TMPRSS2 in neonatal mice and humans, this may explain why neonates are relatively protected against infection with SARS-CoV-2. Furthermore, our observations support the notion of developmental regulation of TMPRSS2 (6), which may present a mechanistic reason for the observed relative protection of infants and children from the severe form of COVID-19 disease. Moreover, the tightly regulated neonatal immune system (3, 44, 45) may prevent hyper-immune activation and collateral tissue damage associated with COVID-19 pathogenesis (46).

Lastly, our results provide a potential mechanistic explanation for why COVID-19 patients treated with dexamethasone may have different clinical outcomes. It is reported that dexamethasone provides benefits only to COVID-19 patients receiving oxygen therapy and/or invasive mechanical ventilation (23). These patients are in the inflammatory phase of the disease by the time they require respiratory support. This suggests that at this stage COVID-19 disease is dominated by immunopathological alterations and not by active viral replication. Therefore, we speculate that dexamethasone treatment at this phase of the disease may upregulate ACE2 and TMPRSS2 expression, and subsequently counterbalance the increase in RAS activity by converting pro-inflammatory angiotensin II to anti-inflammatory angiotensin (40). Conversely, our data suggest that dexamethasone treatment in the early stage of COVID-19 may be more harmful than helpful. Treatment given at a time when viral entry and replication are high can be detrimental as the upregulation of ACE2 and TMPRSS2 may enhance infection. In support of this concept, slower clearance of virus has been reported in individuals with influenza, SARS, and the Middle East respiratory syndrome (MERS) treated with systemic glucocorticoids (47–50).

Another explanation for the differential effects of dexamethasone on SARS versus SARS-CoV-2 might be related to differential viral replication phases. In contrary to SARS, in which viral replication peaks in the second week of disease (51), viral replication in SARS-CoV-2 is more pronounced early in the disease and falls rapidly thereafter (52–54). Therefore, our results suggest that dexamethasone may be beneficial only at the right time and in the right patient. We, however, caution against extrapolating these results to COVID-19 patients with other underlying conditions and/or patients with other viral respiratory infections.

The observed increase in expression of ACE2 and TMPRSS2 due to dexamethasone suggests that individuals receiving this treatment for other clinical reasons may be more susceptible to SARS-CoV-2 infection, however, this merits further investigation. Dexamethasone is one of the WHO essential medicines and is readily available, however, our results support its use in the later phase of COVID-19 when viral replication is low and inflammation high. However, in addition to its well-defined anti-inflammatory properties (25), our study provides novel evidence that treatment with dexamethasone can upregulate the expression of ACE2 and TMPRSS2 in lung and heart tissues. Therefore, giving dexamethasone at a time when viral replication is high and viral control is essential could be harmful to the patient.

We are aware of multiple study limitations such as the lack of study on human tissues. Although our studies support the upregulation of ACE2 and TMPRSS2, we were unable to examine the precise effects of dexamethasone treatment on ACE2 and TMPRSS2 localization and different immune/non-immune cells since our studies were performed on bulk tissue. Because dexamethasone may exhibit differential effects on ACE2/TMPRSS2 depending on the target cell (e.g. enhancing the maturation of erythroid progenitors) (29, 55, 56). Also, we did not investigate mechanistically how dexamethasone influences the upregulation of ACE2 and TMPRSS2. Thus, continued investigation into the mechanism associated with enhanced upregulation of ACE2 and TMPRSS2 in the lungs and hearts may shed light on a potential therapeutic approach focused on the modulation of ACE2 and TMPRSS2 expression. Another element that should be taken into consideration is the duration of treatment. Although we examined the effects of dexamethasone following two consecutive days of treatment, human subjects normally receive this medication for a longer period of time (the standard course is 10 days), which may exhibit more pronounced effects. It is also important to acknowledge that the administered dexamethasone dose in animals was higher than that prescribed in COVID-19 patients. However, steroids are usually administered intravenously (IV) in COVID patients, resulting in the highest bioavailability and predictable drug levels. Due to the impracticality in neonatal mice, we administered dexamethasone into animals via the IP route. It is well documented that the rate of absorption is much lower by IP versus the IV routes. The rate of absorption after IP injection can be 50% to 25% lower compared with IV administration (57, 58). Another factor that should be taken into consideration is how the administered dexamethasone from the peritoneal cavity gets absorbed. It may face one of two pathways to reach the systemic circulation. It is absorbed through the visceral peritoneum, the mesentery and omentum and is drained into the portal circulation, or the compound may bypass the liver if absorbed through the parietal peritoneum and lymphatics (59). As such it is impossible to assess how much of the drug undergoes hepatic metabolism. Perhaps the systemic dexamethasone bioavailability might be comparable in treated animals in our study to patients, or very close. In support of this hypothesis, we observed significant increase in ACE2 and TMPRSS2 expression levels in NHBE cells following a single treatment with lower dexamethasone concentration (1 μg/ml). Mice are not normally susceptible to SARS-CoV-2 infection and we were unable to conduct such studies in other animal models. Such studies are needed to better investigate the role of dexamethasone in vivo. Recently, the effects of dexamethasone treatment in a humanized mouse model of SARS-CoV-2 infection was examined (60). The authors concluded that the initiation of dexamethasone at day 3 post-infection when the viral load is still high was associated with moribund but the same treatment starting at day 7 post infection when the viral load had declined was protective (60). Although the impact of dexamethasone treatment on ACE2 and TMPRSS2 was not examined, it suggests that upregulation of ACE2/TMPRSS2 might be a contributing factor to these observations.

It is intriguing to question whether dexamethasone or other glucocorticoids modulate and upregulate the expression of ACE2 in the cilia of the nasal and upper respiratory tract the same as the lung and heart tissues. If this is the case, individuals with other underlying conditions, even children who are on dexamethasone, may be at higher risk of SARS-CoV-2 infection. The higher expression of ACE2 in neonatal hearts and upregulation of ACE2 in the heart of neonatal versus adult mice may suggest a higher affinity of the spike protein for the heart tissues of infants, in particular, when on dexamethasone. However, it’s unclear whether other glucocorticoids exhibit similar effects on ACE2 and TMPRSS2 expression in tissues. Moreover, the expression of ACE2 and TMPRSS2 is not restricted to the lung and heart tissues but other organs (e.g. liver and kidney) and different cells (55, 56). Therefore, examining the broader effects of dexamethasone treatment on the expression levels of ACE2 and TMPRSS2 in immune and non-immune cells merits further investigation.

In conclusion, we found that ACE2 expression in the lung and heart varies in relation to sex and age. The identification of developmental regulation of TMPRSS2 expression could partially explain the differential susceptibility of neonates to SARS-CoV-2 infection. Moreover, we reveal in vivo evidence that dexamethasone enhances the expression of ACE2 and TMPRSS2 (Figure 8), and subsequently the infectivity of NHBE and Vero E6 cells to pseudo SARS-CoV-2. These observations suggest that this medication might exhibit differential therapeutic effects depending on the phase of COVID-19. Finally, our results suggest that dexamethasone treatment for other clinical purposes may enhance the susceptibility of those patients to SARS-CoV-2 infection.




Figure 8 | The visual summary of the study.
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Low-volume antibody assays can be used to track SARS-CoV-2 infection rates in settings where active testing for virus is limited and remote sampling is optimal. We developed 12 ELISAs detecting total or antibody isotypes to SARS-CoV-2 nucleocapsid, spike protein or its receptor binding domain (RBD), 3 anti-RBD isotype specific luciferase immunoprecipitation system (LIPS) assays and a novel Spike-RBD bridging LIPS total-antibody assay. We utilized pre-pandemic (n=984) and confirmed/suspected recent COVID-19 sera taken pre-vaccination rollout in 2020 (n=269). Assays measuring total antibody discriminated best between pre-pandemic and COVID-19 sera and were selected for diagnostic evaluation. In the blind evaluation, two of these assays (Spike Pan ELISA and Spike-RBD Bridging LIPS assay) demonstrated >97% specificity and >92% sensitivity for samples from COVID-19 patients taken >21 days post symptom onset or PCR test. These assays offered better sensitivity for the detection of COVID-19 cases than a commercial assay which requires 100-fold larger serum volumes. This study demonstrates that low-volume in-house antibody assays can provide good diagnostic performance, and highlights the importance of using well-characterized samples and controls for all stages of assay development and evaluation. These cost-effective assays may be particularly useful for seroprevalence studies in low and middle-income countries.
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1 Introduction

The COVID-19 pandemic has caused over 6 million deaths and significant morbidity worldwide and major disruption to many societies (1). Mass testing for antibodies specific for SARS-CoV-2 plays an important role in understanding prevalence and transmission at the population level and has become a pillar of COVID-19 surveillance in many countries including the UK (2). In contrast to tests detecting the virus, antibody assays can confirm previous infection and are particularly useful for identifying undetected, often asymptomatic cases (3). This provides a more sensitive and practical approach to estimating prevalence than repeated testing of symptomatic individuals. Moreover, measuring antibody responses to different antigens and detecting specific antibody isotypes provides insights into levels of immunity in populations and mechanisms of immune-protection. Over time SARS-CoV-2 antibody testing is playing an increasing role in shaping vaccine evaluation and policy (4, 5). In low and middle income countries, less viral antigen/PCR testing is performed, thus data on infection and immunity gathered through simple and affordable tests is essential to guide vaccination rollout (6).

While many approaches to measuring antibodies to SARS-CoV-2 have been reported previously (7, 8), there is considerable variability in reported seropositivity rates determined using different assays/platforms, so that robust conclusions relating to population level exposure and immunity are elusive. Lab-based commercial assays have been widely evaluated in target populations in high income settings, offer good diagnostic performance, and have been deployed effectively to determine serological antibody status as well as to support clinical diagnoses (9). However, these assays are costly, often require dedicated specialist equipment, large sample volumes, and in general do not fully characterize the antibody response in terms of isotype. In contrast, lateral flow antibody assays require very low sample volumes and can be cheaper. These user-facing tests are suitable for large population surveillance and surveys, but have shown sub-optimal performance for detection of SARS-CoV-2 specific antibodies in evaluation studies (10). Sub-optimal performance of antibody assays can lead to uncertainty around persistence of antibodies and associated immune protection. Non-commercial (‘in-house’) assays have played an essential role in characterizing the antibody responses in various large cohort studies (11, 12), but many lack standardization and have been optimized/evaluated using relatively small numbers of samples making their performance unclear (13). A range of high-performance platforms such as ELISA and Luciferase Immunoprecipitation System (LIPS) assays have been reported and widely used for the measurement of SARS-CoV-2 antibodies (7, 14). Although less well known than ELISA, the LIPS platform offers an alternative method for measuring SARS-CoV-2 specific antibody responses that is more amenable to the use of competition (selecting for high affinity antibodies), and has potential to improve specificity for target antigens/epitopes (14, 15). LIPS also offers a wider dynamic range, allowing quantification of antibody responses using low sample volumes.

We therefore sought to utilize a varied and well characterized set of samples from recent COVID-19 cases (known positives) and pre-pandemic (known negative) individuals to develop and retrospectively evaluate in-house antibody assays for detecting recent infection. Multiple studies have reported differing antibody titers and profiles in groups with varying clinical outcomes (12, 16), as well as varying levels of cross-reactive responses among pre-pandemic samples from individuals of different ages (17). The COVID-19 cases therefore included severe and mild hospitalized PCR-confirmed and clinically suspected cases as well as PCR-confirmed mild and asymptomatic SARS-CoV-2 community infections (18) using samples collected during the early stages of the pandemic (2020). These were combined with large numbers of pre-pandemic sera from multiple collections (known negatives) and distributed across distinct stages of assay development and evaluation. The assays included total antibody and isotype-specific, standardized, low serum volume assays on two different platforms (ELISA and LIPS) and a novel LIPS bridging format with high throughput potential. To facilitate interpretation of the assays, we also sought to relate the results of our binding antibody assays to functional responses by comparing with two different neutralization assay platforms. Finally, we describe the process of reporting binding antibody in international units and demonstrate the deployment of the assays in a population of healthcare workers with unknown serological and infection status.



2 Materials and methods


2.1 Study approval

This work utilizes various collections of samples collected both before and during the COVID-19 pandemic via different approvals and protocols. All samples were used in accordance with the Human Tissue Act (2004) with appropriate consent and ethical approvals in place. Further details are indicated in three sections below.


2.1.1 COVID-19 cases

PCR confirmed and clinically suspected COVID-19 cases were recruited via two independent routes in Bristol, United Kingdom between April and November 2020 (prior to roll out of vaccinations). PCR confirmed and clinically suspected severe COVID-19 cases admitted to hospital were recruited into the DISCOVER study at North Bristol NHS Trust for which HRA Approval was granted by the South Yorkshire Research Ethics Committee (20/YH/0121). Clinical and demographic features were recorded during the in-patient stay and subsequently at out-patient follow-up clinics. Respiratory samples were submitted for SARS-CoV-2 PCR testing on admission or first presentation; further samples were tested where initial samples tested negative for SARS-CoV-2 RNA. Serum or plasma samples were collected at various time points during in-patient and out-patient follow-up.

In addition, healthcare workers (HCWs) at University Hospitals Bristol, North Bristol NHS Trust and Weston NHS Foundation Trust who had a previous positive nasopharyngeal swab for SARS-CoV-2 by PCR were invited to donate blood samples into the Bristol Biobank (NHS Research Ethics Committee Ref 20/WA/0273). A clinical data form was used to collect details of symptoms, tests and other information relating to the donor and their COVID-19 status at the point of sampling. A subset of donors were invited back for a repeat donation at >12 weeks post symptom onset.



2.1.2 Pre-pandemic samples

Samples collected prior to December 2019 were sourced from various collections held in Bristol, UK, as detailed in Table 1. 


Table 1 | Details of pre-pandemic samples collated from various collections including research ethics committee (REC) references, sample types and years of collection, numbers and distribution in sample sets.





2.1.3 Samples from a longitudinal cohort of hospital-based healthcare workers collected during the pandemic

Patient-facing clinical staff members working in the Children’s Emergency Department (CED) of Bristol Royal Hospital for Children, including doctors, nurses and healthcare assistants were invited to take part in the LOGIC (LOnGItudinal Study of COVID-19: Symptoms, Virology & Immunity) study in April 2020; REC reference number 20/YH/0148. In this study, participants donated blood samples over a 12-month period.




2.2 Serum and plasma sample collection

Blood from suspected and proven recent COVID-19 cases was collected into SST vacutainers (BD Biosciences) and serum was separated by centrifugation at 1300g for 10 minutes, before being aliquoted into cryovials and stored at -70°C.



2.3 Heat inactivation

Samples from suspected and proven PCR confirmed COVID-19 cases were heat treated to inactivate live virus, at 56°C for 30 minutes according to local and national health and safety guidance.



2.4 Antigen production


2.4.1 SARS-CoV-2 trimeric spike protein, and receptor binding domain

SARS-CoV-2 Spike ectodomain and RBD were expressed in Hi5 insect cells as previously described (7). The Spike ectodomain construct was comprised of amino acids 1 to 1213 fused with a thrombin cleavage site followed by a T4-foldon trimerization domain and a hexahistidine affinity purification tag at the C-terminus. The polybasic furin cleavage site was mutated (RRAR to A) (7). The construct for RBD was comprised of amino acids 1-14 (secretion signal) and then 319-541 of the Spike ectodomain and was followed by a hexahistidine affinity purification tag at the C-terminus (7, 22). Both Spike protein and RBD were purified using a previously described purification protocol (23). Briefly, supernatant media containing expressed proteins were harvested from transfected cells 3 days post-transfection and were incubated with HisPur Ni-NTA Superflow Agarose (Thermo Fisher Scientific) for 1h at 4°C. Resin bound with SARS-CoV-2 Spike or RBD protein was separated and extensively washed with wash buffer (65 mM NaH2PO4, 300 mM NaCl, 20 mM imidazole, pH 7.5) and finally protein was eluted with buffer (65 mM NaH2PO4, 300 mM NaCl, 235 mM imidazole, pH 7.5). Eluted protein was then concentrated, and buffer exchanged to phosphate-buffered saline (PBS) pH 7.5 using 10 kDa (for RBD) and 50 kDa (for Spike) MWCO Amicon centrifugal filter units (EMD Millipore). Concentrated proteins were then aliquoted, flash frozen in liquid nitrogen and stored at -70°C until further use.



2.4.2 Nucleoprotein (ELISA)

The E. coli codon optimized nucleotide sequence of full-length nucleoprotein from SARS-CoV-2 was synthesized by GenScript. The sequence was synthesized with an NdeI restriction site at the 5’ end and the BamHI site at the 3’ end and cloned into pET28a expression vector. All proteins were expressed with C-terminal His6-tags to facilitate subsequent purification. The recombinant plasmids (pET28a-NP-FL) were transformed into E. coli strain BL21 (DE3). Protein expression was induced by the addition of 1 mM IPTG and then incubated overnight at 20°C. Cells were pelleted by centrifugation and resuspended in 20 mM Tris pH 8, 500 mM NaCl, 10 mM imidazole, 1 mM NaF and 1 mM PMSF. Cells were lysed by passage through a French Press cell (Spectronic Instruments) and the resulting lysates were centrifuged at 39,000g at 4°C for 30 min. The supernatant was applied to a HisTrap HP nickel affinity column (GE Healthcare) and washed with a series of gradient wash buffers (20 mM Tris pH 8, 500 mM NaCl, 10, 20 and 40 mM Imidazole). The protein was eluted in 20 mM Tris pH 8, 500 mM NaCl and 500 mM imidazole and further purified by size exclusion chromatography using a HiLoad 16/600 Superdex 200 ® pg column (GE Healthcare) equilibrated and eluted in 20 mM Tris pH 8 and 500 mM NaCl. Peak fractions were pooled and concentrated in a 10 kDa MWCO Vivaspin ultrafiltration unit. Protein concentration was determined using the Bradford assay. Typical yields of N proteins after Ni-NTA and size exclusion chromatography was approximately 9 mg/L. Purified proteins were analyzed by SDS-PAGE and by Western-blots assays using an anti-His tag antibody (Sigma).



2.4.3 Luciferase tagged RBD for LIPS

RBD antigen tagged with a luciferase reporter (nanoluciferase, Nluc) was generated and provided by Dr Vito Lampasona (Milan) for a Luciferase Immunoprecipitation System (LIPS) assay (14, 23).




2.5 Production of in-house standard and controls

To allow for assay standardization and to monitor quality control of results over time, including intra- and inter- plate variability, control material was generated from large volume serum samples with known recent infection and well-characterized antibody status. For the pooled standard, (which was used for all ELISA assays, the RBD LIPS Bridging and IgG assays) sera from 3 mildly affected PCR-confirmed cases were combined and aliquoted.



2.6 ELISA

The ELISA protocol is based on the RBD screening and Spike confirmatory ELISA assays described in (7, 24) with some modifications. MaxiSorp high-binding ELISA plates (NUNC) were coated with Spike (10 µg/ml), RBD (20 µg/ml) or N protein (20 µg/ml) in PBS and incubated overnight at 4°C (except for IgM ELISAs, where all antigens were coated at 2 µg/ml). Subsequent steps were all performed at room temperature (RT). Unbound antigen was removed with 3x washes in PBS with 0.1% v/v Tween-20 and plates were blocked for 1 hour with 3% BSA/PBS or 3% milk (Sigma) for IgM assays. Serum samples were diluted in either 1% BSA/PBS or 1% milk (for IgM only) and incubated on the plate (100 µl per well) for 2 hours. After washing, HRP-conjugated anti-human Pan-Immunoglobulin (Pan) (Sigma), IgG (Southern Biotech), IgA (Sigma) or IgM (Sigma) secondary antibody, in the same dilution buffer as the samples, was added (50 µl per well) and incubated for 1 hour. Plates were washed and dried before development with the HRP substrate OPD (SigmaFast; 100 µl per well). The reaction was terminated after 30 minutes by the addition of 3 M HCl (50 µl per well). Optical density was measured at 492 nm and 620 nm on a BMG FLUOstar OMEGA MicroPlate Reader with MARS Data Analysis software. The 620 nm reference wavelength measurements were subtracted from the 492 nm wavelength measurements for each well to give background corrected values. Averaged blank values from wells containing no serum were then subtracted from all experimental values for each plate.

Three read out approaches were explored for test samples: OD values normalized to the internal positive control, an area under the curve (AUC) generated from a 4-point dilution series (where available), and an interpolated value (arbitrary units).



2.7 LIPS

Non-competitive: The Nluc-RBD antigen (5) was diluted in 20 mM Tris, 150 mM NaCl, pH 7.4 with 0.5% v/v Tween-20 (TBST) and 0.05% casein to 4x106+/-5% light units (LU) per 25µl. All steps were carried out at RT, unless specified. Reagents were stored at 4°C, TBST and diluted antigen were used directly from 4°C, Nano-Glo® substrate was equilibrated to RT before use. Serum samples (1µl, 2 replicates) were pipetted into a 96-well plate and incubated with 25µl diluted antigen for 2 hours in a dark area. Immunocomplexes were precipitated using 2.5µl glycine-blocked Protein A Sepharose 4 fast flow (GB-PAS) (GE Healthcare Life Sciences, Chicago, IL, USA) and 2.5µl ethanolamine-blocked Protein G Sepharose (EB-PGS) (GE Healthcare Life Sciences) (washed 4 times in TBST) for 1hr with shaking (~700rpm). Precipitates were washed 5 times with TBST and then transferred to a 96-well Optiplate™ (Perkin-Elmer, Waltham, MA, USA) and excess buffer removed by aspiration. Nano-Glo® substrate (40 µl, Promega) was injected into each well immediately before counting in a Hidex Sense Beta (Hidex, Turku, Finland).

Competitive: To overcome cross reactive responses from non-COVID-19 samples, SARS-CoV-2 RBD protein (as used in ELISA) was used to outcompete the Nluc-RBD label. A range of concentrations of RBD were tested with 8x10-8 mol/L showing good affinity for RBD specific IgG. Sera (1µl, 4 replicates) were pipetted into a 96 well plate. The Nluc-RBD antigen was diluted in TBST with 0.05% casein to 4x106+/-5% LU per 25µl with or without unlabeled RBD added at a final concentration of 8x10-8 mol/L. Two replicates of each samples were incubated with Nluc-RBD and two replicates with competition of Nluc-RBD binding with unlabeled RBD. Immunocomplexes were precipitated and measured as outlined above. Where antibodies were of higher affinity unlabeled RBD outcompeted binding of Nluc-RBD, lowering the LU measured. A delta LU was calculated (mean LU of non-competed wells - mean LU of competed wells) and then interpolated from LU by the standard curve, creating LIPS units corrected for non-specific binding.

IgA and IgM measurement: IgA was measured in 1µl serum per replicate, with competitive displacement (as for IgG) and immunoprecipitated using 3.75 µl per well IgA agarose (Sigma), in place of GB-PAS/EB-PGS. IgM was measured in 2µl serum per replicate, without competitive displacement using 5µl per well IgM agarose (Sigma).


2.7.1 Spike-RBD bridging LIPS

To develop a novel LIPS bridging assay format for high throughput requirements, Spike antigen diluted to 2.5ng/µl in 40µl PBS was pipetted into every well of a 96-well high-binding OptiPlate™ (Perkin-Elmer, Waltham, MA, USA) and incubated for 18hrs at 4°C. The plate was washed 4 times with TBST and blocked with 1% Casein in PBS (Thermo Scientific, Waltham, MA, USA). The plate was left to air-dry for 2-3hrs before being stored with a sachet of desiccant in a sealed plastic bag at 4°C and used within three weeks.

The Nluc-RBD antigen was diluted in TBST to 10x106+/-5% LU per 25µl. Sera (1.5µl, 2 replicates) were pipetted into a 96-well plate and incubated with 37.5µl diluted labelled antigen for 2hrs. Of this mixture, 26µl was transferred into the coated OptiPlate and incubated shaking (~700rpm) for 1.5hrs. The plate was washed 8 times with TBST, excess buffer was removed by aspiration, then 40µl of a 1:1 dilution of Nano-Glo® substrate (Promega) and 20mM Tris 150mM NaCl pH 7.4 with 0.15% v/v Tween-20 was injected into each well before counting in a Hidex Sense Beta Luminometer (Turku, Finland). Units were interpolated from LU through a standard curve.




2.8 Roche SARS-CoV-2 anti-nucleocapsid antibody assay

Serum samples from PCR-confirmed cases were analyzed using the commercial Elecsys® Anti-SARS-CoV-2 (Roche) in the Department of Microbiology, Infection Sciences, Southmead Hospital, North Bristol NHS Trust, Southmead Road, BS10 5NB, UK following manufacturer’s instructions. Elecsys® Anti-SARS-CoV-2 is an immunoassay for the in vitro detection of total antibodies (including IgG) to SARS-CoV-2 in human serum and plasma. The assay uses a recombinant protein representing the nucleocapsid (N) antigen in a double-antigen sandwich assay format, which favors detection of high affinity antibodies against SARS-CoV-2.



2.9 Microneutralization assay

VeroE6 cells (ATCC) were cultured in Dulbecco’s Modified Eagle’s medium containing GlutaMAX (Thermo Fisher Scientific) supplemented with 10% fetal calf serum (FCS) (Thermo Fisher Scientific) and 0.1 mM non-essential amino acids (NEAA) (Sigma Aldrich) at 37°C in 5% CO2. For immunofluorescence analysis, cells were seeded the day prior to infection in appropriate media in µClear 96-well Microplates (Greiner Bio-one). Neutralizing capacity of human serum samples was quantified using a microneutralization assay as previously described (23). Briefly, heat-inactivated serum was serially diluted 2.5-fold from 1:20 for 8 dilutions and incubated with live virus (SARS-CoV-2/human/Liverpool/REMRQ0001/2020) for 60 mins at 37°C. Following incubation, the mixtures of virus and diluted sera were added to VeroE6 cells and incubated for 18 hours before being, fixed and stained with antibodies against the SARS-CoV-2 N protein (1:2000 dilution; 200-401-A50, Rockland) followed by an Alexa Fluor-conjugated secondary antibody (ThermoFisher) and DAPI (Sigma Aldrich). Images were acquired on the ImageXpress Pico Automated Cell Imaging System (Molecular Devices) using a 10X objective and infected cells detected and quantified using Cell ReporterXpress software (Molecular Devices). The percentage of infected cells was calculated relative to control wells which contained virus only, without serum.



2.10 Pseudovirus neutralization assay

Luciferase-expressing vesicular stomatitis virus (VSV*ΔG-FLuc particles) were a gift from Yohei Yamauchi. VSV-G-harboring BHK21 cells were infected with VSV*ΔG-FLuc particles to generate complemented VSV*G-FLuc particles as previously described (25). To generate Spike-harboring pseudovirus (VSV-S-FLuc), 293T cells were seeded and transiently transfected with a plasmid corresponding to the original Wuhan strain Spike protein (pCAGGS-S2-spike) using Turbofect transfection reagent (ThermoFisher R0532) for 16 hours following the manufacturer’s instructions. Transfected 293T cells were then infected with VSV*G-FLuc particles for 2 hours, washed with PBS, then incubated with fresh DMEM, supplemented with 10% FBS and 1:2000 (v/v) I1 (anti-VSV-G) antibody (absolute antibody Ab01401-10.3). Optimal pseudotype cell entry was achieved using VeroE6 cells stably expressing the human angiotensin-converting enzyme 2 (ACE2) receptor and the cell surface protease TMPRSS2 (Vero ACE2 TMPRSS2 (VAT) cells, which were a kind gift from Dr Suzannah Rihn, MRC-University of Glasgow Centre for Virus Research (26).

For pseudovirus neutralization assays, 10,000 VAT cells were seeded per well in opaque, white 96-well plates. The following day, serum samples were titrated 2.5-fold, 9 times across 96-well plates from a starting dilution of 1:40. Pseudovirus corresponding to 10,000 RLU was immediately added to each well, mixed and incubated for 1 hour. After aspirating cell media from VAT cells, pseudovirus/serum and control mixtures were added to corresponding wells on VAT cells and incubated at 37°C 5% CO2 overnight. Luminescence measurements were taken 16 hours after infection, using the ONE-Glo Luciferase Assay System (Promega). Luminescence was measured using a Tecan Infinite 200 plate reader at room temperature.



2.11 Blinding of validation set

The validation set of samples (n=807) were split into multiple aliquots (n=5) for randomization and blinding by assigning a new barcode ID for each aliquot. The 5 sets of samples each had a unique order and the LIPS and ELISA assays were performed one separate sets, such that each lab remained blind to the results of the other. Screening ELISAs were performed on the same samples at the same time. Unblinding took place after all assay were performed and the data had been finalized.



2.12 Statistical analysis

Data analyses were performed using either R software (version 4.2.0) with R Studio (2022.07.1+554), or GraphPad Prism (version 9) as detailed below.


2.12.1 Standardization to serum pool standards

In both ELISA and LIPS assays, each plate or set of 2 plates included a dilution series of the in-house serum pool, to standardize sample values and control samples across plates. For the ELISA assay, sample values are reported as normalized ODs, where average OD values are divided by the top standard value in the plate. However, sample readouts using other methods including interpolated unit values (from a 4-parameter logistic regression model fit (on Prism or within BMG software) to the 7-point standard pool dilution series) and AUC from sample dilution series were used in the development stage. For LIPS assays, the raw luminescence unit values for the standard pool dilution series across two plates were fitted to a logarithmic curve to allow for interpolation of in-house unit values to average raw light unit values for samples.

The WHO International Standard (First WHO International Standard for anti-SARS-CoV-2 immunoglobulin (human) (NIBSC code 20/136) and the WHO Reference Panel (First WHO Reference Panel for anti-SARS-CoV-2 immunoglobulin) (NIBSC Code 20/268) were both purchased from the National Institute for Biologic Standards and Control (NIBSC), Potters Bar, Hertforshire, UK in 2021.



2.12.2 Diagnostic accuracy estimates and setting of thresholds

Performance of candidate tests for discriminating between pre-pandemic and COVID-19 samples was performed using Receiver Operator Characteristic (ROC) Curve analysis. From such analysis of threshold set samples, thresholds meeting the following criteria were identified (for each assay) and selected for evaluation in the blind evaluation: 99th centile of pre-pandemic levels (to achieve 99% specificity); 98th centile of pre-pandemic samples, and the point at which the highest Youden’s index is achieved (Jmax). In selected samples sets based on recommended categorization of COVID-19 cases, sensitivity and specificity at target thresholds were determined using ROC curve analysis and, where appropriate, estimates on sensitivity and specificity were reported at a pre-specified threshold; 95% confidence intervals around these estimates were calculated using the Clopper method without correction for multiple comparisons.



2.12.3 Correlation

Associations between the results of the different assays were assessed using the Kendall's Tau correlation method. Multiple correlations were combined into a correlation matrix and plotted using the corrplot package in R. 



2.12.4 Assessing for parallel lines

To assess for parallelism between the in house and international serum standards, a full standard curve (in duplicate) of the in-house pooled standard was ran on the same plate as the WHO international standard (NIBSC code 20/136 as above), at the appropriate dilution range for each assay. This was repeated up to 3 times to ensure robust comparisons and to account for inter-plate variability. Duplicate ODs from each dilution in each series were averaged, and plate replicates were combined as repeats for each standard and fitted to a non-linear regression model (usually 4-parameter logistic) curve. The combined dilution series for each standard (where average ODs from each plate were classed as replicate values) were used to assess for goodness of fit of two nested models: one where the HillSlope of the models is shared, and one where they differ. The resulting F statistic and P value determine whether the Model where HillSlope is shared (i.e. the lines are parallel for the midpoint).



2.12.5 Assigning BAU values to in house standards

For those assays where the international standard and in-house standard were found to be parallel, replicated run values were used to ascertain the IC50 values for each standard, followed by the ratio between the control samples to determine the conversion equation.




2.13 STARD Checklist

This study conforms to the STARD checklist for publishable diagnostic accuracy studies (27), as outlined in Table S1 (Supplementary Material).




3 Results


3.1 Sample collections and study flow for assay evaluation

We collected well characterized plasma and serum samples from multiple sources and distributed them into sets for distinct stages of assay development and evaluation (Figure 1). The ‘known negative’ samples were pre-pandemic samples from a range of donor types including adult blood donors, and adults and children involved in research studies. A small group of adult hospitalized patients with pneumonia/other pleural conditions were also included (Figure 1A). The cohort of COVID-19 cases were recruited via two routes in 2020 (prior to vaccine rollout): 1) convalescent hospital workers identified after receiving a positive PCR test, and 2) patients confirmed and/or clinically suspected to have COVID-19 at the point of recruitment during inpatient/outpatient hospital/secondary care visits in Bristol, UK (Figure 1B). The COVID-19 cohort included the full spectrum of disease (asymptomatic to severe/fatal) and encompassed a range of times since symptom onset or PCR confirmation (those without PCR confirmation were clinically suspected based on symptom presentation in hospital). The sample sets were used for development and evaluation as shown in Figure 1C, with only the optimal screening assays being included in the full diagnostic evaluation process.




Figure 1 | Distribution of samples into sets, and flow diagram of assay development and evaluation. In-house COVID-19 antibody assays using pooled controls and a set of well characterized samples to first optimize and then set thresholds for positive and negative. (A) Known negative samples were all collected pre-pandemic (i.e. pre-December 2019) from various Biobanks and included adult and child plasma and serum samples from research studies, adult blood donors and a small collection of samples from hospitalized cases of pleurisy. (B) Known positive samples were collected from a full spectrum of COVID-19 adult cases, including RT-PCR confirmed COVID-19 cases recruited in convalescence from the community and PCR confirmed and clinically suspected COVID-19 cases recruited in hospitals. (C) Flow diagram showing use of sample sets in assay development, selection of screening assays and diagnostic evaluation. A total of 16 assays including isotype-specific and total antibody assays on both ELISA and LIPS platforms were optimized using a subset of the threshold set of these samples (n = 160 or n = 180depending on assay platform) for initial selection of candidate screening assays (Stage 1). * Note that whilst the number of threshold set samples used for optimization was comparable for ELISA and LIPS assays, the exact samples used differed slightly due to low samples volume for use across 16 assays. The assays which performed best for each antigen/platform combination were then taken forward for the full threshold setting to determine optimal thresholds for specificity (stage 2) including the remaining n = ~300 samples for all 4 screening assays (i.e. total of n = 446). Candidate screening assays with pre-defined thresholds were then deployed on a blind validation cohort containing n = 222 samples from COVID-19 cases and n = 585 pre-pandemic samples. The performance characteristics were defined using the validation set to guide utility of deployment. The 12 x non-screening assays were subsequently used only for profiling of seropositive samples (stage 4) and comparing to functional assays.





3.2 Assay optimization and selection of screening assays

By building on an ELISA protocol made widely available at the start of the pandemic, we used a subset of the threshold set of samples (n=160) to optimize assay conditions to measure antibodies specific to three antigens from SARS-CoV-2: the Nucleocapsid (N), the receptor binding domain (RBD) of Spike, and the stabilized trimeric Spike protein, with a focus on achieving discrimination between pre-pandemic and COVID-19 samples using small serum/plasma volumes (<10 µl). For each antigen, a suite of ELISAs was set up to measure either total antibody/Pan Immunoglobulin using a commercially available ‘anti human IgG’ secondary antiserum which detects the Fab region (i.e., anti-IgG H+L) and therefore detects all isotypes, (hereafter labelled ‘Pan’), or IgG, IgA and IgM isotypes (using class-specific secondary antibodies) (Figure S1). We generated a pooled serum ‘standard’ from donors with high responses to all antigens that was used to standardize between plates (Figure S2A). The optimal dilutions for the standards, controls and samples to achieve discrimination between pre-pandemic and COVID-19 samples were determined. We found that a single sample dilution, normalized to a top standard control, could provide improved or equivalent discrimination between groups when compared to using AUC calculated from a 4-point dilution series or deriving an interpolated value (respectively) (Figures S2B, C). Since the aim was to optimize assays for discrimination, but also low sample-volume and high throughput, we elected to report ELISA results as normalized ODs which are the simplest to perform. For each antigen, the Pan (total antibody) ELISAs outperformed the isotype specific assays in discriminating between pre-pandemic samples and those from COVID-19 cases, as demonstrated by greater AUCs after receiver operator characteristic (ROC) analysis (Figures 2A, B).

A suite of LIPS assays measuring antibodies specific to the RBD, were developed based on protocols outlined in (14), a study in which detection of serum RBD specific antibodies was found to be associated with survival in hospitalized cases of COVID-19. For measuring IgG and IgA isotypes, using unlabeled RBD in competition with Nluc-labelled RBD was found to improve discrimination between pre-pandemic and COVID-19 cases (Figures S3A, B) whereas no optimal level of competition was identified for IgM. For detection of total antibody with high affinity for RBD, the novel Spike-RBD bridging assay format was adopted in which plates coated with trimeric stabilized Spike could bind samples prelabelled with Nluc-RBD (Figure S1B). All LIPS-based assay results are reported in interpolated units using the internal pooled serum standard. As with the Pan ELISAs, the Spike-RBD bridging assay demonstrated superior AUCs after ROC analysis amongst the LIPS assays for discrimination between COVID-19 cases and pre-pandemic controls when ROC curve analysis was performed (Figures 2C, D). Despite using the same target antigen, the RBD LIPS assays provided higher AUCs than the RBD-specific ELISA assays for all antibody isotypes when the same samples sets were compared (Figure S3).




Figure 2 | Selection of screening assays and threshold setting with the threshold set. A subset of the threshold set samples were used for assay optimization and then to compare performance of isotype/total antibody specific assays for each antigen/platform combination. (A) ROC curves showing the relative performance of ELISAs using different secondary antibodies (Pan total antibody (Black); IgG (pink); IgA (green), IgM (purple) in a cohort of n = 27 COVID-19 samples and n = 133 pre-pandemic samples from the threshold set. For all three antigens, the Pan/total antibody assays provided the best performance as evidenced by highest AUCs. (B) Scatterplots showing the individual normalized OD readings for all three ELISA screening assays (N Pan, RBD Pan and Spike Pan) in the full threshold set of n = 45 COVID-19 samples and n = 399 pre-pandemic), with the median represented by a line for each group and the three thresholds for each assay indicated with a line across the plot: 1 – the 99th percentile of pre-pandemic levels (orange dashed line); 2 - The 98th percentile (yellow dashed line); 3 – Youden’s index (blue dashed line). (C) ROC curves for all LIPS assays deployed on a subset of the threshold set (n = 46 COVID-19 cases and n = 134 pre-pandemic) showing optimal performance with the Spike-RBD Bridging LIPS assay, which was therefore taking forward for full threshold setting on the full threshold set (n = 446) with results shown in the scatterplot in (D). (Interpolated unit values shown on y axis with log10 scale and broken axis to allow visualization of thresholds. To ensure all results were plotted, a result of zero units was assigned a value of 0.001 for this graph. The three thresholds are indicated: 1 – the 99th percentile of pre-pandemic levels (orange dashed line); 2 - The 98th percentile (yellow dashed line); 3 – Youden’s index (blue dashed line).



In summary, we developed 16 antibody assays for detection of COVID-19 antibody responses using <5 µl serum samples in a single dilution, which can be scaled to high throughput. Since the total antibody assays (i.e., N, RBD and Spike Pan ELISAs and the Spike-RBD bridging LIPS) performed best for discrimination in the optimization stage, these were designated as the best candidates for screening assays to identify COVID-19 seropositive individuals.



3.3 Threshold setting

Candidate screening assays (n=4) were run on samples from the full threshold set consisting of 399 pre-pandemic and 47 COVID-19 case samples (Table S2); the predominance of pre-pandemic samples in this cohort highlights the aim to achieve optimal specificity. Thresholds were determined using three distinct criteria: 1) The 99th percentile of the negative (pre-pandemic) controls; 2) The 98th percentile of the negative (pre-pandemic) controls; 3) The highest Youden Index to achieve balanced sensitivity and specificity (Figures 2B, C) and assay performance in the threshold set was determined. In this sample set, all assays provided good discrimination between COVID-19 and pre-pandemic samples (AUCs ranging from 0.95-0.997), with the Spike-RBD bridging LIPS assay providing optimal and almost perfect performance (AUC = 0.997, 95% CI 0.993-1.001) (Table S3). We did not observe differences in pre-pandemic total antibody assay signals between adults, teens and children (Figure S4A). We compared background signal levels in serum and plasma and found no statistical differences in signal between matched plasma/serum from pre-pandemic donors (Figure S4). Thus, using both serum and plasma samples, thresholds for each assay were set which were identical for all age groups.



3.4 Blind evaluation of screening tests to detect confirmed and suspected COVID-19 cases

The 4 screening assays measuring total antibodies were tested on the full validation sample set (n=807) in a blinded fashion. To explore sensitivity of candidate assays for different periods post infection, the COVID-19 samples were divided into 3 time periods for diagnostic evaluation such that no repeat samples were included in each group: Acute (< 21 days post symptom onset (p.s.o) or PCR test), Early Convalescent (3-12 weeks p.s.o), Late Convalescent (>12 weeks p.s.o) (Table 2). Results for the 4 screening assays are presented either as dot plots or ROC curves (Figures 3A, C, D, F). Sensitivity and specificity estimates (and 95% CI) of the assays at each pre-defined threshold are reported (Table 3) and presented in (Figures 3B, E). High specificity for recent COVID-19 infection was maintained from the threshold setting set, with all thresholds providing >96% specificity (and most >98%); for each assay, the threshold providing at least 98% specificity whilst achieving optimal sensitivity was selected (Table 3), except for the Spike Pan ELISA where the highest specificity provided was 97.3% (95% CI 95.9-98.5). Of note, the optimal threshold method differed across the 4 assays, e.g. for the N Pan ELISA the 98th percentile performed optimally, whilst for the Spike-RBD bridging LIPS it was the Jmax value (highest Youden’s index). The screening assays generally displayed low levels of intra- and inter-assay variation; coefficients of variation were between 1.8% and 23.4% for QC samples in the positive range (Table S4).


Table 2 | COVID-19 cases in validation cohort.






Figure 3 | Performance of screening assays in validation cohort. Dot plots showing assay results for the 3 screening ELISAs [N, RBD and Spike Pan] (A), and the Spike-RBD Bridging LIPS (D); black dots represent pre-pandemic samples and pink dots represent COVID-19 samples separated by different periods post infection: Acute; Early Convalescent; Late Convalescent. One misrepresentative highly positive pre-pandemic result has been removed from (D) as analysis after unblinding indicated it was the result of human error after unmatching (it still is included in the ROC/sensitivity analyses). (B, E) Boxplots indicating sensitivity and specificities for COVID-19 performed by each assay at each of the pre-defined thresholds. (C, F) ROC curves indicating performance of each assay for differentiating acute (< 21 days p.s.o.; blue), early convalescent (21 days – 12 weeks p.s.o; turquoise) or late convalescent (> 12 weeks p.s.o.; orange) COVID-19 cases from pre-pandemic samples in the blind validation cohort. The performance for detection of the most likely to be ‘true seropositive’ COVID-19 cases is also included, i.e. those who were sampled after 21 days after a confirmed PCR test (pink).




Table 3 | Performance of total antibody screening assays in blind diagnostic evaluation using the validation set (n = 807 samples).



We performed a sensitivity analysis to evaluate whether inclusion of samples from clinically suspected COVID-19 cases, who were not virologically confirmed, and/or those samples collected within 21 days p.s.o (i.e. in the Acute group), was detrimental to diagnostic performance when compared to including only samples from RT-PCR confirmed individuals 3 weeks p.s.o (one sample per donor only) (Figures 3C, F and Table S5). The performance of each assay was best in the RT-PCR confirmed group, suggesting that some of the suspected COVID-19 cases may not have been infected with SARS-CoV-2.

The best performing assays for all groups were the Spike Pan ELISA and the Spike-RBD bridging LIPS assay which provided comparable sensitivities for detection of COVID-19 cases (i.e. between 92.4-95.7% sensitivity for COVID-19 cases >21 days p.s.o, depending on the group of interest (Tables 3, S5 and Figure 3), and good specificity (between 96.7-98.5% depending on the threshold used). It is important to consider that there were differences in the proportions of COVID-19 cases from the two recruitment streams included in the different COVID-19 time periods used to assess assay sensitivity, and that these groups had different clinical/demographic features (Table 2). As such, it is not possible to infer whether differences in performance across different time periods relates directly to time since symptoms onset, and is not confounded by other differences between the groups.



3.5 The spike-RBD bridging LIPS assay and spike pan ELISA perform better than a commercial high-volume assay for detection of recent COVID-19 cases

We compared the sensitivity of the commercially available Roche Elecsys serum assay (a high volume test using the nucleocapsid as the target antigen) to the ELISA and LIPS screening assays using samples from n=218 COVID-19 cases from the validation set for which sufficient volume of sample was available. At the time of testing, this assay was the main assay being used in clinical labs in the UK. The Spike-RBD Bridging LIPS assay and the Spike Pan ELISA provided optimal sensitivity for COVID-19 cases, with both providing 93.58% sensitivity for RT-PCR confirmed cases whilst the Roche assay provided 89.30% (Figure 4A and Table S6); the N Pan and RBD Pan ELISAs provided 77.01% and 76.47% sensitivity respectively. Thus, whilst our in-house N Pan ELISA underperformed compared to a commercial assay using the same antigen, the two best performing assays (the Spike Pan ELISA and Spike-RBD Bridging LIPS) were able to provide superior sensitivity for some COVID-19 samples. Interestingly, the most marked improvement in sensitivity over the Roche assay was shown in the acute COVID-19 group, where the two best performing in-house assays could detect an additional 15% of samples in this group.




Figure 4 | Comparing sensitivity of screening assays to a commercial assay (Roche Elecsys nucleocapsid) and correlation/concordance of all antibody assay results in samples within the validation set. (A) Heatmap comparing results of the 4 screening assays to the commercially available Roche Elecsys nucleocapsid assay in a cohort n = 218 individuals with RT-PCR confirmed or suspected COVID-19 (from the validation set). Samples are arranged in columns, split first by COVID-19 status followed by Roche Elecsys result. The results of each test assay is indicated in the different rows going downwards. Green indicates above positive threshold, grey negative. (B) Scatterplot showing the quantitative readouts from the top performing screening assays – Spike Pan ELISA and Spike-RBD Bridging LIPS assay with their best performing threshold indicated with dashed lines. The colours of point indicate the clinical group as shown in the key. (C) Correlogram reporting correlation coefficients using Kendall’s tau of all 4 screening assays in full validation set including pre-pandemic samples (n = 806). (D) Correlogram showing the relationship between results of all 16 antibody assays in samples from COVID-19 cases (n = 222). (E) Comparison of the standard curves generated using either our in-house pooled serum standard, or the WHO/NIBSC international standard, by running these side by side on 3 plates of the N Pan and Spike Pan ELISAs. The curves were found to be parallel. From these plots a ratio could be calculated to allow for conversion to BAU/ml from in house standard. (F) BAU/ml values for 4 samples provided in the WHO/NIBSC reference panel, as calculated by a collaborative inter-lab comparison (X axis) compared to calculating using the in-house standard, on the N Pan/IgG and Spike Pan/IgG ELISAs.



A comparison of the Spike Pan ELISA and Spike-RBD bridging LIPS assays revealed very good concordance for the detection of COVID-19 cases, but less so for the responses recorded from pre-pandemic samples, where different individuals were found to be positive on each assay (Figure 4B). Kendall’s tau correlations were performed to compare screening assay results (normalized ODs) on the full validation set. Strongest agreement was observed between the Spike and RBD Pan ELISA results (Figure 4C). All isotype specific assays were deployed on the seropositive COVID-19 cases; within this sample set the strongest agreement between assays was for IgG and total antibody (Pan or Bridging) responses on the same platform and with the same antigen (Figure 4D).



3.6 Reporting in international units

To ensure antibody levels measured using the in-house assays can be compared to those generated using other assays, we compared the WHO international standard to that of our in-house standard pool on a subset of the ELISAs (N Pan and IgG, Spike Pan and IgG). The WHO/NIBSC reference panel was used to compare antibody levels measured with our assays to the summary results using assays with similar antigen and antibody specificity from the inter-lab comparison study (28). Serial dilutions of both standards showed similar shaped curves when fitted to a 4PL regression and parallel lines (i.e. shared HillSlopes) for the two pools in all four assays (Figure 4E) thus allowing for conversion to international binding antibody units (BAU) values from the WHO standard to the in-house assays when using interpolation (Table S7); approximate BAU/ml values could also be assigned to the normalised OD thresholds. Furthermore, BAU/ml values identified on the in-house assay platforms were found to be comparable to the average values reported in the NIBSC inter-lab comparison (28), with the exception of samples with high levels of antibody, where the Spike Pan ELISA showed lower than expected levels, probably due to saturation of signal at this higher end of the assay signal range (Figure 4F).



3.7 Exploring the relationship between binding antibody assay signals and neutralizing activity

To identify any relationship between immunoassay results and the functional activity of antibodies in sera, assays were developed to measure virus neutralization in vitro which were then deployed on a subset of our samples. A microneutralization assay using SARS-CoV-2 virus was first used to measure virus neutralization in samples from n=31 RT-PCR confirmed COVID-19 cases and n=17 pre-pandemic samples from the threshold set, with results expressed as half maximal dilutions (ND50) (Figures 5A, B). The pre-pandemic samples included some that had shown high signals in one or more of the immunoassays (i.e. false positives), to explore whether these false positives relate to functional cross-reactive responses. We observed low levels of virus neutralization (ND50 <125) in only 4 of the 17 pre-pandemic samples, two of which displayed above-threshold immunoassay signals (one in the RBD Pan ELISA and another in the bridging assay). Amongst the samples from confirmed COVID-19 cases, samples with reasonable neutralizing capacity (ND50 >125) had results in the high positive range for the Spike and RBD-specific assays (e.g. > 0.72 normalized OD on the Spike Pan assay and >20 units on the Spike-RBD Bridging assay), but with the N Pan assay some strongly neutralizing samples showing normalized ODs around/below the optimal threshold for detection for an N-specific antibody response (Figure 5A). Agreement between the screening assay results and Log10 ND50 for neutralizing samples from individuals with known or unclear status (as measured with the SARS-CoV-2 microneutralization assay) was determined using Kendall’s rank correlation (Figure 5B). There was significant agreement in all cases, with the RBD Pan ELISA showing the highest tau coefficient (0.58). These results suggest agreement between the candidate screening assays results and functional capacity, but more so for the Spike-RBD specific assays that for the N Pan ELISA.




Figure 5 | Relationship between binding antibody results and neutralization titers and application of screening assay to longitudinal cohort. On a subset of the samples from the threshold and validation sets, we compared screening assay results to neutralizing antibody titers were measured using a microneutralization assay using SARS-CoV-2 and a pseudotype viral neutralization assay using vesicular stomatitis virus (VSV) expressing Spike (A-C). (A) A microneutralization assay was performed on 17 pre-pandemic serum samples and 31 from RT-PCR confirmed cases, and stratified the results into 3 groups: non neutralizing (ND); ND50 of 20 or 50 (≤50); ND50 of 125 or above (≥125) and compared these groupings to the screening assay results: N Pan ELISA; RBD Pan ELISA; Spike Pan ELISA; Spike-RBD Bridging LIPS assay (where readouts are normalised OD or Units). (B) The relationship between results from each screening assay results and ND50 measured using the microneutralization assay in n = 59 samples displayed in scatterplots from a mixture of pre-pandemic (black), PCR-confirmed COVID-19 cases (pink) and exposed individuals or recent COVID-19 suspects (green). with a line showing the smoothed mean determined using a generalized linear model +/- 95% confidence intervals; and correlation performed using Kendall’s tau. (C) Correlogram showing the relationship between a novel pseudotype viral neutralization assay (using mouse VSV expressing SARS-CoV-2 Spike and ACE-2 and TMPRSS-2) and all 16 ELISA and LIPS assays (total antibody and isotype specific) in n = 36 samples with neutralising capacity. (D) Field testing two screening assays (N Pan and Spike Pan ELISA) on longitudinal samples from a cohort of n = 79 healthcare workers in Bristol in 2020 and 2021. (E) Observed seroprevalence/antibody positivity to N and Spike proteins using Pan ELISA assays in a cohort of n = 79 healthcare workers. Total samples collected at each timepoint were as follows: week 0, n=79; week 10, n=66; week 30, n = 42; week 52, n = 37. 95% confidence intervals were calculated using the Wilson method.



We also developed a pseudotype virus neutralization assay using vesicular stomatitis virus (VSV) expressing SARS-CoV-2 Spike protein and VeroE6 cells expressing ACE2 and TMPRSS2 and deployed this on a larger set of samples from COVID-19 cases from across the sample sets representing a range of antibody responses using the full suite of assays (i.e. total antibody and isotype specific). There was good correlation between the neutralizing titer values reported from the two assay platforms (Figure S5), but the pseudotype assays showed a wider dynamic range. Amongst the neutralizing samples the Spike IgA and IgG ELISA assays showed the strongest correlation with half maximal neutralization titer using this assay (Figure 5C).



3.8 Field testing of screening assays

To field test two of the best-performing screening assays for determining changes in serological status in a population of interest during a time of vaccination rollout, the N and Spike Pan ELISAs were deployed on serum samples collected longitudinally from a cohort of n=79 hospital-based healthcare workers over a one-year period from April 2020 – May 2021 (Figure 5D). At baseline the rate of seropositivity with N Pan and Spike Pan was very similar at 13.92% and 16.46% respectively, but then the rate declined for N Pan to around 7% whilst remaining stable for Spike between weeks 10 and 30 (Figure 5E). By week 52 (end of study), we observed a divergence in the proportion of positive cases reported by the 2 assays, with Spike Pan showing up to 91.89% (78.70-97.20%) seropositive against Spike whilst there was negligible change in the proportion found to be seropositive to the nucleocapsid antigen (N) during the same period [8.11% (95%CI 2.80-21.30%)], probably due to responses to vaccination among the majority of the cohort and low rates of new infections.




4 Discussion

We optimized and evaluated a suite of in-house ELISA and LIPS assays for detecting and measuring antibody responses to SARS-CoV-2 by adapting available protocols (7, 14, 24). Whilst such assays have been used widely to explore the heterogeneity of immune responses to SARS-CoV-2 infection and vaccination (11, 12, 29), few have simultaneously and rigorously evaluated two different platforms with shared standards and quality controls using the same well characterized, large sample collections. This approach facilitated accurate threshold setting to determine serological status. The Spike Pan ELISA and Spike-RBD Bridging LIPS assays demonstrated superior performance in a blinded head-to-head comparison with a widely used commercial assay. All assays were optimized for low blood volume, low cost per sample and require relatively inexpensive laboratory equipment, paving the way for their use in a wide variety of settings and for a range of purposes, including population monitoring.

Initially the total antibody and isotype specific assays were compared for use as screening assays for recent SARS-CoV-2 infection in a subset of the threshold set. On both platforms, the assays measuring total antibody performed better than IgG, IgA or IgM specific assays in discriminating between samples from COVID-19 cases and pre-pandemic donors in the threshold sample set, and thus the four total antibody assays (N Pan, RBD Pan and Spike Pan ELISAs, and the Spike-RBD Bridging LIPS assay) were selected for validation as potential screening assays using a large, blinded validation set from pre-pandemic donors and confirmed/suspected COVID-19 cases. The superiority of the total antibody assays as sensitive tests for recent infection has been observed by others (30) and is unsurprising given the varying kinetics in antibody isotype responses over time, with a predominance of IgM and IgA isotypes in the acute stages followed by a dominant IgG response in most individuals after 21 days post infection (12). Importantly, our COVID-19 validation set included a wide spectrum of cases, including those with no or mild symptoms, who are likely to represent a large proportion of unknown community cases and clinically suspected hospitalized cases who may not have been tested for the virus at the optimal time. All total antibody assays achieved >97% specificity using at least one of the pre-defined thresholds. Sensitivity estimates for detection of recent COVID-19 cases varied but was highest for all assays when samples taken in late convalescence (>12 weeks post symptom onset) were used. The Spike Pan and Spike-RBD Bridging LIPS assays performed the best overall, providing up to 95% sensitivity for COVID-19 cases. Whilst not as sensitive as the two best performing screening assays, the N Pan and RBD Pan ELISAs provided a high level of specificity and could detect up to 82% and 73% of cases respectively. When sensitivities of the candidate screening assays were compared directly to the commercial Roche Elecsys N assay, the Spike Pan ELISA and the Spike-RBD LIPS Bridging assays detected cases missed by the Roche assay and offered improved sensitivity despite using a 100-fold smaller volume of sample. Others have demonstrated that responses to the nucleocapsid wane more quickly than to Spike/RBD and optimal sensitivity for recent COVID-19 cases can be achieved with Spike-based assays (31). However a serology testing consortium (Oxford, UK) also reported a highly sensitive, specific and scalable anti-Spike IgG in-house ELISA which performed comparably to or better than commercial antibody assays in terms of diagnostic accuracy (32). Therefore, in-house assays can offer high diagnostic accuracy and are suitable for population level surveillance.

We directly compared the ELISA and LIPS platforms by focusing on the RBD-specific antibody assays (as the antigen was common). On the ELISA platform, the RBD assays performed less well than the Spike assays. However, the detection of RBD-specific antibodies by the novel Spike-RBD Bridging LIPS assay was better than the RBD Pan ELISA (sensitivities of 92.4% (95% CI 85.5-96.1) and 73.3 (95% CI 64.1-80.9), respectively, for infections confirmed by RT-PCR >21 days previously). As has been reported elsewhere for COVID-19 bridging antibody assays, the Spike-RBD Bridging LIPS assay results showed an upward trend in antibody levels over time since infection (33, 34) compared to a decline in levels observed with the corresponding RBD ELISA assays. It is likely that the bridging antigen format and the use of antigen competition for the IgG and IgA assays, select for higher affinity antibodies resulting in improved accuracy for discriminating between pre-pandemic and COVID-19 samples (34), but potentially also reflects affinity maturation due to somatic hypermutation in the weeks following priming. The bridging antigen format is used in other assays including the commercially available Roche Elecsys S and N assays but has not previously been applied to LIPS assays. LIPS has been found to offer improved diagnostic performance over other immunoassays including ELISA when deployed for detecting specific antibodies involved in identifying cases of autoimmune or infectious diseases (35). When measuring antibody levels in one sample dilution, the LIPS platform also provides a broader dynamic range. In contrast to ELISA, the isotype-specific LIPS assays should not be affected by within-well competition from other antibody isotypes, which may also explain the differences observed in this comparison. In conclusion, we found LIPS assays to be highly sensitive for the measurement of SARS-CoV-2 RBD specific antibodies, which may offer unique information on the affinity of antibody binding when compared to other platforms. Further investigation into why antibody kinetics are profiled differently for the same samples measured using assays from different platforms will inform the optimal use of each platform for a given purpose relating to the measurement of specific antibody (e.g. as a proxy for a functional responses versus accurately quantifing antibody decay rates).

ELISA and LIPS assays measure levels of binding antibody to specific antigens, but these measurements do not necessarily correlate accurately with antibody-mediated protection. Neutralization assays are widely deployed to monitor functional antibody responses to SARS-CoV-2 and nAb levels have been shown to correlate with protection against re-infection and/after vaccination (36). However, in this study and others, binding antibody levels (particularly IgG/total antibody to the RBD and/or Spike antigens) correlated strongly with nAb levels when measured using two different neutralization assays (37), and have been shown to correlate with protection (4). Thus, to some extent, binding antibody assays specific to RBD and Spike can be used as surrogates for functional, protective antibody responses. Further work may lead to the identification of binding antibody thresholds of our candidate assays indicative of protection and/or sufficient levels of nAbs. We identified some false positive ELISA/LIPS samples in the pre-pandemic sample sets, and 4 samples with low level neutralizing capacity, which could reflect the presence of cross-reactive antibodies in these samples perhaps resulting from other CoV infections. Interestingly, there was little agreement across the different assays in terms of which samples were identified as positive amongst pre-pandemic samples, even among those that were tested by neutralization -i.e. not all with neutralizing capacity demonstrated binding to RBD/Spike. This suggests that false positive pre-pandemic samples were not the result of cross-reactive antibody responses. Unlike Ng et al, who reported that antibodies from pre-pandemic samples had binding capacity to the S2 portion of Spike (17), we did not observe binding to Spike in the 4 pre-pandemic samples with low neutralizing capacity.

We demonstrate the feasibility of assigning international BAU to samples measured with our assays, and report similar levels of antibody to other laboratories who contributed to the development of international reference standards (28, 38), allowing comparison of results from our assays with others. We deployed two of the screening assays (Spike and N Pan ELISA) on samples from a longitudinal cohort of healthcare workers in Bristol, UK (LOGIC). These data suggest comparable sensitivity for recent infection prior to vaccination rollout in the UK but, as expected, an increase in anti-Spike specific responses was observed after vaccination was introduced and the seropositivity rate was very high (>95%) by the end of the 12 month follow up period (31st May 2021), causing a divergence in the relative seropositive rates within the cohort. As such, using a combination of our assays to measure antibody positivity rates in order to estimate recent infection and/or vaccination exposures is feasible. In countries/areas with high vaccination coverage, the nucleocapsid specific assays are therefore increasingly of relevance for seroprevalence studies, whilst Spike/RBD assays (as well as neutralizing antibody assays) are less able to differentiate vaccination-specific from infection-specific immunity, but are probably better correlates of immunity. However, not all vaccines are Spike-only (e.g., the Valneva vaccine contains the whole virion), and the relative rate of seroconversion to nucleocapsid after prior exposure to Spike via vaccination (compared to naïve individuals) has not been ascertained. Thus, there are important considerations to bear in mind when using nucleocapsid assays to determine recent infection amongst vaccinated individuals.

Strengths of this study include rigorous development of high performance, low blood volume, cost-effective tests which can be easily deployed in a variety of settings, but our approach also has several limitations. Firstly, whilst samples from pre-pandemic children were included, samples from children with COVID-19 were not available to us and as such, assay performance for detecting recent pediatric infections cannot be reported. However, since widespread vaccination of children is not currently common in many countries while asymptomatic/mild pediatric infections are, antibody assays offer a useful tool for monitoring infection in this age group. The antigens used in the in-house assays were generated using the genetic sequence from the parent Wuhan strain of SARS-CoV-2 first described in 2020 (7) from which several new variants of concern (VOC) have evolved and have caused significant waves of infection globally. Some of these variants, especially Omicron, include multiple mutations in these target antigens and as such, may lead to antibody responses with differential binding to the target antigens. Indeed, antibodies responses raised to antigens from one SARS-CoV-2 variant genetic sequence lead to differential ability to neutralize VOC strains. However, whilst others have shown reduced binding to antigens from sequences of VOCs, rates of seropositivity when using different antigens, and/or from people who were infected with non-Wuhan variants, appear to be relatively unchanged (39, 40). It will be important to monitor changes in antibody assay performance for detecting recent infection as new variants emerge and become dominant.

In summary, we present a blueprint for the development and evaluation of low volume antibody assays for screening for seropositive individuals and/or profiling of serum isotype-specific antibody responses after SARS-CoV-2 infection and/or vaccination. With the use of appropriate controls, these assays offer a low cost and reliable alternative to commercial assays and can be used with simple laboratory equipment, potentially allowing for infection/immunity monitoring in hard-to-reach communities (via field or at-home sampling) and in low-income settings where other testing approaches are not feasible. Evaluation of one or more of these assays in areas where epidemiological information on COVID-19 is sparse, could be of great value.
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Coronavirus disease 2019 (COVID-19) has been a global pandemic, caused by a novel coronavirus strain with strong infectivity, severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2). With the in-depth research, the close relationship between COVID-19 and immune system has been dug out. During the infection, macrophages, dendritic cells, natural killer cells, CD8+ T cells, Th1, Th17, Tfh cells and effector B cells are all involved in the anti-SARS-CoV-2 responses, however, the dysfunctional immune responses will ultimately lead to the excessive inflammation, acute lung injury, even other organ failure. Thus, a detailed understanding of pertinent immune response during COVID-19 will provide insights in predicting disease outcomes and developing appropriate therapeutic approaches. In this review, we mainly clarify the role of immune cells in COVID-19 and the target-vaccine development and treatment.
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1 Introduction

In December 2019, severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) emerged in Wuhan, China, a novel coronavirus that has never been reported before.The disease caused by SARS-CoV-2 is known as coronavirus disease 2019 (COVID-19), has spread rapidly in China and all over the world due to the high transmissibility, threatening human health and public safety (1). Clinical symptoms that patients exhibit include pyrexia, fatigue, cough, and even lead to organ function damage (2). Over the past years, the investigation of the interaction between the “attacker” and the “defender” has provided us more supporting evidences on host immune responses and the plan for therapeutic vaccines and drugs in the future. In this review, we mainly discuss the innate and the adaptive immune responses in COVID-19 to provide a deeper insight into the disease pathogenesis, thereby providing more information for COVID-19 treatments exploration.



2 Structure, infection and epidemiology of SARS-CoV-2

As a novel coronavirus, 79% and 50% genome sequence identity of SARS-CoV-2 are similar to SARS-CoV and Middle East respiratory syndrome coronavirus (MERS-CoV), respectively (3). There are six functional open reading frames in SARS-CoV-2, including ORF1a/ORF1b, spike (S), envelope (E), membrane (M) and nucleocapsid (N) from 5’ to 3’ in the genome (4). Up to now, real-time reverse transcriptase-polymerase chain reaction (RT-PCR) assays for SARS-CoV-2 nucleic acid mainly targeting ORF1a/1b, N, E and S genes are considered as the gold standard for confirming SARS-CoV-2 infection in patients (5). In addition, the amino acid identity of structural and non-structural proteins encoded by SARS-CoV-2 is similar to SARS-CoV. Apart from spike, another three structural proteins (envelope-membrane-nucleocapsid) have more than 90% amino acid identity with SARS-CoV, and most non-structural proteins are above 85% (3, 6).

The spike (S)-glycoprotein contains two functional domains, the amino (N)-terminal and carboxyl (C)-terminal named S1 subunit and S2 subunit, respectively (7). S1 subunit includes a receptor-binding domain (RBD), which is a key site in mediating the fusion of SARS-CoV-2 and host cell membrane during the infection. Being different from S1 subunit, the S2 subunit is a coiled helix structurethat contains a hydrophobic fusion loop and two heptad repeat regions. Previous reports have revealed these two domains exist as homo-trimer spikes and bind to the human Angiotensin-converting enzyme 2 (ACE2) host cell receptor in an accessible conformation via RBD domain of S1 subunit (8).

ACE2, a well-known receptor of SAR-CoV, has also been revealed to be the receptor of S-glycoprotein in SARS-CoV-2. ACE2 is widely expressed in human, bats, pangolins, pigs, ferrets, rhesus monkeys, civets, cats and dogs, which implies a wide host range of SARS-CoV-2 (9). For humans, the invasion of SARS-CoV-2 was not determined solely by ACE2 expression but also the assist by other factors (such as host proteases). For instance, the expression of ACE2 was limited in the respiratory tract which were favored by SARS-CoV-2 (10).

In the initial stage of infection, S1 protein binds to ACE2 via the RBD and then S1 protein shed from the virus surface, prompting the S2 domain membrane fusion with host cell (Figure 1) (11, 12). This process must be activated by cleavage of the S1 protein by the host protease to activate the S protein, including transmembrane protease serine protease 2 (TMPRSS2), cathepsin L and furin (11, 13). The study suggested that TMPRSS2 could be hired for the priming of SARS-CoV-2 S protein, which contributed to the fusion of the virus with the host cell membrane (13). Also, it could cooperate with cathepsin L to generate the cumulative effects in the fusion process (11). Additionally, other membrane proteins have also been confirmed to involve in this process. Interestingly, researchers from Peking University found that LDLRAD3, TMEM30A and CLEC4G effectively mediated virus invasion into cells in an ACE2-independent manner (14).




Figure 1 | The SARS-CoV-2 virion and life cycle. The SARS-CoV-2 virion contains four structural proteins, namely spike (S), envelope (E), membrane (M), and nucleocapsid (N). The positive-sense, single-stranded RNA genome (+ssRNA) is encapsidated by N, whereas M and E ensure its incorporation into the viral particle during the assembly process. The spike (S) protein of SARS-CoV-2 specifically binds to ACE2, together with host factors (such as the cell surface serine protease TMPRSS2), facilitating the uptake and fusion of the virus in the cell or endosomal membrane. Following entry, the release and uncoating of the incoming genomic RNA allow it to the immediate translation of open reading frames. The resulting polyproteins pp1a and pp1ab are co-translated and post-translationally processed into the individual non-structural proteins (NSPs) that form the viral replication and transcription complex. Translated structural proteins translocate into endoplasmic reticulum (ER) membranes and transit through the ER-to-Golgi intermediate compartment (ERGIC), where they interact with N-encapsidated, newly produced genomic RNA and then lead tobudding into the lumen of secretory vesicular compartments. Finally, SARS-CoV-2 are secreted from the infected cell by exocytosis.



Similar to other coronaviruses, variants of SARS-CoV-2 have emerged in the past few years, and the main prevalent variant in the world today is Omicron variant (15–17). Variants might influence the epidemiological characteristics and clinical symptoms of COVID-19, even reducing the protection established by neutralizing antibodies and vaccines. Therefore, comprehending the immune responses to SARS-CoV-2 is of great importance for future vaccination and therapy.

Age is one of the main factors affecting the COVID-19 severity. Previous studies showed that every age group was susceptible to SARS-CoV-2, and in contrast to children (0-14 years old), old adults (above 65 years old), especially those with underlying diseases, are prone to develop severe respiratory diseases or even die (2, 18). Notably, some studies reported that SARS-CoV-2 could be transmitted to the fetus from pregnant women with COVID-19 through the placenta (19–21). Thus, all population are susceptible to SARS-CoV-2 through different ways.



3 Immune responses in COVID-19

Along with the deepening of research, the role of immune cells in the anti-SARS-CoV-2 response has increasingly being recognized. In the following description, we will discuss both innate and adaptive immune responses in COVID-19 (Figure 2 and Table 1).




Figure 2 | Immune response against SARS-CoV-2. The induction of innate immune cells (e.g. neutrophils, monocytes/macrophages and dendritic cells) results in production of various pro-inflammatory cytokines and chemokines. And the adequate production of these factors helps to clear the virus, while over-production can lead to cytokine storm and lung injury. The presentation of antigen by antigen-presenting cells (APCs) can induce humoral and cellular immunity in the human body. Specific CD4+ T cells can be activated and differentiate into Th cells, where Th1 cells promote the activation of macrophage-dependent virus clearance via producing macrophage activating factors (e.g. TNF-α and GM-CSF), and Th2 cells facilitate the humoral immunity. With the help of Th2 cells, B cells produce virus specific antibodies and neutralize viruses. CD8+ T cells differentiate into cytotoxic T lymphocyte (CTL), contributing to virus clearance by lysis of infected cells.




Table 1 | Roles of immune cells in the pathogenesis of SARS-CoV-2 infection.




3.1 Innate immune responses in COVID-19


3.1.1 Monocyte/Macrophage

Macrophages are myeloid immune cells that are involve in inflammation and tissue reparation. In lung, macrophages are divided into alveolar macrophages and interstitial macrophages. The former are mainly distributed near type I/II epithelial alveolar cells, while the latter preferentially reside between the microvascular endothelium and alveolar epithelium zone (36, 37). When pathogens and heterologous materials enter into lung, actived macrophages serve as the first line to resist the attackers. It is worth noting that short-lived macrophages can limit the replication of the virus, and once converted into long-lived macrophages, they might become infected resident cells (38).

Upon SASR-CoV-2 infection, the pro-inflammatory activity of macrophages was enhanced, as indicated by the increased expression of inflammatory cytokines (IL-1β, IL-6) and chemokines (CXCL10) by macrophages (39, 40). Macrophages adjacent to areas of endothelial cell damage were the main producers of IFN-I, which might be elicited by the stimulator of interferon genes (STING) induced-IFN-I production and mtDNA release from adjacent endothelial cells (41). Increased pro-inflammatory factors may led to the occurrence of cytokine storm, which was correlated with the poor prognosis of COVID-19 patients (42, 43). Independent infection experiments in human macrophages also corroborated that the induction of IFN-I, TNF, IL-1β and IL-6 generally resulted in IFN-I-mediated cell death (39). Studies have shown that S-protein in SARS-CoV-2 could elicit inflammasome formation and IL-1β production in macrophages from COVID-19 patients, and further exploration revealed that this process needed non-specific activation of monocytes in vivo to trigger NLRP3 inflammatory signaling (40). Macrophages express ACE2, furin and TMPRSS2, whether the three have a synergistic effect in the process of virus infection still need to be explored (44–46). SARS-CoV-2 infection might promote macrophages to adopt a profibrotic phenotype and result in lung fibrosis (22). In vitro, SARS-CoV-2 induced profibrotic programs in classical monocytes, as indicated by a profibrotic proteome profile that was also expressed in idiopathic pulmonary fibrosis (22). There were several articles looking at the future of mesenchymal stem cells (MSC) and MSC-derived extracellular vesicles (MSC-EVs) as living anti-inflammatory therapy for COVID-19, including inhalation of MSC-EVs that promoted the macrophages polarization into a M2 phenotype (47, 48). A novel ACE2-overexpressing microparticles (AO-MPs) could adsorb more virus and then deliver them into alveolar macrophages, consequently quenched in alveolar macrophages and ameliorated macrophage-mediated inflammation (49). Accordingly, macrophages are non-negligible players in SARS-CoV-2-elicited inflammation and lung firbrosis, and macrophages might be a target for COVID-19 treatment.



3.1.2 Dendritic cell

A recent study revealed that patients with COVID-19 exhibited a defective DC response (24). In severe COVID-19 cases, plasmacytoid DCs (pDCs, critical effectors of antiviral immunity) exhibited increased pro-apoptotic pathways than those in moderate cases, accompanied by the downregulation of antiviral interferon-stimulated genes (ISGs) and innate sensors, TLR9, IFNAR and DHX36 (23, 24). pDCs are one of the main producers of IFN-I, which might produce more IFN-I than other immune cells or infected cells (50). Infiltration of pDCs (sensing SARS-CoV-2) were positively correlated with IFN-I production, contributing to the macrophage-mediated cytokine storm in the lungs of COVID-19 patients and might increase the lung inflammation (51). In detail, IFN-α production following TLR7 sensing of SARS-CoV-2 in pDCs mediated the transcriptional and epigenetic changes in macrophages, which facilitated their hyperactivation upon environmental stimuli (51). Comparing with moderate cases, conventional DCs (cDCs) from patients with severe COVID-19 exhibited decreased IFN signature and MHC II expression, contrary to pro-inflammatory pathways (24). Further exploration suggested that this reduction was correlated with low expression of MHC-II regulators (RFX5, RFXANK and CIITA) in severe cases. This viral inhibition of antigen presentation may explain the disease aggravation in severe cases and provide novel targets to restore the defective antiviral defense (24). Above all, DCs may have the potential to be a target to enhance the protective effects triggered by vaccines.



3.1.3 Natural killer cell

NK cells from healthy individuals showed anti-viral activity, as indicated by the reduced SARS-CoV-2 protein levels in cocultured infected cells (52). In addition to the anti-viral activity, NK cells also exhibited antifibrotic activity by the decreased expression of profibrotic genes COL1A1 and ACTA2 in lung fibroblasts (25). In contrast to the healthy individuals, NK cells from patients with COVID-19 showed limited anti-viral activity with an exhausted phenotype (53, 54). Previous studies have reported that the quantity of NK cells was significantly reduced in COVID-19 patients, displaying an exhausted phenotype by increased expression of NK inhibitory marker NKG2A (53, 55). Nevertheless, increased expression of NKG2A led to the reduced levels of CD107a (degranulation marker), IFN-γ, IL-2, granzyme B, and TNF-α in NK cells from COVID-19 patients (53). COVID-19-associated NK cells display a genetic profile similar to that of pulmonary NK cells from patients with pulmonary fibrosis, accompanied by the decreased ability to suppress the profibrotic gene expression (mentioned above) in lung fibroblasts (25). As an important anti-viral effector molecule, IFN-α suppressed the IFN-γ production by NK cells, but neutralization of IFN-α was unable to rescue the function of NK cells.

Based on the reduced anti-viral activity and antifibrotic activity of NK cells in patients with COVID-19, recovering their activities might be promising therapies against SAR-CoV-2. A recent study revealed that BNT162b1 mRNA vaccine significantly increased the quantity of CD56bright, CD56dim, and CD56dim/CD16dim NK cells, and with an increase in IFN-γ, perforin and granzyme content (56). This result offered further support to end the SARS-CoV-2 pandemic with worldwide vaccination efforts (56). Therefore, the benefits of NK cell-based immunotherapy in patients with COVID-19 require further study.

Immunity against viral infection mainly begins with the recognition by pattern recognition receptor (PRRs) that are widely distributed on a variety of immune and non-immune cells. Signaling via PRRs induce the production of type I/III IFNs and pro-inflammatory cytokines, which trigger the transcription of ISGs to restrict viral infection. Valuable descriptive and correlative information about COVID-19 and innate immune responses (monocytes/macrophages, dendritic cells and NK cells) have been gathered during the pandemic. In addition to the above discussion, other innate immune cells (including neutrophils, eosinophils and epithelial cells) also have an important role in COVID-19 prediction and development. For example, neutrophils responses and neutrophil extracellular traps (NETs, contain nuclear component, microbicidal proteins and oxidative enzymes derived from neutrophils to limit infection) are correlated with the hyperinflammation in COVID-19 patients (57). Thus, targeting innate immunity may become a new strategy for the treatment of COVID-19.




3.2 Adaptive responses to SARS-CoV-2

Virus-specific cellular and humoral responses are the main weapons in protecting patients after SARS-CoV-2 infection. Next, we will comprehensively discuss the role of adaptive immunity in the fight against SARS-CoV-2.


3.2.1 CD4+ T cell

Different CD4+ T cell subsets can play beneficial or detrimental roles in the progression of COVID-19. Highly activated, functional CD4+ T cells and functionally exhausted CD4+ T cells have been detected simultaneously in individuals with severe COVID-19 (58). Previous studies have demonstrated that 83% of CD4+ T cells in patients with COVID-19 were S reactive, which could respond to both N and C terminal of S protein (59). Thus, the interest in studying S protein-specific antiviral immune responses (including T-cell responsive COVID-19 vaccine) has been stimulated (60, 61). SARS-CoV-2-specific CD4+ T cells were associated with ameliorated COVID-19 disease severity, and the induction of SARS-CoV-2-specific CD4+ T cells was correlated with rapid decrease of viral load (62, 63). Another study also confirmed that early viral clearance and less critical illness were correlated with the higher counts of CD4+ T cells, particularly naïve CD4+ T cells (64).


3.2.1.1 Th1, Th2 and Th 17 cells

The disproportionality of T helper type 1 (Th1) or Th2 cells has been well elucidated in patients suffered from COVID-19 pandemic and non-infected people who are at maximum risk of infection (26). In an observational study,COVID-19 patients have been reported to have lower proportion of Th1 and Th17 cells and a higher proportion of activated Th2 cells compared with control population (27). In addition, higher proportion of senescent (PD1+/ICOS-) Th2 cells in dead patients than in survivors (27). By evaluating the relationship between Th subsets and mortality, they found that the total lymphocytes and the higher percentages of senescent Th2 cells seem to be independent and significant risk factors for death (27). In the stage of recovery, the proportion of both Th1 and Th2 cells in patients were decreased than in healthy controls (27, 65). Thus, the dynamic change of Th cells might be a tool to monitor the development of COVID-19.

Th17 cells play pivotal roles in tissue damage and excessive inflammation via IL-17 and IL-23 (66). Researchers have found that high levels of Th17 cells in the periphery of patients infected with SARS-CoV-2 (30, 67, 68). A new study revealed that IL-17A expression was significantly associated with the severity of the disease (69). The results of studies also suggested that a systemic neutrophil environment may preferentially skew CD4+ T cells toward Th17 and IL-17A promotion, thereby exacerbating inflammation (69, 70). Another study’s results were consistent with this phenomenon, further experiment provided the evidence that this Th17 promotion could be reversed by inhibitors of arginase-1 (Arg-1), NO synthase (NOS), and reactive oxygen species (ROS), all produced by myeloid cells under oxidative stress (71). Thus, for clinical benefit, targeting Th17 promotion and blocking IL-17 signaling to manage COVID-19 patients, particularly those presenting with cytokine storm syndrome is promising.



3.2.1.2 Tfh cells

Among CD4+ Th cell subsets, follicular helper T (Tfh) cells participate in humoral immunity via interacting with B cells in the germinal center (GC), facilitating the differentiation of B cells into plasma cells to product high-affinity neutralizing antibodies (28). Researchers revealed the absence of GC in thoracic lymph nodes and spleens from COVID-19 patients, accompanied by the reduction of Bcl-6+ GC B cells in both organs (72). The reduction of CD4+CXCR5+Bcl-6+ germinal center Tfh cells might explain the loss of GCs and the accumulation of non-GC-derived activated B cells (72). However, SARS-CoV-2 infection increased the number of peripheral CD4+ Tfh and GC responses in rhesus macaques (73). In clinical studies, convalescent individuals who experienced severe COVID-19 showed a higher induction of CXCR3+ Tfh cells when compared with those non-severe COVID-19-convalescent individuals. And the frequencies of them were positively associated with neutralizing antibody titers in convalescent individuals (74). In addition, they intriguingly found that circulating Tfh cells were S-protein specific and functional in spleen (73, 74). Moreover, researchers found that circulating S-specific Tfh cells could persist in constant numbers in the blood and lymph nodes for more than six months (75). In this study, they highlighted the importance of virus-specific Tfh cell responses in mRNA vaccine-induced robust and durable immune protection against SARS-CoV-2 (75). Furthermore, in Tfh-deleted mice immunized with S protein vaccination, Tfh cells also played an indispensable role for the formation of optimal SARS-CoV-2 Spike-specific B cell in GCs and for somatic hypermutation (SHM) (76).

In addition to the above protective effects, Tfh cells could also accelerate the disease progression in certain cases. Compared to non-hospitalized COVID-19 patients, severe cases showed increased cytotoxic Tfh cells which manifested high levels of IFN-γ, IL-2, and TNF-α (77). In an observational study, the results showed that CCR4+ and CCR6+ Tfh cells could be pathogenic in COVID-19 patients (78). In addition, attention needs to be focused on COVID-19 patients those who have Tfh-associated diseases, such as HIV, autoimmune diseases, who are more likely to develop severe disease (79, 80).



3.2.1.3 Treg cells

Regulatory T cells (Tregs) keep the immune homeostasis via multiple mechanisms thus the role of Tregs has not allow to ignore in these processes (81). Flow cytometric analysis showed an increased proportion of Tregs in peripheral blood mononuclear cells (PBMCs) with enhanced expression of FoxP3, which correlated with poor prognosis (82). In mechanically ventilated patients with COVID-19 acute respiratory distress syndrome (ARDS, hypoxemic respiratory failure caused by inflammation within the lung), in sharp contrast to the lymphopenia in both subsets of CD4+ and CD8+ T cells, the proportions of Tregs were increased in the lungs and PBMCs (83). The recruitment of Tregs into the lungs of COVID-19 patients may determine the severity of the disease since patients with more Treg cells experienced the milder disease (84). However, recent clinical studies showed that CD3+CD4+CD25hiCD127loFoxP3+ Tregs in PBMCs markedly reduced in severe COVID-19 patients (77, 85, 86). In ICU patients with COVID-19, the quantity of Tregs in PBMCs and their functional molecules (TGF-β and IL-10) were significantly reduced, accompanied by an increased ratio of Th17/Treg cells, RORγt/FoxP3, and IL‐17/IL‐10 in patients compared with the controls (30). In adults and children with severe COVID-19, the proportion of Tregs in CD4+ T was also decreased (87). When recovered from mild COVID-19, patients seem to exhibit decreased levels of Tregs compared to themselves during hospitalization, and severe convalescents resulted in perturbances in CD4+ Tregs (88, 89). Moreover, Treg-targeted therapies have been proposed and might be promising, including the adoptive transfer of Tregs and rIL-2 administration (NCT04468971 and NCT04357444, ClinicalTrials.gov) (90). Above all, a comprehensive understanding of the roles of Treg in COVID-19, and identification of the mechanisms regulating the balance between Tregs and other Th subsets may offer therapeutic novelties for COVID-19 infection.




3.2.2 CD8+ T cells

It was reported that SARS-CoV-2-specific CD8+ T-cell responses might be associated with disease severity during the acute phase, and decreased number has been observed in severe cases (31, 62, 91). For example, a study suggested that weak CD8+ T cell responses, despite high antibody titers, might contribute to the pathogenesis of acute COVID-19 (54). Depletion of CD8+ T cells in vaccinated macaques prior to SARS-CoV-2 infection led to the higher levels of peak viral load and day 4 in both the upper and lower respiratory tracts (92). CD8+ T cells from COVID-19 patients exerted enhanced production of IL-2, IL-17, and the expression of degranulation marker CD107a upon anti-CD3/CD28 stimulation when compared to cells from healthy controls (70). In contrast to the previous conclusion, several studies reported that CD8+ T cells from COVID-19 patients exhibited a decreased cytokine-producing capacity (53, 91). However, all this information was not based on SARS-CoV-2 antigen stimulation. There was increasing evidence that circulating CD8+ T cells from severe COVID-19 patients with exhibited an exhausted phenotype characterized by increased expression of PD-1, TIM-3, LAG-3, CTLA-4, NKG2A, and CD39, and there was an inverse relationship between the expression of PD-1 and CD38 (an activation marker) in CD8+ T cells (53, 93–96). Accumulated evidence revealed that the expression of PD-1 in CD8+ T cells from COVID-19 patients was increased, especially ICU patients (95). Moreover, a recent study revealed that SARS-Cov-2-specific CD8+PD-1+ T cells produced more IFN-γ than PD-1-negative populations regardless of disease severity, indicating a functional state of SARS-CoV-2-specific CD8+PD-1+ T cells (96).

In the acute phase of COVID-19, SARS-CoV-2-specific CD8+ T cells expressed activation markers (CD38 and HLA-DR) and secreted cytotoxic molecules (perforins and granzyme B), indicating these cells were activated with cytotoxic functions (31). Nasal-resident SARS-CoV-2-specific CD8+ cells could be detected almost exclusively in vaccinees who experienced SARS-CoV-2 breakthrough infection (persisted for ≥140d) (12). And these CD8+ T cells were predominantly tissue-resident memory T cells which had an elevated proportion of activated cells (97, 98). Moreover, researchers have found that memory CD8+ T cells were required for the clearance of SARS-CoV-2, which was reflected by a delayed decreased of viral loads in the respiratory tract in CD8+ T cells-depleted and SARS-CoV-2 rechallenged convalescent rhesus macaques (99). It’s worth noting that memory CD8+ T cells found in a study of UK convalescent individuals following COVID-19 would support an understanding of protective immunity and may contribute to put forward potential immune-based therapeutics (100). Vaccine-induced CD8+ T cells also help to fight against SARS-CoV-2 re-infection (101–103). One week after prime vaccination with BNT162b2, a stable and fully functional CD8+ T cell response was mobilized, as indicated by the increased production of IFN-γ and TNF-α (104). In addition, boost vaccination-induced highly differentiated effector CD8+ T cells and vaccination-induced early memory T cells exhibited similar capacities (104).




3.3 B cells

The alterations of B cell subpopulations in COVID-19 have been reported, either immature or terminally differentiated. Compared to healthy subjects, the frequencies of CD19+ B cells in PBMCs seem to be slightly increased in severe and critical cases (105). The double negative (DN) fraction (CD27-IgD-) is one of B cell compartments that showed significant alterations in COVID-19 (105). Depending on the disease severity, mean frequencies of DN1 (CD21+CD11c-), DN2 (CD21-CD11c+), and DN3 (CD21-CD11c-) subsets exhibited shifted distributions. DN1 B cells showed a significant reduction in severe and critical cases. DN2 B cells displayed a significant increase in severe cases vs mild/moderate and critical cases while DN3 B cells were significantly increased as disease severity increased. In addition, immature, activated naïve B cells and the DN3 fraction showed a strong correlation with ventilatory parameters, such as respiratory rate, SpO2, and PaO2/FiO2 (105). Another study also revealed similar phenomenon about DN2 B cells in acute patients with COVID-19 (106). This study also revealed that severe patients displayed enhanced extrafollicular B cell activation with accelerated inflammation, while mild patients counteracted the disease through the timely induction of mitochondrial dysfunction in B cells, which suppressed the extrafollicular responses, resulting in increased neutralizing potency index and reduced inflammation (106).

Germinal centers (GCs) are transient microstructures formed within the follicles of secondary lymphoid tissues. Within GCs, activated B cells undergo clonal expansion and affinity maturation and get further help from Tfh cells to differentiate into memory B cells or long-lived plasma cells, which is of vital importance for the generation of humoral immunity (107). In severe SARS-CoV-2 infection, GC responses were suppressed, which inhibited the production of neutralizing antibody (nAb). Multicolor histological assessments revealed that GCs were also largely absent in thoracic lymph nodes and spleens from patients succumbing to COVID-19. There were also the absence of BCL6+ B cells or Tfh cells, both were the contributors to GCs (72). Furthermore, they also speculated that excess TNF-α inhibited the formation of GC responses in COVID-19 via blocking Tfh cell differentiation (72, 108, 109).

Following infection with SARS-CoV-2, naïve B cells and existed memory B cells (upon early exposure of other coronaviruses) will be activated and differentiate into antibody-secreting cells (ASCs). Discrete increments of ASCs were seen in patients with mild/moderate COVID-19 and were significantly amplified with disease severity (105). In contrast to the majority infection, the serum IgG appeared at approximately the same time as serum IgM and IgA responses to SARS-CoV-2 S and N, usually within the first 2 weeks after symptom onset (32–34). Importantly, the memory B cell is the only B cell subset that correlated with a clinical outcome in hospitalization period (105). A recent study revealed that individuals recovered from COVID-19 developed SARS-CoV-2-specific immunoglobulin (IgG) antibodies, neutralizing plasma, and memory B and memory T cells which could persist for at least 3 months. Moreover, SARS-CoV-2-specific IgG memory B cells (MBCs) increased over time (110). S-RBD-specific class-switched MBCs were detected in 13 of 14 participants, failing only in the individual with the lowest plasma levels of anti-S-RBD IgG and neutralizing antibodies. Resting MBCs (rMBCs) made up the largest proportion of S-RBD-specific MBCs patients with mild disease and hospitalized patients with moderate to severe disease (111). Another study found that in mild and severe COVID-19 patients, serum neutralizing antibody (nAb) responses waned rapidly but spike (S)-specific IgG+ memory B cells (MBCs) remained stable or increased. Analysis of 1,213 monoclonal antibodies (mAbs) isolated from S-specific MBCs displayed increased somatic hypermutation, binding affinity, and neutralization potency over time, indicating prolonged protection via humoral immunity (111). A recent study introduced that the effect of MBCs elicited by mRNA vaccines in preventing SARS-CoV-2 variants (including Omicron variants), highlighting the protective roles of MBCs in disease (112).

The adaptive immune system is important for control of most viral infections. We have discussed the roles of Th, Tfh, CD8+ T and B cells in the pathogenesis of COVID-19, and other adaptive immune cells, such as Tfr cells, also contribute to optimize humoral immunity, meaning their importance to avoid the overactivation of immune responses. Whether viral-inhibiting or viral-promoting effects of immune cells in COVID-19, these researches state the importance of them in anti-SARS-CoV-2 and define emergence of new paradigms in anti-viral activity.




4 Vaccine development

Vaccination is considered as one of the greatest successes in the history of medicine, it could decrease the disease incidence, or at least suppress its detrimental or even fatal clinical manifestations. At present, there are mainly five kinds of SARS-CoV-2 vaccines, including inactivated vaccines, recombinant protein vaccines, viral vector-based vaccines, live attenuated vaccines and nucleic acid vaccines (113). As the first inactivated SARS-CoV-2 vaccine, PiCoVacc induced SARS-CoV-2-specific neutralizing antibodies in mice, rats and non-human primates, and these antibodies showed a broader neutralizing ability against other 10 representative SARS-CoV-2 strains (114). In vivo, vaccinated macaques related symptom ameliorated, as indicated by the mild and focal histopathological changes and viral load compared with the controls (114). In phase 1/2 clinical trials, CoronaVac has been confirmed to be safe and well-tolerated, inducing humoral responses in children and adolescents aged 3-17 years and healthy adults (≥18 years old) (115–117). The phase 3 trial in Turkey also revealed a vaccine efficacy of 83.5% in the vaccine group with good safety and tolerability profile (118). In phase 4 studies, scientists found that low antibody concentrations 6 months after previous immunisation with two doses of CoronaVac. However, a third dose induced a significant increase of neutralizing antibodies, which could improve protection against infection. Importantly, heterologous boosting produce a more stronger immune response than homologous boosting (119). The BNT162b2 mRNA and mRNA-1273 COVID-19 vaccine are the most widely used mRNA vaccines, and both vaccines showed more than 90% protective efficiency (120, 121). Viral vector-based adenoviral vaccines have also been explored, including adenovirus-vectored vaccines. Exploration conducted by Chen’s team showed that the recombinant adenovirus type 5 transmitted COVID-19 vaccine was safe in a single dose, and induced robust immune responses in healthy adults aged 18 years or older and children or adolescents (122–124). Humoral responses peaked at day 28 post-vaccination in healthy adults, and rapid specific T-cell responses were noted from day 14 post-vaccination (122). Another adenovirus-vectored vaccine, ChAdOx1 nCoV-19 vaccine also exerted protective effective against SARS-CoV-2 (125, 126). Recently, recombinant tandem-repeat dimeric RBD-based protein subunit vaccine (such as ZF2001) also have been investigated and showed a good protective effect (127, 128). Scientists evaluated the SARS-CoV-2-spike-specific immune responses to Moderna mRNA-1273, Pfizer/BioNTech BNT162b2, Janssen Ad26.COV2.S, and Novavax NVX-CoV2373 (129). 100% of individuals made memory CD4+ T cells, and cTfh and CD4-CTL highly represented only after mRNA or NVX-CoV2373 vaccination, and a differentiating feature of Ad26.COV2.S immunization was a high frequency of CXCR3+ memory B cells (129). mRNA vaccinees had substantial declines in antibodies, while memory T and B cells were comparatively stable (129). A recent study demonstrated that Omicron infection enhances pre-existing immunity elicited by vaccines and, higher neutralization titres against all variants of concern (VOC) (130). Thus, Omicron infection may confer broad protection against non-Omicron variants in vaccinated individuals (130). Although there are different variants (Beta, Delta, Omicron and others), these vaccines are still effective especially in preventing the occurrence of severe cases (131–134).

Although vaccines can prevent the occurrence of severe diseases, accumulated evidence still showed that additional protective measures should be maintained to fight against variants with increased infectivity (135–137). In particular, as time goes on, the vaccine induced immune response will naturally decline.



5 Potential treatment of COVID-19

Currently, COVID-19 pandemic is one of the greatest threats to human health with more than 611 million confirmed cases and over 6.51 million deaths reported worldwide (as of September 23, 2022, sources from WHO). Various drugs were proclaimed to be effective against SARS-CoV-2, such as remdesivir, paxlovid, lopinavir/ritonavir, molnupiravir, and some monoclonal antibodies (138).

Monoclonal antibodies are used as a potential therapeutic and preventive drug for viral infection due to its high specificity and the ability to enhance immune response. Bamlanivimab (LY-CoV555, IgG1), a potent anti-spike neutralizing antibody, block the binding and entry to human cells (139). For primary outcomes, no differences were observed in bamlanivimab vs placebo, but bamlanivimab treatment was associated with lower day 3 nasopharyngeal viral levels and faster reductions in inflammatory markers and viral decay (140). One of three doses of bamlanivimab appeared to promote the natural decline in viral load over time (141). Moreover, compared to the placebo group, patients within LY-CoV555 group had a lower ratio of COVID-19-related hospitalization or visit to an emergency department (141). When combined with another monoclonal antibody, Etesevimab, the incidence of COVID-19-related hospitalization and death was decreased than the placebo group, accompanied by the decline of viral load (142). Sotrovimab (IgG1), casirivimab (IgG1-κ) and imdevimab (IgG1-λ), as S protein RBD specific antibodies which could prevent the binding of SARS-CoV-2 to the human ACE-2 receptor, may contribute to COVID-19 patients recover (143–145). Tocilizumab, a monoclonal antibody binds specifically to both soluble and membrane-bound receptors for IL-6and has been explored in the treatment of COVID-19. The results showed that the mortality in the tocilizumab group was lower than not treated with tocilizumab (146).

Remdesivir, an adenosine analogue, can be metabolized to its active metabolite remdesivir triphosphatea (an analogue of ATP), and integrate into the nascent viral RNA via RNA polymerase, resulting in delayed chain termination during replication, thereby inhibiting viral replication (147). In 2020, a study reported that patients with severe COVID-19 receiving remdesivir had a numerically faster time to clinical improvement than those patients receiving placebo when the duration of symptoms was 10 days or less (148). The ratio of adverse events was similar in both groups, but the proportion of patients who stopped clinical trial was higher in remdesivir group (12%) than placebo group (5%) (148). A 5 day remdesivir therapy of COVID-19 patients showed greater clinical improvement than patients in placebo group, but not different from a 10 day therapy (149). For cases treated in the ICU, remdesivir use within 9 days from symptom onset reduced mortality risk compared with control group (150).

Janus activated kinase (JAK) inhibitors also have been applied to the treatment of COVID-19 (151, 152). Baricitinib is a selective inhibitor of JAK1 and JAK2, both of which mediate signaling for inflammatory cytokines involved in inflammation and the immune response of COVID-19 (151). The results indicated a lower case fatality rate within 2 weeks in the baricitinib group (0%) than the control (6.4%) (152). In addition, the ICU admission rate was lower in patients receiving baricitinib treatment (0.88%) than controls (17.9%) (152). Tofacitinib is another inhibitor of JAK, which has been shown to inhibit the activity of JAK1, JAK2, JAK3, and to a lesser extent of Tyk2 (153). The results of a clinical trial have demonstrated that tofacitinib led to a lower risk of death or respiratory failure through day 28 than placebo (18.1% vs 29.0%), implying the therapeutic effects of tofacitinib in COVID-19 (154). By day 28, death occurred in 2.8% of patients in the tofacitinib group and in 5.5% of patients in the placebo group (154). Thus, the use of JAK inhibitors in hospitalized patients with COVID-19 should be considered to improve the clinical outcome and prevent death.

Paxlovid is a therapeutic combination consisting of two compounds: nirmatrelvir and ritonavir (155). Ritonavir could inhibit the metabolism of nirmatrelvir and allow the administration of lower doses of this substance (156). A recent study revealed that among patients who received paxlovid treatment within three days of symptom onset, only 0.8% patients were admitted to hospital by day 28 after randomization and no deaths. In comparison, these two values in the control group were 7% and 7 (157). In participants treated within five days of symptom onset, the effect of paxlovid was still significant. In addition, no deaths were reported in the paxlovid group as compared to 10 deaths (1.6%) in the placebo group (157). During the pandemic of COVID-19 in Shanghai (2022), scientists found that unvaccinated, delayed use of paxlovid (started 5 days after diagnosis) and immunosuppressive status were independent risk factors for delayed virus clearance (158). Compared with patients who delayed paxlovid treatment, immunosuppressive patients who began to use paxlovid within 5 days after diagnosis had an earlier virus clearance time of about 6 days. Moreover, correlation analysis showed that the earlier paxlovid was used, the more rapidly the virus was cleared (158). Although the benefit of paxlovid has been confirmed and has been approved in some contries, the furture of paxlovid still need further exploration (159).

Molnupiravir is a new oral antiviral drug that has recently been tested in COVID-19 (160). The results of phase clinical trial (NCT04575597) of molnupiravir showed that it can significantly reduce the risk of hospitalization and mortality in mild to moderate COVID-19 patients. Compared with placebo, patients taking molnupiravir had a 50% lower risk of hospitalization or death. More impressively, no deaths were reported in the group of patients taking molnupiravir, while there were 8 deaths in the placebo group. In terms of side effects, there was no difference between the two groups (161–163). Also, molnupiravir accelerated SARS-CoV-2 RNA clearance and elimination of infectious virus in patients with COVID-19 (median 14 days vs 15 days, log rank p= 0.013) (164). In this study, molnupiravir was well tolerated across all doses (200/400/800 mg), and the adverse events were mainly low-drade that were similar to those reported by participants in placebo group (164). For SARS-CoV-2 variants, a recent study found that SARS-CoV-2 Omicron variant was highly sensitive to molnupiravir, nirmatrelvir, and the combination (165). These evidence suggest molnupiravir is a promising drug in treating COVID-19.

Azvudine, a nucleoside reverse transcriptase inhibitor that previously been used in HIV-1 infection (166). In recent years, the effects of azvudine in COVID-19 have been revealed (167, 168). A randomized, open-label, controlled clinical trial (ChiCTR2000029853, http://www.chictr.org.cn) contained 20 mild and common COVID-19 patients showed that the mean times of the first nucleic acid negative conversion (NANC) of azvudine group and the control group were 2.6 days and 5.6 days, respectively (p = 0.008) (167). Also, the mean time of the first NANC of newly diagnosed subjects in the azvudine group was shorter (167). Thus, azvudine is an effective anti-SARS-CoV-2 drug in treating COVID-19 patients, and it has been approved to treat COVID-19 in China (169).

Diamidobenzimidazole 4 (diABZI-4), an STING agonist, has been confirmed to induce a rapid short-lived activation of STING, then the transient expression of proinflammatory cytokines and lymphocyte activation (170). In vitro, diABZI-4 significantly inhibited SARS-CoV-2 replication in infected cells (170, 171). In mouse model, the results showed that the viral load in both nasal cavity and lung was lower than the control, consequently prevented the disease progression (171). For variants (B.1.351), diABZI-4 showed good antiviral effect as well (171). In this process, attention needs to be taken to avoid excessive production of pro-inflammatory cytokines and cytokine storm.

As an important part of world medicine, Chinese traditional medicine is safe and effective in the treatment of COVID-19. The results showed that after 14 days of treatment with Lianhua Qingwen capsule, the cure rate of main clinical symptoms (fever, fatigue and cough) in the treatment group was significantly higher than the control group, reaching 57.7% on the 7th day, 80.3% on the 10th day and 91.5% on the 14th day. The duration of single symptoms of fever, fatigue and cough was also shortened. In terms of reducing the proportion of patients with severe disease, the treatment group of Lianhua Qingwen capsule was significantly lower than the control group (Lianhua Qingwen treatment group: 2.1%, control group: 4.2%) (172). Another study using network pharmacological strategy revealed that AKT1 is a promising drug target to reduce tissue damage and help eliminate virus infection (173). Practically, Chinese traditional medicine have been written up in COVID-19 diagnosis and treatment plan in China (173).


6
Conclusion

The current knowledge about SASR-CoV-2 indicates that the immune system plays a crucial role in setting the severity of COVID-19. Although an extraordinary amount has been accomplished during the last three years, the relationship between immune responses and the severity of diseases still remains to be explored. Appropriate responses against SARS-CoV-2 could ameliorate the symptoms of COVID-19 and prevent the occurrence of severe diseases, while excessive responses elicited cytokine storm and pathogenic B cell activation, increasing the risk of death. Thus, in immune-based therapeutics, avoiding the excessive activation of immune cells will also be the proposition of our future research. However, understanding heterogeneous disease manifestations of COVID-19 remains a major knowledge gap, and exploring the relationships between COVID-19 and immunity is a priority. The emergence of new mutant strains has also brought unprecedented pressure to vaccine development. With the advent of new technologies such as next-generation sequencing (NGS), CRISPR-based assays and nanotechnology, enhanced the the accuracy and sensitivity of COVID-19 diagnosis and treatments. Furthermore, duration of immune memory and protective immunity to SARS-CoV-2 after infection or vaccination will be a high priority for years to come.
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Introduction

Despite numerous efforts to describe COVID-19's immunological landscape, there is still a gap in our understanding of the virus's infections after-effects, especially in the recovered patients. This would be important to understand as we now have huge number of global populations infected by the SARS-CoV-2 as well as variables inclusive of VOCs, reinfections, and vaccination breakthroughs. Furthermore, single-cell transcriptome alone is often insufficient to understand the complex human host immune landscape underlying differential disease severity and clinical outcome.



Methods

By combining single-cell multi-omics (Whole Transcriptome Analysis plus Antibody-seq) and machine learning-based analysis, we aim to better understand the functional aspects of cellular and immunological heterogeneity in the COVID-19 positive, recovered and the healthy individuals.



Results

Based on single-cell transcriptome and surface marker study of 163,197 cells (124,726 cells after data QC) from the 33 individuals (healthy=4, COVID-19 positive=16, and COVID-19 recovered=13), we observed a reduced MHC Class-I-mediated antigen presentation and dysregulated MHC Class-II-mediated antigen presentation in the COVID-19 patients, with restoration of the process in the recovered individuals. B-cell maturation process was also impaired in the positive and the recovered individuals. Importantly, we discovered that a subset of the naive T-cells from the healthy individuals were absent from the recovered individuals, suggesting a post-infection inflammatory stage. Both COVID-19 positive patients and the recovered individuals exhibited a CD40-CD40LG-mediated inflammatory response in the monocytes and T-cell subsets. T-cells, NK-cells, and monocyte-mediated elevation of immunological, stress and antiviral responses were also seen in the COVID-19 positive and the recovered individuals, along with an abnormal T-cell activation, inflammatory response, and faster cellular transition of T cell subtypes in the COVID-19 patients. Importantly, above immune findings were used for a Bayesian network model, which significantly revealed FOS, CXCL8, IL1β, CST3, PSAP, CD45 and CD74 as COVID-19 severity predictors.



Discussion

In conclusion, COVID-19 recovered individuals exhibited a hyper-activated inflammatory response with the loss of B cell maturation, suggesting an impeded post-infection stage, necessitating further research to delineate the dynamic immune response associated with the COVID-19. To our knowledge this is first multi-omic study trying to understand the differential and dynamic immune response underlying the sample subtypes.
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Introduction

COVID-19 pandemic is into its 3rd year in continuum, and it continues to pose threat to lives, healthcare support, medical infrastructure and livelihoods. This has been compounded by new emerging SARS-CoV-2 variants of concern (VOC) with differential geographical origin and emphasizing the constant need for effective vaccines/dosage. Due to the lack of antibody neutralization along with immune evasion, these emerging variants of SARS-CoV-2 have posed a global threat to human health compounded by the diversity of disease severity symptoms. Therefore, it is important to undertake studies in different population cohorts, especially high population density regions, to understand and elucidate the differential immune response. This will enable mechanistic understanding of the hosts’ immune response during COVID-19 disease. Towards this, studying the whole transcriptome along with surface marker expression at the single cell resolution can provide detailed functional insights into the COVID-19 pathology.

Previous evidence suggests that a significant immune dysregulation occurs in severe COVID-19 patients (Su, 2020). In particular, studies on peripheral blood mononuclear cells (PBMCs) have revealed reduced IFN-gamma production (1), expansion of highly cytotoxic effector T cell subsets (2), and increased expression of the exhaustion markers programmed cell death protein 1 and Tim-3 on CD8+ T cells in the severe COVID-19 patients (3). Another study revealed classical monocytes, along with monocyte chemoattractant CCL2 and its receptor CCR2, the neutrophil chemoattractant CXCL8, and TNF-α as the main mechanism of cytokine storm observed in the COVID-19 (4). A significant decrease in the non-classical monocyte genes (C1AQ, C1BQ, and LSTB1 expression) and a corresponding relative increase of classical monocytes genes (S100A8, S100A9, and S100A12 expression) in the critical COVID-19 patients was also observed (5). Upregulation of IL6R and IL6ST in the COVID-19 patients have been reported, which synergistically promotes increased proinflammatory cytokines during pathogenesis. Several interferon (IFN)-stimulated genes (ISGs; including ISG15, IFI44, IFI44L, and RSAD2) were also specifically upregulated in the PBMCs from the COVID-19 patients, enhancing antiviral and immune modulatory functions (6). Presence of lymphopenia, immune cell exhaustion, and elevated serum pro-inflammatory cytokines are some of the striking features of COVID-19 disease severity (1, 7, 8). Also, impaired activation of B cell subsets provides evidence to explain the delayed viral clearance in the severely ill COVID-19 patients (9). While several studies have provided a comprehensive atlas of the immune response dynamics in the COVID-19 patients, a few studies have recently highlighted the immune repertoire of the recovered individuals. In one study, neutrophil activation and migration associated genes were reported to be downregulated in the recovered individuals compared to the active infection (10). The monocyte mediated immune response was reported to be restored to normal in the convalescent COVID-19 patients (11). Another study reported a decreased T cell differentiation in the recovered individuals post severe COVID-19, but an opposite pattern post mild/moderate COVID-19 (12).

Above studies have augmented our understanding of the spectrum of immune response in the COVID-19 patients globally, except India. However, it is also true that most of the studies have reported the immune profile between the healthy and SARS-CoV-2 infected individuals. We think it would also be fruitful to understand and investigate the pathophysiology that drives the SARS-CoV-2 infection by single cell based immune profile post-infection, in the recovered patients along with the healthy and active infection. Along with this, in addition to the transcriptomic response, the cell surface markers can also provide vital clues about the pathophysiology, as they not only are cell-type identifiers, but they also represent the cell state as well. Yet, a comprehensive investigation of COVID-19 pathophysiology, across active COVID-19 and recovered patients, including transcriptome as well as cell surface marker is lacking. Here, for the first time, we performed simultaneous single-cell transcriptomics and single-cell Ab-seq across the healthy, COVID-19 positive and recovered individuals.

Our study reports a decreased MHC Class I-mediated antigen presentation as well as dysfunctional MHC Class II-mediated antigen presentation in the COVID-19 positive patients, followed by a restoration of the function in the recovered individuals. We also found a loss of B cell maturation process, reduced cytotoxicity and antibody response in the recovered individuals. Besides, we identified a CD40-CD40 ligand interaction-mediated increased inflammatory, immune and stress response by the monocyte, NK cells, CD4+ TCM, and CD8+ T cell populations in the COVID-19 patients. We observed a faster cellular transition within the T cell subtypes in COVID-19 patients, with a T cell-mediated perturbation of normal cellular functions alongside the immune/inflammatory response. Finally, using a Bayesian Network model, we identified FOS, CXCL8, IL1β, CST3, PSAP, CD45 and CD74 as predictors of the COVID-19 disease. The findings will augment the understanding vis-a-vis the heterogeneity and complexity of the immune response in the COVID-19 positive and recovered individuals, as well as provide an integrated multi-omics model for immune response during infection, post-infection and without infection.



Methods and materials


Patient cohort, sampling and data collection


Sample collection

The samples were collected at a tertiary care center (Dr. D. Y. Patil Medical College, Hospital and Research Institute, Kolhapur, Maharashtra, India) from the healthy volunteers, patients with confirmed COVID-19 positive status and patients recovered from COVID-19 (within 4 weeks) based on qRT-PCR results under the ethics oversight of the institution. The samples were matched with respect to age and gender, and the infecting SARS-CoV-2 variant was identified using Oxford Nanopore sequencing. In the COVID-19 positive group, 13 out of 16 individuals were infected with 20B, and the rest three with 20A variant. In the recovered group, 11 out of 13 were infected with 20B and rest two with 20A. The COVID-19 positive and recovered individuals were matched with respect to the disease severity. The blood samples were collected in the BD Vacutainer® CPT™ Cell Preparation Tube with sodium citrate. Peripheral blood mononuclear cells (PBMC) were isolated from whole blood using the manufacturer’s recommendation (ref no 362761). The PBMCs were cryopreserved in a cryopreservation media (FBS and DMSO at 9:1 ratio) till further use.



Sample processing and library preparation

The PBMCs were revived and processed using BD Rhapsody single cell analysis system as per Domenico et al. (13). Briefly, 0.2 million cells per sample were taken and labelled using BD™ Single-Cell Multiplexing Kit-Human and 40 BD™ AbSeq Ab-Oligos as per manufacturer’s guide (Doc ID: 214419 Rev. 2.0). An average of 30000 pooled cells were loaded in each cartridge on the BD Rhapsody express single cell analysis system for single cell capture followed by the cDNA synthesis as per manufacturer’s guideline (Doc ID: 210967 Rev. 1.0). mRNA Whole Transcriptome Analysis (WTA), Ab-Seq, and Sample Tag library were prepared using BD Rhapsody™ WTA Amplification kit as per manufacturer’s guideline (Doc ID: 23-21752-00). The libraries were sequenced using NovaSeq 6000 S2 reagent kit at 30000 reads/cell for WTA, 20000 reads/cell for AbSeq, and 120 reads/cell/Sample Tag for sample tag library, with 101 x 2 cycles.




scRNA-seq data processing, clustering and cell-type annotation

The raw sequencing data was demultiplexed and converted to FASTQ format using the bcl2fastq tool. The data was analyzed using BD Rhapsody WTA analysis pipeline as per manufacturer’s guideline (Doc ID: 47383 Rev. 9.0). The count matrix with recursive substitution error correction was imported to Seurat R package for downstream analysis and visualization (14). The WTA and Ab-Seq count matrices for all the healthy, active COVID-19 and recovered patients (a total of 163197 cells) were merged for integrated multimodal analysis. Quality parameters were optimized and cells containing >2500 UMI and <20UMI were discarded. Batch effects were normalized and data was normalized using Seurat SCTransform V2 (15, 16). Finally, cells were clustered using unsupervised clustering at a resolution of 0.4 and visualized with UMAP algorithm (17). Cluster specific genes were identified using FindAllMarker function (Wilcoxon rank sum test, Log2 Fold Change cut-off 1.5). Clusters were comprehensively annotated manually using a combination of CellMarker DB, PanglaoDB, and Azimuth, as well as automatically using scpred, an SVM-based single cell annotation tool. The same pipeline was also applied for a pairwise visualization of the data (healthy vs COVID-19, COVID-19 vs recovered, and healthy vs recovered).



Differential gene expression and gene set enrichment analysis

Differential gene expression analysis was performed on clustered pairwise data (healthy/COVID-19, COVID-19/recovered and healthy/recovered) using Seurat FindMarker function (Wilcoxon rank sum test, Log2FC cut-off 1.5, q value cut-off 0.05). For cluster-wise pseudo-bulk differential gene expression analysis, average gene expression was taken at the sample-level, followed by differential gene expression analysis using DESeq2 r package across the three groups (18). Wald test was applied for the analysis, followed by the visualization using pheatmap R package. Gene set enrichment analysis (GSEA) was performed at the single cell resolution, keeping the cluster and group identity, using the escape R package. Gene set collections were used from built-in Molecular Signature Database to perform the enrichment. The relative enrichment scores for each pathway were represented in the form of a heatmap using dittoSeq R package (19).



Signaling networks interaction inference

The Signaling network analysis was performed using CellDesigner to infer the protein and pathways interaction networks for significantly differentially expressed gene sets. The P values were corrected using the Bonferroni Method.



Single cell pseudotime trajectory analysis

At first, the T cell subtypes were extracted from the Seurat object containing all the 17 cell types. The data was preprocessed as documented by Packer et al. (20). A principal trajectory graph was built within each partition using the learn_graph function in Monocle3 (21). The cells were ordered along with the pseudotime trajectory which follows the shortest path. Naive CD4+/CD8+ T cell was defined as the root node while constructing the trajectory. To find the modules of co-expressed genes, we used the differentially expressed genes across the healthy, COVID-19 positive and recovered individuals (pseudobulk differential expression analysis). We extracted the genes falling in each module and performed GO enrichment using Enrichr (22). GO molecular functions with statistically significant enrichment score (p value < 0.05) were selected and visualized using the ggplot2 r package.



Multi-omics analysis

Multi- omics analysis was performed on the transcriptome, surface marker expression and clinical information. In order to avoid possible bias induced by the unequal number of cells in each sample, three samples from each group i.e., COVID-19 positive, healthy and recovered were sampled to select an equal number of cells from each sample. This stratified sampling approach resulted in 24633 cells from nine patients. Similarity network fusion was used to fuse the multi-omic data into a single matrix of size, 24633 by 24633. tSNE was performed upon the fused data to visualize seven clusters selected by the elbow method using k-means clustering. The clusters were identified manually as described earlier in the “scRNA-seq Data Processing, Clustering and Cell-Type Annotation” section.



Clinical features and an integrated Bayesian network model

The data from stratified random samples of single cell RNA expression, surface marker and SNF cluster membership were integrated with high-resolution CT (HRCT) scores of the COVID-19 patients. The healthy and recovered individuals were assigned an HRCT score of zero, indicating absence of active pneumonia. The integrative modeling analysis was carried out using the wiseR (23) package for end-to-end Bayesian network learning, inference and dashboard deployment. All continuous variables in the integrated data were discretized using the k-means algorithm with k=3 for biological interpretability as low, medium and high. A discrete Bayesian network was learnt from the data using hill climbing optimization for finding the directed acyclic graph encoding the structural dependencies between the variables. Eleven Bayesian network structures were ensembled and averaged to derive the consensus structure. The consensus structure was then parametrized with marginal and conditional probability distributions using Monte Carlo Markov Chain (MCMC) approximate inference method.




Results


Spectrum of cellular heterogeneity in healthy, COVID-19 and recovered patients

To understand the spectrum of immune response and cellular heterogeneity before, during and after the SARS-CoV-2 infection, we performed simultaneous single-cell transcriptome and targeted proteome (40 surface markers) sequencing of the PBMCs collected from 33 individuals (healthy = 4, COVID-19 = 16, and recovered = 13) using a microwell-based scRNA-seq platform (BD Rhapsody Express). We sequenced a total of 163197 cells for both the surface proteins and RNA (Figure 1A). The details of the oligo-attached antibodies (list and oligo sequences) are available in the Supplementary File 1; Table S1. Post QC of the data quality (Supplementary File 1; Figure S1A), a total of 124726 cells were retained after removing the low-quality cells. We performed batch effect correction and normalization using Seurat SCTransform v2 (24), followed by dimension reduction and unsupervised clustering using the Louvain algorithm (resolution = 0.4). The cluster specific genes were identified using Seurat FindMarker functions and the clusters were annotated manually using CellMarker, PanglaoDB and Azimuth, as well as using a Support Vector Machine (SVM)-based annotation tool scPred (the ROC, sensitivity and specificity are available at Supplementary File 1; Table S2) (14, 16, 25–27). A total of 17 annotated clusters were identified across the three groups (Figure 1B). Figure 1C represents the frequency of the cell types between the three groups (normalized to the total number of cells in the group).




Figure 1 | Cellular Heterogeneity across Healthy, Infected and Recovered COVID-19 Individuals. (A) Sample distribution and schematic workflow for the scRNA-seq, followed by analysis for the cellular heterogeneity and differential expression. (B) UMAP visualization of the 124726 cells across the healthy, active COVID-19 and the recovered individuals. (C) Frequency of cell types across the three groups, normalized to the total number of cells. (D, E) Cell type specific expression of (D) Surface markers, and (E) RNA level. Color scale denotes the relative expression whereas circle size denotes the percent of cells expressing the marker. (F) Expression of cell type specific markers across the three groups. (G) UMAP visualization of healthy vs recovered comparison group showing no batch effect between the two groups, the box highlights the cluster absent in the recovered individuals. (H) UMAP visualization of healthy vs recovered comparison group with cell type annotation, the box highlights the unidentified cluster. (I) UMAP visualization of the unidentified cluster after machine learning-based cell type annotation. (J) GSEA of differentially expressed genes between novel subset of the Naive CD4+ T cell and existing Naive CD4+/CD8+ T cells.





Decreased professional antigen presenting cells in the COVID-19 patients

Antigens undergo a proteolytic cleavage, followed by presentation to the CD8+ T cells and CD4+ T cells by MHC class I or class II molecule, respectively. B cells, macrophages and the dendritic Cells (DC) are the professional antigen presenting cells (APCs) involved in the T cell mediated immune response. We found that the B cell population was significantly decreased (P-value < 0.00001) in the COVID-19 patients compared to the healthy individuals. Interestingly, recovered patients had a higher number of these cells, although not similar to the healthy. However, the DC population increased in the positive patients which increased further in the recovered individuals. On the other hand, we observed a decrease in the CD8+ T cells and increase in the CD4+ T cell population in the COVID-19 patients. We also observed an increased abundance of activated CD4+ T cells compared to the Naïve CD4+/CD8+ T cells in the COVID-19 patients. Together, these indicate a suboptimal MHC Class I mediated but increased MHC Class II mediated antigen presentation in the COVID-19 patients. On the other hand, the increased abundance of the APCs and the CD8+ T cells in the recovered, possibly indicate recovery of the loss of MHC Class I mediated antigen presentation function.



Increased cytotoxicity in response to COVID-19

The monocytes and NK cells confer the ‘killing function’ and cytotoxicity. We observed an increased killer cell population (Natural killer or NK and NK T cells) in the infected patients, which subsequently decreased in the recovered. The proliferating NK cells were the highest in recovered individuals, correlating with the half-life of the mature NK cells as well as the infection duration (28). The higher abundance of the proliferating NK cells in the recovered indicates the decrease in IFN-γ production post-infection (29). The classical monocyte population also followed a pattern like the NK cells, while the CD14+/CD16+ Intermediate monocyte, highly abundant in the healthy individuals, decreased significantly in the COVID-19 patients followed by an increase in the recovered individuals. This suggests higher activation of monocytes in the COVID-19 patients, followed by a partial restoration in the recovered individuals. Together, the increased ‘killer cell’ population and monocyte suggest an increased cytotoxicity in the COVID-19 patients. The statistical significance of the frequency of the cell types across three groups as well as pairwise comparison groups are available as Supplementary File 1; Table S3.



Reduced immune response and increased inflammatory response by naïve CD4+/CD8+ T cells in the recovered individuals

The cell type specific expression of the surface markers and intracellular markers are presented in the Figures 1D, E. Figure 1F shows the expression of the cell type specific markers used for the cell type annotation across groups. We also looked at the cellular heterogeneity in a pairwise comparison (healthy vs COVID-19 positive, COVID-19 positive vs recovered, and healthy vs recovered) (Figure 1G; H, Supplementary File 1, Figures S1B-1E). Surprisingly, we found an unidentified cluster to be present explicitly in the healthy and was absent in the recovered (Figure 1G, H; Supplementary File 1; Figure S1F). Upon annotation using scpred, it was found to be the Naïve CD4+ T Cell population, with reduced expression of MALAT1, BACH2 and several ribosomal protein coding genes when compared to the existing Naive CD4+/CD8+ T cells of the healthy/recovered individuals (Figure 1I; Supplementary File 2). Reduced expression of these genes confers increased immune response, reduced cytokine production and inflammatory response (Figure 1J) (30–32). Thus, loss of this Naïve CD4+ T cell population suggests a reduced immune response and increased inflammatory response by the Naïve CD4+/CD8+ T cells in the recovered individuals.



Loss of B cell maturation process in the recovered individuals

To understand the cross-talk across cell types and subsequent regulation of immunological functions, we performed cell-cell communication analysis using the CellChat R package (33). The cell-cell communication analysis revealed a CD22-CD45 signaling between the Class-switched memory B cell and the Activated CD4+ T cells, in healthy but not in the COVID-19 positive or recovered (Supplementary File 1; Figures S1G-1I). It is important to note that the CD45, negatively regulates the CD22 level, which is crucial for B cell maturation and antibody production (34). Absence of CD22-CD45 interaction, thus indicates dysregulated B cell maturation in the COVID-19 patients. On the other side, CD99 signaling in the NK cells and CADM1 signaling in the CD8+ TCM were observed in the COVID-19 patients but not in healthy or recovered individuals. CD99 signaling in NK cells are known to upregulate the IL-6 and TNF-α (35), whereas the CADM1 signaling is known to increase the cytotoxicity and IFN-γ secretion (36). Together, these suggests a NK and CD8+ T cell-mediated elevated immune and inflammatory response in the COVID-19 patients.



Compromised adaptive immunity in COVID-19 patients is mediated by CD40-CD40LG, enriched in the monocyte and T cells

The immune and inflammatory response in the COVID-19 patients, as revealed by the cell-cell communication analysis, is modulated not only by CD22-CD45 interaction, but also CD40 and CD40LG interaction. However, the CD40-CD40LG interaction was not observed in our cell-cell communication analysis. The CD40-CD40 ligand expression and interaction are important not only for the activation of adaptive immune response, but also infection induced inflammation and CD8+ T cell apoptosis (37). Therefore, we looked at the CD40-CD40LG expression between the groups. Figure 2A shows the surface level expression of CD40-CD40LG, wherein we observed a decreased expression of CD40-CD40LG in the COVID-19 patients, with the further decreased expression in the recovered individuals, especially in the professional antigen presenting cells (APC) (Figures 2B, C). This indicates a decreased adaptive immune response during COVID-19, increased infection induced inflammation and CD8+ T cell apoptosis.




Figure 2 | CD40-CD40LG mediated Inflammatory response in the COVID-19 patients. (A) CD40-CD40LG expression at surface level across the three groups of COVID-19 active infection, healthy and the recovered individuals. Color scale denotes the relative expression whereas circle size denotes the percentage of cells expressing the marker. (B, C) Cell- type specific surface expression of CD40-CD40LG across the 3 groups. (D) Surface level expression of FAS in the B and T cells. (E, F) Chemokine and Chemokine receptor expression at the surface level across the three groups. (G–J) RNA level expression of (G) Cytokines, (H) Chemokines, (I) Interleukins and (J) TNF Receptor Superfamily across all the cell types. (K–M) PPI level interaction network at (K) Activated CD4+ T cells, (L) CD8+ TCM, and (M) monocytes. [NS represents non-significant, *represents p-value < 0.05, **represents p-value < 0.01, **** represents p-value < 0.0001].



Subsequently, we looked at the expression of the FAS receptor, a death receptor expressed during apoptosis. We observed an increased expression in all the CD4+ and CD8+ T cell populations. Surprisingly, we also observed a higher expression of FAS in the B cell population (Naïve B cell, Class-switched Memory B cells), indicating an abnormal antigen presentation and antibody response in the COVID-19 patients (Figure 2D). Further, chemokine and cytokine receptors (CXCR3, CXCR4, CXCR5, CCR4, CCR5, and CCR7) expression was increased in active COVID-19 and recovered patients (Figures 2E, F). Alongside, we observed a high expression of cytokines (CCL3, CCL4, CCL5, CCL7, CCL18 and CCL20) in the CD4+ TCM, Classical monocytes and NK cells in the COVID-19 patients (Figure 2G). A higher expression of chemokines (CXCL1, CXCL2, CXCL3, CXCL8 and CXCL16) were also found in the CD4+ TCM and Classical Monocytes in the COVID-19 patients (Figure 2H). This indicates a CD4+ TCM and monocyte driven increased cytokines and chemokines in the active COVID-19 patients. Also, the interleukins (IL1B, IL15, IL16, and IL32) were found to be upregulated in the active COVID-19 patients, indicating a T cell and monocyte-mediated proinflammatory response during active COVID-19 (Figure 2I).

We observed increased expression of TNFRSF1B, also known as TNF receptor 2 (TNFR2) in the Classical monocytes and NK cells during active COVID-19 (Figure 2J). TNFR2 is involved in the regulation of inflammation in the macrophage and CD8+ T cells. TNFRSF13C, a pro-survival receptor for B cells, was found to have increased expressed in the Class-switched memory B cells during active COVID-19 (38). Deficiency of TNFRSF13C is characterized by low circulating B cells, serum IgG and IgM but high levels of IgA (39). Thus, the very low expression of TNFRSF13C in the Class-switched memory B cells in the recovered individuals lends support to our earlier finding of decreased Class-switched memory B cells in the recovered individuals. It also indicates increased IgA antibody, and not IgG or IgM antibody in the recovered. The increased expression of TNFRSF14 and TNFRSF17 in the recovered individuals indicate an increased inflammatory response (Figure 2J). Together, the dysregulation of the CD40-CD40LG caused an increased monocyte and T cell mediated inflammatory response during active COVID-19. The overall differential expression of genes in activated CD4+ T cell, CD8+ TEM, Classical monocytes, NK cells, CD4+ TCM and CD8+ TCM are represented in the Supplementary File 1, 2; Figures S2A-2F. The protein-protein interaction-level network obtained from the differentially expressed genes revealed elevated TNF-α signaling in the Activated CD4+ T cells, IL-6 signaling in the CD8+ TEM cells, which are indicative of elevated inflammatory response during active COVID-19 (Figures 2K, L; Supplementary File 1, Figure S2G).

Surprisingly, we observed increased TGF-β signaling in the monocytes and NK cells (Figure 2M; Supplementary File 1; Figure S2H), indicating a pro-viral role of these cells (40). Besides, we also observed a decreased immune response and T cell activation in the CD4+ TCM and CD8+ TCM respectively, indicating an abnormal immune response and T cell activation (Supplementary File 1; Figures S2I, J). Besides, these also indicate the dysregulation of antigen presentation in the COVID-19 patients. Together, the results indicate a CD40-CD40 ligand interaction mediated increase of the cytokine response and abnormal T cell activation in the COVID-19 positive individuals.



Immune, stress and antiviral responses are mediated by the T cells, monocytes and NK cells

To understand the cell type specific immune and stress response dynamics, we performed GSEA at single cell resolution using Escape R/Bioconductor package by using molecular signature database (MSigDB-H) (Figure 3A) (41). We found immune response related pathways (TGF-β, IL2-STAT5, IL6-JAK-STAT3, and TNFα signaling, Complement system activation, and Inflammatory response pathway) to be upregulated in the classical monocyte, NK cells, activated CD4+ T cells and CD4+ central memory T cells in active COVID-19 patients. TGF-β and IL2 STAT5 signaling, as well as Complement system activation pathways were also upregulated in the Class-switched memory B cells during active COVID-19. On the other hand, the stress response related pathways (ROS pathway, Interferon alpha and gamma response, PI3K–AKT-mTOR signaling, UPR and p53 pathways) were also particularly enriched in the Classical monocyte, NK cells, activated CD4+ T cells, Class-switched memory B cells and CD4+ central memory T cells of the COVID-19 positive patients. Besides, the reactive oxygen species (ROS) and unfolded protein response (UPR) pathway, two major stress response pathways, were also enriched in the plasmablast in the recovered individuals. Together, these indicates T Cells, monocytes and NK cells mediated upregulation of the immune and stress response during active COVID-19.




Figure 3 | Immune, stress and antiviral Response during the SARS-CoV-2 infection. (A) G SEA at the single cell resolution across the three groups (COVID-19 patients, healthy and recovered), the row dendrograms distinguish the immune and stress response pathways. The cell types and the groups were highlighted using different color bars. Data is expressed as a relative enrichment score for each pathway. (B, C) Expression of (B) ADAM, and (C) APOBEC3 genes. (D) Expression of antiviral genes in the COVID-19 patients and correlation with HRCT score. (E) Expression of IFN family genes across all the cell types across the three groups. Cell types and groups were highlighted using different color bars. (F) Cumulative expression of type I and type II IFN receptors between the Classical monocyte and CD4+ TCM across the three groups.



To understand the dynamics of the antiviral response, we looked at the expression of ADAM, APOBEC3 and IFN family members. We found a high expression of APOBEC3A, APOBEC3B, APOBEC3C, APOBEC3D, APOBEC3F, APOBEC3G and APOBEC3H in the classical, intermediate monocytes and NK cells of the COVID-19 patients compared to the healthy or recovered individuals (Figure 3B). On the other hand, ADAM family members were upregulated in the T cells (Activated CD4+ T cells, CD4+ TCM, CD8+ TCM, CD8+ TEM) in active COVID-19 compared to the healthy and recovered (Figure 3C). This highlights a T cell, monocyte and NK cell mediated upregulation of antiviral response during the SARS-CoV-2 infection. Within our data, we also checked for the possible association of the increased antiviral response with the disease severity within the COVID-19 positive patients. We found that the expression of the antiviral genes negatively correlated (except ADAM7, ADAM11, ADAM12, ADAM18, ADAM20, and ADAM29) with the HRCT score of the COVID-19 patients suggesting association of increased antiviral response with decreased disease severity (Figure 3D).

Finally, we found IFNAR1 and IFNAR2, a receptor for type I interferon (IFNα) to be upregulated in the CD4+ TCM and classical monocytes of the COVID-19 patients, compared to the others. Receptors for type II interferon, IFNGR1 and IFNGR2 were also upregulated in the CD4+ TCM and classical monocyte (Figure 3E). However, the expression of type II IFN receptors was higher in COVID-19 patients in both the cell types, whereas type I IFN receptors were upregulated in the CD4+ central memory T cells of the recovered individuals (Figure 3F). In summary, inferences from our data suggests that the antiviral response is mediated by the central memory T cells, monocytes and NK cells during the SARS-CoV-2 infection and transcription of proinflammatory cytokines are increased as a result of type II IFN receptor mediated signaling during the SARS-CoV-2 infection.



Aberrant activation of T cells in COVID-19 positive individuals

To understand the T cell dynamics across the three groups, we looked for the expression of the T cell activation and exhaustion markers. We observed higher expression of CD38, CD69 and CD40LG during active COVID-19 infection, indicating an activated phase of T cell population, compared to the healthy and the recovered, where the T cells are at resting phase in comparison to the active infection (Figure 4A). We also observed higher expression of T cell exhaustion markers, i.e., TIM-3, LAG3, CD152 or CTLA4 and CD279 or PD-1 in the recovered individuals compared to the active COVID-19 and healthy individuals (Figure 4B). This indicates that a larger population of the T cells are exhausted post recovery from the COVID-19.




Figure 4 | T Cell specific surface marker expression and Pseudotime analysis across the healthy, COVID-19 positive and recovered individuals. (A) Expression of the T cell activation markers at the surface marker level. (B) Expression of T cell exhaustion markers at the surface marker level. (C) Expression of TCR αβ and γδ chain at the surface marker level. Color scale denotes the relative expression whereas circle size denotes the percentage of cells expressing the marker. (D) UMAP visualization of T cell subtypes. (E) UMAP visualization of T cell subtypes with respect to pseudotime. (F–H) Distribution of cells against pseudotime for T cell subtypes across (F) healthy, (G) COVID-19 positive, and (H) recovered individuals. (I–L) GO enrichment of genes from (I) Module 1, (J) Module 2, (K) Module 3, and (L) Module 4.



We then looked at the expression of a specific T cell receptor type. Generally, around 95% of the T cell receptor carry αβ chain, and T cells carrying αβ receptor chain respond to the pathogen in an antigen specific manner to induce cytokine productions followed by B cell maturation and antibody secretion. However, a small fraction of T cells carrying γδ receptor chains are essential in the initial immune and inflammatory responses (42). Surprisingly, we observed a gradual shift of TCR from αβ to γδ type across healthy, active COVID-19 and recovered, with highest expression of TCR γδ in the recovered (Figure 4C). Thus, the T cell exhaustion and the abundance of TCR γδ in the recovered individuals indicate an abnormal T cell response during the active COVID-19.

To understand the difference of T cell subtypes across the three groups, we constructed cell trajectory with respect to pseudotime using Monocle 3 (Figures 4D, E) (43). The cells for each cell type were plotted against the pseudotime for all the three groups and a significant difference of median pseudotime was observed (Figures 4F–H; Supplementary File 1; Figure S3). Importantly, we observed a lower pseudotime in the COVID-19 patients (except for the CD8+ TEM and CD4+ TCM), possibly indicating a faster transition from one cell type and/state to another. Finally, to understand the co-expression of genes with respect to pseudotime, we clustered the genes that were differentially expressed across healthy, COVID-19 positive and recovered, in each T cell subtypes, and identified four modules of co-expressed genes. While module 1, 2 and 4 showed significant GO enrichment (p-value <0.05) for the housekeeping cellular functions required for cell growth and development, module 3 showed significant enrichment for the immune and inflammatory response associated molecular functions (Figures 4I–L; Supplementary File 4). This indicates the possible impact of COVID-19 on normal cell functions beyond the conventional immune/inflammatory response.



Distinct immune response signatures as revealed by similarity network fusion and machine learning model

To understand the multiple modalities of the data and their association with the COVID-19 disease, we integrated gene expression, surface marker expression and clinical details of the individuals to perform a similarity network fusion (SNF)-based clustering (Figure 5A). The Dendritic cell population was found to be decreased in the COVID-19 patients and increased in the recovered individuals, reiterating our initial results towards a dysregulated antigen presentation in the infected individuals, followed by recovery of the function, post-infection (Figure 5B). We also observed a decrease in the NK T cells and monocyte populations post-infection, highlighting a reduced cytotoxicity in the recovered individuals. Besides, the upregulation of S100A8, TXNIP and MT2A genes in the monocytes indicate an inflammatory response upregulation in the infected individuals. We also observed an increased CD69+ memory T cell population in the recovered individuals. High expression of CD69 in the memory T cell population indicates higher tissue residence of the memory T cell population in the recovered individuals. Together, these results highlight a dysregulated antigen presentation and increased cytotoxicity in the infected individuals, and their reversal post-infection.




Figure 5 | Similarity Network Fusion and Bayesian Network Model for Biomarker discovery. (A) SNF clustering of cells based on the gene expression, surface marker expression and clinical details of the individuals. (B) Distribution of the identified cell types across the healthy, COVID-19 positive and recovered individuals. (C) Bayesian Network Model built on the SNF clusters, gene expression, surface marker expression, and clinical data including the HRCT score of the individuals. (D–F) Specific highlights from the Bayesian Network Model showing the association of HRCT score with (D) FOS, CST3, PSAP, (E) CD74, and (F) CD45.



Towards the quest for the biomarkers associated with COVID-19 in our study cohort, we build a Bayesian Network model (Figure 5C). The complete network is available at Zenodo (https://doi.org/10.5281/zenodo.6583269). Importantly, we observed a strong connection between the HRCT score, FOS and CXCL8 genes (Figure 5D). FOS is known to regulate cell death, apoptosis and inflammatory response, (44) which is one of the most significantly differentially expressed genes in the MERS and SARS-CoV-2 infection. The CXCL8 is a neutrophil chemoattractant which recruits the neutrophil at the site of infection and initiates a proinflammatory response mediated by the IL-8 and other cytokines (45). We also observed a direct association of IL1β with the CXCL8. Elevated IL1β and IL6 activity is a feature of COVID-19 disease and dysregulation of the same is associated with disease severity (46). Thus, the association of FOS, CXCL8 and IL1β with HRCT score make them a strong predictor of COVID-19 disease. Besides, we identified a strong association of HRCT score with CST3, a marker gene for monocytes. Monocytes, as we have shown earlier, are involved in the inflammatory responses in COVID-19 patients. Besides, the association of CST3 with S100A9 also indicates a correlation between monocyte-mediated inflammatory response and HRCT score, which supports our previous findings. We also found a strong association between HRCT score and PSAP, a gene involved in antigen presentation and male fertility, both are perturbed in severe COVID-19 patients (47, 48).

We observed a strong association of HRCT score with CD74, also known as MHC Class-II invariant chain (Figure 5E). CD74 is involved in MHC Class-II mediated antigen presentation, a process upregulated in the COVID-19 patients. Besides, CD74 is known to have increased expressed in the severe COVID-19 patients (49). CD74 also has immune-suppressant role, often observed in severe COVID-19 patients (50). Finally, we observed a strong association of CD45 with HRCT score though PDE11A (Figure 5F). PDE11A is known to be involved in inflammatory response and is abundantly expressed in the severe COVID-19 patients (51). Just like CD74, CD45 is also an immune-suppressant, and therefore enhanced expression in the severe COVID-19 patients. Therefore, the association of CD74 and CD45 with the HRCT score suggests the possible role of CD74 and CD45 in the COVID-19 disease and can possibly be used as a biomarker for the disease.




Discussion

Although several studies have revealed the dysregulation of the immune system during COVID-19 disease (52, 53), there are still a few critical missing links in our understanding of the mechanisms behind the immune response dysfunction. Using single-cell resolution transcriptomics and targeted proteomics of 33 individuals (healthy, active COVID-19, and recovered), this study highlights major shifts in immune regulation occurring in the COVID-19 disease. While the decrease in B cell and CD8+ T cell population suggest a decreased MHC Class I mediated antigen presentation, the slight increase of DC and CD4+ T cell populations indicate an elevated MHC Class II mediated antigen presentation in the COVID-19 positive individuals. However, the decreased immune response by the CD4+ T cells of the infected individuals, as revealed by the PPI network, highlights suboptimal MHC Class II mediated antigen presentation. The high expression of FAS on the surface of B cells highlights B cell senescence in active COVID-19 cases, further strengthening our finding of diminished MHC Class I mediated antigen presentation. Increase in the B cell and CD8+ T cell population in the recovered group highlights the restoration of the MHC Class I mediated antigen presentation function. While the NK cell and classical monocyte population, the master regulator of the cytokine and chemokine response, were increased in the infected individuals followed by a decrease in the abundance in the recovered individuals, it was interesting to observe the increased abundance of proliferating NK cells in the recovered individuals (Figure 6).




Figure 6 | Summary of the key findings from the study. It highlights the observed T-cell dynamics within the COVID-19 patients, recovered individuals and healthy, as well as key immune findings harnessing strength of machine learning.



Although not a well-studied cell population, the high abundance of proliferating NK cells in the recovered individuals can be explained with the 7-10 days half-life of the mature/activated NK cells, which then requires proliferation to maintain the desired level (28). NK cell activation is a distinct feature of COVID-19 and the average duration of the infection coincides with the half-life of activated NK cells (54), highlighting the process of restoration of the NK cell pool, post-infection. Besides, proliferating NK cells mediated reversal of the IFN-γ production (55), which increases during active infection, highlights the significance of this particular cell type. The Naïve T cell subset in the healthy individuals have higher immune response and decreased inflammatory response potential compared to the Naïve CD4+/CD8+ T cell population. Loss of this Naïve T cell subtype in the recovered individuals, thus highlights higher inflammatory response potential compared to the healthy. Cell-cell communication analysis reveals intra- and inter-cellular communication based on ligand-receptor interaction.

Our analysis revealed a shift in the intra- and inter- cellular communication between healthy to infected and to recovered individuals. While the CD22-CD45 signaling in the healthy group, involved in the B cell maturation process was absent in the infected and recovered group, the CD99 and CADM1 signaling observed in the infected group were absent post- infection. Thus, although the NK cell and CD8+ T cell mediated cytotoxicity were reversed in the recovered individuals, the B cell maturation process was still impaired in the recovered individuals, despite the increased abundance of B cells in the recovered individuals.

The CD40 and CD40 ligand interaction is known to regulate a wide range of immunological events, including infection-induced inflammatory response, CD8 T cell senescence and increased viral replication (56). The gradual decrease in the expression of CD40 and CD40LG in the COVID-19 positive and recovered groups suggest an enhanced infection-induced inflammation and apoptosis of CD8+ T cells during COVID-19 infection. Indeed, we observed high expression of FAS on CD8+ T cells and decreased abundance of CD8+ T cells in the infected patients. Interestingly, earlier studies also report the T cell depletion caused by the high levels of FAS molecules in the severe COVID-19 disease (57). Disrupted antigen presentation and antibody response were also observed during COVID-19 from an increased expression of FAS receptors (pro-apoptotic molecules) in CD4+ T and CD8+ T cell populations as well as B cell populations (Naïve B cell, class-switched memory B cell) (58).

On the other hand, the chemokines, cytokines, and interleukins were upregulated in the infected individuals, wherein the upregulation was mediated by the CD4+ T cells, CD8+ T cells, NK cells and monocytes. Interestingly, these inflammatory markers were found to be downregulated in the recovered individuals, highlighting the importance of understanding the post infection phase. The cell type specific PPI network revealed elevated TGF-β signaling in the monocyte and NK cells. The TGF-β signaling acts as a double edge sword, wherein on one hand it activates CD8+ T cells, and on other side, it facilitates viral replication, thus revealing another aspect of monocyte and NK cell mediated modulation of COVID-19. Further, this also reiterates the decreased CD40-CD40 ligand interaction-mediated increase of viral replication in the infected patients.

We found several immune responses associated signaling pathways such as IL6-JAK-STAT3, IL2-STAT5, TGF-β, TNFα, Inflammatory response pathway, and Complement system activation, upregulated in the classical monocyte, NK cells, activated CD4+ T cells, and CD4+ central memory T cells during active COVID-19. Other pathways involved in the stress response such as ROS pathway, Interferon alpha and gamma response, PI3K AKT mTOR signaling, UPR pathway and p53 pathways were also elevated in classical monocyte, NK cells, activated CD4+ T cells, Class-switched memory B cells and CD4+ central memory T cells in the active COVID-19 patients. These findings suggest the upregulation of immune pathways and stress pathways mediated via T cells, monocytes, and NK cells and fall in concurrence with the previous studies where multiple immune response pathways activate in the COVID-19 patients (59, 60).

The antiviral response during active COVID-19 disease was confirmed with a high expression of APOBEC3 and ADAM family members in the classical monocytes, NK cells, and T cells, respectively. Both APOBEC3 and ADAM family members are known to confer innate immunity (61, 62) and therefore can possibly be responsible for enhancing the antiviral response in active COVID-19 through T cell, NK cell, and monocytes. The upregulated expression of type II interferon receptors (IFNAR1 and IFNAR2) in CD4+ TCM and classical monocytes were more pronounced in active COVID-19 groups compared to recovered, where type I interferon receptor (IFNGR1 and IFNGR2) expression dominated, thereby suggesting a surge of proinflammatory cytokines mediated via type II IFN receptor signaling during the active COVID-19 disease.

Previous studies have reported the dysregulation of T cells during COVID-19 disease (63, 64) which was observed in this study as well. This is particularly important, since lymphopenia is a key feature of COVID-19 disease, and an altered lymphopenia is also observed in convalescent COVID-19 patients (65–67). A sharp decrease in the CD4+ and CD8+ T cell and a delayed T cell response were associated with higher COVID-19severity, and similar to our findings, a restoration of the same in the recovered individuals has been highlighted by limited yet important study (65). Several studies have also highlighted abnormal abundance of helper T cells (Th1/Th2/Th17) and its association with decreased viral clearance and higher disease severity during COVID-19 (68, 69). The lymphopenia observed in the COVID-19 patients is also characterized by the abnormal activation and exhaustion of the T cell. We found a significant increase in the expression of CD38 and CD69 in the active COVID-19 patients compared to the healthy and recovered, suggesting an activated T cell response. A high level of exhaustion markers has been reported in the severe COVID-19 patients (70, 71), however, we observed elevated expression of the T cell exhaustion markers like LAG3, CTLA4, and PD-1 in the recovered individuals. Together, this reveals an active phase of T cells during COVID-19 disease where after recovery the exhausted population of T cells becomes dominant. We further investigated the T cell receptor (TCR) type, where a gradual shift of TCR from αβ to γδ type was observed, with maximum expression in the recovered individuals. As the γδ TCR is responsible for inducing initial immune and inflammatory responses against specific antigens (72), their presence in the recovered individuals reflects aberrant and divergent T cell dynamics during the COVID-19 disease. Through our pseudotime analysis, different cell trajectories for T cell subsets revealed a reduced pseudotime amongst the COVID-19 patients, thereby suggesting a rapid transition between T cell subtypes that might be responsible for inducing aberrant T cell activation. We also observed differences among the constructed modules of co-expressed genes across the healthy, COVID-19 positive, and recovered groups in the T cell subsets where out of 4 modules, 3 of them exhibited significant housekeeping cellular functions that possibly indicate varied consequences of COVID-19 disease.

Finally, our similarity network fusion-based clustering reiterates our findings of dysregulated antigen presentation in the COVID-19 patients, whereas reduced cytotoxicity and higher tissue residence of the memory T cells in the recovered individuals. Our Bayesian network model reveals FOS, CXCL8 and IL1β as important predictors for HRCT scores. While the FOS gene is known to be associated with apoptosis (73), CXCL8-mediated recruitment and activation of neutrophils is responsible for causing pathogenesis of lower respiratory tract infection and if overproduced, leads to cystic fibrosis (74). It is also suspected of playing a role in endothelial dysfunction. SARS-CoV-2 has been known to induce the apoptosis pathway, which has been shown to be intricately connected with inflammation and fibrosis, leading to medical complications (75). Thus, the association of increased levels of FOS, CXCL8 and IL1β in patients with higher HRCT scores in our study using the integrative model provides support to this finding. Furthermore, we also found a strong correlation between CST3 and S100A9 and simultaneously with HRCT score. The monocyte markers CST3 and S100A9 exhibit monocyte-mediated pro-inflammatory responses (76). Together their association with HRCT score suggests the involvement of monocytes in inflammatory response during the COVID-19 disease. HRCT score was also strongly associated with CD74 and CD45. Both CD74 and CD45 are immune-suppressants and are known to be elevated in the severe COVID-19 patients. Therefore, their correlation with HRCT score possibly signifies their role in the COVID-19 disease progression and severity.



Conclusion

Our Single cell based COVID-19 study, highlights a dysregulated antigen presentation, CD40-CD40LG deficiency-mediated heightened immune/inflammatory/stress and antiviral response in the COVID-19 positive and recovered individuals, faster cellular transition in the COVID-19 patients, and COVID-19 disease biomarkers such as FOS, CD45, and CD74. These findings may further assist in understanding the complexity of immune response heterogeneity that possibly can serve to delineate treatment strategies for SARS-CoV-2 infection. Besides, our study also highlights the importance of understanding the COVID-19 aftereffects in recovered individuals which may be relevant for the re-infection/s. Further, a follow-up study with longitudinal COVID-19 recovered individuals, potentially with differential disease severity, would further the understanding of immune response dynamics in the recovered individuals.
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Rationale

Factors associated with long-term sequelae emerging after the acute phase of COVID-19 (so called “long COVID”) are unclear. Here, we aimed to identify risk factors for the development of COVID-19 sequelae in a prospective cohort of subjects hospitalized for SARS-CoV-2 infection and followed up one year after discharge.



Methods

A total of 324 subjects underwent a comprehensive and multidisciplinary evaluation one year after hospital discharge for COVID-19. A subgroup of 247/324 who consented to donate a blood sample were tested for a panel of circulating cytokines.



Results

In 122 patients (37.8%) there was evidence of at least one persisting physical symptom. After correcting for comorbidities and COVID-19 severity, the risk of developing long COVID was lower in the 109 subjects admitted to the hospital in the third wave of the pandemic than in the 215 admitted during the first wave, (OR 0.69, 95%CI 0.51-0.93, p=0.01). Univariable analysis revealed female sex, diffusing capacity of the lungs for carbon monoxide (DLCO) value, body mass index, anxiety and depressive symptoms to be positively associated with COVID-19 sequelae at 1 year. Following logistic regression analysis, DLCO was the only independent predictor of residual symptoms (OR 0.98 CI 95% (0.96-0.99), p=0.01). In the subgroup of subjects with normal DLCO (> 80%), for whom residual lung damage was an unlikely explanation for long COVID, the presence of anxiety and depressive symptoms was significantly associated to persistent symptoms, together with increased levels of a set of pro-inflammatory cytokines: interferon-gamma, tumor necrosis factor-alpha, interleukin (IL)-2, IL-12, IL-1β, IL-17. In logistic regression analysis, depressive symptoms (p=0.02, OR 4.57 [1.21-17.21]) and IL-12 levels (p=0.03, OR 1.06 [1.00-1.11]) 1-year after hospital discharge were independently associated with persistence of symptoms.



Conclusions

Long COVID appears mainly related to respiratory sequelae, prevalently observed during the first pandemic wave. Among patients with little or no residual lung damage, a cytokine pattern consistent with systemic inflammation is in place.





Keywords: long COVID-19, SARS-CoV-2 infection, cytokines, DLCO, depression



1 Introduction

The Severe Acute Respiratory Syndrome Coronavirus-2 (SARS-CoV-2) pandemic continues to have an impact on global health, as a result of acute infection and long-term sequelae. Unfortunately, a significant proportion of Coronavirus Disease (COVID-19) survivors experiences the persistence of symptoms many months after the acute phase of disease (1, 2).

Up to 58% of recovered patients show at least one symptom up to two years after the acute phase of the disease (3). The constellation of symptomatic and functional sequelae arising post-COVID-19 has been dubbed “long COVID”, thereby categorizing those patients who have symptoms that persist or develop after the acute phase of SARS-CoV-2 infection and are not explained by alternative diagnoses (4). Long COVID is a multi-systemic condition which encompasses pulmonary, immunological, cardiovascular, neuropsychiatric, gastroenterological, hepatic, renal, endocrine and dermatological sequelae (5–7).

Whereas the pathogenetic mechanisms that determine the acute phase of disease have been quite well elucidated (8), those underlying the long COVID syndrome remain poorly understood (9, 10). Indeed, a dysregulated inflammatory response with a huge release of pro-inflammatory cytokines, including IL-1β, IL-7, IL-8, IL-9, IFN-γ, TNF, has been observed during the acute phase of the disease (11–13). This condition may result in the recruitment of different immune cells at the site of infection leading to inflammatory damage of the alveolar-capillary membrane and vascular barrier damage inducing respiratory failure and the development and progression of acute respiratory distress syndrome (ARDS) (14, 15). Eventually, the uncontrolled immune response may result in extra-pulmonary manifestations with a possible evolution into multi-organ failure (11).

A variety of mechanisms have been claimed as potentially relevant for long COVID, among which the persistence of end organ damage following acute COVID-19, the effect of mood perturbation and the maintenance of a chronic pro-inflammatory state (5, 16, 17). The latter hypothesis belongs to the observation that long COVID shares clinical features with myalgic encephalomyelitis/chronic fatigue syndrome (ME/CFS) (18), a poorly understood clinical condition, which can be elicited by acute viral infections. Indeed, the evidence is growing to suggest the persistence of a pro-inflammatory state in long COVID, months after virus has been cleared from the organism and the convalescence phase has been completed (19, 20).

Further insight into the pathogenesis of long COVID is paramount to pave the way for better tailored treatments and to contain the demand on health systems still under heavy pressure for the pandemic (5). In the present paper, we aimed to evaluate the role of potentially relevant pathogenetic mechanisms in the development of long COVID: more specifically, we evaluated the potential role of residual organ damage, persistent inflammation and psychological impact. This is a novel and multidisciplinary approach allowing us to better verify the relative contribution of these pathogenetic mechanisms to the development of long term sequelae.



2 Materials and methods

This prospective cohort study was approved by the local ethics committee (Comitato Etico Interaziendale Novara, IRB code CE 117/20) and conducted in strict accordance with the principles of the Declaration of Helsinki. All participants signed a written informed consent.


2.1 Study population

We contacted patients discharged between March 1st, 2020 and May 28th, 2021, from the Maggiore della Carità University Hospital of Novara, Piedmont, with a confirmed diagnosis of COVID-19. We included all patients aged 18 years or older who agreed to participate to the study. Patients were divided into two subsets: the first one which included subjects discharged between March 1st and June 29th, 2020, corresponding to the first wave of the pandemic in Italy; the second one, including patients admitted during the third Italian wave (15th March, 28th May 2021).

The patients were contacted by telephone and asked to attend a dedicated clinic for a follow-up visit 12 months after discharge; of them, 324 agreed to participate in the study. Follow-up visits took place from March 15th, 2021 to June 28th, 2022.



2.2 Study procedures

Patients were evaluated with a multidisciplinary approach, which included:

	Clinical evaluation

	Lung function assessment

	Mental health assessment




2.2.1 Clinical evaluation

A survey was carried out aimed at recording: patients’ demographic characteristics, symptoms during the acute phase of the disease, severity of the acute phase of the disease classified using an eight-category scale, as previously described (21), home medications and comorbidities which were cumulatively scored using the cumulative illness rating scale (CIRS) (22), patient symptoms at follow-up, vital signs and cardio-pulmonary physical examination.



2.2.2 Lung function assessment

All patients underwent standard pulmonary function tests (PFT) with a Quark PFT with X9 pneumotach (COSMED srl, Rome, Italy) to evaluate forced expiratory volume in 1 second (FEV1), vital capacity, forced vital capacity (FVC), diffusing capacity of the lungs for carbon monoxide (DLCO), DLCO constant, and total lung capacity. DLCO and total lung capacity were determined by the single-breath co technique.

The spirometer was calibrated on the day the test was performed and the barometric pressure and temperature were simultaneously recorded. A trained technician coached the patient, while a pulmonologist was responsible for test validation and interpretation based on the 2005 the American Thoracic Society and European Respiratory Society statements. Appropriate safety measures were adopted (including use of a dedicated spirometer to avoid cross-infection, use of a mouthpiece with a different antimicrobial filter for each patient and use of complete PPE by the staff). At the end of each day, the room underwent disinfection.



2.2.3 Mental health assessment

Patients were interviewed by an experienced psychiatrist, trained in the use of the Mini-International Neuropsychiatric Interview (MINI) (23), using structured and unstructured questions about current mental health status. Information about previous psychiatric history (being already treated by psychiatric services; a history of depression and/or anxiety), presence/absence of depressive and anxiety symptoms (independent of a full-criteria diagnosis of major depressive disorder, panic disorder, and generalized anxiety disorder) was gathered.




2.3 Laboratory analysis

To evaluate the potential role of cytokines, we performed a multipanel assessment of pro-inflammatory cytokines, using a Bio-PlexProTM Human Cytokine Assays (BioRad, Hercules, CA, US CAT.#M500KCAF0Y): interferon (IFN)-γ, interleukin (IL)-1β, IL-2, IL-6, IL-12, IL-17, tumor necrosis factor (TNF)-α were dosed. These studies were performed on 247/324 subjects who agreed to undergo peripheral venous blood sampling at the 12-months follow-up visit; for 73 patients, a blood sample, obtained during the acute phase of disease was also available and was therefore used to assess the potential predictive value of baseline cytokines levels on long COVID development.

Bio-PlexProTM Assays are sandwich immunoassays formatted on magnetic beads. Primitive antibodies directed against the desired biomarker are covalently coupled to the beads. Coupled beads react with the sample containing the biomarker of interest. After a series of washes to remove unbound protein, a biotinylated detection secondary antibody is added to create a sandwich complex. The final detection complex is formed with the addition of streptavidin-phycoerythrin (SA-PE) conjugate. Phycoerythrin serves as a fluorescent indicator, or reporter.

The samples were processed following the steps of the Bio-PlexProTM Assays manual issued by the supplier.



2.4 Statistical analysis

The data collected were recorded in a database and analyzed with MedCalc v.18.10.2 (MedCalc Software, Mariakerke, Belgium). For continuous variables, the measures of centrality and dispersion were medians and interquartile ranges [IQR] and the differences between groups were evaluated by the Mann-Whitney test. The Pearson χ2 or the Fisher exact test were used, as appropriate, to analyze the association between categorical variables. The existence of a correlation between continuous variables was verified calculating the corresponding Spearman correlation coefficient ρ. All variables found to have a statistical association with residual symptoms or DLCO impairment were entered into multivariate logistic regression models. The threshold for statistical significance was set at 0.05 (two-tailed).




3 Results


3.1 Impact of the pandemic wave on the development of long COVID

Out of the cohort of 324 subjects (196 males, 60.5%), 215 (66.3%) had been admitted to hospital during the first wave of the pandemic; data about their long-term sequelae have been published previously (18). Conversely, 109 were diagnosed during the third wave of the pandemic. In Supplementary Table 1 we described the main features of the general population, during the acute phase of disease.

After 368 [364-391] days, 37.8% of patients (N. = 122) still complained at least one physical symptom (also see Supplementary Table 2 for more details) and 151 (46.7%) patients reported the persistence of a reduction of their tolerance to physical activity.

Moreover, among the 310 patients who underwent a comprehensive psychiatric evaluation, anxiety symptoms were reported by 54 (17.4%) patients, while depressive symptoms were reported by 66 (21.3%) subjects.

Finally, 317 subjects underwent a pulmonary function test, according to which, the median FEV1 was 100 [89-112] of predicted, the median forced FVC was 80 [70-91] of predicted and the median DLCO was 98 [88-109] of predicted.

One of our research questions was to verify whether the risk of developing persistent symptoms might have changed over time. As shown in Table 1, the proportion of subjects complaining persistent symptoms was similar among those subjects admitted to the hospital during the first wave and those admitted during the third wave. However, in the third wave both the median severity of their condition and CIRS score were higher.


Table 1 | General features of the study population classified according to the wave of hospital admission.



Therefore, to rule out the impact of the different time of hospital admission, we built a logistic regression model, which showed that being admitted to the hospital during the third wave was protective against the development of persistent symptoms (p=0.01, OR 0.69, 95%CI 0.51-0.93). Moreover, CIRS (p=0.22) and disease severity (p=0.13) during the acute phase were not associated to the development of persistent symptoms. However, in a multiple regression analysis model, the 12 months DLCO value was predicted by the wave of pandemic during which the patient was admitted to hospital (p<0.0001), along with disease severity during acute phase (p=0.02) and CIRS (p<0.0001).



3.2 Evaluation of pathogenetic mechanisms underlying the development of long COVID

To better evaluate the pathogenetic mechanisms underlying the development of long COVID, we analyzed a subgroup of 247 patients (151 males, 61.1%) with a median age of 60 [51-69] years, for whom a blood sample, collected one year after hospital discharge, was available. 155 (62.8%) were admitted during the first wave, while 92 (37.2%) were admitted during the third wave.

The median number of ongoing drugs for routine therapies at admission was 1 [0-4], while the median number of comorbidities was 2 [1-3], among them arterial hypertension (42.9%), obesity (22.2%) and diabetes mellitus (15.1%) were the most frequent ones, and the median CIRS was 2 [1-4].

The median duration of hospital stay during the acute phase was 11 [7-16] days. Disease severity during the acute phase was distributed as follows:

	-Class 3, N. 37 (15.0%);

	-Class 4, N. 5 (2.0%);

	-Class 5, N. 83 (33.6%);

	-Class 6, N. 107 (43.3%);

	-Class 7, N. 15 (6.1%).



During hospital stay, 44 patients did not require oxygen supplementation (17.8%), 87 received oxygen through nasal cannula or Venturi mask (35.2%), 104 underwent non-invasive ventilation (42.1%) and, finally, 12 (4.9%) were mechanically ventilated. 18 (7.3%) were admitted to an intensive care unit, where they stayed for a median of 7.5 [5.0-20.0] days.

One year after discharge, 93 subjects (37.7%) still complained of at least one symptom (also see Table 2 for more details). Moreover, 111 subjects (44.9%) reported a reduction of their tolerance to physical effort and 64 (25.9%) reported alopecia. The main symptoms and the results of pulmonary function tests are reported in Table 2.


Table 2 | Main findings at the one year follow-up visit.



The association between clinical variables and persistence of symptoms is shown in Table 3, which identified DLCO, BMI, the persistence of anxiety and depressive symptoms and female sex as predictors at univariate analysis. We built a logistic regression analysis model including as independent variables all those associated to persistent symptoms at univariate analysis: DLCO emerged as the only independent predictor of residual symptoms (OR 0.98 CI95% (0.96-0.99), p=0.01), suggesting the relevance of residual organ impairment in the development of long COVID (Supplementary Table 3).


Table 3 | Univariate analysis of clinical variables among patients with and without residual symptoms.



This hypothesis is supported by the demonstration that the prevalence of residual symptoms is higher among the 111 subjects with a reduction of DLCO below the threshold of 80% of predicted (N. = 53, 47.7%), than in those with a normal DLCO (N. = 40, 30.1%; p=0.005).

However, this finding also confirms that a consistent proportion of subjects with no significant respiratory function impairment still complains symptoms 1 year after hospital discharge. We therefore investigated other potential pathogenetic factors, firstly focusing our attention on the psychiatric sequelae. To do that, we investigated the association between anxiety/depression symptoms and long COVID among patients with and without a reduction of DLCO (Table 4). As shown in the table, the presence of anxiety or depression symptoms is associated with long COVID only among those subjects who did not show a significant reduction in their DLCO, suggesting that in this subset, mental health may play a key role in the development of long COVID.


Table 4 | Proportion of patients complaining residual symptoms and mental health impairment categorized according to diffusing capacity of the lungs for carbon monoxide (DLCO) values.



We finally aimed to evaluate the potential role of a persistent subclinical inflammation assessed with the dosage of a set of pro-inflammatory cytokines: IL-2, IL-12, IL-1β, IFN-γ, TNF-α and IL-17. In Supplementary Table 4 we report the plasma levels of these cytokines in the study population; moreover, we report the concentrations observed in a subgroup of 73 subjects for whom a baseline blood sample, obtained during the acute phase of disease was available. We then evaluated whether the persistence of symptoms was associated to cytokine levels at baseline or at follow-up visit (Table 5). As reported in the table, none of the assessed cytokines, measured at baseline, predicted the development of persistent symptom. Conversely, patients suffering of long COVID, showed increased values of IL-12, IL-17, IL-1β, IFN-γ and TNF-α, one year after hospital discharge.


Table 5 | Levels of pro-inflammatory cytokines in patients with and without residual symptoms.



In a logistic regression analysis, including clinical variables associated to the persistence of long-term sequelae, DLCO (OR 0.98, 95%CI 0.96-0.99; p=0.04) and IL-12 (OR 1.04, 95%CI 1.00-1.08; p=0.04) were the only variables independently associated with the persistence of symptoms at one year from hospital discharge in this subgroup (see Supplementary Table 5).

Interestingly, when we evaluated only those patients with a DLCO >80% and with no residual organ damage, we confirmed the independent association between residual symptoms and IL-12 plasma concentration (OR 1.06, 95%CI 1.00-1.11; p=0.03), which was associated with long COVID along with the persistence of depressive symptoms (OR 4.57, 95%CI 1.21-17.21; p=0.02) see Supplementary Table 6). Taking together these findings, IL-12 seems to be independently associated to the presence of persistent symptoms in patients with no significant organ involvement. Accordingly, IL-12 levels bore no correlation with DLCO (ρ=-0.079, p=0.22).

We finally evaluated whether any of the assayed cytokines may play a role in the development of alopecia; in Table 6 we report the clinical features and the median values of cytokines concentration at baseline and at follow-up. As reported in the table, female sex, anxiety and depressive symptoms were associated with development of alopecia. The baseline levels of pro-inflammatory cytokines did not predict alopecia; in contrast, the concentration of IL-12, IL-2, IL-17, IFN-γ and TNF-α at 1 year was significantly increased in patients complaining alopecia. At logistic regression analysis, female sex and IL-17 plasma concentrations, were independently associated with development of alopecia (Supplementary Table 7).


Table 6 | Comparison of clinical features and cytokine levels among patients with or without alopecia.






4 Discussion

The present study shows that the risk of long COVID was significantly greater in the first wave of pandemic, when compared to the third one. Moreover, we confirm that respiratory function impairment, assessed by DLCO measurement, is the main factor associated with the persistence of symptoms. This suggests that residual organ damage plays a key role in the development of residual symptoms; however long COVID may affect also patients with normal lung function. Among those subjects with preserved respiratory function, our results suggest that the development of depressive symptoms and the persistence of a chronic inflammatory state may represent major determinants of long COVID. These novel findings deserve a deeper discussion.

In the present study we firstly considered a large cohort of 324 patients followed-up, with a multidisciplinary approach, one year after their discharge from an Italian hospital. Part of the present cohort had already been described in a previous paper (24). Consistently with our previous findings, around 38% of patients still complained symptoms one year after the acute phase of disease. This is in line with previous papers (25, 26), which reported similar rates of long COVID at the same timepoint. Other authors reported even higher rates of residual symptoms, although differences in clinical assessment and in the definition of long COVID may easily subside the discrepancies with our findings (3, 27).

Our first aim was to evaluate whether being admitted at different waves of the pandemic was associated to a different risk of residual symptoms. Indeed, it is well known that the case fatality rate of the acute phase of disease is decreasing over time (28, 29). However, it is still unclear whether this outcome improvement might also be associated to a reduced risk of developing long COVID. Despite finding a similar proportion of subjects with residual symptoms, the patients admitted during the third wave were more comorbid and showed a higher class of disease severity during the acute phase. Indeed, during the first wave of the pandemic in Italy, when the virus was largely unknown and the number of cases relatively low, there was a local tendency of admitting a larger proportion of patients who tested positive, even when there was no evidence of respiratory failure. Conversely, during the third wave, the huge number of patients testing positive and requiring oxygen supplementation prevented the admission of patients with mild disease.

When we assessed the role of the wave of pandemic on long COVID development, we demonstrated that, being admitted during the third wave was protective against long COVID; this observation, to the best of our knowledge, is novel and probably reflects the improvement of preventive (vaccines) and therapeutic strategies. Although a direct effect related to the changes of the virus, with the development of subsequent variants, can only be hypothesized, it should be acknowledged that patients in the third wave were infected when delta variant was the most represented one in Italy. It is well known that this specific variant was burdened by a severity and mortality even greater than alpha variant (30). In this context, a major limitation of our study is that we did not identify the variants affecting our patients. However, based on our findings, it is reasonable to postulate that, beside a reduction of the severity of acute infection, the prevalence of long-term sequelae may reduce over time.

We then moved our attention towards the identification of clinical factors associated with the development of long COVID. In line with previous reports, we found that a decreasing DLCO (31), female gender (32), a higher BMI (33) and the presence of anxiety and depression symptoms (34) were all associated to the persistence of symptoms at univariable analysis; when included in a logistic regression model, the strongest and unique independent predictor of residual symptoms was DLCO, suggesting that the residual organ impairment after acute phase might be the major driver of long COVID. Indeed, residual symptoms are, according to our data, more prevalent among patients with a DLCO<80%. Obviously, our data rely only on post-COVID PFTs; pre-COVID DLCO values were not available and, therefore, we are not able to assess whether this functional impairment should completely be attributed to SARS-CoV-2 infection or, rather, whether this might follow a pre-existing lung condition. Whichever the cause of DLCO impairment, the decrease in lung function remains the most relevant factor associated with long COVID symptoms.

Clearly, DLCO impairment cannot entirely justify the whole spectrum of long COVID; it is a common experience to identify patients with residual symptoms and a fully normal lung function. However, impaired DLCO may act as a surrogate for severe COVID-19, a condition known to be associated with a higher risk of sequelae compared to asymptomatic infection. In this context, other pathogenetic mechanisms should be involved.

First, we demonstrated that mental health impairment is very relevant in this subset of patients. Beside a strong association between anxiety/depressive and organic symptoms in patients with a DLCO > 80%, in those with a normal DLCO, this association was completely lost. This observation suggests that the mental health impact may be a cause, rather than a consequence of long COVID, at least for those patients without long term organ function impairment. It is well known that the prevalence of COVID-19 survivors showing anxiety/depressive symptoms is high (35, 36). The pandemic impacted severely on the mental health of the general population: the effects on persons who required hospital admission, especially if they experienced traumatic events such as mechanical ventilation or familiar mourns, are conceivably more severe. Our findings suggest that a proper psychological support might be helpful in preventing and/or attenuating long COVID.

We finally explored the hypothesis that a persistent pro-inflammatory state may contribute to long COVID pathogenesis. This idea stems from the observation that long COVID shares common features with other post-acute syndromes following viral infection, which have been linked to persistent chronic inflammation (37). The present paper supports this theory, since patients complaining persistent symptoms were characterized by increased concentration of a plethora of pro-inflammatory cytokines. Interestingly, the only one which was not associated was IL-6, which is known to have a key role during acute infection being a potential target of treatment (38). Conversely, we found that increased levels of IL-1β, IL-2, IL-12, IL-17, IFN-γ and TNF-α are associated with persistent symptoms of disease. Our findings integrate and expand recent data: in a paper by Queiroz et al. (39), IL-17 and IL-2 were reported to be increased in patients with post-acute sequelae. Similarly, Schultheiß recently reported the association of IL-1, IL-6 and TNFα (40). All these contributions point towards the hypothesis that counteracting this derangement of innate immunity might be helpful in the pharmaceutical management of long COVID. A novel finding emerging from our cohort is the central role of IL-12. IL-12 is a key cytokine in innate immunity, which enhances NK cytotoxicity and IFN-γ production (41). The association between IL-12 levels and long COVID has never been reported to date; however, in the past, increased levels of IL-12 have already been reported in patients with a condition bearing similarities with long COVID, i.e., CFS.

We finally focused our attention on a specific long-lasting condition, alopecia, which is unexpectedly reported in a high proportion of COVID-19 survivors (42). Previous data on alopecia areata suggested that cytokines may contribute to hair loss (43). Indeed, drugs counteracting cytokines activity, such as baricitinib are sometime used for alopecia areata treatment (44). However, to the best of our knowledge, the association between pro-inflammatory cytokines and alopecia in long COVID has never been shown before. According to our data, Th1 and Th17 cytokines are increased in patients complaining hair loss; among them, IL-17 seems to be particularly relevant as already reported by previous papers on alopecia areata (45).

Finally, it is relevant to underline that we also tried to evaluate the predictive role of baseline cytokines on the persistence of symptoms; we failed to disclose any association, although the small sample size of patients with the availability of a baseline blood sample might have underpowered our findings.



5 Limitations

We are aware that this study has some limitations. The small number of samples collected during the acute phase of disease prevent us to reliably evaluate the impact of acute inflammatory response on chronic disease. In addition, hospitalized patients represent a small proportion of COVID-19 cases and for this reason, focusing only on discharged hospitalized patients could provide a limited perspective on the experience of long COVID in the broader population. Moreover, we did not have specific information on the variants affecting our study population.



6 Conclusions

In conclusion, our work shades new light on the mechanisms underlying the development of long COVID, suggesting that the persistence of respiratory function impairment is crucial, but even in subjects with a completely normal lung function, symptoms may persist as a result of mental health derangement and/or persistent chronic inflammation, involving Th1 and Th17 cytokines. These findings, if confirmed in larger studies, might provide a rationale for trials with drugs targeting pro-inflammatory cytokines in patients with severe sequelae of SARS-CoV-2 infection.
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Introduction

The COVID-19 pandemic, caused by the coronavirus SARS-CoV-2, has impacted health across all sectors of society. A cytokine-release syndrome, combined with an inefficient response of innate immune cells to directly combat the virus, characterizes the severe form of COVID-19. While immune factors involved in the development of severe COVID-19 in the general population are becoming clearer, identification of the immune mechanisms behind severe disease in oncologic patients remains uncertain.



Methods

Here we evaluated the systemic immune response through the analysis of soluble blood immune factors and anti-SARS-CoV-2 antibodies within the early days of a positive SARS-CoV-2 diagnostic in oncologic patients.



Results

Individuals with hematologic malignancies that went on to die from COVID-19 displayed at diagnosis severe leukopenia, low antibody production against SARS-CoV-2 proteins, and elevated production of innate immune cell recruitment and activation factors. These patients also displayed correlation networks in which IL-2, IL-13, TNF-alpha, IFN-gamma, and FGF2 were the focal points. Hematologic cancer patients that showed highly networked and coordinated anti-SARS-CoV-2 antibody production, with central importance of IL-4, IL-5, IL-12A, IL-15, and IL-17A, presented only mild COVID-19. Conversely, solid tumor patients that had elevated levels of inflammatory cytokines IL-6, CXCL8, and lost the coordinate production of anti-virus antibodies developed severe COVID-19 and died. Patients that displayed positive correlation networks between anti-virus antibodies, and a regulatory axis involving IL-10 and inflammatory cytokines recovered from the disease. We also provided evidence that CXCL8 is a strong predictor of death for oncologic patients and could be an indicator of poor prognosis within days of the positive diagnostic of SARS-CoV-2 infection.



Conclusion

Our findings defined distinct systemic immune profiles associated with COVID-19 clinical outcome of patients with cancer and COVID-19. These systemic immune networks shed light on potential immune mechanisms involved in disease outcome, as well as identify potential clinically useful biomarkers.
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Introduction

Coronavirus Disease 2019 (COVID-19) is an illness caused by Severe Acute Respiratory Syndrome Coronavirus-2 (SARS-CoV-2), identified following an outbreak of unknown pneumonia cases during 2019. The etiological agent was classified as a betacoronavirus closely related to Severe Respiratory Syndrome Coronavirus (SARS-CoV) and Middle East Respiratory Syndrome Coronavirus (MERS-CoV), associated with outbreaks in 2002 and 2012, respectively (1).

Patients infected by SARS-CoV-2 primarily present with fever, cough, shortness of breath, dyspnea, lung infiltration and possibly respiratory failure, depending on the disease severity (1). The symptoms are partially explained by the virus’ biology, which leads to infection of cells via proteases and angiotensin-converting enzyme 2 (ACE2), present in respiratory tract tissues (1). The acute respiratory distress syndrome observed in COVID-19 is believed to be due to a cytokine-release syndrome, lack of immune regulation, and may be associated with multiple-organ failure (2).

Typically about 80% of the cases are classified as mild, 15% as severe and 5% as critical (1). Nevertheless, data from May 2020 reported that about 90% of the registered cases in Brazil resulted in hospitalization, of which 30% were admitted to intensive care units (ICU) (3). Later on, in 2021, 99% of the cases reported in the Brazilian Healthcare System database (DATASUS) had resulted in hospitalization, of which 36% needed ICU admissions, culminating in a rate of death approximately 37% (4). By October 2022, Brazil had more than 34 million confirmed cases, and almost 688,000 deaths, reaching a lethality of 2% (5). It is important to take into consideration that that Brazil is a country with a unique healthcare system, an expressive prevalence of comorbidities among its population, and that its national vaccination campaign had a very good coverage once implemented, explaining in parts both the high rates of hospitalization and ICU admissions in 2020 and 2021, and the progressively lower infection and lethality rates by 2022 (4, 6).

In general, male individuals aged 60 or above, with chronic cardiovascular or respiratory conditions, hypertension, obesity or diabetes have increased risk of severe disease and death (1, 2). Individuals with cancer specifically present lower survival rates (7, 8) with case-fatality percentages ranging from 11% to 26% (9), and higher chances of hospitalization and death compared to those from the general population (10). In patients with cancer the risk of developing severe COVID-19 is associated with hematologic malignancies, non-white race, age 65 or above, chronic lymphopenia, use of corticosteroid combined with immune checkpoint inhibitors therapy, former or current smoker status, hypertension, and chronic kidney, cardiac or lung disorders (9, 10). Within the hematological malignancies, acute myeloid leukemia, aggressive non-Hodgkin lymphoma, multiple myeloma and plasma cell malignancies were associated with a greater risk of hospitalization and death (10). Similarly, some solid tumor patients also showed higher risk of severe COVID-19 than the general population (8, 11, 12). In Brazil, a study demonstrated that an increased chance of death in cancer patients was associated with lung and hematological tumors (13).

Oncologic patients, and in particular those with hematologic malignancies, often display immunosuppression as a consequence of cancer progression or of therapeutic interventions (14). We hypothesize that specific systemic immune response profiles in cancer patients may be related to distinct COVID-19 clinical outcomes and that these profiles could potentially be used to predict COVID-19 progression. Thus, we investigated systemic soluble factor immunoregulatory networks in oncologic COVID-19 patients with differential clinical outcomes. We identified specific immune mediators and networks associated with hematologic malignancy patients that maintained mild COVID-19 vs. those that develop severe disease and death. These findings advance our understanding of immune imbalances related to severe COVID-19 in oncologic patients and point towards potentially clinically useful immune markers of severity in oncological patients.



Results


Hematologic or solid tumor cancer patients display distinct outcomes of COVID-19

We separated the oncological patient cohorts into hematologic cancers (n = 21) and solid tumors (n = 22) based on previous studies demonstrating distinct clinical outcomes in cancer patients with COVID-19 (8, 11, 12). We further segregated COVID-19 disease severity in Mild, Severe-Recovered, and Severe-Death depending on the use of supplemental oxygen therapy, based on recommendations by the World Health Organization (Figure 1A). A summary of patient characteristics, including the timeframe of hospitalization, onset of symptoms, blood sampling and clinical complications observed during COVID-19 is shown (Figures 1B, C). Individuals with hematologic malignancies displayed a distinct COVID-19 evolution as compared to patients with solid tumors, showing either mild disease or severe disease with progression to death, whereas 41% of the patients with solid tumors developed severe COVID-19 but recovered. Further epidemiological information, such as age and sex distribution, tumor type, treatments, Eastern Cooperative Oncologic Group (ECOG) performance status score and cancer status is presented in Table 1 and Supplementary Figure 1.




Figure 1 | Experimental design, cohort clinical characteristics and timeframe of sampling utilized in the study. The first illustration (A) represents the experimental design of this study. Briefly, oncologic patients from A.C.Camargo Cancer Center that had a positive diagnostic of SARS-CoV-2 infection were invited to participate in the study. Blood samples were drawn at a median of two days after the confirmed diagnostic and analyzed for the concentrations of soluble factors and cell counts. Then each patient was followed-up and assigned to a group based on the need of supplemental O2 therapy and outcome of COVID-19. Below, the illustration represents the timeframe of hospitalization, symptoms onset, blood sampling and clinical complications (need of oxygen supplementation and death) observed in hematologic cancer (B) or solid tumor (C) patients. Time zero was defined as the day of the positive SARS-CoV-2 qPCR positive diagnostic.




Table 1 | Clinical and demographic characteristics of COVID-19 hematologic cancer and solid tumor patients.





Patients with hematologic malignancies that presented leukopenia, lower anti-SARS-CoV-2 antibody production, and higher expression of inflammatory factors went on to die from COVID-19

To address the potential impact of hematological alterations on COVID-19 progression and outcome, we first evaluated biochemical and hematological parameters assessed at the time of the SARS-CoV-2 infection diagnosis (Figure 2). Patients with hematologic malignancies that presented with leukopenia, which reflected a decrease in lymphocytes and monocytes (Figure 2A), went on to die from COVID-19 (Severe-Death group). In addition, hematocrit and hemoglobin values were also lower in Severe-Death hematologic patients, as compared to Mild (Figure 2B), while neutrophil and platelet numbers did not differ between groups (not shown). Conversely, biochemical analysis showed augmented levels of CRP and D-dimer in the Severe-Death hematologic cancer patients as compared to the Mild group (Figure 2C), whereas none of the hematological or biochemical parameters differed between solid tumor patients with distinct clinical outcomes (Figures 2A–C).




Figure 2 | Biochemical and hematological analysis of plasma reveals that low numbers of leukocyte subpopulations are associated with death in patients with hematologic malignancies. Blood samples were collected within two days (median; 1 – 4 CI) of the positive SARS-CoV-2 diagnosis, while hemogram and biochemical exams data were gathered from electronic health records. The graphs depicts leucocytes and subpopulations (A), hematologic parameters (B), and biochemical parameters (C). Groups were defined based on disease severity, as Mild (green), Severe-Recovered (blue), or Severe-Death (red), as described. Gray dashed lines indicate the reference value ranges for each exam. Data is presented as median plus 95% confidence intervals and was analyzed with Kruskal-Wallis adjusted for multiple comparisons followed by Dunn’s post-hoc test or Mann-Whitney test. All exact p-values below 0.1 are shown. CRP, C-Reactive Protein; N = 21 for Onco-hematologic and N = 22 for Solid tumors group.



Next, we aimed to better understand the mechanisms related to disease evolution and clinical outcome. To do so we evaluated circulating soluble mediators in plasma sampled within a median of two days of SARS-CoV-2 positive diagnostic (Figure 3).




Figure 3 | Patients with hematologic malignancies and COVID-19 that display an exacerbated soluble immune profile develop severe disease culminating in death. Blood samples were collected within two days (median; 1 – 4 CI) of the positive SARS-CoV-2 diagnostic and analyzed for 27 immune mediators, being them recruitment factors (A), growth factors (B), and cytokines (C). Groups were defined based on disease severity, as Mild (green), Severe-Recovered (blue), or Severe-Death (red), as described. Data is presented as median plus 95% confidence intervals and was analyzed with Kruskal-Wallis adjusted for multiple comparisons followed by Dunn’s post-hoc test or Mann-Whitney test. All exact p-values below 0.1 are shown. IL-1RN, Interleukin 1 Receptor Antagonist. N = 21 for Onco-hematologic and N = 22 for Solid Tumors group.



Within the hematologic cancer patient cohort there was a striking increase in the levels of the chemokines CCL2, CCL3, CCL4, CXCL8, and the cytokine IL-1β, in the Severe-Death group compared to the Mild group (Figure 3A). Levels of VEGFA and most of the cytokines measured (IL-2, IL-5, IL-6, IL-10, IL-13, IL-15, IL-17A and IL-1RN) were also increased or showed similar trends in Severe-Death hematologic patients as compared to Mild, with no differences in FGF2, PDGFB, and TNFα concentrations (Figures 3B, C). No difference was observed for CCL5, CCL11, Colony Stimulating Factor 2 (CSF2), Colony Stimulating Factor 3 (CSF3), IFN-γ, IL-7, IL-9, as well as IL-12A or IL-4, critical for TH1 and TH2 subset polarization, respectively (Supplementary Figure 2).

Conversely, patients with solid tumors had fewer changes in the levels of soluble factors than that observed in the hematologic group (Figure 3), displaying higher concentrations of CXCL8 among patients that went to die compared to those who recovered (Figure 3A). The concentration of IL-6 was increased in patients with severe disease that progressed to death as compared to Mild, while a similar trend was observed for CCL3, CXCL8, FGF2, and TNFα (Figures 3A–C). The growth factor PDGFB presented a trend toward a decrease in concentration comparing patients with mild disease and those who would die from COVID-19 (Figure 3B). In addition, IL-15 showed a trend to increase in patients that had severe disease and recovered, as compared to those in the Mild group (Figure 3C).

Lastly, we determined the levels of IgA, IgG and IgM antibodies against SARS-CoV-2 nucleocapsid, spike proteins (spike 1 and spike 2), and receptor binding domain (RBD) in patients with different tumors and COVID-19 outcomes (Figure 4). Interestingly, we observed an overall decrease in levels of IgM and IgG anti-SARS-CoV-2 proteins in the hematologic cancer patients that would die from COVID-19 (Figures 4B, C), while no changes were observed in IgA levels (Figure 4A). We also observed a dramatic decrease in IgM anti-nucleocapsid comparing individuals who progressed to death with those who cured among the solid tumor patients (Figure 4C). An overview of the mean antibody production is represented with radar charts for both hematologic malignancies patients (Figure 4D) and solid tumors patients (Figure 4E), showing a similar pattern of antibody synthesis from different immunoglobulin classes.




Figure 4 | COVID-19 positive patients with hematologic malignancies that develop severe disease culminating in death display decreased IgG anti-SARS-CoV-2 antibodies before disease progression. Blood samples were collected within two days (median; 1 – 4 CI) of the positive SARS-CoV-2 diagnostic and analyzed for Immunoglobulins IgA (A), IgG (B) and IgM (C) anti-SARS-CoV-2 proteins as described in Materials and Methods. Radar charts for Onco-hematologic (D) or Solid Tumors (E) patients show the mean values for each factor after fluorescence intensity data was normalized by Ln(x+1). Groups were defined based on disease severity, as Mild (green), Severe-Recovered (blue), or Severe-Death (red), as described. Data is presented as median plus 95% confidence intervals and was analyzed with Kruskal-Wallis adjusted for multiple comparisons followed by Dunn’s post-hoc test or Mann-Whitney test. All exact p-values below 0.1 are shown. Nucleocapsid, RBD, Spike 1 and Spike 2 labels refers to IgG antibodies anti-SARS-CoV-2 proteins. RBD, Receptor Binding Domain. N = 21 for Onco-hematologic and N = 22 for Solid Tumors group (IgG and IgM measurements) and N = 14 for Onco-hematologic and N = 21 for Solid Tumors group (IgA measurements).





Unsupervised cluster and network analysis identifies immunological parameters that segregate death from other clinical outcomes in patients with hematologic tumors

To identify combinations of factors that segregate among distinct COVID-19 clinical outcomes we performed an unsupervised cluster analysis within each cancer group, considering only factors with a p-value of 0.1 or below. Hematologic cancer patients segregated based on a major cluster of high production of immune mediators in the Severe-Death group, together with lower levels of IgG and IgM anti-SARS-CoV-2 proteins and lower counts of leukocyte subpopulations (Figure 5A). The solid tumor groups separated the Severe-Death patients in one branch characterized by higher production of soluble immune factors and lower production of IgM. This branch also contained patients with other outcomes, whereas the remainder of patients that had mild COVID-19 or recovered from the disease grouped in secondary branches (Figure 5B). Categorical patient data, such as chemotherapy one month prior to COVID-19 diagnostic, presence of leukopenia, gender, ECOG score, or tumor grade, did not cluster together with disease outcome. A similar segregation of groups was seen using all the factors analyzed in this project (Supplementary Figure 3).




Figure 5 | High levels of immune mediators, low IgG anti-SARS-CoV-2, and low leukocyte subpopulations segregate Severe-Death patients with hematologic malignancies from those with Mild disease outcomes. Blood samples were collected within two days (median; 1 – 4 CI) of the positive SARS-CoV-2 diagnostic and analyzed for 27 immune mediators and for immunoglobulins anti-SARS-CoV-2 proteins, as described in Materials and Methods. Groups of hematologic cancer patients (A) and solid tumors patients (B) were defined based on disease severity as described. All data was normalized by natural logarithm + 1 [ln(x +1)] before running an unsupervised cluster analysis and generation of the heatmap using ClustVis platform as described in Materials and Methods. In (A) both rows and columns were clustered by Manhattan distance and Complete linkage. In (B) both rows and columns were clustered by Euclidean distance and Ward linkage. Nucleocapsid, RBD, Spike 1 and Spike 2 labels refers to antibodies anti-SARS-CoV-2 proteins. CRP, C-Reactive Protein; RBD, Receptor Binding Domain. *Refers to active cancer therapy one month prior to COVID-19 diagnosis.



To further investigate immunoregulatory mechanisms involved in the response against SARS-CoV-2 and differential clinical outcomes, we generated correlation matrices and functional networks between the soluble immune mediators, anti-SARS-CoV-2 antibodies, leukocyte counts and biochemical indicators.

In patients with hematologic malignancies, we observed striking positive correlations regarding antibody responses in Mild patients, as well as a co-regulation of immunoregulatory cytokines, many of which were missing in those who progressed to death (Figures 6A, B). Additionally, we identified a negative correlation between the immunoregulatory cytokine IL-10 and general IgM antibody responses in patients with mild disease, which was not observed in those who progressed to death (Figure 6A). In the Mild group, network analysis also showed several hierarchical interactions, with IL-4, IL-5, IL-12A, IL-15, and IL-17A as major nodes interacting with many immune mediators (Figure 6A). The cytokine IL-15 showed positive correlations with 13 immune factors, including IL-2, IL-12A, IFN-γ, and anti-SARS-CoV-2 nucleocapsid and spike 2 IgG, classic markers of a TH1 type immune response (Figure 6A; Supplementary Figure 4A). The anti-inflammatory cytokine IL-10 increased with increasing levels of IL-5 and D-dimer, indicating a potential coregulation of inflammatory responses. IL-10 also correlated negatively with several IgA and IgM anti-SARS-CoV-2 antibodies. In Severe-Death patients, we observed a bigger impact for interactions formed by the inflammatory cytokines TNF-alpha and IL-2, which had positive correlations with anti-SARS-CoV-2 IgG antibodies, IL-1RN, IL-4, IL-10 and FGF2 (Figure 6B). Further positive interactions were formed between the inflammatory cytokines IL-6, IL-15 and IFN-γ with different chemokines and IL-13, of which the majority had elevated concentrations in the Severe-Death as compared to the Mild group (indicated by red stars). Lastly, interactions between antibodies decreased among Severe-Death patients in comparison with Mild patients, whereas overall Spearman’s rho values increased with disease severity, highlighting the exacerbated immune response (Figures 6A, B; Supplementary Figure 4A). Overall, these findings point to a broad and regulated immune response among hematologic patients who developed mild COVID-19, whereas patients that showed early signs of cytokine-release syndrome, lack of humoral responses and poor immunoregulatory networks progressed to death.




Figure 6 | Correlation networks suggest that immune hyperactivation and an impaired antibody response are correlated with death outcome in patients with hematologic malignancies. Data from electronic health records, 27-Plex assay and anti-SARS-CoV-2 proteins’ antibodies assays was used to construct a Spearman’s correlation matrix with all statistically significant (p < 0.05, highlighted as *) Spearman’s Rho values, ranging from -1 to 1. The matrix was then used to construct the correlation networks. Red lines connecting the spheres represent positive correlations, whereas line thickness and hotter colors represent correlations with Rho closer to 1. Blue lines connecting the spheres represent negative correlations, whereas line thickness and colder colors represent correlations with Rho closer to -1. Spheres’ sizes correlate with the number of interactions for each factor, whereas the bigger radius represents factors with more interactions. Spheres’ colors represent factors that have similar activities, characteristics or functions. Disease groups were defined as Mild (A; n = 15) and Severe-Death (B; n = 6), as described. Nucleocapsid, RBD, Spike 1 and Spike 2 labels refers to antibodies anti-SARS-CoV-2 proteins. Monocytes, Neutrophils and Platelets refers to blood counts per mm³ of blood. CRP, C-Reactive Protein; FGF2, Fibroblast Growth Factor 2; IL-1RN, Interleukin 1 Receptor Antagonist; RBD, Receptor Binding Domain.



On the other hand, the networks from solid tumor patients were distinct from those seen in patients with hematologic malignancies, highlighting different immune mechanisms behind COVID-19 progression and outcome (Figures 6 and 7). Correlation matrices indicate that patients who progressed to mild or recovered from severe COVID-19 presented several positive correlations among the immunological parameters analyzed, which were virtually lost in Severe-Death patients (Figure 7). One of those was the striking positive correlations regarding antibody responses in Mild and Severe-Recovered patients, which were not observed in Severe-Death group (Figure 7). Interestingly, a cluster of positively correlated inflammatory cytokines (IL-1β, IL-2, IFN-γ and FGF2) was present in Severe-Death patients and missing from mild and Severe-Recovered patients (Figure 7).




Figure 7 | Correlation networks suggest lack of immune regulation and loss of coordinated antibody production in patients with solid tumors that went on to die from COVID-19. Data from electronic health records, 27-Plex assay and anti-SARS-CoV-2 proteins’ antibodies assays was used to construct a Spearman’s correlation matrix with all statistically significant (p < 0.05, highlighted as *) Spearman’s Rho values, ranging from -1 to 1. The matrix was then used to construct the correlation networks. Red lines connecting the spheres represent positive correlations, whereas line thickness and hotter colors represent correlations with Rho closer to 1. Blue lines connecting the spheres represent negative correlations, whereas line thickness and colder colors represent correlations with Rho closer to -1. Spheres’ sizes correlate with the number of interactions for each factor, whereas the bigger radius represents factors with more interactions. Spheres’ colors represent factors that have similar activities, characteristics or functions. Disease groups were defined as Mild (A; n = 8), Severe-Recovered (B; n = 9) and Severe-Death (C; n = 5), as described. Nucleocapsid, RBD, Spike 1 and Spike 2 labels refers to antibodies anti-SARS-CoV-2 proteins. Lymphocytes, Monocytes, Neutrophils and Platelets refers to blood counts per mm³ of blood. CRP, C-Reactive Protein; FGF2, Fibroblast Growth Factor 2; IL-1RN, Interleukin 1 Receptor Antagonist; RBD, Receptor Binding Domain.



Mild solid tumors patients showed a complex network characterized by positive correlations between anti-SARS-CoV-2 antibodies, with IgG and IgA correlating strongly with IL-7, IL-9, IL-4 and platelet counts. In addition, they showed positive networks between anti-inflammatory factors (IL-1RN) and inflammatory factors (IFN-γ, IL-17A, CCL3, and IL-6), suggesting a coregulation of the inflammatory response (Figure 7A). Moreover, among Severe-Recovered patients, IL-4, IL-12A, IL-15 and IL-17A formed strong positively correlated interactions with one another. IL-4 correlated with other TH2 factors, such as CCL11 and IL-9, whereas FGF2 also correlated with TH1 factors, such as IL-15, IL-12A, and IL-7 (Figure 7B). Furthermore, Severe-Recovered patients presented positive correlations specifically between IL-10, IL-17A and TNF, indicating an important regulatory axis. Overall, these findings point to an active complex immunoregulatory network indicative of a balanced type I immune response in solid tumors patients that had mild COVID-19, whereas patients that recovered from severe disease presented an immune profile indicative of mixed type I and type II responses (Figures 7A, B).

In stark contrast, solid tumor patients that went on to die showed fewer interactions (Figure 7C and Supplementary Figure 4B), characterized by a node composed of CXCL8, D-dimer and monocytes, as well as an IL-15 axis characterized by both strong positive and negative correlations. Most interactions between IgG, IgM or IgA antibodies were lost in comparison with solid tumor patients that progressed to better outcomes. Moreover, almost all interactions between IgA and IgM anti-SARS-CoV-2 proteins and other factors were negative, suggesting that increased immune activity was detrimental to antibody production in those patients (Figure 7). Lastly, the overall strength of the correlations between factors within the Severe-Death group was stronger than that in the Mild and Severe-Recovered groups (Supplementary Figure 4B).



Cytokine levels in early stages of disease act as predictive markers for COVID-19 severity

To investigate the predictive power of soluble immune factors for identifying patients that will go on to severe disease and death (Severe-Death group) vs. those that will recover (Mild and Severe-Recovered groups), we performed a random forest analysis, followed by receiver operating characteristic (ROC) curve analysis.

As expected, forest plots showed that patients with hematologic neoplasms had many more segregating factors in comparison with solid tumor patients (Figures 8A, B). While CXCL8 and IL-6 were the most important factors that segregated Severe-Death solid tumors patients, CXCL8, CRP and IL-6 had important roles for segregation of patients with hematologic cancers (Figures 8A, B). Interestingly, for both groups antibodies were important factors for segregating patients that had better outcomes, whereas inflammatory factors were important for segregating individuals that went on to die (Figures 8A, B).




Figure 8 | Random forests classification and receiver operating characteristic (ROC) curve analysis indicates CXCL8 as a predictor of death for oncologic patients infected by SARS-CoV-2. Data from electronic health records, 27-Plex assay and anti-SARS-CoV-2 proteins’ antibodies assays was used as a base for random forests classification analysis (A, B) or ROC curves construction (C–E). Graphs in (A) and (B) show the importance of each factor to segregate outcomes of hematologic cancer patients (A, C) or solid tumors patients (B, D). ROC curves show area under the curve (AUC), 95% confidence interval of the AUC, p-value, Tjur’s pseudo R² and odds ratio for hematologic cancer patients (C), solid tumors patients (D), or both (E). Related line charts show predicted probability of death, R², and variables for the Gompertz Growth model. Dashed blue lines indicate proposed cutoffs in pg/mL. For both groups the outcomes were defined as recovery (indicating all patients that survived) versus death (all patients that went on to die). In (A, C), n = 15 for “Recovery” and n = 6 for “Death”; In (B, D), n = 17 for “Recovery” and n = 5 for “Death”. In (E), n = 22 for “Recovery” and n = 11 for “Death”. Nucleocapsid, RBD, Spike 1 and Spike 2 labels refers to antibodies anti-SARS-CoV-2 proteins. CRP, C-Reactive Protein; RBD, Receptor Binding Domain.



Next, we performed predictive analysis using ROC curves with the top hits identified from the random forest analysis and identified factors that resulted in the highest AUC with clear cutoff values. We also plotted curves in an X by Y graph considering how the immune mediator concentration would influence the probability of death of an individual. Then we applied a Grompetz Growth model, which was the best to explain the data distribution (Figures 8C–E). We observed that CXCL8 (AUC 0.98) and VEGFA (AUC 0.94) were particularly good at predicting COVID-19 outcomes within hematologic cancer patients (Figure 8C), while CXCL8 (AUC 0.89) and IL-6 (AUC 0.88) were good predictors for solid tumor patients (Figure 8D). Finally, we identified both CXCL8 (AUC 0.93) and IL-6 (AUC 0.92) as excellent predictors of death for oncologic patients in general, regardless of whether they had hematologic or solid tumors (Figure 8E).




Discussion

Our data shows that hematologic and solid tumor cancer patients display distinct systemic immune, hematological and biochemical indicators of disease following infection with SARS-CoV-2, and that these characteristics are capable of segregating patients based on disease outcome (Figure 9).




Figure 9 | Patients with hematologic malignancies and solid tumors display distinct circulating immune profiles associated with clinical outcomes. Venn diagrams were drawn to summarize the findings of this study, highlighting factors with higher concentrations between the groups. Early increased immune cells and antibody production were associated with mild COVID-19, whereas increased concentrations of inflammatory immune markers were associated with death in the Onco-hematologic group (A). On the other hand, only IL-6 was associated with death among patients with solid tumors. In fact, for those patients, death outcome was associated with a breakdown of coordinate production of antibodies and regulation of soluble factors rather than with broad differences in the concentrations of soluble mediators (B). Lastly, although patients with hematologic and solid tumors display distinct profiles of soluble immune markers, CXCL8 (underlined) was an important early predictive factor of patients that would progress to death from COVID-19 across all cancers. Lymphocytes and monocytes refer to cell counts per mm3 of blood. Antibodies refers to IgA, IgG and IgM anti-SARS-CoV-2 Nucleocapsid, Receptor Binding Domain, Spike 1 and Spike proteins. CRP, C-Reactive Protein; IL-1RN, Interleukin 1 Receptor Antagonist.



First, among blood and biochemical measurements, the hematologic cancer cohort displayed increased CRP and D-dimer concentrations and lower hematocrit and hemoglobin levels in patients that progressed to death (Severe-Death group) (Figures 2B, C). Although D-dimer evaluation, leukopenia and lymphopenia are useful markers indicative of COVID-19 severity in the general population (15, 16), only the hematologic cancer cohort displayed significant differences in D-dimer concentrations, and lymphocytes and monocyte counts (Figures 2A, C). However, it is of note that solid tumor COVID-19 patients may also suffer a reduction in specific populations of T cells (17) throughout the disease.

Regarding the systemic soluble immune molecules, the analysis revealed distinct immune networks between hematologic and solid tumor cancer patients, however, both groups displayed elevated concentrations of IL-6 and CXCL8 among individuals that progressed to death (Figure 3 and 5). The two factors are associated with cytokine-release syndrome and COVID-19 severity (12, 17, 18), and have roles in inflammation, myeloid cell recruitment and tissue damage (19). In our study, they were good early indicators of death risk (Figure 8).

Among patients with solid tumors, the analysis also showed a trend to increased concentrations of IL-15 in plasma of patients that recovered from the disease compared with patients who only presented mild COVID-19. This increased concentration was significant in patients with hematologic malignancies that would die from COVID-19 compared to individuals that would present only the mild form of the disease (Figure 3C). Given that NK cells participate in antiviral responses, and that IL-15 is a cytokine with an important role in the proliferation and biology of NK cells (20), it is of interest to determine the role of these cells as inflammatory drivers or infection-resolving agents.

Furthermore, Severe-Death hematologic cancer patients showed a trend to increased production of IL-17A, similar to what is observed in individuals from the general population infected by SARS-CoV-2 and other SARS viruses (21). The Severe-Death hematologic cancer group also had elevated concentrations of IL-5 and IL-13 (Figure 3C). These factors are associated with eosinophil activation, airway complications, pulmonary diseases, and COVID-19 severity (18, 19, 21), but their exact role in COVID-19 progression or resolution is not well understood.

We also observed increased concentrations of CCL2, CCL3, CCL4, VEGFA and IL-1β in Severe-Death hematologic cancer patients (Figures 3 and 5A). These factors are important for recruitment of myeloid cells, induction of fever and inflammation (22), and development and restructuring of blood vessels (23). VEGFA specifically is associated with virus spread (24), hypoxia, and tissue-related damage during COVID-19 (25). Overall, patients with hematologic malignancies seem to suffer from exacerbated immune responses, possibly related to the lack of leukocyte subpopulations during the initial phases of infection, since leukopenia is associated with death and the presence of CD8+ T Cells with survival (10, 26). Nevertheless, this hypothesis in the oncologic context still needs further investigation.

We also found a striking decrease in the plasma levels of IgG and IgM anti-SARS-CoV-2 proteins in Severe-Death hematologic patients, which was not seen in Severe-Death solid tumor patients (Figure 4). While antibody titers may vary over the two weeks following the onset of COVID-19 symptoms (27), our findings show that initial antibody levels shortly after diagnosis among hematologic cancer patients indicate possible individuals that would have mild disease, or progress to death (Figures 4 and 5A), which was also shown in patients from the general population (28).

This lack of effective antibody-based responses among hematologic cancer patients may be associated with myeloma (29), weak T cell responses (30, 31), and oncologic treatments (32). In the COVID-19 context data on this topic is scarce and outcomes are dependent on the type of tumor, treatments, treatment timings, and individual factors (13). The few publications regarding the immune response of patients with cancer against SARS-CoV-2 infections shed light on how chemotherapy, stem cell transplant, and anti-CD20 therapies negatively impact antibody production (33, 34). Nevertheless, we could not observe a clear bias in hematologic malignancy type or cancer treatment in production of antibodies or in the outcome of COVID-19 among our patients (Figure 5, Table 1).

Regarding the multiple correlation analysis, patients with hematologic malignancies that presented only mild disease had extensive networks between a number of immune factors and antibodies, also involving cytokines associated with type I, II and III immune responses (Figures 6A, B; Supplementary Figure 4A). We observed prominent roles for type I associated factors, such as IL-2, IL-7, IL-12A, IL-15, and antibodies in general (Figure 6A), which are known for their importance for combating SARS-CoV-2 infection (25, 35, 36). We also observed a possible regulatory axis for type II responses composed of IL-4, IL-5, and IL-10, and an interesting interaction between IL-17A, CCL4 and CRP (Figure 6A). Although C-reactive protein is well known for its association with inflammation, it is important to note that this factor also display regulatory proprieties (37).

Regarding Severe-Death hematologic cancer patients, we observed a chemokine axis involving CCL2, CCL3, CXCL8 and IL-6, and an inverse correlation between IL-1β and monocytes (Figure 7C), indicating that those patients displayed an exacerbated inflammatory response as compared to patients that recovered from COVID-19. We also observed strong correlations involving IL-2, TNF-alpha and immunoglobulins, pointing to an immune response skewed toward myeloid-derived cells, which could further exacerbate the pathological process (25, 38). Supporting this possibility are previous findings indicating that high levels of TNF-alpha and IL-6 correlate negatively with T cell numbers in severe COVID-19 in the general population (30), and that B cell numbers and antibodies are reduced in COVID-19 patients with hematologic malignancies (17). Taken together these results suggest that the lack of a balanced and effective type I lymphocyte-based response, together with an exacerbated inflammatory response, are critical factors leading to death among patients with hematologic malignancies.

On the other hand, network analysis of soluble factors from patients with solid tumors showed that in mild disease IL-1RN forms a potential immunoregulatory network (Figure 7A). IL-1RN is seen in severe COVID-19 patients from the general population (18), and may have a role counterbalancing inflammatory activity (22) in patients with mild disease. Contrary to what was observed in patients with better outcomes, the Severe-Death group was marked by a negative correlation between IL-4 levels and IgM anti-SARS-CoV-2 proteins (Figure 7C). In addition, the Mild group displayed a strong correlation between anti-SARS-CoV-2 antibodies, IL-7, and IL-9 that was not seen in the severe disease groups (Figure 7). Interestingly, IL-9 shares the γ-chain receptor with other lymphocyte-proliferation cytokines, such as IL-2, IL-4 and IL-7, and aside from its effects on promoting allergic inflammation, IL-9 can also influence the effector activities of T and B lymphocytes, even enhancing the production of IgE and IgG from human cells (39, 40). Conversely, the Severe-Death group was marked by a strong positive correlation between CXCL8, D-dimer and monocytes (Figure 7C), factors associated with COVID-19 severity among the general population (7, 25, 41, 42), and in solid tumor patients specifically (17). Lastly, we also observed in the Severe-Death group an IL-15-based axis characterized by both strong positive and negative correlations with several immune mediators (Figure 7C), which highlights the need of a thorough investigation about the role of IL-15 in patients with cancer and COVID-19, given that exhausted T and NK cell populations are observed throughout the disease (17, 28, 35).

Finally, our predictive analysis showed distinctive roles for VEGFA, CXCL8, and IL-6 in segregation of patients by outcome (Figure 8). None of these factors – with the exception of IL-6 – were important predictors of mortality in studies with large numbers of markers regarding COVID-19 in the general population (18, 43). Therefore, our findings support the need of further studies to validate the use of these factors as potential clinically useful biomarkers.

However, this work has some limitations worth highlighting. The first factor is that cancer itself is a disease with broad manifestations, influenced by several factors, many of which cannot be controlled in a real-life setting. Therefore, we recognize that our cohorts are heterogeneous and that each type of cancer can influence the immune response in particular ways. The second is that cancer therapies also may affect the immune response in particular ways, a situation that depends on several individual factors, one of which is the type of cancer itself. The last is the limited number of patients – a fact present in other studies regarding cancer and COVID-19 (17, 26, 33), and the very specific population (from a Cancer Center in Brazil with acute COVID-19 patients that were all naïve to SARS-CoV-2 vaccines). Importantly, despite these complexities, we identified immune molecules and networks associated with COVID-19 clinical outcome among our cancer patient cohorts.

To the best of our knowledge, this is the first immune-focused study comparing distinct COVID-19 outcomes in patients with cancer. Our results indicate important differences in immune responses in solid tumor and hematologic cancer individuals with COVID-19, suggesting that inflammation based on myeloid-derived cells in early phases of infection could be detrimental for the onset of severe disease and death, as indicated by other studies (25, 41, 42). Given that CXCL8 was an important predictive factor of disease outcome in oncologic patients, it will be interesting to assess if this finding is also observed in other cohorts, and how a therapeutic approach reducing neutrophil-based inflammation could help patients infected by SARS-CoV-2. In addition, investigating specific immune cell populations present in the blood could also help in understanding the different COVID-19 outcomes observed in oncologic patients, especially those with hematologic malignancies.



Materials and methods


Patient enrolment and classification

From May to November 2020, we included 43 oncologic patients with a recent diagnostic of SARS-CoV-2 from A.C.Camargo Cancer Center (Table 1). All volunteer patients received information about the project and gave written consent to participate before initiation of any procedure regarding this work. Individuals were segregated by solid tumors or hematological malignancies based on their previous diagnostic. If the individual had a history of both solid and hematologic tumors, the group selection was based on the most recent or active cancer. Severity of COVID-19 was determined based on the World Health Organization’s proposed recommendations (44), as follows: Mild, no oxygen therapy; Severe-Recovered, for patients who had oxygen therapy, but recovered from the disease; and Severe-Death, for patients who had oxygen therapy and went on to die from COVID-19. For patients that received supplemental O2, we considered a minimum of two days of therapy. All patients that received supplemental O2 therapy also received dexamethasone treatment as recommended by the RECOVERY Collaborative Group study (45). The project was approved by A.C.Camargo Cancer Center Ethics Committee (CAE:30283220.5.0000.5432).



SARS-CoV-2 infection assessment

Patients were assessed for infection by SARS-CoV-2 using a real-time qPCR test whenever they presented symptoms for the disease (cough, dyspnea, loss of smell and/or taste, fever) or otherwise indicated by the clinical teams.



Electronic health records assessment

Biochemical evaluation (C-Reactive Protein and D-dimer concentrations), hematological data (leukocyte, lymphocyte, monocyte, neutrophil, and platelet counts, hemoglobin concentration and hematocrit), tumor classification, Eastern Cooperative Oncology Group (ECOG) performance status scale score, treatment, and other relevant information were obtained from health records available for each patient.



Blood sampling and processing

Blood samples were collected in EDTA tubes within a median of two days (95% CI: 1 – 4 days) from positive SARS-CoV-2 test result. Blood was centrifuged at 400xg, 10 minutes, 20°C for collection of plasma, which was then snap frozen in dry ice and stored at -80°C until further processing.



Quantification of plasma soluble mediators

Concentration of plasma soluble factors were determined using a 27 multiplex bead assay (Bio-Plex® Pro Human Cytokine Group I Panel 27-plex, Bio-Rad Inc., USA). Multiplex bead assays (Bio-Plex® Pro Human IgA/IgG/IgM SARS-CoV-2 N/RBD/S1/S2 4-Plex Panel, Bio-Rad Inc., USA; provided as three separate kits) were used to measure production of IgA, IgG and IgM antibodies anti-SARS-CoV-2 Nucleocapsid, Receptor Binding Domain (RBD), Spike 1 and Spike 2 proteins. Virus inactivation was performed through incubation at 56°C/30 minutes before analyte quantification. All procedures were done accordingly to the manufacturer’s instructions, and plates were read in Bio-Plex platform (Bio-Plex® 200 system, Bio-Rad Inc., USA). All data is presented as pg/mL, based on standard curves provided by the kit (27-Plex), or as fluorescence intensity (4-Plex antibodies assays).



Statistical analysis

All soluble factors and hematological data were analyzed in Graph Pad Prism 8.4.2 for construction of Receiver Operator Characteristic (ROC) curves, line plots and scatter dot plots. For scatter dot plots, data from patients with hematologic malignancies was analyzed with a two-tailed Mann-Whitney test, whereas solid tumors patient data was analyzed with a two-tailed Kruskal-Wallis adjusted test followed by Dunn’s post-hoc. Data is presented as median and 95% confidence interval.

ROC curves were constructed using the multiple logistic regression model Logit[P(Y=1)] = Ln[(P(Y=1)/P(Y=0)] = β0 + β1*B. Related line charts show data points indicating how analyte concentration influences the probability of death of an individual, calculated based on the model aforementioned. A fitting line was drawn based on the Gompertz Growth Model given in Graph Pad Prism software, with the following equation: Y = YM*(Y0/YM)^(exp(-K*X)), where Y0 is the starting population, YM is the maximum population, K determines the lag time and 1/K is the X value of inflection point.

For radar charts, raw data (fluorescence intensity) from 4-Plex antibodies assays, including values from the positive controls, were transformed by Ln(X+1)*10. Then each measurement of antibody production for each patient was divided by the positive control value of that class of antibody. This way we could correct distinct measurements for different classes of antibodies and all measurements fit inside a scale from 1 to 10. The graphs were constructed in Microsoft Office Excel 2010.

Unsupervised cluster analysis was performed using the online tool ClustVis (46). Raw data from all parameters or parameters with a p-value below 0.10 were uploaded in ClustVis platform and transformed with [ln(x +1)] model. The analysis was performed using a hierarchical cluster algorithm where rows and columns were clustered by Manhattan or Euclidean distance and Ward or Complete linkage. Missing data (< 2% of total data) was estimated by imputation as per default.

Correlation matrices were done in R software version 4.0.0 and R Studio 1.4.1106, with corrplot and Hmisc packages. Briefly, raw data from each patient for each group in both cohorts was organized into a data frame, and a Spearman correlation test was run. All Spearman’s coefficients are shown in the matrices, but a star indicates correlations with a p-value of 0.05 or below.

Networks were constructed using the Cytoscape software version 3.8.2. Data from correlation matrices was used to make the networks, considering only interactions with a p-value below 0.05. Line thickness and colors refers to strength and value of the interaction, while sphere radius reflects the number of interactions.

For random forests analysis, raw data was uploaded in MetaboAnalyst 5.0 platform (https://www.metaboanalyst.ca) and missing values (< 2% of total data) were estimated by Bayesian Principal Component Analysis. Forest plots were made randomly with 500 trees and 7 predictors to determine the most important factors for segregation accuracy based on outcomes, which were “Recovery” – for all patients that survived; or “Death” – for all patients that died.
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Background

The neutralizing antibodies (NAbs) response after COVID-19 vaccination after liver dysfunction is unclear. In this study, we evaluated the NAbs response after COVID-19 vaccination in hospitalized patients suffering from liver dysfunction.


Methods

In this cross-sectional study with longitudinal follow-up, we enrolled eligible patients with liver dysfunction and healthy volunteers with full-course COVID-19 vaccination. Blood samples were collected for the NAbs testing at the time of admission and after treatment. Multiple regression analysis to assess independent risk factors affecting NAbs response.


Results

A total of 137 patients and 134 healthy controls (HC) were enrolled. Both seropositivity (65.7% vs 80.6%, p<0.01) and titer (3.95 vs 4.94 log2 AU/ml, p<0.001) of NAbs in patients were significantly lower than that in HC. The decrease of antibody titer in patients was significantly faster than that in HC. After adjusting for potential confounding factors, males (odds ratio [OR]: 0.17; 95% confidence interval [CI]: 0.06, 0.46; p<0.001) and severe liver damage (OR: 0.30; 95% CI: 0.12, 0.71; p<0.01) were significantly associated with reduction of the probability of NAbs seropositivity in the multiple regression analysis. Males (β =-1.18; 95% CI: -1.73,-0.64) and chronic liver diseases (β =-1.45; 95% CI: -2.13, -0.76) were significantly associated with lower NAbs titers. In 26 patients with liver failure, both antibody seropositivity (53.8% vs 84.6%, p<0.05) and titer (3.55 vs 4.32 log2 AU/ml, p<0.001) did not decrease but increased after artificial liver plasmapheresis.


Conclusions

NAbs response to COVID-19 inactivated or subunit recombinant vaccines was waning in patients with liver dysfunction. Moreover, patients with male sex, severe liver injury and chronic liver diseases have an increased risk of poor antibody responses.




Keywords: COVID-19, SARS-CoV-2, vaccine, neutralizing antibodies, liver dysfunction, artificial liver

1  Introduction

Coronavirus disease 2019 (COVID-19), caused by severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) infection, has been a life-threatening global health burden (1, 2). As of 23 October 2022, over 624 million confirmed cases and over 6.5 million deaths have been reported globally. Numerous studies have confirmed that SARS-CoV-2 vaccines can effectively reduce the morbidity and mortality of COVID-19 (3, 4). Vaccination against COVID-19 is currently considered the most effective, safe, and cost-effective way to prevent and control COVID-19 worldwide.

Previous studies have shown that patients with chronic liver disease are highly susceptible to COVID-19 and often have poor prognosis (5, 6). Therefore, some guidelines and expert consensus have been developed, and patients with chronic liver disease are encouraged to receive full-course SARS-CoV-2 vaccination (7, 8). Many previous studies have evaluated the safety and immunogenicity of SARS-CoV-2 vaccination in various chronic liver disease populations, including nonalcoholic fatty liver disease (9), post-liver transplant population (10), chronic hepatitis B (11), cirrhosis (12), and autoimmune liver disease (13, 14). These studies all showed the safety of SARS-CoV-2 vaccine in patients with liver disease, but the immune response to the vaccine was weaker than that in healthy people. The time after vaccination in these studies was too short for long-term observational data. In addition, some patients with chronic liver disease may experience acute liver damage due to various reasons. It is urgent for doctors to evaluate the antibody levels produced by prior COVID-19 immunizations after liver damage-caused by various reasons.

COVID-19 inactivated and receptor-binding domain (RBD) subunit recombinant vaccines are two common types of vaccines in China. However, whether the antibody responses following COVID-19 immunization is affected by liver injury is still unclear. In this study, we evaluated antibody responses in hospitalized patients with various causes of liver dysfunction after immunization with COVID-19 inactivated and RBD-subunit recombinant vaccines.


2  Patients and methods

2.1  Study design and participants

We did a cross-sectional study with longitudinal follow-up at the Second Affiliated Hospital of Chongqing Medical University from October 1, 2021, to January 30, 2022. The hospitalized patients with liver dysfunction were enrolled in the Center for Liver and Infectious diseases. At the same time, an equal number of healthy volunteers (healthy controls) who underwent annual physical examinations at the health management center were enrolled as controls. Inclusion criteria of participants were age 18 years or older, completed full-course of COVID-19 vaccination, no SARS-CoV-2 infection before receipt of the first vaccine dose (determined based on either a negative anti-SARS-CoV-2 immunoglobulin (Ig)-M/IgG test or the absence of a positive polymerase chain reaction (PCR) assay result for SARS-CoV-2, with no history of suspected clinical SARS-CoV-2 infection), and ability to understand and complete questionnaires in Chongqing, China. For healthy controls, no underlying disease history was also required. Participants with HIV co-infection, sepsis, cancers, severe extra-hepatic organ dysfunction, pregnancy during study entry, those who did not complete the full-course of vaccination, and those who provided incomplete vaccination information (including the date of their first vaccine dose and complete vaccination, and vaccine manufacturer [due to different vaccine types by manufacturers]) were excluded. All participants in this study provided about 5-10 microliters (mL) of peripheral blood samples for serological assays.

This study was approved by the Ethics Committee of the Second Affiliated Hospital of Chongqing Medical University. All participants signed an informed consent form.


2.2  Variable collection

We collected demographic characteristics (age and sex), history of SARS-CoV-2 infection (yes or no, results of anti-SARS-CoV-2 IgM/IgG and PCR assay for SARS-CoV-2 nucleic acid, and whether had clinical manifestations of SARS-CoV-2 infection), history of diseases, and vaccination-related information (the date of their first vaccine dose and complete vaccination, and vaccine types) in all participants utilizing a standardized questionnaire. Dates of vaccination and the types of vaccine were further confirmed by viewing the individual’s health code which contains complete vaccination-related information. Clinical parameters including laboratory test results and comorbidities were also collected from the electronic patient files in the hospital.

Full-course COVID-19 vaccination was defined as having had two vaccinations of inactivated vaccines or three vaccinations for the RBD-subunit recombinant vaccine. The interval time was defined as the days between the final dose and the first blood sample collection for serological assays. In the longitudinal analysis, we divided the time post-vaccination into three points, M1-2 (30-60 days), M3-4 (61-120 days), and >M4 (more than 120 days), respectively.

In patients receiving artificial liver therapy for liver failure, antibody testing was performed before and after treatment to assess the effect of artificial liver therapy on antibody levels. The treatment mode of artificial liver was plasma exchange combined with plasma adsorption.


2.3  SARS-CoV-2 antibody testing

Neutralizing antibodies (NAbs) testing was performed using the commercially available Novel Coronavirus Neutralizing Antibody Detection Kit (Chemiluminescence) (Shenzhen Yahuilong Biological Technology Co., LTD, Shenzhen, China) according to the manufacturer’s instructions in use. The cut-off value was determined to be 5.00 AU/mL.


2.4  Statistical analysis

Continuous variables are presented as means and standard deviations (SD) or as medians and interquartile ranges (IQR) for normally and nonnormally distributed data, respectively. Categorical variables are presented as percentages (%). NAbs titers were log2-transformed due to skewed distribution. To compare the distribution of NAbs seropositivity and titers, we used analysis of chi-square tests and Student t-test tests. We used paired t-tests to analyze NAbs titers before and after artificial liver treatment.

We used multiple regression analysis to characterize the association between variables and NAbs response. We adjusted for covariates using the crude model and full adjustment models. The crude model was unadjusted. The full adjustment model was adjusted for age (continuous variable), total bilirubin (continuous variable), cirrhosis (binary variable), ACLF (binary variable), vaccine types (binary variable), and interval time (continuous variable). Data are presented as point estimates and corresponding 95% confidence intervals (CI) of the effect size estimates.

All statistical analysis was performed using SPSS (version 24.0) and R 3.0 (http://www.R-project.org, the R Foundation). All statistical tests were two-sided, and p<0.05 was considered statistically significant.



3  Results

3.1  Participant characteristics

A total of 137 patients and 134 healthy controls (HC) were enrolled. Table 1 presents the demographic characteristics, laboratory test results, comorbidities, and vaccination information of these participants. The mean age was 50.2 years (SD: 13.8 years) in patients and 42.6 years (SD:14.8 years) in HC. The proportions of males were 64.2% (88/137) and 38.1% (51/134) in patients and HC groups, respectively. The etiology of liver injury included 38.7% (53/137) of hepatitis B virus (HBV), 19.7% (27/137) of hepatitis C virus (HCV), 5.1% of hepatitis E virus (HEV), 9.5% (13/137) of autoimmune hepatitis, 6.6% (9/137) of alcohol, and 12.4% (17/137) of drugs. Of the 137 patients, 77.4% (106/137) had chronic liver diseases, 47.5% (65/137) had decompensated cirrhosis, and 48.2% (66/137) were diagnosed with acute-on-chronic liver failure (ACLF). The majority of patients and HC received the COVID-19 inactivated vaccine (82.5% vs 69.4%, respectively).

Table 1 | Characteristics of the participants.




3.2  Antibody responses after COVID-19 vaccination

In the cross-sectional study, the seropositivity for NAbs in patients was significantly lower than that in the HC group (65.7% vs 80.6%, p<0.01) (Figure 1A). The mean NAbs titer in patients was also lower than in the HC group (3.95 vs 4.94 log2AU/ml, p<0.001) (Figure 1B). During longitudinal follow-up, both seropositivity and titers of NAbs decreased over time in the patient and HC groups (Figures 1C, D). Between 3 and 4 months, the NAbs seropositivity in the patients decreased from 95.0% to 66.1%, while that in the HC group decreased from 96.0% to 85.7%. Therefore, the NAbs seropositivity in the patients was significantly lower than that in the HC group at M3-4 (p<0.05). Over time, only half of the participants were positive for NAbs, either in patients or in HC (55.7%, and 51.4% respectively) (Figure 1C). As for NAbs titers, the rate of decrease in patients was significantly faster than that in the HC group (-2.64 vs -0.97 AU/ml per day, p<0.01) (Figure 1E). Our results showed that the NAbs responses were impaired in patients with liver dysfunction. In addition, these patients have less persistence of antibody response than the HC group within 3-4 months after vaccination.



Figure 1 | Antibody responses after COVID-19 vaccination. The seropositivity (A) and titers (B) of NAbs in patients with liver dysfunction and healthy controls (HC). Dynamic changes of NAbs seropositivity (C) and titers (D) over time during longitudinal follow-up. (E) Comparison of decline rate of NAbs titers in patients with liver dysfunction and HC groups. *<0.05; **<0.01; ***<0.001. AU, arbitrary units; COVID-19, coronavirus disease 2019; HC, healthy controls; NAbs, neutralizing antibodies.




3.3  Risk factors for poor antibody response after COVID-19 vaccination in patients with liver injury

To investigate risk factors affecting NAbs response, we compared the distribution of seropositivity and titers according to demographics, clinical parameters, and vaccine types. There were no significantly different in seropositivity and titers of NAbs between age (≤50 vs >50 years), total bilirubin level (≤5 times the upper limits of normal [ULN] vs >5×ULN), albumin level (<35 vs ≥35 g/L), cirrhosis (vs noncirrhotic), international normalized ratio (INR) value (≤1.5 vs >1.5), ACLF (vs non-ACLF), and vaccine types (inactivated vs subunit recombinant) (all p>0.05) (Figure 2). However, both seropositivity (54.5% vs 85.7%, p<0.05) and titers (3.46 vs 4.76 log2AU/ml, p<0.001) of NAbs in males were significantly lower than those in females (Figure 2B). Compared with the ALT ≤ 5×ULN group, the seropositivity of NAbs was significantly lower in the ALT > 5×ULN group (46.2% vs 73.5%, p<0.05), but there was no difference in the mean titers (3.63 vs 4.06 log2AU/ml, p>0.05) between two groups (Figure 2C). In addition, patients with the chronic liver disease also had lower NAbs titers compared to those with acute liver disease (3.59 vs 4.78 log2AU/ml, p<0.001) (Figure 2F).



Figure 2 | Distribution of antibody responses after COVID-19 vaccination across various clinical parameters in patients with liver dysfunction. Comparison of NAbs seropositivity and titers in the different age (≤50 vs >50 years) (A), gender (male vs female) (B), ALT level (≤ 5×ULN vs >5×ULN) (C), total bilirubin level (≤5×ULN vs >5×ULN) (D), albumin level (<35 vs ≥35 g/L) (E), liver disease status (acute vs chronic) (F), cirrhosis (yes vs no) (G), INR value (≤1.5 vs >1.5) (H), ACLF (yes vs no) (I), and vaccine types (inactivated vs subunit recombinant) (J). *<0.05; ***<0.001. ACLF, acute on chronic liver failure; ALT, alanine aminotransferase; COVID-19, coronavirus disease 2019; INR, international normalized ratio; NAbs, neutralizing antibodies; ULN, upper limits of normal.



Next, we performed multiple regression analysis to assess the association of sex, ALT levels, and liver disease status with NAbs response. After adjusting for potential confounding factors including age, total bilirubin, cirrhosis, ACLF, vaccine types, and interval time, male sex (OR: 0.17; 95% CI: 0.06, 0.46; p<0.001) and more severe liver damage (ALT > 5×ULN) (OR: 0.30; 95% CI: 0.12, 0.71; p<0.01) were significantly associated with reduction of the probability of NAbs seropositivity (Table 2). Regarding NAbs titers, male sex (β =-1.18; 95% CI: -1.73, -0.64; p<0.001) and chronic liver diseases (β =-1.45; 95% CI: -2.13, -0.76; p<0.001) were significantly associated with lower NAbs titers (Table 2). Our findings showed that male sex, severe liver injury, and chronic liver diseases have increased risk of poor antibody responses in patients with liver damage.

Table 2 | Multiple regression analysis of risk factors associated with NAbs response to COVID-19 vaccines in patients with liver dysfunction.




3.4  Impact of artificial liver therapy on seropositivity and antibody titer

The artificial liver blood purification system is an important treatment for patients with liver failure. It is unclear whether artificial liver therapy will reduce the seropositivity and titer of SARS-CoV-2 antibodies. We conducted pairwise comparisons of the NAbs seropositivity and antibody titers in 26 ACLF patients before and after artificial liver plasmapheresis. The characteristics of these patients are listed in Supplementary Table 1. Interestingly, the seropositivity and titers of NAbs in ACLF patients did not decrease but increased significantly after artificial liver therapy (before vs after: 53.8% vs 84.6%, p<0.05; 3.55 vs 4.32 log2AU/ml, p<0.001) (Figure 3).



Figure 3 | Impact of artificial liver therapy on NAbs levels. NAbs seropositivity (A) and titers (B) before and after artificial liver therapy in patients with liver failure.*<0.001.




3.5  Sensitivity analysis

To eliminate the potential bias that autoimmune liver disease might introduce to investigating risk factors for NAbs response, we performed a sensitivity analysis. After excluding patients with autoimmune hepatitis, male sex (OR=0.16; 95% CI 0.06, 0.44; p<0.001) and severe liver damage (OR=0.30; 95% CI 0.12, 0.73; p<0.01) were still significantly associated with lower NAbs seropositivity. Male sex (β=-1.21; 95% CI -1.75, -0.66; p<0.001) and chronic liver disease (β=-1.40; 95% CI -2.08, -0.72; p<0.001) also remained associated with lower NAbs titers (Supplementary Table 2).



4  Discussion

In this study, we investigated the effect of liver injury on antibody responses following prior COVID-19 vaccinations and reported three key findings (1): compared with healthy people, the seropositivity and titer of NAbs in patients with liver dysfunction were significantly lower and the titer decreased faster, (2) male sex, severe liver injury and chronic liver diseases have increased risk of poor antibody responses, and (3) artificial liver treatment does not reduce NAbs titers in patients with liver failure.

Most of the patients with liver damage in this study had chronic liver disease, and the study found that the seropositivity and titer of NAbs after COVID-19 vaccination in patients with liver damage were significantly lower than those in healthy subjects. Similar to the results of previous studies (9–12), our research also suggested that the antibody response rate and titer after COVID-19 vaccination in patients with chronic liver disease were reduced, which might be related to the basis of immune impairment in patients with chronic liver disease. This view is also supported by the significantly increased rates of antibody non-response in patients with immunosuppressive liver transplantation, autoimmune liver disease, and patients with systemic diseases mediated by immune disorders (13–16).

In this study, male sex, severe liver injury, and chronic liver diseases were found to be risk factors for poor antibody response. In the phase 3 randomized controlled trial of an inactivated vaccine, antibody response rates were lower in healthy male volunteers than in women (17). Zheng (18) and other studies (19) also found that female participants developed higher titers of NAbs compared to the male sex. In a study of a population with cirrhosis, Zhang and his colleagues (12) found that Child-Pugh score of B and C levels is associated with hyporesponsive to COVID-19 vaccination. However, in this study, the presence of cirrhosis was not found to be associated with either seropositivity or titer of NAbs, possibly due to the relatively small number of patients with cirrhosis observed in our study.

The artificial liver system is an important treatment method for severe liver function injury, especially liver failure, among which plasma exchange and plasma adsorption are the most commonly used modes (20). In some autoimmune diseases, such as systemic lupus erythematosus, plasma exchange, and plasma adsorption can reduce the titer of circulating antibodies in patients to achieve the purpose of disease control (21–23). It is still unclear whether artificial liver therapy will reduce COVID-19 antibody titers in patients with chronic liver disease who have received the COVID-19 vaccine when liver function is severely impaired and liver failure occurs due to disease progression. In this study, in 26 patients with liver failure, the titer of NAbs in patients with artificial liver treatment did not decrease compared with that before treatment. Interestingly, most patients had significantly higher titers of NAbs than before treatment. This phenomenon may reveal that these patients received a large amount of serum from healthy volunteers, while healthy adults in China have extremely high rates of COVID-19 vaccination and antibody response. The duration of changes in antibody titers associated with artificial livers requires further follow-up studies.

Several previous studies have suggested that patients with diseases mediated by immune disorders have significantly reduced antibody responses to COVID-19 vaccines (15, 16). In a prospective observational study including patients with autoimmune liver disease, the use of immunosuppressive agents increases the risk of poor antibody response to inactivated COVID-19 vaccine in AILD patients (14). Considering the potentially negative effects of immunosuppressive agents using in patients with autoimmune hepatitis, we performed a sensitivity analysis after excluding these patients. The results showed that male sex, severe liver damage, and chronic liver disease were still associated with poor antibody responses to the COVID-19 vaccines. These results indicated that our conclusions are robust and reliable.

There are some shortcomings in this study. First, the number and duration of longitudinal follow-up of participants were relatively insufficient. Second, the effects of medications on patients were not analyzed, such as statins. Previous studies have shown that statins can reduce influenza vaccine response (24). Finally, although we adjusted for some important confounding variables (eg, age, vaccine types, interval times, etc.) to make the results reliable, it is undeniable that there are still some confounding factors that were not included.

In conclusion, this study provides evidence for poor response to the COVID-19 vaccines in patients with liver dysfunction. Especially in males, those with chronic liver disease and severe liver injury, the NAbs response will be significantly reduced, resulting in less protective effect.
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The current coronavirus pandemic (COVID-19), caused by SARS-CoV-2, has had devastating effects on the global health and economic system. The cellular and molecular mediators of both the innate and adaptive immune systems are critical in controlling SARS-CoV-2 infections. However, dysregulated inflammatory responses and imbalanced adaptive immunity may contribute to tissue destruction and pathogenesis of the disease. Important mechanisms in severe forms of COVID-19 include overproduction of inflammatory cytokines, impairment of type I IFN response, overactivation of neutrophils and macrophages, decreased frequencies of DC cells, NK cells and ILCs, complement activation, lymphopenia, Th1 and Treg hypoactivation, Th2 and Th17 hyperactivation, as well as decreased clonal diversity and dysregulated B lymphocyte function. Given the relationship between disease severity and an imbalanced immune system, scientists have been led to manipulate the immune system as a therapeutic approach. For example, anti-cytokine, cell, and IVIG therapies have received attention in the treatment of severe COVID-19. In this review, the role of immunity in the development and progression of COVID-19 is discussed, focusing on molecular and cellular aspects of the immune system in mild vs. severe forms of the disease. Moreover, some immune- based therapeutic approaches to COVID-19 are being investigated. Understanding key processes involved in the disease progression is critical in developing therapeutic agents and optimizing related strategies.
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1 Background

The coronavirus disease 2019 (COVID-19), caused by the severe acute respiratory syndrome- coronavirus- 2 (SARS-CoV-2), is a viral infectious disease spread worldwide (1). The outbreak of COVID-19 has led to extensive global morbidity and mortality (2). The Coronaviridae family contains α and β coronaviruses capable of causing both mild and severe respiratory diseases in wild animals and humans. SARS-CoV, MERS-CoV and SARS-CoV-2 are positive- sense single-stranded RNA β-coronaviruses causing severe respiratory tract infections in humans (3, 4).

SARS-CoV-2 infection can have a variable clinical picture ranging from asymptomatic to severe. In about 5% of patients, there is a risk of death, while the overall mortality is about 1% (5). With increasing vaccine coverage the numbers are getting smaller. SARS-CoV-2 can enter and infect epithelial, and possibly endothelial cells expressing the receptor angiotensin- converting enzyme 2 receptor (ACE2) and, in certain cells, neuropilin-1 (6, 7).

During the initial exposure, the virus infects epithelial cells in the upper respiratory tract through the ACE2 receptor. At this stage, the innate and adaptive immunity try to inhibit the virus at the mucosal sites and prevent the progression of the disease by various mechanisms. These include the production of mucus and antiviral metabolites, interferons and other cytokines, as well as IgA, when there is preexisting immunity to the virus.

SARS-CoV-2 is able to inhibit innate and adaptive immune responses in various ways. It can replicate unchecked in the respiratory tract and eventually spread to the lungs (8, 9). COVID-19 patients may develop a systemic disease with extrapulmonary manifestations. Systemic manifestations during a later stage of COVID-19 are linked to lymphopenia, increased amounts of neutrophils, cytokine release syndrome (CRS) or cytokine storm, activation of complement and coagulation cascades and elevated levels of inflammatory chemokines and alarmins (10, 11). Several studies have shown that male gender, higher age, obesity, diabetes, hematological cancer, autoimmune diseases (e.g., psoriasis), hypertension (especially pulmonary arterial hypertension), and cardiovascular, cerebrovascular and chronic kidney diseases are risk factors closely related to the severity and outcomes of COVID-19 infection (12–16).

Although innate and adaptive immunities are linked, they both also have different cell types with varying functions (17). The innate immune system includes monocytes, macrophages, dendritic cells (DC), myeloid-derived suppressor cells (MDSC) and innate lymphoid cells (ILCs). ILCs can be divided into different groups: natural killer (NK) cells, 3 subsets of helper like ILCs (ILC1, 2 and 3), fetal lymphoid tissue- inducer (LTi) cells and a population of innate intraepithelial lymphocytes (IELs) in the intestine that express T cell markers (18). In addition, the innate response includes a number of molecules, e.g. the entire complement system with more than 40 different soluble or cell-bound components. Innate immune cells expressing pattern-recognition receptors (PRRs) can detect pathogen-associated molecular patterns (PAMPs) of invading viruses to develop and maintain innate immune responses by secreting interferons (IFNs) of type I (IFN-α and IFN-β) and type III (IFN-λ), as well as pro-inflammatory cytokines and chemokines (19, 20). The adaptive immune system comprises B cells, CD4+ T helper and CD8+ cytotoxic T cells. CD4+ T cells orchestrate the immune response by producing cytokines and providing help to other immune cells. CD8+ T cells kill virally infected cells, and B cells develop and produce antigen-specific IgM, IgG and IgA antibodies (21). Larger amounts of specific antibodies are produced by plasma cells that locate themselves into niches in the bone marrow.

Given that appropriate innate and adaptive immune responses are required to control and contain COVID-19 infection and prevent the disease in the long term, it is critical to recognize both types of responses to SARS-CoV-2. This review aims to shed light on the molecular and cellular players of the immune system in COVID-19 pathogenesis. Accordingly, the molecular and cellular compartments involved in the innate and adaptive immune responses to SARS-CoV-2 are thoroughly reviewed (A brief comparison of immune responses in mildly versus critically ill COVID-19 patients has been provided in Table 2). Special emphasis is on delineating differences that distinguish severe disease forms from those of milder forms. Why do certain individuals suffer from serious lung complications and systemic effects, and what is the contribution of the immune system itself in a vicious circle of inflammation in response to a viral infection?.



2 The relationship between the innate immune system and the progression of COVID-19


2.1 Neutrophils

SARS-CoV-2 infection is marked by neutrophil migration into pulmonary capillaries and alveolar spaces, leading to acute capillaritis, fibrin deposition and neutrophilic mucositis (22). Neutrophils display antiviral activity through different mechanisms, including direct, antibody or complement-mediated recognition of the virus and phagocytosis and secretion of cytokines, myeloperoxidase (MPO), elastase and defensins. They can also form neutrophil extracellular traps (NET) and modulate adaptive antiviral immunity (23–25). Recent studies have found increased neutrophil counts in the peripheral blood of non-surviving and severely ill COVID-19 patients compared to mildly ill cases. In addition, increased numbers of low-density neutrophils have been found in the blood of acute COVID-19 patients (26, 27). Different populations of granulocytes in the blood could reflect emergency myelopoiesis. Some of the granulocytes (N2-type) could be immunosuppressive and cause impaired lymphocyte responses during acute disease (28). Previous studies have also observed a high neutrophil- to- lymphocyte ratio (NLR) in critically ill COVID-19 patients compared to cases with mild disease. Therefore, NLR has been introduced as an independent risk factor for severe disease (27, 29, 30). High levels of MPO and citrullinated histone H3 (Cit-H3), serum markers of NETs and indicators of neutrophil activation have also been described in severe COVID-19 (31–33). It has thus been concluded that neutrophilia and excessive formation of NETs, as well as the release of reactive oxygen species (ROS), in severe COVID-19 trigger cytokine release and respiratory failure, contributing to disease severity (22, 34, 35). The changes in innate immune cells in COVID-19 are summarized in 
Figure 1
.




Figure 1 | 
The frequency and function of innate immune cells in severe COVID-19. SARS-CoV-2 infects cells that present the surface receptor ACE2. It is recognized by tissue-resident immune cells in the lungs, which provoke a local immune response. More innate immune cells are recruited from the blood by chemokines and complement activation products. The amounts of neutrophils, CD16+ monocytes, M1 macrophages and MDSCs are bigger in severe COVID-19 patients, while the percentages of basophils, eosinophils, M2 macrophages, classical monocytes, DCs, ILCs, NK cells and unconventional T cells are reduced. Activated neutrophils can amplify inflammation by secretion of pro-inflammatory cytokines, MPO, elastase and defensins. They can also promote NET formation and Th17 cell differentiation. Activated basophils and eosinophils appear to predispose the development of ARDS by releasing inflammatory and vasoactive substances. Peripheral CD16+ monocytes and M1 macrophages are involved in a hyper-inflammatory response and cytokine storm during the inflammatory phase in severe COVID-19. Significant decrease in viral sensing and IFN signaling as well as suppressed antigen presentation by both pDC and cDC have been reported in severe COVID-19. Aberrant or ineffective responses of ILCs (ILC1, ILC2, ILC3 and NK cells), MDSCs and unconventional T cells (MAIT cells, γδ T cells) also have role in promoting inflammation in severe COVID-19. ACE2, Angiotensin-converting enzyme 2; MDSCs, Myeloid-derived suppressor cells; DC, Dendritic cell; ILCs, Innate-like lymphocyte; NK cell, Natural killer cell; MPO, Myeloperoxidase; NET, Neutrophil extracellular trap; Th, T helper; ARDS, Acute respiratory distress syndrome; MAS, Macrophage activation syndrome; PD-L1, Programmed cell death ligand 1; IFN: Interferon; cDC, Classical DC; pDC, Plasmacytoid DCiNOS, Inducible nitric oxide synthase; PMN-MDSCs, Polymorphonuclear-MDSCs; M-MDSCs, Monocytic-MDSCs; ADCC, antibody-dependent cellular cytotoxicity; NKG2A, NK cell lectin-like receptor subfamily C member 1. Figure was created by BioRender (Toronto, ON, Canada).





2.2 Monocytes

Monocytes are a pivotal component of the innate immune response. They participate in inflammatory responses, phagocytosis, antigen presentation and other immune functions (36, 37). Human monocytes are classified into classical (CD14high CD16−), intermediate (CD14highCD16+) and non-classical (CD14low CD16+) subsets (38). Intermediate and non-classical monocytes are known as the “inflammatory” subsets due to their potent pro-inflammatory activity. They contribute to various conditions such as asthma, coronary artery disease, Crohn’s disease, sepsis and hepatitis B (39). Recent studies have demonstrated that inflammatory monocytes are involved in the hyper-inflammatory response and cytokine storm observed during the infectious and inflammatory phases of severe COVID-19 (40). The results indicate that the absolute numbers of all blood and CD16- classical monocytes decrease in severely ill COVID-19 patients, while the levels of the inflammatory subsets increase in patients in comparison to the healthy controls (41). One study showed an increased percentage of inflammatory monocytes expressing S100A8+ S100A9 (calprotectin), CD14 and CD62L, possibly correlating with a profibrotic differentiation pattern in severe COVID-19 as compared to mild disease (42). Furthermore, a significant increase in the frequency of CD14high CD16+ monocytes producing IL-6 was reported in the peripheral blood of COVID-19 patients in the ICU compared to those without ICU hospitalization (43, 44). An increased number of inflammatory monocytes in patients with mild disease has also been reported in several studies. This could be considered as an indicator of viral control in such patients (45, 46).



2.3 Macrophages

The function of alveolar macrophages in the lungs is to preserve homeostasis by removing dead cells and invading pathogens (47). Under steady-state, two distinct populations of macrophages, the interstitial macrophages (IMs) and alveolar macrophages (AMs), are present in the lungs (48, 49). Interstitial macrophages are characterized as CD11b+CD11c- cells localized in the parenchyma, while AMs are identified as CD11b-CD11c+ macrophages residing in the air space lumen (50). In inflammation and infectious diseases, alveolar macrophages are polarized into the M1 or M2 subgroup (47). M1 macrophages cooperate with T helper (Th) 1 cell to produce pro-inflammatory cytokines and clear pathogens. They also induce the migration of other immune cells to the lung parenchyma and alveoli. M2 macrophages are associated with Th2 cells to increase the secretion of anti-inflammatory cytokines and clearance of apoptotic or senescent cells. Thus, the M2 cells restrict inflammation and promote tissue remodeling (47, 51).

Based on recent data, macrophages are considered promoters of the cytokine storm during infection by SARS-CoV-2. They are associated with severe COVID-19 with a high risk of death (52, 53). Moreover, the cytokine storm, mainly macrophage activation syndrome (MAS), in addition to complement and neutrophil activation, contributes to COVID-19-associated adult respiratory distress syndrome (ARDS) and its exacerbation (54, 55). Another study reported a significant correlation between SARS-CoV-2 infection of macrophages in the spleen and lymph nodes and severe lymphocyte apoptosis in COVID-19 patients (27). Recent studies by single-cell RNA sequencing of samples recovered from bronchoalveolar lavage fluid of mildly and severely ill COVID-19 patients have revealed that SARS-CoV-2 infection leads to the recruitment of an inflammatory macrophage subset with down-regulation of type I IFN genes, which is related to disease severity (56–58). In conclusion, macrophages sense SARS-CoV-2 and respond to its threat by secreting pro-inflammatory cytokines and chemokines. However, an uncontrolled macrophage response could trigger MAS, ARDS and an exacerbation of COVID-19 (42).



2.4 Dendritic cells

Among other places, DCs are distributed in the respiratory tract, where they can recognize invading microbes. SARS-CoV-2 can gain entry into DCs, particularly into interstitial lung DCs, via ACE2, CD147 and dendritic cell-specific intracellular adhesion molecule-grabbing non-integrin (DC-SIGN) receptors (59). Classical myeloid DCs (cDCs) and plasmacytoid DCs (pDCs) are two distinct DC subsets in humans. The former serve as potent antigen- presenting cells (APCs), while the latter is a specialized subset that can produce type 1 IFN (60, 61). It has been found that pDC along with viral sensing, interferon signaling and antigen presentation are more defective in severe versus mild COVID-19 (62–68). Further impairment in DC maturation and function in severe vs. mild disease may be associated with a worse disease (69). In addition, another study reported that the frequency of DCs in the blood of COVID-19 patients decreased compared to healthy controls. It was found that DCs from individuals with acute COVID-19 were functionally impaired in maturation and in the ability to activate T cells (43, 70). Two recent studies found both types of DCs (cDCs and pDCs) to be much less abundant in the blood samples of people with severe COVID-19 than in those with mild COVID-19 (71, 72).



2.5 Innate-like lymphocytes

ILCs are effector cells that detect environmental stimuli and contribute to early immune responses by producing large amounts of cytokines (73). They are categorized into four main groups: NK cells, ILC1, ILC2, and ILC3 (74, 75). Transcriptionally and functionally, the ILC1, ILC2, and ILC3 resemble Th1, Th2, and Th17 cells, respectively, while NK cells resemble CD8+ T cells (73). However, little is known about the distribution and function of different ILC subsets in COVID-19. Recent studies have reported a reduced percentage and lower absolute counts of ILCs in the blood of COVID-19 patients (73). Accordingly, results have shown a significant decrease in the frequency of ILC2 in severe compared to moderate COVID-19 (73). Furthermore, previous studies have observed that the frequency of ILC2s in COVID-19 patients negatively correlates with the level of the coagulation factor fibrinogen-derived D-dimer and the development of severe disease (76, 77). ILC2s could thus have a protective role in the disease.

Previously, it has been shown that ILC2 plays an important role in lung tissue repair during influenza A infection in mice (78). Therefore, it can be hypothesized that low ILC2 levels in COVID-19 patients correlate with a more severe disease outcome. One further investigation reported a decreased frequency of all ILCs, and particularly of the ILC2 subpopulation, in severe COVID-19. Also, compared to mildly diseased patients, it was observed that the expression of NKG2D+, the activating C-type lectin-like molecule, on ILC2s was significantly reduced in patients requiring mechanical ventilation (79). Therefore, an increase in NKG2D+ ILC2s, along with elevated levels of anti-inflammatory mediators, might be related to a better prognosis in severe COVID-19 (
Figure 1
).



2.6 Natural killer cells

NK cells are the most important innate immune cells in fighting viral infection. This is because they can induce direct lysis of target cells by producing perforin and granzyme B, secrete inflammatory cytokines, contribute to antibody-dependent cell cytotoxicity (ADCC) and interact with other immune cells such as monocytes (80). A significant decrease in the absolute number of NK cells in the peripheral blood of patients with severe COVID-19, as well as in those admitted to ICU, has been reported recently (81–83). According to Leem et al., unconventional CD56dimCD16neg NK cells, associated with decreased cytotoxic activity, expanded in both severe and mild forms of the disease. These changes were reversed more rapidly in mild vs. severe COVID-19 (84). Another study showed that the percentage of perforin+ NK cells in COVID-19 patients, who were in the ICU, was reduced as compared with non-ICU patients and healthy controls (85). Previous studies have shown an increased expression of the inhibitory receptor NKG2A on NK cells in severely ill COVID-19 patients, as compared to mildly ill patients and healthy subjects (86). NKG2A expression along with decreased IFN-γ, granzyme B, and TNF-α production is associated with NK cell exhaustion and disease progression in COVID-19 patients. Further, the percentage of NK cells expressing NKG2A is reduced in COVID-19 patients, who recovered after receiving proper therapy (27, 87). Hajeer et al. found an association between two NK cell immunoglobulin-like receptors (KIR), named KIR2DS4 and KIR3DL1, with an inhibitory and activating function, respectively, and an increased risk of severe disease (88). Another study reported a significant decrease in the inhibitory KIR receptors in COVID-19 patients compared to healthy controls and a considerable increase in activating KIR receptors in patients with a severe disease (89) (
Figure 1
).



2.7 Basophils

Basophils are a type of granulocyte representing less than 1% of peripheral blood leukocytes (90). As they are involved in tissue repair and production of anti-coagulant factors, their depletion results in increased pneumonitis in COVID-19 (91). In recent studies, a significant decrease has been observed in the frequency and the absolute numbers of basophils in patients with severe COVID-19 (82, 92, 93). Moreover, a stronger expression of programmed cell death ligand 1 (PD-L1), an inhibitor of T cell activation, has been found on basophils in severe vs. mild COVID-19, correlating with poor disease outcomes (89).



2.8.  Eosinophils.

Eosinophils are multifunctional granulocytes involved in various inflammatory contexts, including helminth, bacterial and viral infections, tissue injury, tumor immunity and allergic diseases. They secrete pro-inflammatory mediators, express adhesion molecules and support smooth muscle cells (94, 95). Significantly decreased eosinophil counts have been found in COVID-19 patients compared to healthy controls or patients with mild disease (82, 96). A decrease in eosinophil counts is related to fever, fatigue, shortness of breath and poor outcome in COVID-19 patients (96, 97).



2.9 Myeloid-derived suppressor cells

In humans, MDSCs are classified into polymorphonuclear-MDSCs (PMN-MDSCs) and monocytic-MDSCs (M-MDSCs), which control inflammation and T cell responses through a high-level expression of inducible nitric oxide synthase (iNOS), arginase-1 (Arg-1), nicotinamide adenine dinucleotide phosphate oxidase (NOX2) and transforming growth factor-beta (TGF-β) (98). In viral infections, MDSC-mediated immunosuppression causes viral persistence and disease progression (99). A recent study showed a significantly higher frequency of PMN-MDSCs in the peripheral blood of patients with severe COVID-19 and in those who required ICU compared to healthy blood donors (98). This correlated with decreased antigen-specific T cell responses and poor disease outcomes (98). Another study demonstrated an increased frequency of MDSCs in both mild and severe COVID-19. According to this study, MDSC expansion during the early phase of acute infection was protective by reducing T cell hyperactivation and inflammation but could also decrease the protective immune response (100). The percentage of M-MDSCs correlated positively with neutrophil count, C-reactive protein (CRP) and D-dimer levels, hospital stay and viral RNA load and negatively with lymphocyte count and serum albumin in COVID-19 patients admitted to ICU compared to healthy controls and non-ICU patients (101). An increase in MDSC recruitment and expansion along with impaired T cell function was observed in severe COVID-19. This was related to IL-10, arginase-1 and indoleamine 2,3-dioxygenase (IDO) production by MDSCs (102, 103).



2.10 Unconventional T cells

Unconventional T or innate-like T cells, such as natural killer T (NKT), mucosa-associated invariant T (MAIT) and γδ T cells, exhibit characteristics of both innate and adaptive cells. They express T cell receptors (TCRs) with limited diversity and recognize alternative microbial antigens in major histocompatibility complex (MHC)-unrestricted compartments (74). Most responses of NKT and γδ T cells seem to be stimulated against pathogenic agents. In particular, the potent cytotoxic responses of these cells in patients infected with influenza A viruses, herpes viruses or lentiviruses may be essential for suppressing viral replication and regulating immunosuppressive MDSCs (104–110). Recent studies have shown a reduced frequency of NKT cells in patients with severe COVID-19 and a small PaO2/FiO2 (P/F) ratio (82, 111). An increased expansion of CD160+ NKT cells has been reported in mild COVID-19, possibly supporting recovery from infection by direct cytotoxicity (112). Furthermore, decreases in the levels of circulating NKT cells and IFN-γ production are observed in severe COVID-19. However, the expression levels of CD69 and PD-1 are increased in NKT cells, and a strong PD-1 expression in NKT cells continues in patients in ICU on day 15 (113). Another study showed that while the total percentage of γδ T cells decreased in COVID-19 patients, the percentage of CD4+γδ T cells significantly increased (114). It was suggested that the latter subset might be associated with antigen presentation and activation of adaptive immune cells (114). Based on another investigation, increased frequencies and absolute numbers of naïve-like (CD45RA+CD62L+) γδ T cells and a decreased frequency of effector-like (CD45RA-CD62L−) γδT cells were observed both in mild and severe COVID-19. This study suggested that effector-like γδ T cells might be localized in the lungs of COVID-19 patients to contribute to the immune response against the infecting virus (115) (
Figure 1
).



2.11 Complement system

The complement system belongs mostly to innate immunity. It can respond to invading microbes and other foreign materials (22, 116). It may recognize SARS-CoV-2 directly or with the help of antibodies. Additionally, tissue damage caused by the virus can activate complement. Complement activation can lead to acute or chronic inflammation, thrombus formation, endothelial cell dysfunction and intravascular coagulation, thus ultimately contributing to multiple organ failure (MOF) and death (117). A recent study showed prominent complement activation in the lungs, skin and blood of severely ill COVID-19 patients compared to cases with mild disease. Some individuals treated with a complement inhibitor recovered with no adverse reactions (118). Complement activation generates the pro-inflammatory polypeptides, C3a and C5a, which can recruit and activate neutrophils and monocytes. Mannose-binding lectin (MBL) interacts with SARS-CoV-2 and could consequently activate complement C3 via the lectin pathway (119). Through neutrophil extracellular trap (NETs) formation, neutrophils activate the alternative complement pathway and may engage an inflammatory feedback loop. Recently, a significant correlation has been found between the activation of complement component C3 and COVID-19 severity (120, 121). Similarly, an investigation showed higher levels of C3a and C5a as well as C3-fragment deposition in the lung biopsy samples of severe COVID-19 patients (122). Furthermore, in a further study, high levels of soluble C5a and an increased expression of the C5a receptor in blood and pulmonary myeloid cells were found in severe COVID-19 with acute respiratory distress syndrome compared to mildly diseased patients and controls (123). Thus, multiple features of severe COVID-19 point to the importance of complement activation in its pathogenesis, mainly during inflated inflammatory responses and effects on vascular endothelial cells, including promotion of blood coagulation and increased capillary permeability.




3 The relationship between the adaptive immune system and the progression of COVID-19


3.1 Cell-mediated immunity

CD4+ and CD8+ T cells play important roles in resolving acute viral infections and providing subsequent protection against reinfection. DCs induce polarization and maturation of naive T cells via the presentation of peptides in the context of MHC along with the secretion of chemokines and cytokines. Subsequently, activated T cells migrate to the site of infection, producing antiviral cytokines, chemokines and cytotoxic molecules (124). Acute and severe SARS-CoV-2 infections are associated with lymphopenia and remarkable loss of CD4+ and CD8+ T cells, which is reversed by disease recovery (125–127). Transient lymphopenia may be associated with a direct effect of SARS-CoV-2 infection on the production and/or differentiation of lymphocytes in primary lymphoid organs and their release into the circulation (115, 128). High levels of IL-6, IL-10 or TNF-alpha directly promote thymic dysfunction and indirectly promote T cell apoptosis (127, 129–132). In early studies on COVID-19, impairment in function and increased expression of markers, which are hallmarks for activation and/or exhaustion of CD4+ and CD8+ T cells, were observed in patients. The expression levels of Ki-67, PD-1, perforin and granzyme B in CD4+ or CD8+ T cells were found to be high in patients with severe disease (133, 134). Some studies have considered the PD-1/PDL-1 axis as a severity-associated biomarker that can inform about lymphocyte depletion/exhaustion (135, 136). However, it seems that the stronger expression of T cell inhibitory molecules (PD-1 and Tim-3) in severe vs. mild COVID-19 might not only indicate T cell exhaustion but could also suggest the existence of antigen-specific T cells (77, 137, 138). Recent studies, including more than 1000 COVID-19 cases, have indicated that a reduced frequency of CD4+ T cells is related to disease severity (139, 140). The lower proportion of SARS-CoV-2-specific CD4+ CD154+ T cells, which are unable to secrete IL-2 and IFN-γ following stimulation with S- protein, and weaker humoral immune responses have been reported in asymptomatic individuals with SARS-CoV-2 infection. In the symptomatic group, the higher frequency of SARS-CoV-2-specific CD4+ CD154+ T cells was significantly correlated with higher serum levels of SARS-CoV-2-specific IgA, IgG and IgM antibodies (141). Different subpopulations of CD4+ T cells, such as Th1, Th2, Th17 and regulatory T cells (Treg), have been found to accumulate in COVID-19 patients. In the following, the subpopulations of CD4+T cells, as well as CD8+ T cells and memory T cell subsets in COVID-19 inflammatory conditions, will be discussed.



3.2 Th1 cells

Previous studies have indicated that Th1 responses could play protective roles in the early phase of SARS-CoV-2 infection (142). Indeed, highly functional and terminally differentiated effector Th1 cells that eliminate infected target cells have been identified in the early phase of COVID-19 (143, 144). A decreased expression of IFN-γ on CD4+ T cells has also been shown in severe COVID-19 cases (145). Moreover, Th1 hypo-activation is associated with a poor prognosis of the disease, and a lower percentage of Th1 cells is observed in severe COVID-19 patients compared to mild patients (146, 147). Earlier investigations suggested that in comparison to mild COVID-19, increased expansion of peripheral neutrophils in severe COVID-19 potentially suppresses Th1 cell differentiation and triggers Th17 cell polarization (148) (
Figure 2
).




Figure 2 | 
Cell-mediated immune responses during COVID-19 progression in mild versus severe disease. (A) Dendritic cells (DCs) promote activation of T cell responses by presentation of SARS-CoV-2 antigenic peptides in major histocompatibility complex (MHC) molecules along with costimulatory interactions and the secretion of chemokines and cytokines. T cell responses can mainly be polarized into T helper (Th) cells and effector cytotoxic cells (CTLs). In mild COVID-19, a higher proportion of Th1 cells plays an important role in defense against the virus by producing interleukin-2 (IL-2) and interferon-gamma (IFN-γ). Th1 cells and the cytokines they secrete activate macrophages, CTLs and natural killer (NK) cells. The Th2 cells stimulate the humoral response and activate eosinophils, basophils and mast cells through IL-4 and IL-5 secretion. The T follicular helper (Tfh) cells are essential for the formation of germinal centers (GCs), B cell maturation and immunoglobulin (Ig) production. CD8+ T cells, which coordinate the protective antiviral activities in COVID-19, secrete cytotoxic granules containing perforin and granzyme B as well as IFN-γ in patients who developed mild disease. (B) Lymphopenia is a hallmark feature of patients with severe COVID-19. This may be the result of the migration of enormous numbers of T cells to the lungs and other sites of inflammation. Both CD4+ and CD8+ T cells express strongly CD69, CD38, CD45RO, CD44, HLA-DR, programmed cell death protein-1 (PD-1), T cell immunoglobulin domain and mucin domain-3 (TIM-3) and killer cell lectin-like receptor subfamily C member 1 (NKG2A), which can represent hyperactivated, exhausted or a hypoactivated state of T cells in severe patients. Furthermore, the numbers and functions of regulatory T cells (Treg) are significantly reduced in these patients. Smaller proportions of CD4+ and/or CD8+ effector cells (CD45RO+ CD45RA− CCR7−CD28− CD62Llow), central memory cells (CD45RO+ CD45RA− CCR7+ CD28+) and tissue-resident memory (CD69+ CD103+ CD49a+) T cells were demonstrated in severe COVID-19 patients. Figure was created by BioRender (Toronto, ON, Canada).





3.3 Th2 cells

Th2 cells usually mount an appropriate immune response against extracellular pathogens. A recent study showed that Th2 hyper-activation and higher plasma levels of Th2-produced cytokines, including IL-4, -5, -10, and -13, significantly correlated with COVID-19 severity and its related mortality (146, 147). Some studies have highlighted the possible role of Th2 responses in immune-driven lung injury and ARDS progression (142, 143). The association between an increased percentage of Th2 cells and critical care, as well as the poor prognosis, is reported in COVID-19 patients (149) (
Figure 2
).

Th17 cells secrete IL-17 and induce effector cells and inflammatory cytokine production that amplifies uncontrolled systemic inflammation and triggers tissue injury as well as multi-organ failure and death. Several studies have demonstrated that increased frequency and hyper-activation of Th17 cells and subsequent production of pro-inflammatory cytokines are related to the poor outcomes of COVID-19 (35, 142, 145, 148, 150–156). Recently, a higher percentage of GM-CSF+ IL-6+ CCR6+ Th17 cells has been detected in the blood circulation of COVID-19 patients (43). According to new research, Th17 hyperactivation and signaling are significantly correlated with a critical form of COVID-19 (148, 153).



3.4 Treg cells

Current evidence indicates smaller amounts of Treg cells in correlation with disease severity in the peripheral blood of COVID-19 patients (115, 157, 158). The frequency of this subset increases during the recovery phase of the disease (159). The decrease in the frequency of Tregs in the peripheral blood of COVID-19 cases might be related to Treg migration into the lungs to resolve lung injury. Besides, there is some evidence of enhanced apoptosis of Tregs due to reduced IL-2 levels in severe compared to mild cases (139, 154, 160–162). A higher frequency of Treg cells in the early phase and a lower frequency in the late phase of SARS-CoV-2 infection could be associated with poor outcomes of COVID-19 (139, 154, 160–162). Accordingly, a decrease in Treg cells along with an increase in Th17 cells is associated with the deregulated pro-inflammatory cytokine secretion in COVID-19 patients (163) (
Figure 2
).



3.5 CD8+ T cells

CD8+ T cells exert their antiviral activity by killing or inducing apoptosis of infected cells. This occurs by release of cytotoxic granules (154) and secretion of cytokines (164). Several studies reported lower CD8+ T cell counts in patients, even with mild or moderate, but especially with severe or critical COVID-19 (160, 165–168). A decreased frequency of CD8+ T cells in non-survivors was reported until death (169). The percentage of HLA-DR+ PD-1+ Tim-3+ NKG2A+ activated CD8+ T cells has been reported to be higher in patients with severe than mild COVID-19 (154, 170, 171). These findings suggest that hyper-active CD8+ T cells may play a protective role in the early phase of COVID-19, but rather a pathogenic role in the late phases of the disease due to reduced cytotoxic function and increased cytokine production (160).



3.6 Memory T cells

Memory T cells display rapid responses against subsequent infection with similar or related pathogens (172). SARS-CoV-2-specific memory T cell responses in the early recovery phase have been reported recently (138). Compared to mild disease, an increased percentage of naïve CD4+T cells and a decreased percentage of memory T helper cells are observed in severe COVID-19 (173). Also, reduced frequencies of CD4+ and/or CD8+ effector and central memory T cells have been observed in severe compared to mild COVID-19. The naive/effector CD4+ memory T cell ratio, an indicator of the differentiation from naive to memory T cells, is reduced in severe cases due to severe impairment of adaptive immunity (14, 174). Tissue-resident memory T cells secrete cytokines and chemokines, resulting in the activation of innate cells and an increase in the recruitment of memory T cells from the periphery (175, 176). Although airway-resident memory T cells mediate protective immune responses against emerging respiratory coronaviruses, the role of this memory subset in the immunopathogenesis of SARS-Cov2 infection should be analyzed further (177). Accordingly, studies on COVID-19 patients, who required ICU treatment, have revealed a lower frequency of tissue-resident memory T cells than effector-memory T cells (178). Likewise, tissue-resident memory-like Th17 cells (TRM17 cells), characterized by an aberrant cytokine profile, are found in the lungs of recovered cases (179). Despite these findings, some studies state that the enrichment of virus-specific CD8+ TRM cells in the patients´ respiratory system is positively correlated with the degree of lung damage and even contributes to damage after the recovery (180) (
Figure 2
).



3.7 Humoral immunity

In addition to antibody production, B cells display antiviral immune responses through the secretion of inflammatory mediators and T cell activation through antigen presentation (181–183). These cells are a pivotal source of neutralizing antibodies (Abs) that interfere with viral infections, including SARS, MERS, HIV and Ebola. They bind to the virions and prevent their entry into the host cells. Antibodies may activate the complement system and kill infected cells through antibody-dependent cellular cytotoxicity (ADCC) (126, 184, 185). On the other hand, antibodies could also facilitate viral infections by increasing virion uptake via Fc or complement receptors. The former is referred to as antibody-dependent enhancement (ADE). ADE has been observed in dengue virus, HIV, influenza, RSV and Ebola, as well as SARS-CoV-2 infections (181, 186–188).

Impaired cellular and humoral immune responses have been reported in COVID-19 patients (5, 189). B cell immune responses to SARS-CoV-2 infection have been found to be stronger in severe than in mild COVID-19. Accordingly, increased clonal expansion of B cells, and frequencies of plasmablasts, complement activation and phagocytosis have been reported in severe cases (190, 191). Similarly to chronic hepatitis B infection, the overall amounts of B cells are large in severe COVID-19 cases. However, the B cell responses are deficient due to decreased clonal diversity. In addition to decreased T cell activity, this is another cause for improper immune responses against infectious agents in elderly individuals (192, 193). Conversely, several studies have reported decreased absolute numbers and frequencies of B cells, as well as lower expression of genes associated with BCR activation signaling, in severe vs. mild COVID-19. This might be due to the consumption of B cells by SARS-CoV-2 in order to inhibit immune activity (2, 83, 154, 194–198).

Also memory B cells are produced after infection with SARS-CoV-2. They include classical CD24+ class-switched memory B cells, activated CD24- and natural unswitched CD27+ IgD+ IgM+ subsets. Recently, reduced frequencies of switched and unswitched memory B cells have been observed in severe COVID-19 patients (83, 190, 197, 199–201). In contrast, some studies have reported higher percentages of SARS-CoV2-S-specific memory B cells in severely ill compared to mildly ill patients. The memory B cell levels remain stable several months after disease resolution and provide protection against future exposure (202–206). In one study, a higher proportion of double-negative B cells (IgD- CD27-) was reported in severe COVID-19 (199, 207, 208). These cells exacerbate disease progression, possibly by cytokine secretion (209–212). Increased frequencies of CD21+and CD21low/- transitional B cells have also been observed in mild to moderate and severe forms of COVID-19 (190, 199).

Many studies have shown high titers of antibodies in severe COVID-19 that do not correlate to disease resolution (83, 154, 178, 191, 213–216). Indeed, it has been shown that anti-spike IgG could promote pro-inflammatory responses in M1 macrophages, disruption of endothelial barriers, and microvascular thrombosis (217). This type of thrombotic microangiopathy could be mediated by complement activation. Moreover, anti-SARS-CoV-2 antibodies could enhance virus entry into immune cells through the ADE mechanism (166, 218, 219). In severely ill patients, increased production of autoantibodies, such as antinuclear (ANAs), anti-phospholipid and anti-cardiolipin antibodies, have been associated with poor outcomes (219, 220). They could be due to polyclonal B cell activation or be induced by tissue damage. Also, several studies have reported higher titers of anti-S1- and anti-N- specific IgG and IgM antibodies, as well as neutralizing antibodies (nAbs) in severe vs. mild COVID-19 (199, 221–223). High titers of anti-N Abs have been found to be related to increased virus replication and more severe disease (221) (
Figure 3
).




Figure 3 | 
Humoral immune responses during COVID-19 progression in mild versus severe disease. (A) During mild COVID-19, B cells contribute to antiviral immune responses in many ways. The first is through production of neutralizing antibodies (Abs), which will bind to the virion and block its entry to the host cells, thus impeding further infection. The second is through a process called antibody-dependent cellular cytotoxicity (ADCC), in which Fc receptor-bearing effector cells can recognize and kill antibody-coated target cells expressing pathogen-derived antigens. The third is through antigen presentation to T cells and activation of cell-mediated immunity. B cells also produce some cytokines to regulate inflammation and activation of adaptive responses. Lastly, B cells can differentiate into antibody-secreting plasma cells, which produce high affinity and class-switched Abs. (B) B cell immune responses in severe COVID-19 may exacerbate disease progression by excessive secretion of cytokines and production of autoantibodies. As an adverse effect anti-viral antibodies can facilitate the entry of virus into monocytes/macrophages and granulocytic cells through interaction with Fc and/or complement receptors in a process that is called antibody dependent enhancement (ADE). In addition, increased clonal expansion of B cells, higher frequency of plasmablasts as well as reduced frequency of CD24+ switched and CD24-CD27+ IgD+ IgM+ unswitched memory B cells have been reported in severe COVID-19 cases. Figure was created by BioRender (Toronto, ON, Canada).






4 Cytokines, interferons and the progression of COVID-19

Cytokines play a major role in many physiological and pathological processes. In the inflammatory context, different immune and non-immune cells, such as monocytes, macrophages, T cells and platelets, as well as endothelial cells, epithelial cells and fibroblasts, produce various cytokines. A cytokine storm, CRS, is defined as an overproduction of cytokines due to an uncontrolled host inflammatory response to different triggers. The triggers could include infections, tissue damage, malignancy, rheumatic disorders and certain drugs. Several studies on severely ill COVID-19 patients have identified significant variations in the serum or plasma levels of cytokines associated with COVID-19 pathogenicity (224, 225). It has been demonstrated that cytokine storm plays an important role in the severity of SARS-CoV-2 infection and lung damage, possibly resulting in ARDS and patient referral to ICU (226, 227). Overproduction of cytokines, including IL-17, IL-7, IL-1β, IL-9, IL-2, IL-10, TNF-α, GM-CSF, G-CSF, IFN-γ, MCP1, MIP1A, MIP1B, CXCL10 and CXCL8, by monocytes and macrophages has been reported in severe COVID-19 cases (182, 228, 229). Moreover, in a study conducted in a group of 52 patients with severe conditions, high plasma concentrations of GM-CSF were reported in COVID-19 patients who required ICU, suggesting a role for GM-CSF in disease severity (182). A study conducted in Taiwan in 2021 compared 40 cytokines in COVID-19 patients with mild, moderate, severe or critical diseases. It was found that the levels of 22 cytokines gradually increased in critical and severe cases compared to moderate ones (230). Evidence indicates that macrophages are the main promoters of cytokine storm during SARS-CoV-2 infection, leading to deleterious clinical manifestations and acute mortality in critically ill patients with COVID-19 (37, 231).

As a broad class of cytokines, interferons (IFNs) are a group of related proteins produced by a variety of cells against viral infection (232). IFNs are classified into three types: type І, type П, and type Ш. Plasmacytoid dendritic cells (pDC) are the main producers of type І IFNs. By binding to their receptors, the interferons induce the expression of IFN-stimulated genes (ISGs), thereby generating an antiviral state by inhibiting virus replication in cells under infection threat (233–235). Several studies have reported that both IFN-β1b and IFN-β1a exert an inhibitory effect on SARS-CoV-2 (236–239). In this regard, an impaired type I IFN response is reported in patients with severely and critically ill COVID-19 compared to those with mild infections. Indeed, patients with lower plasma levels of type I IFN have higher levels of TNF- α and IL-6, increased viral load, and extensive NFκB-driven inflammatory responses (240). A recent study showed that SARS-CoV-2 mRNA-encoded proteins, ORF3b and ORF6, inhibit IFN production and signaling (241). Another study found that high IFN-λ levels during the early stages of SARS-CoV-2 infection were associated with a lower viral load in bronchial aspirates and a better outcome in severely ill COVID-19 patients. In late stages in critically ill COVID-19 patients, however, the serum levels of IFN-α and IFN-λ were found to be decreased compared to those with mild disease (242).



5 Therapeutic approaches to COVID-19

Considering that SARS-CoV-2 infection and imbalanced immune responses are the two main drivers of COVID-19 pathogenesis, glucocorticoids and antiviral drugs have been the most commonly used treatments to treat COVID-19 and its complications (243, 244). Safe strategies to limit morbidity and mortality and to improve the efficacy of treatments by finding new therapeutic targets are still urgently required. Current studies have focused on specific means to interfere with SARS-CoV-2 infection (245, 246). Nowadays, several approaches are followed to explore candidates to decrease or subvert inflammatory responses against primary SARS-CoV-2 and mutant strains. Below, the most promising potential targets are reviewed, and an update on the progress of treatments for COVID-19 is provided (
Table 1
).


Table 1 | 
Therapeutic approaches in COVID-19.





5.1 Anti-cytokine therapy

One approach to treat cytokine storm in COVID-19 is to use traditional anti-inflammatory drugs such as corticosteroids, chloroquine and colchicine (258, 259). However, except for corticosteroids, their use has remained limited. Recently, recombinant cytokines and antibodies or inhibitor molecules against different cytokines and their signaling pathways have been tried or are in the pipeline for production. Below, some of the approaches that are currently or could potentially be applied to manage more serious forms of COVID-19 are described. For the less serious, flu-like illnesses, rest and symptomatic treatment are usually sufficient.

Recombinant human IL-7 (rhIL-7). According to a recent study, recombinant human IL-7 (rhIL-7) administration significantly rescued the immune function in a 74-year-old ICU patient with severe COVID-19 (260). In another study, higher lymphocyte counts without widespread inflammation or pulmonary injury were observed in COVID-19 cases who received IL-7 (247). It has been found that administration of dexamethasone with IL-7 leads to IL7 receptor (IL-7Rα) upregulation and increased IL-7 activity in the more severe stage of COVID-19 (261–263). Another clinical trial (NCT04379076) is currently investigating the effect of CYT107, a commercial derivative of rhIL-7, on the clinical picture and immune reconstitution in severe COVID-19 patients. Accordingly, these results suggest that appropriate administration of IL-7 with or without other agents could be applied to critically ill COVID-19 patients with severe lymphopenia. Because of its lymphopoiesis- stimulating effect, IL-7 has also been suggested as a potential vaccine adjuvant.



5.2 Targeting IL-6 signaling

A high concentration of the acute phase response stimulating cytokine IL-6 is related to an increased risk for severe COVID-19. Thus, targeting IL-6 signaling may provide a therapeutic approach for the prevention of aggravated inflammation in SARS-CoV-2 infection (264–266). A retrospective clinical trial showed that treatment with tocilizumab, a monoclonal antibody against IL-6R, reduced oxygen requirements, serum level of CRP, and hospital stays, as well as improving lymphocyte recovery and clinical outcomes in severe or critical COVID-19 (217). Another cohort study demonstrated a decreased mortality in ICU COVID-19 patients who received tocilizumab immediately after ICU admission as compared to those who did not receive early tocilizumab intervention (249). A recent study showed that the treatment of severe COVID-19 patients with sarilumab, a monoclonal antibody against IL-6R, promoted the recovery of cases with mild lung disease (267). In addition, according to a retrospective clinical trial, sarilumab treatment improved clinical symptoms and reduced serum CRP concentrations in most COVID-19 patients (268). A controlled cohort study (NCT04322188) evaluated the impact of siltuximab, a monoclonal antibody against IL-6, on the mortality rate of 30 COVID-19 patients requiring ventilator support. The results showed that siltuximab treatment, in combination with optimal supportive care, reduced the mortality rate of COVID-19 cases as compared to control patients who received only optimal supportive care (269).



5.3.  Targeting IL-1 signaling.

Given the important role of IL-1β in the cytokine storm, several agents targeting IL-1β signaling, including canakinumab and anakinra, have been introduced to clinical COVID-19 treatment trials (250, 270, 271). A retrospective clinical trial among 22 severe/critical COVID-19 patients indicated that >8 days of treatment with anakinra (IL-1 receptor antagonist) led to a reduced requirement for mechanical ventilation, decreased serum CRP levels, and improved clinical conditions in patients compared to the control group (251). Another cohort study found that anakinra treatment reduced several clinical parameters, including temperature, white blood cell count, and plasma levels of ferritin, creatinine, procalcitonin, and bilirubin in COVID-19 patients (272). According to a retrospective study, subcutaneous administration of canakinumab (anti-IL-1β) decreased hyperinflammation and improved PaO2/FiO2 ratio in COVID-19 patients (250). Another cohort study on non-ICU patients with mild or severe COVID-19 who received subcutaneous canakinumab showed that canakinumab treatment significantly increased the PaO2/FiO2 ratio and reduced inflammation (273). Furthermore, other studies have reported the positive effects of canakinumab during SARS-CoV-2 infection (274–276), and six other clinical trials (NCT04348448, NCT04476706, NCT04362813, NCT04365153, NCT04510493, NCT04278404) have been registered to evaluate their potential therapeutic effects in SARS-CoV-2 infection (252).



5.4 Targeting TNF-α

Since TNF-α is an initial driver of NF-κB activation and involved in the expression of several pro-inflammatory and anti-apoptotic genes in SARS-CoV-2 infection, its inhibition can attenuate excessive cytokine release and hyperinflammation in COVID-19 (28, 197, 277, 278). Recently, it has been observed that the temporary use of etanercept, a soluble TNF-α receptor fusion protein, reduces hyperinflammation in severe COVID-19 (28). A case report study demonstrated that subcutaneous etanercept administration in a 60-year-old man induced a rapid recovery from COVID-19 and did not cause any signs of respiratory failure (279). A total of four clinical trials of infliximab (anti-TNF-α) (NCT04425538, NCT04734678, NCT04593940, NCT04344249) and two clinical trials with adalimumab, another anti-TNF-α antibody (ChiCTR2000030089, NCT04705844) are ongoing to evaluate its effects in COVID-19 (252).

Interferon therapy: Some patients with life-threatening COVID-19 have been shown to have IgG autoantibodies against type I interferon. Defects, both genetic and acquired, within the IFN pathways have also been shown to predispose to severe COVID-19. Therefore, IFNs have been introduced into clinical trials in an attempt to decrease COVID-19 morbidity and mortality (280). The results of a clinical trial demonstrated that the early triple combination of IFN-1β + lopinavir/ritonavir + ribavirin could reduce clinical symptoms and hospital stay in patients with mild-to-moderate COVID-19 (238). A previous study in China found that lopinavir/ritonavir in combination with IFN-1α reduced the duration of SARS-CoV-2 shedding (281). Other clinical trials and case reports have shown that IFN-α1b and -α2b positively affect cytokine levels in the blood, virus clearance, and clinical symptoms (254, 255). On the other hand, IFNs can also induce adverse effects such as flu-like symptoms, headaches, gastrointestinal reactions, and rashes. In addition, the sustained presence of IFNs could be involved in maintaining local and systemic inflammation and causing tissue damage. The results described above suggest that interferon therapy with antiviral drugs early in the course of infection could help people with mild COVID-19; however, its practicality still remains to be seen.


Table 2 | 
Key features of immune responses in mildly versus critically ill COVID-19 patients.





5.5 Cell therapy

While current treatment options for COVID-19 are mainly nonspecific, e.g., the use of dexamethasone or anti-inflammatory agents with significant side effects, the accessibility of other approaches such as remdesivir and tocilizumab (anti-IL-6 receptor) is limited (282). These therapeutic agents have no effects on regenerating damaged tissue structures or functions. Thus, the relevance of cell therapies in the treatment of COVID-19 has received considerable attention (283). Although, particular cell types used in cell therapy for COVID-19 are mesenchymal stem cells (MSCs), NK cells, and T cells, early apoptotic cells, and other cell types are being investigated (284). MSCs exhibit strong immunomodulatory and pluripotential properties that can suppress CD3, CD8, and CD4 T cells and attenuate cytokine secretion (285, 286). MSCs have been used in several clinical trials, including graft vs. host disease (GvHD) (287), type 2 diabetes (288), autoimmune diseases (289), and spinal cord injury (290). Considering that MSCs do not express ACE2 receptors, MSC therapy can accomplish immunomodulatory effects in SARS-CoV-2 infection (291). Previous clinical trials have shown that the intravenous injection of human umbilical cord-derived MSCs is related to an attenuated cytokine storm and improves outcomes in severely ill COVID-19 patients (256). Treatment of severely ill patients who were refractory to steroids with human umbilical cord MSCs results in the healing of pulmonary lesions (292). It has also been reported that a single- dose injection of MSCs in mild, severe, and critical COVID-19 leads to improved clinical outcomes (256). A recent study indicated that COVID-19 patients were extubated approximately 7 days after injection of adipose-derived MSCs (293). Furthermore, a phase 1/2a randomized trial (NCT04355728) found that administration of umbilical cord derived-MSCs for COVID-19 patients with ARDS improved survival following therapy (294).



5.6 Intravenous immunoglobulin therapy

IVIG is a natural immunoglobulin pool prepared from the sera of healthy donors. The major component of IVIG is the serum IgG fraction, mainly IgG1 and IgG2 subclasses (295). It is well known that anti-cytokine autoantibodies, including IL-1, IL-6, and IFN-γ autoantibodies, are present in the IVIG of healthy individuals. These antibodies may be related to the anti-inflammatory effects of IVIG in inflammatory and autoimmune disorders (296–298). Previously, the promising effect of IVIG therapy has been reported in SARS and the 2009 H1N1 influenza pandemic (299, 300). Recently, the possible positive effects of IVIG administration during the early phase of COVID-19 have been reported (301). A meta-analysis in three groups of patients with non-severe, severe, or critical illness, including 825 hospitalized COVID-19 patients, indicated that IVIG might be associated with a reduced mortality rate in critically ill patients (302). Further, a significant correlation between IVIG treatment and increased survival rate and decreased COVID-19 progression has been shown (283). Moreover, the potential benefit of IVIG administration along with antiviral drugs and mechanical ventilation in severe COVID-19 patients has been reported (257). Conversely, IVIG administration, along with hydroxychloroquine and lopinavir/ritonavir, in the treatment of severe COVID-19 cases, has not been supported by recent findings (301).




6 Conclusion

At this point in the pandemic, further understanding of the SARS-CoV-2 biology and systemic host immune responses can provide information on the processes and mechanisms involved in immune-mediated viral clearance and define specific targets for the treatment of COVID-19. Recent research on the immune mechanisms in COVID-19 refer to the initiation of infection by SARS-CoV-2 accompanied by cellular immune responses, including specifically poly-functional CD4+ and CD8+ T cell responses, which may become chronic along with immune inflammation. Recovery from tissue injury, prolonged inflammation and deviations in adaptive immune activity may play a role in the postinfectious complications, termed post-COVID. The consequences of deviated immune processes also depend on genetic make-up and environmental risk factors. Due to the SARS-CoV-2 contagiousness, the increased risk of death and the need for an ICU in severe cases of the disease, there is an urgent need for long-term follow-up of the molecular and cellular mechanisms in virus-host communication at all stages of the disease. This information is needed for delineating the optimal management of infected patients in order to prevent the progression to severe forms of the disease. Currently, ongoing large clinical trials based on antiviral and immune-based treatments may soon provide efficient therapeutic agents for COVID-19 patients. In any case, vaccination still remains the best means for preventing severe illness.
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Introduction

The influence of pre-existing humoral immunity, inter-individual demographic factors, and vaccine-associated reactogenicity on immunogenicity following COVID vaccination remains poorly understood.


Methods

Ten-fold cross-validated least absolute shrinkage and selection operator (LASSO) and linear mixed effects models were used to evaluate symptoms experienced by COVID+ participants during natural infection and following SARS-CoV-2 mRNA vaccination along with demographics as predictors for antibody (AB) responses to recombinant spike protein in a longitudinal cohort study.


Results

In previously infected individuals (n=33), AB were more durable and robust following primary vaccination when compared to natural infection alone. Higher AB were associated with experiencing dyspnea during natural infection, as was the total number of symptoms reported during the COVID-19 disease course. Both local and systemic symptoms following 1st and 2nd dose (n=49 and 48, respectively) of SARS-CoV-2 mRNA vaccines were predictive of higher AB after vaccination. Lastly, there was a significant temporal relationship between AB and days since infection or vaccination, suggesting that vaccination in COVID+ individuals is associated with a more robust immune response.


Discussion

Experiencing systemic and local symptoms post-vaccine was suggestive of higher AB, which may confer greater protection.




Keywords: vaccine reactogenicity, infection, protective antibodies, COVID-19, SARS-CoV-2

1  Introduction

The heterogeneous presentation of SARS-CoV-2 infection is associated with inter-individual factors (1, 2) including age, biological sex, comorbidities, susceptibility to the virus, exposure load, viral shedding, pre-existing binding or neutralizing antibodies (3, 4), and pre-existing cross-reactive T cells (5–7). Variability in these factors and their distinct contributions to the individual immune response has made it difficult to generalize the disease course in SARS-CoV-2-infected individuals (1, 8). Immunoassays (i.e., virus-specific serologic assays) have been used extensively throughout the COVID-19 pandemic (9). Primarily used to characterize the immune response following vaccination, assessing viability for convalescent plasma donation, and acting as a population surveillance tool (10, 11), the most pressing work remains developing correlates for protection. Neutralizing and binding titers remain well supported as protective markers (3, 12) regardless of natural infection or vaccination, including a recent study (13) which associated increased binding and neutralizing antibodies with an inverse risk for SARS-CoV-2 infection following mRNA-1273 (Moderna) vaccination.

Previous studies have evaluated change in peak post-vaccination antibody titers as a function of time (14) and the relationship between lower quantitative antibodies and disease severity (15). Additionally, evidence suggests that higher antibody titers in vaccinated, previously coronavirus disease 2019 positive (COVID+) individuals are associated with an increased degree of immune protection (16–18). Studies have also shown that vaccination with mRNA vaccines results in rapid, robust antibody production and associated reactogenicity after the first vaccine dose (19, 20) as well as following heterologous booster doses (21). Here, we investigated relationships between sociodemographic factors, reactogenicity, and immunogenicity following SARS-CoV-2 mRNA vaccination among previously SARS-CoV-2 infected (COVID+) individuals participating in our longitudinal cohort study (COVID-19 ImmuniTY study, or “CITY”). This analysis may help elucidate how underlying immunologic determinants, pre-existing immunity, and vaccine reactogenicity are associated with post-vaccination antibody titers (i.e., humoral immunogenicity) in an ethnically diverse cohort. Conclusions drawn from this study may contribute to a more personalized public health approach to future COVID-19 vaccine strategies, which could account for an individual’s demographics (e.g., age, gender, or race) or existing immunity prior to vaccination or booster receipt (22).


2  Methods

2.1  Study design and participants

2.1.1  “CITY” cohort

Participants were enrolled in our Institutional Review Board (IRB) approved (#20201026), longitudinal, observational SARS-CoV-2 immunity study (n=228) known as “CITY” (COVID-19 ImmuniTY study). The study began in October 2020 at the University of Miami Miller School of Medicine, and study subjects participated in visits every 3 months for a total of 2 years from the time of enrollment. The primary objective of the CITY study is to characterize differential antibody kinetics among SARS-CoV-2 uninfected and infected individuals in a high-risk, ethnically diverse cohort. The “high-risk” designation for inclusion referred to hazardous occupational exposure (e.g., healthcare workers) but also to advanced age or other sociodemographic characteristics known to increase risk of SARS-CoV-2 morbidity and mortality. Following written informed consent, participants provided demographic details to include lifestyle habits and relevant past medical history that would preclude them to more severe SARS-CoV-2 infection-related outcomes. Those who suffered from SARS-CoV-2 infection with a documented positive nucleic acid amplification test (NAAT+) prior to entry provided evidence details regarding their past COVID-19 infection symptoms during the baseline visit to the study team.

At all regularly scheduled visits, participants prospectively answered symptom questionnaires to screen for new or recent SARS-CoV-2 infection, and blood samples were collected for serum and peripheral blood mononuclear cell (PBMC) processing. Plasma was stored at -80°C and PBMCs were cryopreserved in liquid N2 (23). All participants agreed to sample banking for future research use. Those who received vaccines were asked to return for two optional, additional visits at 1 week and 1 month following vaccine receipt, where they answered binary “Yes/No” questions in a survey about their symptoms following vaccination. Vaccine-related symptoms were rated on a Likert scale, where a “0” indicated no symptoms and a “10” indicated the highest symptom severity. Blood samples were collected and processed as described above.


2.1.2  CITY sub-cohort analysis (COVID+ unvaccinated and COVID+ vaccinated participants)

For this study, we included three groups, comprising of CITY participants enrolled between October 2020 – June 2021 with a history of COVID-19 prior to vaccination (i.e., natural infection (NI)), COVID-19+ participants who received Dose 1 (NI + dose 1 (D1)) of an mRNA vaccine, and fully vaccinated COVID-19+ participants who received Dose 1 and Dose 2 (NI + dose 2 (D2); deemed “fully vaccinated”) of an mRNA vaccine. Pfizer (BNT162b2) and Moderna (mRNA-1273) were the primary options available (9) during the enrollment period; thus, participants who only received one dose or received Johnson & Johnson (n=4 across the entire cohort) were excluded from this analysis. Additionally, participants who were administered their second dose of an mRNA vaccine >7 days after or <4 days before the recommended (24) number of days after the first dose (21 days for Pfizer; 28 days for Moderna) were excluded as well in order to account for the temporal, transient nature of post-vaccine reactogenicity and the subsequent immune response to best reflect the general population. Individuals with suspected (>2-fold increase in Ab) or confirmed (with a NAAT+ test) reinfection or breakthrough infection were also excluded. Individuals infected with SARS-CoV-2 after June 2021 were also excluded in order to control for changes in variant-specific antigenic profiles and related changes in disease presentation (i.e., the Delta VOC). Further, limited symptomatic primary infections occurred after this June 2021 as most individuals were vaccinated during this period.

In total, 32 participants overlap between the naturally infected, pre-vaccine (NI) and post-vaccination (NI + D1; NI + D2) groups. Among those who met criteria for inclusion in the sub-analysis, all samples provided during the baseline visit and thereafter were included. Of note, participants were considered “fully vaccinated” 14 days after they received Dose 2.



2.2  Enzyme-linked immunosorbent assay

SARS-CoV-2 ELISAs were performed using a well-described assay developed by the Icahn School of Medicine at Mount Sinai (10, 11). Discrete titers were reported in values of 1:100, 1:200, 1:400, 1:800, 1:1600, 1:3200, 1:6400, 1:12800, 1:25600, 1:51200, 1:102400, and 1:204800. The limit of detection was set at 1:100.


2.3  Statistical analysis

SARS-CoV-2 antibody titers were log2-transformed before all statistical analyses. To model the bi-phasic change in antibodies over time, we utilized a generalized additive model (GAM) incorporating the rate of both antibody decay following natural infection (following COVID+ participants’ last positive SARS-CoV-2 test [LPT] result) and full vaccination (≥14 days after the second mRNA vaccine dose) [24]. The GAM modelled antibody titers with a smoothed function for number of days elapsed using a cubic regression with 3 knots as well as the fixed effect of vaccination status (NI and NI + D2). We then replicated the above as a linear mixed-effects model (LMM), where we incorporated the same fixed effects but included participants as a random-intercepts effect to control for individual differences. The rates of log-transformed antibody titer decay along with the limit of detection of our assay were used to estimate the number of days that the antibodies remain detectable after both natural infection and full vaccination.

Ten-fold cross-validated least absolute shrinkage and selection operator (LASSO) models were employed as a feature-selection and regularization technique. LASSO models were tuned to select the simplest model within one standard error of the lowest value root-mean-square error accuracy metric that included at least two predictors (Supplementary Table 1). Four models with identical demographic variables were constructed while controlling for time or days since LPT, 1st dose, or 2nd dose, respectively, including: 1) the effect of infection symptoms on the antibody response post-infection, 2) the effect of infection symptoms on the antibody response post full vaccination, 3) the effect of dose 1 vaccine symptoms on the antibody response post full vaccination, and 4) the effect of dose 2 vaccine symptoms on the antibody response post full vaccination. The selected predictors from each of the best-fitting cross-validated LASSO models were then included as fixed effects in follow-up LMMs with by-participant random intercepts, allowing us to control for individual differences. For significant categorical fixed effects from the LMMs, we conducted post-hoc Tukey tests to confirm directionality and to correct for multiple comparisons.

Additional linear regressions were used to investigate effects of each symptom following natural infection alone (NI), natural infection and the 1st dose of SARS-CoV-2 mRNA vaccination (NI + D1), and natural infection and the 2nd dose of vaccination (NI + D2) and explore possible relationships between demographics factors on peak antibody titer levels following full vaccination. Analyses were performed using R statistical software Version 4.1.1 (25). Generalized additive modeling, cross-validation, LASSO modelling, LMM, and post-hoc Tukey tests were conducted with the R packages mgcv (26), caret (27), glmnet (28), nlme (29), and glht (30), respectively, while the linear modelling, Mann-Whitney U tests, and Kruskal-Wallace tests were performed using the R package stats (25). Plots were produced using the ggplot2 (31).



3  Results

3.1  Characteristics of the study population

Demographic characteristics are detailed in Table 1. Thirty-three participants with a history of COVID-19 were included in our post infection cohort (NI [natural infection alone]). Following natural infection (prior to mRNA vaccine receipt), the median number of days since last PCR-positive SARS-CoV-2 test to the baseline study visit was 101 days. For the post dose 1 (NI + D1 [natural infection and primary vaccine dose 1]) and post dose 2 (NI + D2 [natural infection and primary vaccine dose 2]) analysis, we included 49 and 48 participants, respectively. Median days from LPT to Dose 1 and Dose 2 were 99 and 127 days, respectively. No participants were known to be immunocompromised. All infections were deemed to be mild, with none requiring hospitalization.

Table 1 | Characteristics of the study population following natural infection, 1st dose of vaccine, and 2nd dose of vaccine.




3.2  Symptoms reported following infection and vaccination

The highest reported symptom during the vaccine-naïve COVID-19 course was fatigue (63%) (Table 2). Other highly reported symptoms included anosmia (55%), congestion (53%), and myalgias/muscle aches (57%). Following dose 1, the most common symptoms were injection site pain (51%), headache (29%), and fatigue (29%). Similarly, the most common symptoms reported following the second mRNA vaccination (dose 2) were injection site pain (53%), fatigue (39%), and myalgias (29%) (Table 2).

Table 2 | Symptoms experienced by the study cohort following natural infection, 1st dose of vaccine, and 2nd dose of vaccine.




3.3  In previously infected individuals, antibody titers are more robust following full-vaccination as compared to post natural infection

There was a more robust antibody response immediately following full vaccination (Figure 1C) when compared to the antibody response following natural infection (estimate = 4.117, t = 12.950, p = < 0.001) (Figure 1B), where peak log2 antibody titers were greater in the vaccination with prior infection (14.517) than in natural infection (9.217). This is illustrated in Figure 1A, where natural infection and post-full vaccination titers were included in a bi-phasic model to show longitudinal antibody responses. Infected individuals had a slower rate of antibody titer decay (-0.010 vs -0.015 log per day), though this effect was small (estimate = -0.005, t = 2.351, p = 0.020).



Figure 1 | Antibody response following natural infection and vaccination Each black point represents a sample from a participant, grey lines connect points from the same participant, and the grey shaded area represents the maximum number of days between doses relative to date of full vaccination (14 days after second dose, regardless of vaccine manufacturer). (A) Days since full vaccination vs. log titers over time. t=0 on the x-axis represents the day when COVID+ participants became fully vaccinated (2 weeks after second vaccination). Bi-phasic, generalized additive model (GAM) is visualized by a blue line. (B) In unvaccinated COVID+ participants, log2 antibody titers decay at a rate of -0.010 per day after last positive COVID-19 test result. Fitted linear model is visualized by a red line. Note that three points were excluded from the above figure due to the temporal scale used to graphically depict the data but are included in the analyses herein. (C) In vaccinated COVID+ participants, log2 antibody titers decay at a rate of -0.015 per day after full vaccination. Fitted linear model is visualized by a green line.



LMMs confirmed our findings that antibody titer declined faster following full vaccination than in natural infection (estimate = -0.006, F =11.238, p <0.001). Of note, the combination of natural infection followed by vaccination, or so-called “hybrid immunity”, elicits a more durable antibody response than natural infection alone (estimate = 4.138, F = 794.623, p < 0.0001), as log2 antibody titers were predicted to remain detectable for a longer period of time following natural infection and full vaccination (550 days) than natural infection alone (464 days).


3.4  Days elapsed and symptoms reported during infection influence antibody titers

As shown in Table 3, difficulty breathing during infection (estimate = 1.590, F = 5.684, p = 0.024) and days elapsed since LPT (estimate = -0.006, F = 9.912, p = .004) were significant main effects in predicting antibody titers following natural infection. Post-hoc testing confirmed that antibody titers were elevated in individuals who experienced difficulty breathing (z = 2.612; p = 0.009).

Table 3 | Symptoms and demographic factors influence antibody responses following natural infection and full vaccination.



When modeling demographics and symptoms at infection to predict the antibody response after full vaccination, we found that days elapsed since full vaccination (estimate = -0.014; F = 258.176; p < 0.0001), increased age (estimate = 0.018; F = 6.000; p = 0.019), and ethnicity (Hispanic) (estimate = 0.456; F = 5.265; p = 0.018) were significant main effects, though no categorical variables were significant after post-hoc testing.


3.5  Symptoms following vaccination are predictive of higher antibody titers after full vaccination

Local and systemic symptoms following the 1st dose of SARS-CoV-2 mRNA vaccines were predictive of higher antibody titers after full vaccination. As seen in Table 3, the results of the LMM show that days elapsed since full vaccination (estimate = -0.014, F = 262.855, p < 0.0001), chills (estimate = 0.541; F = 4.915; p = 0.032), injection site redness (estimate = 1.243; F = 4.330; p = 0.044), age (estimate = 0.021; F = 6.960; p = 0.012), and ethnicity (estimate = 0.562, F = 4.583, p = 0.038) were significant. Following post-hoc Tukey testing on the significant categorical main effects, we found that injection site redness (z = 2.081, p = 0.038) and ethnicity (Hispanic) (z = 2.382, p = 0.017) were significant, while the main effect of chills was not.

We also examined demographics and symptoms reported during the 2nd dose of SARS-CoV-2 mRNA vaccination and their effect on the antibody response after full vaccination. Days since full vaccination (estimate = -0.014; F = 259.745; p < 0.0001), age (estimate = 0.023; F = 7.652; p = 0.009), identifying as Hispanic (estimate = 0.609; F = 6.683; p = 0.013), fever (estimate = 0.839; F = 11.154, p = 0.002), and influenza vaccination (estimate = -0.475; F = 4.405; p = 0.042) were observed to be significant. Fever and ethnicity (Hispanic) were found to be statistically significant (z = 3.016, p = 0.003; z = 2.735, p = 0.006, respectively) following post-hoc testing, though influenza vaccination was not.


3.6  The number of symptoms observed during infection are associated with higher peak antibody titers post full-vaccination

The number of symptoms self-reported during infection significantly predicted peak antibody titers after full vaccination (estimate = 0.10, t = 2.10, Pearson’s r = 0.296; p = .041). Additional linear models were conducted for the number of symptoms reported as a function of demographics, where we found that the number of symptoms self-reported during infection was significantly influenced by self-identifying as White (estimate = 4.679, t = 2.153, p = 0.037). No other demographic factors was significant.



4  Discussion

The goal of this study was to investigate the role of demographics, pre-existing immunity, and symptomatology following infection and vaccination to ascertain whether they independently or collectively are associated with immunogenicity following mRNA vaccination against SARS-CoV-2 infection in individuals previously infected with SARS-CoV-2. Our results demonstrate higher durability and robustness of antibody titers despite a faster rate of antibody decay following vaccination, which supports previously reported findings (32) for SARS-CoV-2 mRNA vaccines. Unsurprisingly, our results also demonstrate that a larger temporal gap between an individual’s LPT and antigen testing predicts decline of antibody titers over time. We also found that in previously infected individuals, SARS-CoV-2 mRNA vaccines result in a more robust antibody response than that following infection alone.

Following infection alone, the number of symptoms reported and difficulty breathing during the COVID-19 course were predictive of higher antibody titers. This result supports existing evidence (33, 34) that individuals who report a more severe or symptomatic SARS-CoV-2 infection have higher peak titers than asymptomatic individuals. After receiving dose 1, injection site redness was found to be significantly predictive for higher antibody titers following full vaccination. Interestingly, after dose 2 we found that fever was significantly predictive for higher antibody titers following full vaccination. It should be noted that asymptomatic individuals mounted robust immune responses as well.

In previously infected individuals, SARS-CoV-2 mRNA vaccines result in a more robust antibody response than that following infection alone. Indeed, in individuals with “hybrid immunity”, antibody titers following full vaccination peak at 4-fold higher than those following naturally acquired immunity and appear to persist at detectable levels for >500 days following vaccination. One explanation for this increased response could be the presence of pre-existing memory T and B cell responses developed during natural infection. These cells might enhance a secondary immune response following vaccination similar to that of a booster immunization. In addition to bolstering the current CDC recommendations (35) that individuals previously infected with SARS-CoV-2 receive vaccination, our results provide additional, longitudinal support for this measure.

Intrinsic factors, such as age and gender are thought to influence immunogenicity (36). Though our data support higher peak antibody titers following infection and vaccination with increasing age (33, 37) it should be noted that the median age across all groups included in this analysis was 39 years with no participant above 80 years of age and therefore should not be interpreted as a superior post-infection or post-vaccine antibody responses in the elderly. We expect that old age will be associated with poorer vaccine responses as has been described previously (38) but this was not evaluated here. Notably, our study was conducted in Miami-Dade County, an international, multi-cultural hub with a largely Hispanic and bilingual population. Our analysis demonstrated a significant relationship between Hispanic ethnicity and higher antibody titers over time at nearly every time point of interest, including infection where the analysis approached significance (p = 0.0624). Other groups have demonstrated higher rates of Hispanic SARS-CoV-2 seroconversion when compared to other ethnicities (39, 40) and have found that Hispanic ethnicity is linked to higher rates of seroprotection and seroconversion following H1N1 monovalent vaccination (41, 42), but future studies with a large number of participants are needed to support a generalizable trend for antibody magnitude over time in this population. Related, we also found that influenza vaccination was associated with higher antibody titers, though it was not significant following post-hoc testing. Though the biological relevance of this finding is unknown, we previously showed that specific CD4 responses to influenza A(H1N1) correlate with SARS-CoV-2 specific CD4 T-cells, suggesting a protective effect of pre-existing influenza specific T-cells (7). We speculate that this provides evidence of healthy and “trained” immune systems within our cohort, wherein epigenetic and metabolic reprogramming have augmented innate immune cells that enhance adaptive immunity to increase SARS-CoV-2 specific responses (7, 43).

Our study has several limitations, namely that sample sizes for each cohort examined were small due to variability in vaccination timelines and participant scheduling. Some individuals were excluded due to a confounding effect on our predictive modeling, which is controlled for by the fixed effect of time relative to desired endpoints (i.e.: infection and vaccination). The natural infection group was further limited by the study timeline, as the first SARS-CoV-2 vaccination became available shortly after enrollment began and therefore limited the number of naturally infected individuals, we were able to follow longitudinally. Additionally, our analysis only included quantitative binding antibody titers. Though recent work has demonstrated that higher binding antibodies correlate to higher neutralizing antibodies (13), expansive, multi-center longitudinal studies profiling the cellular and humoral response are needed. Comprehensive future work would benefit from characterizing immunogenetic determinants for SARS-CoV-2 vaccine effectiveness (44, 45) via a so-called “Adversomics” approach (46) and should include profiling of quantitative binding antibodies, neutralizing and non-neutralizing antibodies, memory B-cells, and T-cell responses, as immune protection appears to be contingent on all three tiers of the immune response (47, 48).

Finally, some of the predictors used in our statistical analysis were found to be significant in one test but not in post-hoc tests. Large, longitudinal studies are required to confirm a significant group difference, but the predictors utilized herein should be included in future analyses. Our bivariate analysis of symptoms experienced following the 1st and 2nd doses failed to demonstrate that individual symptoms can influence peak antibody titers following full vaccination. The same was true for race and ethnicity, which were not found to be significantly predictive for peak titers, though we contend that this is because these models failed to control for individual differences, or intercepts, to account for between-subjects’ variability.

In conclusion, this study demonstrates that a combination of systemic and local symptoms is predictive of higher antibody titers, which may correlate to a higher degree of protection. Additional studies are needed to understand the role of immunologic determinants (including underlying genetic polymorphisms that influence immune cell activation/differentiation, etc.) for protection against SARS-CoV-2 infection and breakthrough infection in the age of boosters and variants capable of immune escape, as symptom profiles seem to be variant-specific (49, 50). Repeating this type of analysis at the population level along with fully characterized adaptive cellular responses will be critical in providing personalized recommendations for future vaccine measures, including recommendations for optimal booster timing.
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Background

Compared to healthy controls, severe COVID19 patients display increased levels of activated NLRP3-inflammasome (NLRP3-I) and interleukin (IL)-1β. SARS-CoV-2 encodes viroporin proteins E and Orf3a(2-E+2-3a) with homologs to SARS-CoV-1, 1-E+1-3a, which elevate NLRP3-I activation; by an unknown mechanism. Thus, we investigated how 2-E+2-3a activates the NLRP3-I to better understand the pathophysiology of severe COVID-19.



Methods

We generated a polycistronic expression-vector co-expressing 2-E+2-3a from a single transcript. To elucidate how 2-E+2-3a activates the NLRP3-I, we reconstituted the NLRP3-I in 293T cells and used THP1-derived macrophages to monitor the secretion of mature IL-1β. Mitochondrial physiology was assessed using fluorescent microscopy and plate reader assays, and the release of mitochondrial DNA (mtDNA) was detected from cytosolic-enriched fractions using Real-Time PCR.



Results

Expression of 2-E+2-3a in 293T cells increased cytosolic Ca++ and elevated mitochondrial Ca++, taken up through the MCUi11-sensitive mitochondrial calcium uniporter. Increased mitochondrial Ca++ stimulated NADH, mitochondrial reactive oxygen species (mROS) production and the release of mtDNA into the cytosol. Expression of 2-E+2-3a in NLRP3-I reconstituted 293T cells and THP1-derived macrophages displayed increased secretion of IL-1β. Increasing mitochondrial antioxidant defenses via treatment with MnTBAP or genetic expression of mCAT abolished 2-E+2-3a elevation of mROS, cytosolic mtDNA levels, and secretion of NLRP3-activated-IL-1β. The 2-E+2-3a-induced release of mtDNA and the secretion of NLRP3-activated-IL-1β were absent in cells lacking mtDNA and blocked in cells treated with the mitochondrial-permeability-pore(mtPTP)-specific inhibitor NIM811.



Conclusion

Our findings revealed that mROS activates the release of mitochondrial DNA via the NIM811-sensitive mitochondrial-permeability-pore(mtPTP), activating the inflammasome. Hence, interventions targeting mROS and the mtPTP may mitigate the severity of COVID-19 cytokine storms.





Keywords: COVID-19, NLRP3-inflammasome, viroporin, mitochondrial permeability transition pore, mitochondria in innate immune responses
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Introduction

Approximately 609 million cases of COVID-19 have been reported globally, resulting in over 6.5 million deaths (1). COVID-19 is caused by SARS-CoV-2 whose genome structure encodes a polyprotein that is cleaved into 16 non-structural proteins as well as the structural proteins S (Spike), E (Envelope), M (Membrane), and N (Nucleocapsid), plus seven open reading frames (Orfs) 3a, 6, 7a/b, 8, 9b, and 10. Severe COVID-19 manifests as pneumonia, acute respiratory distress syndrome, respiratory failure, and cytokine storm resulting in multiple organ failure (2–4). The cytokine storm results from the elaboration of pro-inflammatory cytokines such as IL-1β (5–7).

The production of mature IL-1β requires the activation of the mitochondrially-bound NLRP3-inflammasome (NLRP3-I), which encompasses the NLR family pyrin domain containing 3 (NLRP3) receptor; the adaptor molecule apoptosis-associated speck-like protein containing a caspase activation and recruitment domain (ASC); and the pro-IL-1β-converting enzyme pro-caspase-1 (CASP1). Upon activation, the NLRP3-I triggers the proteolytic cleavage of pro-caspase-1 (pro-CASP1), and CASP1 cleaves pro-IL-1β and pro-IL-18 to generate IL-1β and IL-18 which are secreted from the cell (8). Autopsy samples from severe COVID-19 patients display increased NLRP3-I activation in lung tissues and peripheral blood mononuclear cells (2), and monocytes isolated from severe COVID-19 patients have increased levels of activated NLRP3-I and IL-1β (4). Thus, understanding the mechanism by which SARS-CoV-2 activates the NLRP3-I is imperative for understanding the pathophysiology of severe COVID-19.

Recently, mitochondrial dysfunction has been shown to activate the innate immune system via mROS production and oxidation of the mitochondrial DNA (mtDNA) during replication. mtDNA replication is induced by the expression of the rate-limiting enzyme cytosine monophosphate kinase 2 (CMPK2). The oxidized mtDNA (Ox-mtDNA) is released from the mitochondrion to bind and activate the NLRP3-I (9, 10). While the mechanism by which SARS-CoV-2 activates the NLRP3-I is unknown, expression of the SARS-CoV-1/2 viroporins have been associated with activation of NLRP3-I (11–15) and are known to be membrane ion channels (16, 17).

SARS-CoV-2 encodes two viroporins E (2-E) and ORF3a (2-3a), with homologues to SARS-CoV-1 proteins (18). SARS-CoV-1/2 E and 3a viroporins localize to the endoplasmic reticulum (ER), Golgi apparatus, and plasma membrane (18) where they increase the permeability to cations such as Ca++ (19, 20). For SARS-CoV-1, the 1-E and 1-3a have been shown to activate the NLRP3-I in human monocyte-derived macrophages (11, 13, 15). In LPS-primed macrophages, co-expression of 1-E plus 1-3a resulted in higher levels of IL-1β secretion than either viroporin alone (11). 1-E has been reported to activate NLRP3-I through disrupting Ca++ homeostasis in cells (12, 14), and activation of the NLRP3-I and secretion of IL-1β by 1-E and 1-3a is mitigated by treatment with the mROS scavenger MitoQ (11). However, the mechanism by which SARS-CoV-2 activates the NLRP3-I has yet to be elucidated.

We hypothesized that expression of 2-E plus 2-3a results in increased Ca++ flux into the cytosol where it is taken up by the mitochondrion through the mitochondrial Ca++ uniporter (MCU). Within the mitochondrion, the Ca++ activates the pyruvate and α-ketoglutarate dehydrogenases to generate excessive NADH (21). The increased NADH overloads the mitochondrial electron transport chain producing increased mROS. The mROS oxidizes the mtDNA, and the Ox-mtDNA is released through the mtPTP to bind to the NLRP3 inflammasome. This activates caspase-1 to cleave pro-IL-1β and pro-IL-18 resulting in the secretion of active IL-1β and IL-18 (10, 22). Our current results support this scenario, thus placing mitochondrial function at the nexus between SARS-CoV-2 infection and the cytokine storm.



Methods


Cells, infections, and reagents

293T & THP1 cells were obtained from the American Type Culture Collection (ATCC). Cells were grown at 37°C with an atmosphere of 98% humidity and 5% CO2. 293T cells were maintained in Dulbecco’s modified Eagle’s medium + GlutaMAX™ supplement with pyruvate (GIBCO), 1% non-essential amino acids (SIGMA), and 10% fetal bovine serum (FBS) (Takara Bio). 293T-ρ0 were generate as previously described in (23). 293T-ρ0 cells were maintained in the same media used to maintain 293T cells with the addition of 100 ug/mL of Uridine (SIGMA). THP1 cells were grown in RPMI 1640 Medium (GIBCO) supplemented with 10% FBS (Takara Bio). 293T and 293T-ρ0 cells were infected with lenti viruses (MOI 4) as previously described (24). THP1 cells were infected with lenti viruses (MOI 8) with the addition of 10 μg/ml polybrene (VectorBuilder) and spin-inoculated at 700×g for 25min.



Plasmids, viral vectors, THP1 stable-transformants


Plasmid vectors

To express the components of the NLRP3-inflammasome (NLFP3-I), we utilized four plasmids expressing mouse NLRP3 (pcDNA3-N-Flag-NLRP3, Addgene plasmid # 75127), ASC (pcDNA3-N-Flag-ASC1, Addgene plasmid # 75134), CASP1 (pcDNA3-N-Flag-Caspase-1, Addgene plasmid # 75128) and pro-IL-1B (pCMV-pro-Il1b-C-Flag, Addgene plasmid # 75131). The use and construction of the NLRP3-I expression plasmids were previously described (25).

The plasmid vector used to express mitochondrial-targeted catalase (mCAT) and its respective control vector were p-mCAT (VectorBuilder ID VB170403-1078nzg) and p-EV (VectorBuilder ID VB210726-1273jte). The p-mCAT transgene cassette was transcribed from the 212 nucleotide elongation factor α1 “short” (EFS) promoter. The EFS promoter transcribes a polycistronic transcript encoding EGFP (enhanced green fluorescent protein), a self-cleaving 2A peptide site, followed by mCAT cDNA, and terminated by a simian virus 40 (SV40) late polyA sequence. p-EV is identical to the p-mCAT construct, except lacking the EGFP and mCAT sequences.



Lentiviral vectors

The lentiviral vector used to co-express 2-E+2-3a was LV-E3a (Vectorbuilder ID VB210112-1153ufz) and its respective control vector LV-EV (Vectorbuilder ID VB210112-1153ufz). The LV-E3a vector contains the cytomegalovirus (CMV) promoter, the 2-E+2-3a viroporins obtained from Gordon et al., 2020 (18) separated by a 2A peptide site, and terminated by a SV40 late polyA sequence cloned into the LV-EV vector. The viroporin sequences deduced from the protein sequences were modified by adding an ATG codon 5’ and three N-terminal FLAG-tags added to the 3’ end of each viral protein. LV-EV is an empty vector.

The lentiviral vector expressing our mCAT and its respective control vector were LV-mCAT (VectorBuilder 210909-1242kdf) and LV-EV (VectorBuilder 900122-0484ubz). The LV-mCAT vector includes the EFS promoter, EGFP, 2A peptide site, mCAT, and SV40 late polyA sequence. The LV-EVcontrol vector lacks the EGFP and mCAT sequences.



THP1 mCAT stable-transformants

THP1 cells were transduced with LV-mCAT or empty vector and selected with puromycin. Expression of stable-transformants of mCAT were validated by EGFP fluorescence.





Method details


Cell staining

293T cells were plated at a density of 45 × 103 in 0.2% gelatin-coated (ScienCell) 96-well glass-bottom plates with high-performance #1.5 mm cover glass (Cellvis). Twenty-four hours post-plating, sub-confluent monolayers of 293T cells were transduced with LV-EV or LV-E3a. Twenty-four hours post-transduction, cells were washed two times with phosphate-buffered saline (PBS), then stained. For determination of mROS levels, cells were co-stained with 3 μM MitoSOX™ Red (MitoSOX, mitochondrial superoxide indicator) and 50 nM MitoTracker™ Deep Red FM (MTDR) for 30 min at 37°C. For assaying mROS levels after treatment with Thapsigargin (TG) using the plate reader, cells were stained with 3 μM MitoSOX for 30 min at 37°C.To quantify mROS after staining, cells were washed three times in PBS, maintained in FluoroBrite™ DMEM (GIBCO) supplemented with 12.5 mM HEPES (SIGMA) and 1% non-essential amino acids (SIGMA), and the fluorescence measured.

To determine cytosolic Ca++ levels, cells were washed three times with Tyrode’s Salts (Sigma-Aldrich), stained for 40 min with 2 μM Fura Red™, acetoxymethyl ester (AM), cell-permeant (Fura-Red) in 0.02% pluronic F127 (Pluronic® F-127) detergent. To determine mitochondrial Ca++ levels, cells were washed three times with Tyrode’s Salts, stained for 40 min with 10 μM Rhod-2, AM, cell-permeant (Rhod2) and 50 nM MTDR in 0.02% pluronic F127. After staining cells were washed three times, maintained in Tyrode’s Salts, and the florescence measured. To determine mitochondrial Ca++ levels after treating with TG, cells were stained for 40 min with 10 μM Rhod2, washed three times, maintained in Tyrode’s Salts, and the florescence measured.



SpectraMax plate reader assay


Measurement of mROS and cytosolic and mitochondrial Ca++ levels

After staining cells (see “Cell Staining”), mean fluorescence was assessed using the SpectraMax® Paradigm® Multi-mode Detection Platform, equipped with a Tunable Wavelength (TUNE) Detection Cartridge (Molecular Devices). mROS was quantified by MitoSOX fluorescence (ex:540 nm, em:590 nm) and MTDR (ex:633 nm, em:680 nm) and MitoSOX/MTDR calculated. Rhod2 fluorescence for mitochondrial Ca++ level (ex:540 nm, em:590 nm) and MTDR (ex:633 nm, em:680 nm), and Rhod2/MTDR calculated. Fura-Red fluorescence was measured for cytosolic bound-Ca++ level using ex:405 nm, em:637 nm and unbound-Ca++ level using ex:514 nm, em:672 nm. The ratio of bound-Ca++/unbound-Ca++ was calculated.



Measurement of mitochondrial Ca++ and mROS after treating with TG

After staining cells with Rhod2 or MitoSOX (“Cell Staining”), cells were treated for 10 min with or without 10 μM mitochondria channel uniporter inhibitor 11 (MCUi11), or dimethylsulfoxide (DMSO) as a negative control. Mitochondrial Ca++ determined from Rhod2 was measured using ex:540 nm, em:590 nm and mROS from MitoSOX using ex:540 nm, em:590 nm. Cells were then treated with 2.5 μM TG and changes in mitochondrial Ca++ or mROS recorded every 15 seconds for 180 seconds. Relative change in mitochondrial Ca++ was calculated by dividing the average change in Rhod2 fluorescence after treatment with TG by Rhod2 fluorescence before treatment with TG. Relative change in mROS levels were calculated by dividing the average change in MitoSOX fluorescence after treatment with TG by MitoSOX fluorescence before treatment with TG.




Confocal microscopy

Live-cell fluorescence imaging was performed using a Zeiss 710 LSM confocal microscope with an environmental chamber maintained at 37°C and 5% CO2. Laser lines used: diode 405 nm, Argon 514 nm, HeNe lasers 543 nm and 633 nm excitation wavelengths. Fluorescence was analyzed using ImageJ. Fluorescence intensities of stained cells were normalized to the unstained negative cells. A minimum of 60 images was taken for each condition across at least three independent experiments.



Fluorescence lifetime imaging microscopy (FLIM) of NADH autofluorescence

Fluorescence lifetime imaging microscopy (FLIM) of NADH autofluorescence was performed according to Schaefer et al. (26). Using FLIM, NADH was measured on a Zeiss LSM 710 Laser Scanning Microscope equipped with a pulsed, two-photon titanium-sapphire laser (80 MHz, 100 fs pulse width). NADH was excited at 730 nm and emission was recorded through a 460/60 nm bandpass filter using the hybrid detector HPM-100-40, mounted on the NDD port of the LSM710. Time-correlated single photon counting (TCSPC) was performed with a temporal resolution of 256 time channels within a pulse period of 12.5 ns, resulting in FLIM images of 512 × 512 pixel. The final measurement settings were 60 sec collection time; ≈ 15 μsec pixel dwell time; 135 × 135 μm2 scanning area using a Plan-Apochromat 63x/1.40 Oil DIC M27 lens. SPCM 9.8 was used to record the data, which were subsequently analyzed using SPCImage 8.0 by fitting (WLS method) of a biexponential decay with lifetime components fixed to 400 ps and 2500 ps for free and protein-bound NADH, respectively. Final analysis settings were square binning of 2, peak threshold adapted to background, and shift fixed at a pixel with clear NADH signal. The mean NADH lifetime (tmean) was calculated and is depicted in false-color coding with red indicating a shorter and blue a longer NADH lifetime. For subcellular analysis, region of interests (ROIs) of similar size were drawn for five nuclei across each image. For the mitochondria-rich region, the peak threshold was increased to remove nuclear and cytosolic NADH signal, averaging only the tmean of the mitochondrial NADH.



Catalase assay

Catalase activity was assessed through cleavage of H2O2 in 293T cell lysates collected twenty-four hours post-transfection with p-mCAT or p-EV, using a Catalysis Activity Kit (Abcam, ab83464).



Western blot analysis

Twenty-four hours post-transduction, cells were washed with cold PBS and then lysed with 2.5% n-Dodecyl-B-D-Maltoside in 20 mM HEPES (pH 7.4), 50 mM β-glycerophosphate, 2 mM EGTA, 10% (v/v) glycerol, and 0.01% Bromophenol blue. Lysates were electrophoresed on 4 to 12%, Bis-Tris gels (Invitrogen) SDS-polyacrylamide NuPAGE™ gels. Gels were transferred to a nitrocellulose membrane by the iBlot Gel Transfer System (Invitrogen), membranes blocked for one hour in 5% nonfat milk in 150 mM NaCl and 25 mM Tris-buffered saline in 0.1% Tween® 20 Detergent (TBST) then incubated overnight at 4°C with shaking. The primary antibody was diluted 1:1000 in TBST. Membranes were then washed three times with TBST and incubated with Alexa Fluor-conjugated secondary antibodies for one hour at room temperature. Protein levels were quantified using the Odyssey imaging system (LiCOR Biosciences). GAPDH as a loading control.



Detection of secreted IL-1β in 293T cells with reconstituted NLRP3-I and THP1 macrophages

293T cells were plated at a density of 100 × 103 in 24-well plates. Twenty-four hours post-plating sub-confluent monolayers of 293T cells were infected with LV-EV or LV-E3a. Six hours post-infection cells were co-transfected using the TransIT-X2® Dynamic Delivery System (Mirus Bio) with the plasmids encoding the components of the NLRP3-I (25), followed by p-mCAT or p-EV transduction. Twenty-four hours post-transfection, cells were washed two times with PBS, then cultured with or without the addition of 50 uM MnTBAP. Cell lysates and culture supernatants were collected twelve hours post-treatment and centrifuged to remove cell debris. Supernatant IL-1β was quantified by ELISA (Abcam, ab197742).

THP-1 cells were plated at a density of 100 × 103 in 96-well plates. THP1 cells were infected with LV-EV or LV-E3a. Six hours post-infection, THP1 cells were differentiated into macrophages with 50 ng/ml Phorbol 12-myristate 13-acetate (PMA) overnight. After differentiation, cells were washed two times with PBS, and fresh media was added with the addition of 100 μM MnTBAP, 5 μM MCC950, or 10 μM N-methyl-4-isoleucine-cyclosporin (NIM811). Nine hours post-treatment with MnTBAP or MCC950 or one-hour post-treatment with NIM811, THP1 macrophages were stimulated with 100 ng/ml Lipopolysaccharides (LPS) and 2.5 μM of nigericin for nine hours. Supernatants were collected, centrifuged, and the amount of IL-1β in the supernatants measured by ELISA (Abcam, ab46052). THP1 cells stably expressing LV-mCAT or control vector, were infected with LV-EV or LV-E3a, and 6 hours post-infection the THP1 cells were differentiated into macrophages, and supernatant IL-1β quantified via ELISA.



Detection of mtDNA from cytosolic-enriched fractions in 293T cells

Twenty-four hours post-plating, sub-confluent monolayers of 293T cells were infected with LV-EV or LV-E3a. Six hours post-infection, cells were transfected with the plasmids encoding p-mCAT or p-EV, or twenty-four hours post-infection cells were treated with or without the addition of 50 uM MnTBAP or 10 uM NIM811. Twenty-four hours post-transfection or ten hours post-treatment, cells were washed with PBS, then dissociated from the plate with Trypsin. The dissociated cells were then pelleted via centrifugation and lysed with hypertonic buffer consisting of 20 mM Tris-HCl (pH 7.4), 10 mM NaCl, and 3 mM MgCl2 for fifteen minutes on ice, then treated with Non-Ionic Detergent P-40 (NP-40) 0.05% (v/v) and vortexed at max speed. Cell lysates were centrifuged for 15 minutes at 1,000 g, and the resulting supernatants were centrifuged for 1 hour at 200,000 g to isolate a cytosolic enriched fraction. After centrifugation, protein concentrations were determined from the resulting supernatants by Bradford assay using the Bio-Rad protein assay (Bio-Rad, Hercules, CA). DNA was isolated from equal amounts of protein using the DNA Clean & Concentrator-5 (Zymo Research, 11-303). Levels of mitochondrial DNA in the cytosolic enriched fraction were then determined via TaqMan Real-Time PCR assays to detect mitochondrial NADH dehydrogenase subunit 5 (MT-ND5) using the TaqMan probe (MT-ND5 Hs02596878_g1).



Statistical and reproducibility

For quantitative analyses, a minimum of 3 biological replicates were analyzed. Western blot data are from the respective experiment, processed in parallel, and represent at least three independent experiments. One-way ANOVA was performed for statistical differences between three or more groups, followed by a post hoc Tukey’s HSD test to test for statistical differences. For studies that require a quantitative evaluation between two groups, statistical significance was determined using unpaired two-tail Student’s t-test. All data bar graphs, data are reported as mean ± standard error of the mean (SEM). All statistical analysis was done on GraphPad Prism 9.01. For student’s t-test * = p < value 0.05, ** = p < value 0.01, *** = p < value 0.001, **** = p < value 0.0001).




Results


Expression of 2-E+2-3a increases Ca++ leakage into the cytosol, elevates mitochondrial Ca++ levels, and increases mROS production

A major unanswered question is how 2-E and 2-3a activate the NLRP3-I. We hypothesized that expression of 2-E and 2-3a results in increased Ca++ flux into the cytosol where it is taken up by the mitochondrion through the MCU. Within the mitochondrion, the Ca++ activates the pyruvate and α-ketoglutarate dehydrogenases to generate excessive NADH. The increased NADH overloads the electron transport chain producing increased mROS. The mROS oxidizes the mtDNA which is released through the mtPTP to bind to the NLRP3-I. This activates caspase 1 to cleave pro-IL-1β and pro-IL-18 resulting in the secretion of active IL-1β and IL-18 (10, 22).

To test this hypothesis, we constructed a polycistronic expression vector combining 2-E+2-3a (LV-E3a) to determine how these viroporins function synergistically to engage the NLRP3-I (Figures 1A, B). In this vector the 2-E+2-3a sequences were separated by the self-cleaving 2A peptide site (27) to allow co-expression from a single transcript. The expression of 2-E+2-3a in LV-E3a transduced 293T cells was confirmed by Western blot (Figure 1C). We then demonstrated that LV-E3a transduced 293T cells experience increased cytosolic Ca++ with Fura-Red by plate reader assay (Figures 1D, J) and confocal microscopy (Figure 1E). Additionally, we demonstrated that LV-E3a transduced 293T cells experience increased mitochondrial Ca++ with Rhod2 by plate reader assay (Figures 1F, J) and confocal microscopy (Figure 1G). The LV-E3a transduced 293T cells had elevated levels of both cytosolic and mitochondrial Ca++.




Figure 1 | Expression of 2-E+2-3a induces mROS production by elevating mitochondrial Ca++ levels. (A, B) Schematics of our LV-EV and LV-E3a vectors. (C) 293T cells were transduced with LV-EV or LV-E3a, and samples analyzed by immunoblot with a mouse monoclonal antibody against FLAG-Tag, to detect the FLAG-tagged 2-E+2-3a viroporins. GAPDH was a loading control. (D, E) 24 hrs post-transduction cells were stained with Fura-Red to measure cytosolic Ca++ levels, (F, G) and with Rhod2 & Mitotracker Deep Red (MTDR) to measure mitochondrial Ca++ levels. (E, G, J) data from confocal microscopy or (D, F) data from plate reader assays. (H) 24 hrs post-transduction with LV-EV or LV-E3a 293T cells were treated with or without 10 μM MCUi11, and then 2.5 μM TG and stained with Rhod2 to measure mitochondrial Ca++ levels by plate reader assays. (I) Cells, 24 hrs post-transduction with LV-EV or LV-E3a, were analyzed for mean mitochondrial NADH lifetime (tmean) indicating (NAD+/NADH ratio) using FLIM. (J) Representative images of Fura-Red, Rhod2-stained, and NADH lifetime imaged cells. Scale bar = 30 μm. Error bars represent SEM from 3 independent experiments; statistically significant data is indicated with asterisks (*).



Treating with thapsigargin (TG) triggers Ca++ flux into the cytosol resulting in increased mitochondrial Ca++ uptake (28, 29). Treatment with the mitochondrial calcium uniporter inhibitor 11 (MCUi11) blocks Ca++ entry into the mitochondrion (30, 31). Treatment with MCUi11 abolished mitochondrial calcium uptake in LV-E3a transduced cells (Figure 1H) following TG treatment. Thus, expression of 2-E+2-3a in 293T cells results in increased Ca++ flux into the cytosol resulting in an elevation of cytosolic Ca++. The cytosolic Ca++ is then taken up by the mitochondrial calcium uniporter resulting in elevated mitochondrial Ca++ (Figure 1H).

Elevated mitochondrial Ca++ activates the tricarboxylic acid cycle dehydrogenases generating excess NADH (21). Expression of 2-E+2-3a in 293T cells resulted in increased mitochondrial NADH levels detected via NADH fluorescence lifetime imaging (FLIM) (NAD+/NADH) mean (ps) (Figures 1I, J).

Excessive NADH levels can overload the electron transport chain producing increased mROS. The increased NDAH in 2-E+2-3a expressing 293T cells was associated with increased mROS production detected by staining transduced cells with MitoSOX, which detects mitochondrial superoxide anion production (Figures 2A–C). To determine if the increased mROS was due to the entry of Ca++ into the mitochondrion, we treated the cells with MCUi11 which blocked the increased mROS production (Figure 2D). As predicted MCUi11 blocked the increased mROS production. Hence the increased mROS production in 2-E+2-3a cells was dependent on elevated mitochondrial Ca++.




Figure 2 | Expression of mCAT or treatment with the mROS scavenger MnTBAP antioxidant defenses blocks 2-E+2-3a induced mROS. (A–C) 24 hrs post-transduction cells were stained with MitoSOX and MTDR to measure mROS levels via (A) data from plate reader assays or (B, C) data from confocal microscopy. (D) 24 hrs post-transduction with LV-EV or LV-E3a 293T, cells were treated with or without 10 μM MCUi11, and then 2.5 μM TG and stained with MitoSOX to measure mROS levels by plate reader assays. (E, F) Schematics of p- p-mCAT and EV vectors. (G) Catalase assay through cleavage of H2O2 in 293T cell lysates collected 24 hrs post-transfection with p-EV or p-mCAT. (H-M) 24 hrs post-transfection levels of mROS assessed using MitoSOX and MTDR fluorescence 293T cells transduced with LV-EV or LV-E3a and transfected (H, I, L) with p-mCAT or its respective control p-EV or (J, K, M) cultured in the presence or absence of 50 μM MnTBAP, DMSO used as a negative control. MTDR fluorescence was used to normalize for mitochondrial content with mROS expressed as the ratio of MitoSOX/MTDR, by (H, J) plate reader assays or (I, K, L, M) confocal microscopy. (C, L, M) Representative images of MitoSOX-stained cells. Scale bar = 30 μm. Error bars represent SEM from 3 independent experiments; statistically significant data is indicated with asterisks (*).



To confirm that the 2-E+2-3a induced ROS production was mROS, we transfected the 2-E+2-3a expressing 293T cells with a vector expressing mitochondrially-targeted catalase (mCAT) (Figures 2E–I, L) which removes mitochondrial H2O2 (32). We also treated the cells with the mitochondrially targeted catalytic metalloporphyrin anti-oxidant, MnTBAP (Figures 2J, K, M) (33). Treatment with either MnTBAP or mCAT extinguished the 2-E+2-3a activated ROS product, confirming that the ROS was generated by the mitochondrion.

2-E+2-3a induced mROS is involved in NLRP3-activation and IL-1β production. SARS-CoV-1, activation of the NLRP3-I and associated pathogenicity were observed for both viroporins 1-E+1-3a (11, 14, 34, 35). To determine if this is the case for SARS-CoV-2, we used two model systems to determine if 2-E+2-3a expression activates the NLRP3-I via the mitochondrion. In the first, we reconstituted the inflammasome in 293T cells by transforming with plasmids encoding the components of the NLRP3-I (Figure 3A) (25). In the second, we employed the human acute monocytic leukemia derived cell line, THP1, which can be converted to macrophages by treatment with phorbol ester (PMA) and the macrophages treated with LPS + nigericin (Figure 3B) (36). The reconstituted NLRP3-I 293T cells were transduced with the 2-E+2-3a expression vector (Figure 3A). The THP-1 cells were first transduced with the 2-E+2-3a expression vector and then treated with PMA and LPS + nigericin (Figure 3B). The expression of 2-E+2-3a in both cell systems, 293T (Figure 3C) and THP1 macrophages (Figures 3D–F) resulted in enhanced secretion of NLRP3-activated IL-1β in 293T-NLRP3-I (Figure 3E) and THP1 macrophages (Figures 3D, E).




Figure 3 | mROS and the mtPTP are required for activation of the NLRP3-I by the 2-E+2-3a viroporins. (A, B) Experimental design used to assess NLRP3-activated by IL-1β in cell-free supernatants quantified by ELISA. (A) 293T cells with an NLRP3-I reconstitution system (NLRP3, ASC, pro-CASP1, pro-IL-1β) and (B) THP1 differentiated into macrophages and primed with LPS + nigericin. (C) 293T cells transfected with LV-EV or LV-E3a were transfected with the NLRP3-I plasmids and p-mCAT or its control plasmid p-EV, or cultured in the presence or absence of 50 μM MnTBAP. (D, F, G) THP1 cells were transduced with LV-EV or LV-E3a, differentiated into macrophages, treated with LPS + nigericin, and treated with 5 μM MCC950, 100 μM MnTBAP or 10 μM NIM811, the supernatants analyzed for IL-1β by ELISA. (E) THP1 cells stably expressing LV-mCAT or control plasmid were infected with LV-EV or LV-E3a, differentiated into macrophages, and supernatant IL-1β levels determined via ELISA. Error bars represent SEM from 3 independent experiments; statistically significant data is indicated with asterisks (*).



We then confirmed that 2-E+2-3a expression activates the NLRP3-I and IL-1β secretion via increased mROS production. 293T cells expressing the inflammasome proteins (Figure 3C) and LPS-nigericin treated THP1 macrophages (Figures 3D, E) were treated with mitochondrially targeted antioxidants: transformation with mCAT or treatment with MnTBAP. Both mCAT expression and MnTBAP treatment impaired IL-1β secretion.

We then determined if mROS activation of the NLRP3-I was mediated by release of a mitochondrial component via the mtPTP, which has been conjectured but not proven. We treated 2-E+2-3a transduced THP1 macrophages with the specific mtPTP inhibitor N-methyl-4-isoleucine-cyclosporin (NIM811). NIM811 blocks the mtPTP by binding to cyclophilin D, analogous to cyclosporin A (CsA), but without calcineurin inactivation (37–39). NIM811 treatment suppressed the secretion of IL-1β following LPS + nigericin activation of the THP1 macrophages (Figure 3F) demonstrating for the first time the mtPTP is the route by which a mitochondrial factor, presumably mtDNA, reaches the NRLP3-I. Finally, to confirm that 2-E+2-3a secretion of IL-1β occurred through NRLP3-I, we treated THP1 macrophages with MCC950, a selective small molecule inhibitor that binds to the NACHT domain of NLRP3 (40). MCC950 blocked IL-1β secretion in 2-E+2-3a expressing THP1 macrophages, demonstrating that E3a secretion of IL-1β, was mainly through the activation of the NLRP3-I (Figure 3G).

We next demonstrated that LV-E3a transduced 293T cells increased levels of cytosolic mtDNA via Real-Time PCR quantification of mitochondrial NADH dehydrogenase subunit 5 (MT-ND5) in cytosolic-enriched supernatants (Figures 4A–C). To confirm that 2-E+2-3a increased the levels of cytosolic mtDNA via efflux through the mtPTP, we treated 2-E+2-3a expressing 293T cells with NIM811, which extinguished the 2-E+2-3a elevation of cytosolic mtDNA. This confirms that mtPTP opening contributes to 2-E+2-3a elevation of cytosolic mtDNA (Figure 4B). To determine if mROS contributed to 2-E+2-3a release of mtDNA we transduced 293T cell expressing 2-E+2-3a cells with mCAT or treated the cells with MnTBAP. Both mitochondrial catalytic antioxidants impaired 2-E+2-3a elevation of cytosolic mtDNA (Figures 4B, C). Finally, to confirm that 2-E+2-3a activation of the NRLP3-I, was dependent on mtDNA we showed that secretion of the IL-1β was lost in 293T cells with a reconstituted inflammasome (Figure 4D) that had been cured of their resident mtDNA (ρ0 cells). The presence of mtDNA is thus an absolute requirement for 2-E+2-3a activation of the NRLP3-I.




Figure 4 | 2-E+2-3a viroporins induced mROS is required for the release of mtDNA from the mitochondrion into the cytosol via the mtPTP. (A) Representative Figure. (B, C) 293T cells were transduced with LV-EV or LV-E3a. (B) 24 hrs post-transduction cells were treated with or without 50 uM MnTBAP or 10 μM NIM811. 10 hrs post-treatment, cells were lysed, cytosolic-enriched fractions collected, DNA isolated from the cytosolic-enriched fractions, and levels of cytosolic mtDNA determined by RT-PCR with a probe specific for MT-ND5. (C) 6 hrs post-transduction with LV-EV or LV-E3a, 293T cells were transfected with p-mCAT or its control plasmid p-EV. 24 hrs post-transfection, levels of cytosolic mtDNA were determined as described above. (D) 293T or 293T-ρ0 cells transduced with LV-EV or LV-E3a were transfected with the NLRP3-I plasmids the supernatants analyzed for IL-1β by ELISA. Error bars represent SEM from 3 independent experiments; statistically significant data is indicated with asterisks (*).



Thus, we have demonstrated that co-expression of 2-E+2-3a enhances Ca++ leakage into the cytosol, increasing levels of cytosolic and mitochondrial Ca++. This 2-E+2-3a mediated increase in mitochondrial Ca++ increases mitochondrial NADH in association with increased mROS. mtDNA is then released into the cytosol via the mtPTP which activates the NLRP3-I stimulating the secretion of IL-1β. Increasing mitochondrial antioxidant defenses through treatment with the pharmacological mROS scavenger MnTBAP or genetic expression of mCAT blocks 2-E+2-3a induced activation of the NLRP3-I, which is absolutely dependent on the presence of mtDNA. Together these findings reveal that the mechanism by which 2-E+2-3a engage the NLRP3-I is via viroporin manipulation of mitochondrial physiology causing release of mtDNA to bind to the NLRP3-I.




Discussion

A variety of mechanisms have been proposed to activate the NLRP3-I. These include interferon antagonism, organelle stress, mROS production, direct binding to inflammasome components (9, 10), and cellular expression of viroporins (16, 17). SARS-CoV-1/2 have been shown to agonizes the NLRP3-I by three mechanisms. First, through direct viral protein interaction with components or regulatory proteins of the NLRP3-I, via 2-N interaction with the NLRP3 receptor, and 1-3a interaction with CASP1 & TNF Receptor Associated Factor 3 (TRAF3) (13, 15, 36). Second, by increasing NF-κB-dependent target gene transcription of pro-inflammatory cytokines such as IL-18 and IL-1β through the 2-N, 2-S, 2-7a, 1-3a & 2-3a proteins (15, 36, 41, 42). Third, by distress or cellular damage caused by SARS-CoV-1/2 viroporins (11–13, 15, 43), which are transmembrane pore-forming proteins that localize to membranes and augment cell permeability to ions.

All human coronaviruses encode one or more viroporins that antagonize the NLRP3-I (44–47). SARS-CoV-1 encodes for three viroporins 1-E, 1-3a, and 1-8b. Several studies have shown that 1-E & 1-3a activate the NLRP3-I in various human cell lines transduced with the components of the NLRP3-I or LPS-primed macrophages and monocyte-derived macrophages (11, 13, 15). The 1-E viroporin has been reported to engage the NLRP3-I and elicit production of chemokines and cytokines through disrupting cellular Ca++ homeostasis (12, 14). Treatment of LPS-primed macrophages with the mROS scavenger MitoQ decreased 1-E or 1-3a activation of the NLRP3-I and secretion of IL-1β and co-expression of 1-E and 1-3a significantly increased levels of IL-1β secretion demonstrating a synergistic effect between the two viroporins (11).

SARS-CoV-2 encodes two viroporins 2-E & 2-3a, which share high sequence homology with their SARS-CoV-1 counterparts and function as cation-selective ion channels (19, 48). Both 1-3a & 2-3a stimulate NF-κB-dependent gene transcription and that 2-E increases the transcription of pro-inflammatory cytokines and chemokines, including IL-1β (13, 14, 42). However, the central role of the mitochondrion in viroporin activation of the NLRP3-I and the central role of mitochondrial Ca++, mROS, and mtDNA in viroporin-induced inflammation had not been determined. Our paper now demonstrates that the activation of the NLRP3-I via the 2-E and 2-3a proteins requires mitochondrial signaling via mitochondrial uptake of Ca++, increased NADH and mROS levels, the presence of mtDNA, and the release of mtDNA through the mtPTP. By inducing Ca++ release into the cytosol, 2-E+2-3a likely activates the tricarboxylic acid cycle dehydrogenases generating the excess NADH (21). The resulting excessive reducing equivalents likely then overloads the electron transport chain producing increased mROS. Presumably, the increased mROS damages the mtDNA and activates mtPTP opening. This increases cytosolic mtDNA, which can bind to and activate the NLRP3-I.

While our experiments did not confirm that the mtDNA released through the mtPTP was oxidized, other studies have shown that oxidized mtDNA is a ligand of NLRP3-I (10, 22). Thus, we complete the mitochondrial innate immune activation pathway by showing that the presence of mtDNA is required for activation of the NLRP3-I and that release of mtDNA is via the mtPTP.

Demonstration that SARS-CoV-2 activated the inflammasome via the mitochondria provides new approaches to mitigating the severity of the cytokine storm. Previous studies have indicated that generalized antioxidants such as N-acetyl cysteine (49), glutathione (50), and catalase (51) can reduce viral propagation and pathology. Our data extend these observations by identifying the sequence of events by which SARS-CoV-2 activates the NLRP3-I, thus demonstrating that mROS and the mtPTP are critical steps in NLRP3-I activation. Therefore more effective therapies may be obtained using mitochondrially targeted catalytic antioxidants such as MnTBAP (33), EUK-8, and EUK-134 (52) and also inhibitors of the mtPTP such as NIM811 (37, 38).
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Severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) is characterized by a range of symptoms in which host immune response have been associated with disease progression. However, the putative role of regulatory T cells (Tregs) in determining COVID-19 outcomes has not been thoroughly investigated. Here, we compared peripheral Tregs between volunteers not previously infected with SARS-CoV-2 (healthy control [HC]) and volunteers who recovered from mild (Mild Recovered) and severe (Severe Recovered) COVID-19. Peripheral blood mononuclear cells (PBMC) were stimulated with SARS-CoV-2 synthetic peptides (Pool Spike CoV-2 and Pool CoV-2) or staphylococcal enterotoxin B (SEB). Results of a multicolor flow cytometric assay showed higher Treg frequency and expression of IL-10, IL-17, perforin, granzyme B, PD-1, and CD39/CD73 co-expression in Treg among the PBMC from the Mild Recovered group than in the Severe Recovered or HC groups for certain SARS-CoV-2 related stimulus. Moreover, Mild Recovered unstimulated samples presented a higher Tregs frequency and expression of IL-10 and granzyme B than did that of HC. Compared with Pool CoV-2 stimuli, Pool Spike CoV-2 reduced IL-10 expression and improved PD-1 expression in Tregs from volunteers in the Mild Recovered group. Interestingly, Pool Spike CoV-2 elicited a decrease in Treg IL-17+ frequency in the Severe Recovered group. In HC, the expression of latency-associated peptide (LAP) and cytotoxic granule co-expression by Tregs was higher in Pool CoV-2 stimulated samples. While Pool Spike CoV-2 stimulation reduced the frequency of IL-10+ and CTLA-4+ Tregs in PBMC from volunteers in the Mild Recovered group who had not experienced certain symptoms, higher levels of perforin and perforin+granzyme B+ co-expression by Tregs were found in the Mild Recovered group in volunteers who had experienced dyspnea. Finally, we found differential expression of CD39 and CD73 among volunteers in the Mild Recovered group between those who had and had not experienced musculoskeletal pain. Collectively, our study suggests that changes in the immunosuppressive repertoire of Tregs can influence the development of a distinct COVID-19 clinical profile, revealing that a possible modulation of Tregs exists among volunteers of the Mild Recovered group between those who did and did not develop certain symptoms, leading to mild disease.
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1 Introduction

In December 2019, pneumonia of unknown etiology was observed in Wuhan, China, and was later associated with a new betacoronavirus (1). Named Coronavirus of Severe Acute Respiratory Syndrome 2 (SARS-CoV-2), this new pathogen is the causative agent of Coronavirus Disease 2019 (COVID-19) and is responsible for the current pandemic announced by the World Health Organization (WHO) on 11 March 2020 (1–3). Although the disease may present with a broad spectrum of manifestations, including asymptomatic cases and severe symptoms that may result in death, most affected individuals develop a non-severe condition (3, 4).

The public health emergency caused by the SARS-CoV-2 infection has prompted the scientific community to evaluate immune response, revealing the significant contribution of the immune system to disease progression (5). In this context, factors such as viral load and the efficacy of innate immunity, especially those mediated by type I interferons, seem to be pivotal to adaptive responsiveness and clinical outcomes (6). For example, the time of action of CD4+ T lymphocytes has been associated with different clinical conditions (7). Additionally, lymphopenia and defects in Th1 immune profile have been associated with increased severity in COVID-19 cases (8).

Regulatory T cells (Tregs), a CD4+ T lymphocyte subpopulation with regulatory functions, develop a pivotal role in self-tolerance and immune homeostasis in some diseases (9, 10). In the context of COVID-19, alterations in IL-10+ and CD39+ Treg subpopulations or an imbalance between Tregs/Th17 can be associated with disease severity (10–13). However, divergent results regarding the frequency of these lymphocytes raise questions regarding the role of Tregs in disease progression (10, 14–16).

Thus, to better understand the role of Tregs in the context of SARS-CoV-2 infection, we evaluated Tregs (CD3+CD4+CD25+FOXP3+) based on their frequency and expression of cytokines, cytotoxic granules, inhibitory receptors, and ectonucleotidases in the peripheral blood mononuclear cells (PBMC) from volunteers recovered from mild and severe forms of COVID-19. Among the volunteers who recovered from mild disease, we compared the immune parameters between those who did and did not experience certain symptoms. We observed a differential Treg immune profile after disease resolution particularly in the group of volunteers who recovered from mild SARS-CoV-2 infection. This study points to a pivotal change in the Treg profile that could help the scientific community understand the role of this subpopulation of lymphocytes in the course of different clinical forms of COVID-19.




2 Materials and methods



2.1 Ethics statement

This study was approved by the National Commission of Ethics in Research (certificate CAAE: 31354720.0.0000.5188). All experiments were performed in compliance with the relevant regulations, institutional guidelines, and ethical standards of the Declaration of Helsinki. Informed consent was obtained from all the enrolled volunteers.




2.2 Patient recruitment

This study was conducted from May 2020 to May 2021 in Brazil. The study began around the time when the SARS-CoV-2 virus of the original lineage was still circulating and continued with the alpha and gamma variants being first detected in the end of 2020 (between October and December). These studies ended in May 2021, a few days after the delta variant was identified for the first time in Brazil (April 26, 2021) (17, 18). Sixteen nonvaccinated volunteers who presented COVID-19 symptoms between May 2020 and May 2021 and had subsequently recovered were recruited. The SARS-CoV-2 diagnosis was based on RT qPCR for COVID-19 during the acute phase and IgG serological tests (Euroimmun Anti‐SARS‐CoV‐2 assay, Perkin Elmer Company) after recovery. The recovered COVID-19 volunteers were assigned to either the Mild Recovered (did not need hospitalization, n = 9) or Severe Recovered (presented pulmonary symptoms requiring hospitalization, n = 7) group. For epidemiologic purposes, severe dyspnea, a respiratory rate of 30 or more breaths per minute, a blood oxygen saturation of 93% or less, and infiltrates in more than 50% of the lung were considered severe symptoms of COVID-19 (19). In addition, a healthy control group (HC, n = 8) was included. Volunteers in the HC group were not previously vaccinated against COVID-19, were reportedly asymptomatic for the last 10 weeks, were negative by certified SARS‐CoV‐2 antibody test (Euroimmun Anti‐SARS‐CoV‐2 assay Perkin Elmer Company), and had a negative RT qPCR test for SARS‐CoV‐2. Whole blood for flow cytometry analysis was collected in sodium heparin-coated vacutainers and gently agitated until processing. The blood samples were processed on the day of collection.




2.3 RT qPCR assay

Quantitative real-time PCR (RT qPCR) was performed as described previously (20) at the time of sample collection for flow cytometry experiments. This procedure was essential to ensure that no SARS-CoV-2 infection or reinfection occurred in the HC and recovered volunteers. The RNA isolated from nasopharyngeal or oropharyngeal swabs was extracted (QIAprep&amp Viral RNA UM Kit, QIAGEN, USA) and amplified by one-step RT qPCR (SARS-CoV-2 N1+N2 Assay Kits, QIAGEN, USA).




2.4 Design and preparation of SARS-CoV-2 epitope pools

For peptide design, we identify the most frequent HLA-class I/II alleles among the Brazilian population and most frequently in the world in the IEDB tools. We then performed MHC-I and II binding affinity and antigenicity predictions and analyzed the peptide molecular dynamics of the best-fitted MHC-I and II/protein of SARS-CoV-2 complexes. SARS-CoV-2 virus-specific CD4 and CD8 peptides (Table 1) (patent number: BR 10 2022 005518 1) were synthesized (GenOne Biotechnologies, Rio de Janeiro, Brazil), lyophilized, and stored at -20°C for subsequent analysis. Subsequently, the peptides were resuspended in H2O (MiliQ) and pooled into groups (Pool CoV-2 contained peptides from the spike protein and non-spike proteins, whereas Pool Spike CoV-2 contained peptides from the spike protein only, Table 1).


Table 1 | List of peptides chosen in this study through prediction studies and Spike peptide pool.



SARS-CoV-2 epitopes were predicted using protein sequences derived from the Brazilian SARS-CoV-2 sequences deposited in GenBank and IEDB analysis resources. CD4 SARS-CoV-2 epitope prediction was performed as previously reported, using the NetMHCIIpan 4.0 algorithm and CD4 immunogenicity prediction (IEDB), HLA-DRB*1:03:01, HLA-DRB*1:07:01, HLA-DRB*1:15:01, HLA-DRB*3:01:01, HLA-DRB*3:02:02, HLA-DR*4:01:01, and HLA-DRB*5:01:01. Due to extremely high heterogenicity of the Brazilian population, we carefully included the frequently identified HLA I and II in the Brazilian population along with the most frequently identified HLA populations in the world. CD8 SARS-CoV-2 epitope prediction was performed as previously reported using the NetMHCpan4.0 algorithm (HLA-A* 01: 01; HLA-A* 02: 01; HLA-A* 11: 01; HLA-A* 24: 02; HLA-A* 68: 01; HLA-A* 23: 01; HLA-A* 26: 01; HLA-A* 30: 02; HLA-A* 31: 01; HLA-B* 07: 02; HLA-B* 51: 01; HLA-B* 35: 01; HLA-B* 44: 02; HLA-B* 35: 03; HLA-C* 05: 01; HLA- C* 07: 01 e HLA-C* 15: 02). Despite inferring cellular populations of T lymphocytes, this strategy extrapolates to lymphocyte-like cells, such as natural killer (NK) cells, because a specific prediction program for NK cell populations is not yet available.




2.5 Isolation of plasma

Plasma samples were collected after centrifugation of whole blood at 400 × g for 10 min at room temperature (25°C). The undiluted plasma was then transferred to cryotubes, aliquoted, and stored at -80°C for subsequent analysis.




2.6 Isolation of PBMC

PBMC from volunteers inserted in the HC and volunteers who had recovered from mild and severe COVID-19 (Mild Recovered and Severe Recovered groups, respectively) were obtained from heparinized venous blood using density gradient centrifugation (Ficoll-Paque ™ Plus, GE Healthcare, Life Sciences, Pittsburgh, PA, USA). PBMC were centrifuged for 40 min at 400 × g and washed three times with phosphate-buffered saline (PBS) before counting. PBMC were maintained in RPMI-1640 (Sigma-Aldrich) supplemented with antibiotics (penicillin, 200 U/mL; streptomycin, 0.1 mg/mL), 1 mM L-glutamine (1 mM), and 10% heat-inactivated AB Rh+ human serum (Sigma-Aldrich), hereafter referred to as medium. Cultures were set up at a concentration of 2.5 X 105 cells in 96-well plates in the presence or absence of SARS-CoV-2 antigens and Staphylococcal enterotoxin B from Staphylococcus aureus (SEB, Sigma-Aldrich). PBMC were subjected to four different conditions: unstimulated (medium), stimulated with SARS-CoV-2 antigens (Pool Spike Cov-2 and Pool Cov-2, each at 1 µg/well), and stimulated with SEB (1 ug/well). The cells were incubated under 5% CO2 in an incubator at 37°C for 16 h. Next, brefeldin-A (1 mg/mL, Sigma-Aldrich) was added and the samples were incubated under 5% CO2 in an incubator at 37°C for 4 h.




2.7 Flow cytometry assay

Briefly, freshly isolated PBMC were plated at a concentration of 2.5 x 105 cells per well in a 96-well U-bottom plate. Cocktails of Antibodies for extracellular staining were added and incubated for 30 min at 4°C. For extracellular staining, the following antibodies from BD Biosciences were used: extracellular PE-Cy5 conjugated anti-CD3 (clone UCHT1, isotype. Mouse BALB/c IgG1, κ, cat. 555334, specie. mouse), APC-Cy7 conjugated anti-CD4 (clone RPA-T4, isotype. Mouse IgG1, κ, cat. 557871, specie. mouse), PE-Cy7 conjugated anti-CD25 (clone M-A251, isotype. Mouse BALB/c IgG1, κ, cat. 557741, specie. mouse), PE-conjugated anti-CD39 (clone TU66, Isotype: Mouse IgG2b, κ, cat. 555464, specie. mouse), APC-conjugated anti-CD73 (clone AD2, isotype: Mouse IgG1, κ, cat. 560847, specie. mouse), PE-conjugated anti-PD1 (clone MIH4, isotype. Mouse IgG1, κ, cat. 557946, specie. mouse), PE-conjugated anti-LAP (clone TW4-2F8, isotype. Mouse BALB/c IgG1, κ, cat. 562260, specie. mouse), IgG isotypes control antibodies such as IgG3-FITC (clone J606, isotype. Mouse BALB/c IgG3, κ, cat. 555578, specie. mouse), IgG3-Alexa Fluor 647 (clone J606, isotype. Mouse BALB/c IgG3, κ, cat. 560803, specie. mouse), IgG1-APC-H7 (clone MOPC-21, isotype. Mouse IgG1, κ, cat. 560167, specie. mouse), IgG1-PE-Cy-5 (clone MOPC-21, isotype. Mouse IgG1, κ, cat. 555750, specie. mouse), and IgG1-PE-Cy-7 (clone MOPC-21, isotype. Mouse IgG1, κ, cat. 557872, specie. mouse). After incubation with antibodies for 30 min at 4°C, the cells were washed with 150 μL of PBS. The plate was centrifuged (8 min, 244 × g, 4°C), the supernatant was removed, and 100 μL of 4% formaldehyde and 100 μL of PBS were added to the wells. The plate was incubated at room temperature (25°C) for 20 min to fix the extracellular staining. After centrifugation (8 min, 244 × g, 4°C), the supernatant was discarded and the samples were washed with 150 μL of PBS. The plate was centrifuged yet again (8 min, 244 × g, 4°C) and the supernatant was discarded. For intracellular staining, the cells were permeabilized with 150 μL of permeabilization buffer (0.5% bovine serum albumin (BSA), w/v and 0.5% saponin, w/v in PBS) for 10 min at room temperature (25°C). After centrifugation (8 min, 244 × g, 4°C), the supernatant was removed, and intracellular staining was performed. The following conjugated antibodies from BD Biosciences were used to detect intracellular molecules: Alexa Fluor 647 conjugated anti-perforin (clone δG9, isotype. Mouse BALB/c IgG2b, κ, cat. 563576, specie. mouse), PE-conjugated anti-granzyme B (clone GB11, isotype. Mouse BALB/c IgG1, κ, cat. 561142, specie. mouse), PE-conjugated anti-CTLA-4 (clone BNI3, isotype. Mouse BALB/c IgG2a, κ, cat. 555853, specie. mouse), APC-conjugated anti-IL10 (clone JES3-19F1, isotype. Rat IgG2a, κ, cat. 554707, specie. rat), PE-conjugated anti-IL-17 (clone SCPL1362, isotype. Mouse IgG1, κ, cat. 560436, specie. mouse), Alexa Fluor 488 conjugated anti-FOXP3 (clone 236A/E7, isotype. Mouse BALB/c IgG1, κ, cat. 561181, specie. mouse), and IgG isotype control antibodies IgG1-PE (clone MOPC-21, isotype. Mouse IgG1, κ, cat. 559320, specie. mouse). All antibodies were used according to the manufacturer’s instructions. The plate was then incubated for 45 min at room temperature (25°C), and 150 μL of permeabilization buffer was added. After centrifugation, the supernatant was removed (8 min, 244 × g, 4°C). Finally, 200 μL of wash B (PBS/BSA) was added, and the samples were transferred to fluorescence-activated cell sorting (FACS) tubes and maintained at 4°C. At least 70,000 gated events were acquired using FACS CANTO II (BD Biosciences) and analyzed using the FlowJo v.10.8 software (BD, Ashland - USA).




2.8 Flow cytometry data analysis

All parameters evaluated in Tregs were analyzed using FlowJo software v.10.8 (BD, Ashland, USA). Limits for quadrant markers were set based on negative populations (cells), isotype controls, and fluorescence minus one (FMO), when appropriate. Five or six different fluorochromes were identified in each analysis. Four fluorochromes, anti-CD3 PE-Cy5, anti-CD4 APC-Cy7, anti-CD25 PE-Cy7, and anti-FOXP3 Alexa Fluor 488, were used to identify Tregs (CD3+CD4+CD25+FOXP3+). We first selected the total lymphocyte gate through size-FSC-A and granularity-SSC-A profiles, followed by singlet separation using the FSC-A × FSC-H parameters. Next, we set the CD3+CD4+ cells and identified CD25 + T cells within this subpopulation. Subsequently, CD3+CD4+CD25+FOXP3+ T-cells were detected. Two fluorochromes, anti-X PE and anti-Y APC (or Alexa Fluor 647), were used to assess the intracellular or surface markers. The following markers were used: IL-10, IL-17, latency-associated peptide (LAP), perforin, granzyme B, CTLA-4, PD-1, CD39, and CD73. The analytical strategy is shown in Supplementary Figures 1–5.




2.9 Statistical analysis

The Shapiro–Wilk normality test was performed for all parameters evaluated using flow cytometry. If normally distributed, multiple comparisons were performed using two-way ANOVA and Tukey’s post-hoc test or one-way ANOVA and Tukey’s post-hoc test. Kruskal-Wallis with Dunn’s multiple comparisons test was performed if the data were not normally distributed. The immunological data between volunteers who had and had not developed certain symptoms in the Mild Recovered group was compared and analyzed based on the following clinical data: dyspnea, sore throat, nasal obstruction, myalgia, arthralgia, fatigue, diarrhea, anosmia, and ageusia. These comparisons were performed using one-way ANOVA and Tukey’s post hoc test or Kruskal-Wallis with Dunn’s multiple comparisons tests. Differences were considered statistically significant at p < 0.05. Statistical analyses were performed using GraphPad Prism 8.4.3. To create a heat map matrix regarding immunological marker expression in the HC, mild recovered, and severe recovered groups, we used Morpheus software and adjusted it to Z-score (22).





3 Results



3.1 Characteristics of HC, mild recovered, and severe recovered volunteers

For this study, we recruited 24 volunteers and distributed them into three groups. In the HC group, 8 volunteers (4 male and 4 female) with a mean age of 35.62 ( ± 8.63) were enrolled. The Mild Recovered group included 9 volunteers (5 male and 4 female) with a mean age of 33.22 ( ± 6.70). Finally, 7 volunteers were enrolled in the Severe Recovered group (4 male and 3 female) with a mean age of 36.85 ( ± 7.64) (Tables 2–4). No significant differences in age were found between the groups.


Table 2 | Gender, age, and ethnic-racial self-classification of healthy control volunteers (HC).




Table 3 | Gender, age, ethnic-racial self-classification, comorbidities, and symptoms of mild recovered volunteers (Mild Recovered).



Most volunteers who experienced mild COVID-19 reported headache, runny nose, and fatigue (Table 3). All volunteers in the severe recovery group experienced pulmonary infiltration, low oxygen saturation, and headache, whereas almost all had high fever, tachypnea, and fatigue (Table 4). Regarding comorbidities, obesity was a significant chronic disease observed among 56% of the recovered COVID-19 cases.


Table 4 | Gender, age, ethnic-racial self-classification, comorbidities, and symptoms of severe recovered volunteers (Severe Recovered).



Finally, volunteers were asked to self-identify themselves among the following ethnic–racial classifications: white, brown, black, yellow (Asian), and indigenous (Native American). Volunteers who self-classified themselves as brown and white comprised 58.33% and 33.33%, respectively, whereas those of black and indigenous self-classification comprised 4.1% each. Thus, the demographic of the HC group was white (62.5%), brown (25%), and indigenous (12.5%); that of Mild Recovered group was brown (88.88%) and white (11.11%), whereas that of Severe Recovered group was brown (57.14%), white (28.57%), and black (14.28%). The demographic and clinical details of the volunteers are shown in Tables 2–4.




3.2 Mild-recovered volunteers have elevated levels of Tregs

Analysis of PBMC from volunteers recovered from COVID-19 revealed a higher frequency of occurrence of Tregs in Mild Recovered group than in HC for non-stimulated samples (Figure 1A). In addition, pool CoV-2-stimulated samples from Mild Recovered and Severe Recovered groups presented more Tregs than did HC (Figure 1A). We also compared the frequency of occurrence of the studied lymphocyte subset among the Mild Recovered volunteers between those who had and had not experienced the following symptoms during acute COVID-19: dyspnea, myalgia, sore throat, arthralgia, fatigue, nasal obstruction, diarrhea, anosmia, and ageusia. Our data showed that those who did not experience nasal obstruction had more Tregs among the non-stimulated and Pool Spike CoV-2 stimulated PBMC than in those with this symptom (Figure 1B). A comparison of the frequency of occurrence of Treg among the Mild Recovered volunteers between those who had and had not experienced the other symptoms was also analyzed, but no significant results were found (Supplementary Figure 1).




Figure 1 | Frequency of regulatory T cells in peripheral blood from volunteers. Peripheral blood mononuclear cells (PBMC) were collected from volunteers not previously affected with SARS-CoV-2 infection (Healthy Control - HC, n = 8) and volunteers who had recovered from mild (Mild Recovered, n = 9) and severe (Severe Recovered, n = 7) COVID-19. The samples were incubated for 20 hours under four conditions: unstimulated (medium), stimulated with SARS-CoV-2 peptides (Pool Spike CoV-2 and Pool CoV-2 peptide), and stimulated with SEB. Unstimulated and SEB-stimulated PBMC were used as a negative and positive control, respectively. (A) Frequency of regulatory T cells in HC, Mild Recovered, and Severe Recovered. (B) Comparison of the frequency of regulatory T cells among Mild Recovered volunteers who had and had not experienced nasal obstruction during acute COVID-19. The symbols ●, ■, and ▲ represent each sample from Mild Recovered volunteer that was unstimulated (medium condition only) or stimulated with Pool Spike CoV-2 peptides or Pool CoV-2 peptides, respectively. Multiple comparisons were performed using two-way ANOVA and Tukey’s post hoc test, one-way ANOVA and Tukey’s post hoc test, and Kruskal-Wallis with Dunn’s multiple comparisons test when appropriate. The bars represent the mean values, and the error bars show the standard error of the mean (SEM) for each group. The lines above the bars indicate statistically significant differences between the two groups. *p < 0.05. SEB, staphylococcal enterotoxin B.






3.3 Expression of IL-10 and IL-17 by Tregs is higher in volunteers who recovered from mild COVID-19

We also evaluated cytokine expression by Tregs in all the groups. Mild Recovered non-stimulated samples had higher levels of IL-10-producing Tregs than did the HC group (Figure 2A). Moreover, in Pool CoV-2-stimulated cells, the frequency of CD3+CD4+CD25+FOXP3+IL-10+ was lower in the Severe Recovered group than in the Mild Recovered group (Figure 2A). In the Mild Recovered group, the IL-10 expression by Tregs due to Pool CoV-2 peptide stimulus was higher compared with that due to Pool Spike CoV-2 stimulus (Figure 2A).




Figure 2 | Regulatory T cells expressing IL-10, IL-17, and latency-associated peptide (LAP) in peripheral blood from volunteers. Peripheral blood mononuclear cells (PBMC) were collected from volunteers not previously affected by SARS-CoV-2 infection (Healthy Control – HC, n = 8) and volunteers who recovered from mild (Mild Recovered, n = 9) and severe (Severe Recovered, n = 7) COVID-19. The samples were incubated for 20 hours under four conditions: unstimulated (medium), stimulated with SARS-CoV-2 peptides (Pool Spike CoV-2 and Pool CoV-2 peptide), and stimulated with SEB. Unstimulated and SEB-stimulated PBMC were used as a negative and positive control, respectively. Frequency of regulatory T cells expressing IL-10 (A), IL-17 (B), and LAP (C) in HC, Mild Recovered, and Severe Recovered. Lowercase letters represent statistical differences (p < 0.05) between conditions within each group: (a) (medium × Pool Spike CoV-2), (d) (Pool Spike CoV-2 × Pool CoV-2), (e) (Pool Spike CoV-2 × SEB), and (f) (pool CoV-2 × SEB). (D) Comparison of the frequency of regulatory T cells expressing IL-10 among Mild Recovered volunteers who had and had not experienced the following symptoms: myalgia, arthralgia, fatigue, nasal obstruction, diarrhea, and anosmia during acute COVID-19. (E) Comparison of the frequency of regulatory T cells expressing IL-17 among Mild Recovered volunteers who had and had not experienced the following symptoms: myalgia, fatigue, and anosmia during acute COVID-19. (F) Comparison of the frequency of regulatory T cells expressing LAP among Mild Recovered volunteers who had and had not experienced the following symptoms: dyspnea, sore throat, and nasal obstruction during acute COVID-19. The symbols ●, ■, and ▲ represent each sample from Mild Recovered volunteer that was unstimulated (medium condition only) or stimulated with Pool Spike CoV-2 peptides or Pool CoV-2 peptides, respectively. Multiple comparisons were performed using two-way ANOVA and Tukey’s post hoc test, one-way ANOVA and Tukey’s post hoc test, and Kruskal-Wallis with Dunn’s multiple comparisons test when appropriate. The bars represent the mean values, and the error bars show the standard error of the mean (SEM) for each group. The lines above the bars indicate statistically significant differences between the two groups. *p < 0.05; **p < 0.01. SEB, staphylococcal enterotoxin B.



We also detected an elevated IL-17+ Treg frequency in PBMC from volunteers in the Mild Recovered group stimulated with SARS-CoV-2 related peptides compared with those from HC and Severe Recovered volunteers (Figure 2B). Severe Recovered group also presented higher IL-17 expression by Tregs than did the Pool CoV-2-stimulated PBMC in HC (Figure 2B). In addition, in HC samples incubated with SEB, IL-17+ Treg expression was more pronounced than in PBMC incubated with SARS-CoV-2-related peptides (Figure 2B). In contrast, Pool Spike CoV-2 reduced IL-17 expression by Tregs in the Severe Recovered group (Figure 2B). Finally, the levels of LAP+ Tregs did not differ between the HC, Mild Recovered, and Severe Recovered groups (Figure 2C). However, in the Pool CoV-2-stimulated PBMC, the frequency of Tregs expressing LAP was more accentuated than in Pool Spike CoV-2-stimulated samples (Figure 2C).

We also compared cytokine expression by Tregs among Mild Recovered volunteers between those who had and had not experienced certain symptoms of acute COVID-19. The Pool Spike CoV-2-stimulated samples of Mild Recovered volunteers who had not developed myalgia, fatigue, or nasal obstruction presented lower IL-10+ Treg frequency than did the unstimulated cells (Figure 2D). Diminished levels of IL-10 expression were observed in Pool Spike CoV-2-stimulated-Tregs compared with that of Pool CoV-2-stimulated Tregs in volunteers who had not developed myalgia, diarrhea, or anosmia during acute disease (Figure 2D). Finally, in unstimulated samples, the expression of IL-10 by Tregs was higher and lower in volunteers with arthralgia and fatigue, respectively, than in those who had not developed these symptoms (Figure 2D).

Interestingly, compared to unstimulated samples, Pool CoV-2 elicited the expression of IL-17 by Tregs in the Mild Recovered volunteers who did not present with myalgia and diminished the frequency of IL-17+ Treg in those who developed this symptom (Figure 2E). In the unstimulated samples, expression of IL-17 by Tregs from volunteers who did not have myalgia was lower than that by Tregs from those with this symptom (Figure 2E). Our data showed that IL-17 expression was less prevalent in volunteers with fatigue than in those without fatigue in samples stimulated with Pool CoV-2 (Figure 2E). For volunteers who experienced anosmia, the Pool Spike CoV-2 stimulus reduced the expression of IL-17 in Tregs compared with that of unstimulated samples (Figure 2E).

We also found elevated LAP+ Treg levels in Pool CoV-2-stimulated samples from Mild Recovered volunteers with dyspnea, whereas the opposite was observed in nasal obstruction (Figure 2F). In addition, unstimulated PBMC from Mild Recovered volunteers who had not experienced sore throat expressed a higher frequency of LAP-expressing Tregs than did the PBMC from those who had this symptom (Figure 2F). A comparison of cytokine expression among Mild Recovered volunteers between those who had and had not experienced the other symptoms was also analyzed, but no significant results were found (Supplementary Figure 2).




3.4 Production of cytotoxic granules by Tregs was higher in mild recovered volunteers who experienced dyspnea

The present study also analyzed the production of cytotoxic granules by Tregs. Pool CoV-2-stimulated samples presented a higher Perforin+ Treg frequency in the Mild Recovered group than in the other groups (Figure 3A). In contrast, in Pool Spike CoV-2 stimulus Tregs in the Mild Recovered group produced more perforin than that in the Severe Recovered group (Figure 3A). In addition, SEB-incubated PBMC from HC presented higher levels of Perforin+ Tregs than in cells from Severe Recovered group (Figure 3A). Finally, in the Mild Recovered group, the frequency of Tregs that produced perforin was lower in the SEB-stimulated cells than in the Pool CoV-2-stimulated samples (Figure 3A).




Figure 3 | Regulatory T cells expressing perforin and granzyme B in peripheral blood from volunteers. Peripheral blood mononuclear cells (PBMC) were collected from volunteers not previously affected by SARS-CoV-2 infection (Healthy Control - HC, n = 8) and volunteers who recovered from mild (Mild Recovered, n = 9) and severe (Severe Recovered, n = 7) COVID-19. The samples were incubated for 20 hours under four conditions: unstimulated (medium), stimulated with SARS-CoV-2 peptides (Pool Spike CoV-2 and Pool CoV-2 peptide), and stimulated with SEB. Unstimulated and SEB-stimulated PBMC were used as a negative and positive control, respectively. Frequency of regulatory T cells expressing perforin (A), granzyme (B), and co-expressing perforin and granzyme B (C) in HC, Mild Recovered, and Severe Recovered. Lowercase letters represent statistical differences (p < 0.05) between the conditions within each group: (b) (medium × Pool CoV-2), (c) (medium × SEB), (e) (Pool Spike CoV-2 × SEB), and (f) (Pool CoV-2 × SEB). Symbol # represents statistically significant differences between the HC and Severe Recovered groups in the SEB conditions. The bars with # above depict the higher expression of the analyzed marker compared with that in the other group. (D) Comparison of the frequency of regulatory T cells expressing perforin among Mild Recovered volunteers who had and had not experienced the following symptoms: dyspnea and ageusia during acute COVID-19. (E) Comparison of the frequency of regulatory T cells expressing granzyme B among Mild Recovered volunteers who had and had not experienced arthralgia during acute COVID-19. (F) Comparison of the frequency of regulatory T cells coexpressing perforin and granzyme B among Mild Recovered volunteers who had and had not experienced the following symptoms: dyspnea, arthralgia, and nasal obstruction during acute COVID-19. The symbols ●, ■, and ▲ represent each sample from Mild Recovered volunteer, that was unstimulated (medium condition only) or stimulated with Pool Spike CoV-2 peptides or Pool CoV-2 peptides, respectively. Multiple comparisons were performed using two-way ANOVA and Tukey’s post hoc test, one-way ANOVA and Tukey’s post hoc test, and Kruskal-Wallis with Dunn’s multiple comparisons test when appropriate. The bars represent the mean values, and the error bars show the standard error of the mean (SEM) for each group. The lines above the bars indicate statistically significant differences between the two groups. *p < 0.05; **p < 0.01; #p < 0,05; ##p < 0.01. SEB, staphylococcal enterotoxin B.



We also found elevated levels of granzyme B producing Treg in Mild Recovered group than in the HC in unstimulated or SARS-CoV-2-related peptide-stimulated samples (Figure 3B). When perforin and granzyme B co-expression was analyzed, we observed that SEB-stimulated PBMC from HC presented higher levels of Tregs co-expressing both granules than did the cells from the Severe Recovered group (Figure 3C). In the HC, Pool CoV-2 stimulus induced a higher frequency of perforin+granzyme B+ Tregs compared to that in the unstimulated samples (Figure 3C). In contrast, in the Severe Recovered group, the SEB-incubated samples presented lower perforin and granzyme B co-expression by Tregs than in the other conditions (Figure 3C).

We compared and analyzed the expression of perforin by Tregs among Mild Recovered volunteers between those who had and had not experienced certain symptoms and found higher Perforin+ Treg levels in unstimulated and Pool CoV-2-stimulated PBMC from volunteers who presented with dyspnea during acute COVID-19 than in those who did not (Figure 3D). We also detected higher levels of perforin produced by unstimulated Tregs from volunteers who had ageusia than in those who did not (Figure 3D). Elevated granzyme B expression was observed in Tregs in samples stimulated with Pool Spike CoV-2 in Mild Recovered volunteers who did not have arthralgia during acute COVID-19 than in those who did (Figure 3E).

In samples unstimulated and stimulated with peptides related to SARS CoV-2, the co-expression of cytotoxic granules by Tregs was higher in Mild Recovered volunteers who experienced dyspnea than in those who did not (Figure 3F). Higher levels of Tregs Perforin+Granzyme B+ cells were detected in Pool CoV-2- stimulated PBMC from volunteers who had arthralgia than in those who did not (Figure 3F). However, for those who developed nasal obstruction during acute COVID-19, we observed a mild Pool Spike CoV-2-induced co-expression of cytotoxic granules by Tregs (Figure 3F). Comparison of the cytotoxic granule expression among Mild Recovered volunteers between those who had and had not experienced other symptoms were also analyzed, but no significant results were found (Supplementary Figure 3).




3.5 Pool spike CoV-2 stimulus reduces CTLA-4 expression by Tregs in mild recovered volunteers who did not experience certain symptoms

This study evaluated the expression of inhibitory receptors such as PD-1 and CTLA-4. Although CTLA-4 did not show significant changes in any of the studied groups (Supplementary Table 1), the frequency of Tregs expressing PD-1 was lower in the Severe Recovered group than in the Mild Recovered group in PBMC stimulated with Pool Spike CoV-2 (Supplementary Table 1). The Pool Spike CoV-2-stimulated samples in the Mild Recovered group presented a higher frequency of PD-1-producing Tregs than did those incubated with Pool CoV-2 peptide (Supplementary Table 1).

Analyzing the PD-1+ Treg frequency between Mild Recovered volunteers with or without certain symptoms revealed that those who experienced dyspnea presented lower levels of PD-1+ Tregs in PBMC stimulated with Pool CoV-2 than with Pool Spike CoV-2 (Figure 4A). In addition, the volunteers who did not develop sore throat or nasal obstruction presented a higher frequency of PD-1+ Treg in unstimulated PBMC than in those stimulated with Pool CoV-2 (Figure 4A). Finally, unstimulated samples from volunteers who did not experience sore throat or fatigue presented a higher frequency of PD-1 producing Tregs than the cells from volunteers who developed these symptoms (Figure 4A).




Figure 4 | Comparison of the frequency of regulatory T cells expressing PD-1 and CTLA-4 among Mild Recovered volunteers who had and had not developed some symptoms. Peripheral blood mononuclear cells (PBMC) were collected from volunteers and the samples were incubated for 20 hours under four conditions: unstimulated (medium), stimulated with SARS-CoV-2 peptides (Pool Spike CoV-2 and Pool CoV-2 peptide), and stimulated with SEB (did not show in this figure). (A) Comparison of the frequency of regulatory T cells expressing PD-1 among Mild Recovered volunteers who had and had not developed the following symptoms: dyspnea, sore throat, fatigue, and nasal obstruction during acute COVID-19. (B) Comparison of the frequency of regulatory T cells expressing CTLA-4 among Mild Recovered volunteers who had and had not experienced the following symptoms: sore throat, fatigue, nasal obstruction, diarrhea, anosmia, and ageusia during acute COVID-19. The symbols ●, ■, and ▲ represent each sample from Mild Recovered volunteer that was unstimulated (medium condition only) or stimulated with Pool Spike CoV-2 peptides or Pool CoV-2 peptides, respectively. Multiple comparisons were performed using one-way ANOVA and Tukey’s post hoc test, and Kruskal-Wallis with Dunn’s multiple comparisons test when appropriate. The bars represent the mean values, and the error bars show the standard error of the mean (SEM) for each group. The lines above the bars indicate statistically significant differences between the two groups. *p < 0.05; **p < 0.01. SEB, staphylococcal enterotoxin B.



The frequency of CTLA-4+ Treg among Mild Recovered volunteers between those who had and had not experienced certain symptoms during acute COVID-19 was compared, and we observed that those who had not experienced sore throat, nasal obstruction, diarrhea, and ageusia had a lower Pool Spike CoV-2 peptide-induced CTLA-4 expression in Tregs compared with that in unstimulated cells (Figure 4B). We observed higher levels of CTLA-4+ Tregs in PBMC stimulated with Pool CoV-2 than with Pool Spike CoV-2 among Mild Recovered volunteers who had not experienced fatigue (Figure 4B). Pool CoV-2-stimulated PBMC presented fewer Tregs expressing CTLA-4 in those who had developed anosmia when compared with that of the unstimulated samples (Figure 4B). We also observed a lower Treg CTLA-4+ frequency in Pool CoV-2-stimulated PBMC from Mild Recovered volunteers who had experienced fatigue, anosmia, and ageusia than in those who had not developed these symptoms (Figure 4B). The Treg CTLA-4+ levels in the Pool Spike CoV-2-stimulated PBMC were higher in volunteers who had developed diarrhea than in those who had not (Figure 4B). A comparison of the expression of the inhibitory receptors among Mild Recovered volunteers between those who had and had not experienced other symptoms was also analyzed, but no significant results were found (Supplementary Figure 4).



3.6 Contrary CD39 and CD73 expression patterns are observed among mild recovered volunteers between those who had and had not experienced certain symptoms

Finally, the expression of CD39 and CD73 by Tregs was analyzed. As shown in Figures 5A, B), no significant changes in the levels of Tregs expressing CD39 or CD73 were observed between the studied groups. However, when the co-expression of CD39+CD73+ was analyzed, Mild Recovered samples incubated with Pool CoV-2 had a higher frequency of CD39+CD73+ Treg expression than did the HC (Figure 5C). In the HC group, we also observed the high co-expression by Tregs in samples stimulated with SEB that with Pool CoV-2 (Figure 5C).




Figure 5 | Regulatory T cells expressing CD39 and CD73 in peripheral blood from volunteers. Peripheral blood mononuclear cells (PBMC) were collected from volunteers not previously affected by SARS-CoV-2 infection (Healthy Control - HC, n = 8) and volunteers who recovered from mild (Mild Recovered, n = 9) and severe (Severe Recovered, n = 7) COVID-19. The samples were incubated for 20 hours under four conditions: unstimulated (medium), stimulated with SARS-CoV-2 peptides (Pool Spike CoV-2 and Pool CoV-2 peptide), and stimulated with SEB. Unstimulated and SEB-stimulated PBMC were used as a negative and positive control, respectively. Frequency of regulatory T cells expressing CD39 (A), CD73 (B), and co-expressing CD39 and CD73 (C) in HC, Mild Recovered, and Severe Recovered. Lowercase letters represent statistical differences (p < 0.05) between the conditions within each group: (f) (Pool CoV-2 × SEB). (D) Comparison of the frequency of regulatory T cells expressing CD39 among Mild Recovered volunteers who had and had not experienced the following symptoms: myalgia, arthralgia, fatigue, and anosmia during acute COVID-19. (E) Comparison of the frequency of regulatory T cells expressing CD73 among Mild Recovered volunteers who had and had not experienced the following symptoms: myalgia, arthralgia, and diarrhea during acute COVID-19. (F) Comparison of the frequency of regulatory T cells coexpressing CD39 and CD73 among Mild Recovered volunteers who had and had not experienced the following symptoms: myalgia and diarrhea during acute COVID-19. The symbols ●, ■, and ▲ represent each sample from Mild Recovered volunteer that was unstimulated (medium condition only) or stimulated with Pool Spike CoV-2 peptides or Pool CoV-2 peptides, respectively. Multiple comparisons were performed using two-way ANOVA and Tukey’s post hoc test, one-way ANOVA and Tukey’s post hoc test, and Kruskal-Wallis with Dunn’s multiple comparisons test when appropriate. The bars represent the mean values, and the error bars show the standard error of the mean (SEM) for each group. The lines above the bars indicate statistically significant differences between the two groups. *p < 0.05. SEB, staphylococcal enterotoxin B.



The comparison of ectonucleotidase expression among Mild Recovered volunteers between those who had and had not experienced certain symptoms showed a higher CD39+ Treg frequency in unstimulated PBMC from volunteers who had not developed myalgia and arthralgia than in those who had (Figure 5D). In addition, the levels of CD39 expression by Tregs in volunteers who had presented with fatigue and anosmia were more prevalent in the unstimulated samples than in Pool Spike CoV-2-stimulated samples (Figure 5D). The anosmia-positive volunteers were also marked by a lower expression of CD39 by Tregs in Pool CoV-2 stimulus compared to those that had not experienced this symptom (Figure 5D).

In Pool Spike CoV-2-incubated samples from Mild Recovered volunteers who had myalgia, arthralgia, and diarrhea, we observed a higher level of CD73+ Treg frequency than in those who had not presented these symptoms (Figure 5E). Volunteers who experienced arthralgia also presented higher CD73 expression by Tregs in unstimulated samples than in those without arthralgia (Figure 5E). Interestingly, CD39+CD73+ Tregs were more prevalent in all conditions for volunteers who had developed myalgia than for those who had not (Figure 5F). A similar result was observed for diarrhea with the exception of unstimulated samples; no significant differences were found among volunteers between those who had and had not developed this symptom (Figure 5F). No significant results were found in the comparison of ectonucleotidase expression among Mild Recovered volunteers between those who had and had not experienced other symptoms (Supplementary Figure 5).





4 Discussion

The worldwide emergency caused by the current COVID-19 pandemic has led to significant efforts by the scientific community to understand the host immune response to SARS-CoV-2 infection (5). Although most infected individuals develop mild COVID-19, the severity was high in some people, and excessive inflammation is usually associated with the worsening of the illness (23, 24). To better understand the impact of SARS-CoV-2 infection on adaptive immunity after infection resolution, we evaluated the peripheral Tregs of volunteers who had recovered from mild and severe COVID-19. Compared to HC, we report higher levels of Tregs in Pool CoV-2-stimulated samples from Mild and Severe Recovered volunteers. In addition, unstimulated PBMC from the Mild Recovered group presented a higher frequency of Tregs than did HC, suggesting long-term immune changes after SARS-CoV-2 infection as previously reported by Liu et al. (2021) (25). The absence of statistical differences between the Mild and Severe Recovered groups could indicate no correlation between Treg frequency and the course of COVID-19.

However, it is interesting to consider the possibility that after recovery from COVID-19, the Treg levels were downregulated. This raises questions regarding the parameters and their actual impact on distinct forms of the disease. However, the higher Treg frequency in unstimulated PBMC from the Mild Recovered group than in HC suggests improved activity during the acute stage that was partially sustained after the cure. In this case, no differences were found between the Mild Recovery volunteers who did and did not have the evaluated symptoms during acute disease, nasal obstruction being an exception. Volunteers without nasal obstruction had more Tregs than in those with this clinical sign, indicating that these cells participate in the development of an attenuated form of COVID-19. However, the analysis of cell frequency alone does not provide details on the impact of long-term SARS-CoV-2 infection on Tregs from recovered volunteers. Thus, we analyzed the expression of some proteins related to Treg activity in all the evaluated groups.

IL-10 is a cytokine with anti-inflammatory properties used by Tregs as a direct tool for immune response modulation during immunosuppressive activity (26). We found a higher frequency of IL-10+ Treg in unstimulated or Pool CoV-2-stimulated Mild Recovered PBMC compared to that in HC and Severe Recovered groups, strengthening the hypothesis of persistent immune changes after the resolution of infection (27, 28). Although some studies correlate cytokines such as IL-6 and IL-10 as predictors of COVID-19 severity, elevated IL-10 levels could act to moderate excessive inflammation even though it is not able to do so (29–31).

Considering that acute COVID-19 induced higher expression levels of Treg IL-10+ in Mild Recovered volunteers, these results may indicate an improved regulatory activity to aid in an adequate antiviral response leading to the resolution of infection with little tissue injury. Consistent with this, Shuwa et al. (2021) (27) showed that GcPC-stimulated PBMC from convalescent patients with chest X-ray abnormalities manifested a reduced frequency of IL-10-producing B cells compared with that in those without the abnormalities, suggesting a correlation between pulmonary pathology resolution and B IL-10+ cell expansion. Volunteers who recovered from mild COVID-19 presented elevated levels of IL-10 producing Tregs, which points to a sustained immunosuppressive microenvironment that can attenuate inflammation upon reinfection. Our data showed that Pool CoV-2 stimulation elicited more IL-10 expression than did Pool Spike CoV-2 stimulus in the Mild Recovered group. This result points to increased suppressive capacity in reactive Tregs because Mild Recovered IL-10+ Tregs levels were also higher than that in the cells from Pool CoV-2 stimulated Severe Recovered group. Meckiff et al. (2020) (32) suggested a potentially impaired Treg response in hospitalized COVID-19 patients, corroborating our findings.

Analyzing the expression of IL-17 by Tregs (33–37), we observed a more pronounced level of cytokine synthesis in Mild Recovered volunteers. Some studies point to the contribution of this interleukin into the severity of COVID-19, also showing that the activation of IL-17 signaling pathways due to the interaction of SARS-CoV-2 ORF8 with IL-17 receptor could induce the expression of pro-inflammatory factor, contributing to cytokine storm (38, 39). However, Ghazavi et al. (2021) (40) found higher IL-17 plasma levels in patients with mild COVID-19, whereas Shuwa et al. (2021) (27) observed the expression of IL-17 among CD4+ T cells in a population of stimulated PBMC during acute disease, and it was maintained in the convalescent stage regardless of the clinical profile. Hence, it might be possible that SARS-CoV-2 infection elicited a greater IL-17 expression in Tregs from Mild Recovered volunteers during the acute stage and the levels were maintained after disease resolution. This could be why statistically significant differences were detected only after stimulation by SARS-CoV-2-related peptides. The similarity in IL-17 production between unstimulated, Pool Spike CoV-2-stimulated, and Pool CoV-2-stimulated cells supports the above-mentioned hypothesis.

The elevated levels of IL-17 synthesis by Tregs in Mild Recovered volunteers could also indicate a high level of expression of transcription factor (TF) RORγt. RORγt+ Tregs could possibly impede Th17 differentiation, thus attenuating the production of inflammatory mediators. Previous studies have suggested that Tregs expressing TF of other CD4+ T subpopulations help in the immunosuppression of distinct inflammatory profiles (36, 41–44). However, SARS-CoV-2 peptides appear to elicit a higher Th1 response profile in T cells (45–47). Hence, the decreased IL-17 expression by Tregs under Spike stimulus may point to an appropriate assembly of the antiviral immune response during reinfection in Severe Recovered volunteers, contributing to a faster infection resolution. However, both hypotheses suggest a distinct Treg profile between Mild and Severe Recovered volunteers with the potential to fight SARS-CoV-2 reinfection appropriately.

The contribution of IL-17 to proper disease resolution upon first exposure to or reinfection with SARS-CoV-2 could aid in understanding other potential favorable properties of IL-17+ Tregs. A study by Schnoeller et al. (2014) (48) demonstrated a protective role of IL-17 in respiratory syncytial virus (RSV) infection following vaccination with attenuated Bordetella pertussis. Wang et al. (2011) (49) also reported a beneficial role of IL-17 against the H5N1 virus, possibly through migratory modulation of B lymphocytes. Under certain conditions, Treg subpopulations express IL-17 displaying considerable and expressive immunosuppressive activity (35, 50, 51). Interestingly, in vitro studies by Li et al. (2012) (51) demonstrated that IL-17-producing Tregs, named Tr17, expressed higher amounts of perforin, granzyme B, and CD107a, suggesting a greater degranulation capacity compared with that of IL-17-Tregs. Taken together, our data indicate that the Treg subpopulation may improve the immunomodulatory profile in volunteers who recovered from mild COVID-19.

Consistent with Li et al. (2012) (51), IL-17+ Tregs may have been partially responsible for the higher expression of perforin and granzyme B found in the Mild Recovered group and probably contributed to the mildness of the disease in these volunteers during acute COVID-19. Interestingly, comparative analysis of data in the Mild Recovered group showed higher perforin levels or co-production of perforin and granzyme B by Tregs from those who experienced certain symptoms, especially dyspnea. Although cytotoxic granule expression may correlate with COVID-19 severity, perforin and granzyme production by Tregs is essential for its immunosuppressive properties (52–55). Considering the immunomodulatory roles of Tregs, the differential expression of cytotoxic granules in Mild Recovered volunteers affected mainly by dyspnea suggests a partial contribution of Tregs to inflammation control through this mechanism, resulting in milder forms of COVID-19. Loebbermann et al. (2012) (53) demonstrated the essential role of granzyme B-producing Treg cells in controlling pulmonary inflammation during acute viral infection. Hence, cytotoxic granule producing Tregs could exert an immunomodulatory effect through targeted immune cell death and prevent exacerbated inflammatory activity. The importance attributed to the Treg-secreted granules in inducing cell death (or suppression) in dendritic cells (DC), NK cells, and CD8+ T cells, raises the possibility of immunomodulation at the level of innate and adaptive immunity (52, 56, 57).

Interestingly, our data also showed a significant increase in Tregs expressing LAP and co-expressing perforin and granzyme B in Pool CoV-2-stimulated PBMC from HC. Samples of patients not previously exposed to the virus showed the presence of reactive T cells to SARS-CoV-2, probably due to exposure to other endemic coronaviruses (58). Therefore, our findings may point to immunological cross-reactivity caused by prior infections by other pathogens.

Modulation of costimulatory (such as CD28 and ICOS) or inhibitory (such as CTLA-4 and PD-1) receptors is a valuable mechanism for T lymphocyte responsiveness control (59, 60). Tregs express inhibitory receptors responsible for the modulation of the immune response through cell–cell contact mechanisms (55, 61). Despite similar CTLA-4 production levels among the evaluated groups, comparative analysis of the data of the Mild Recovered group demonstrated a decreased expression pattern of IL-10+ and CTLA-4+ Tregs in Pool Spike CoV-2-stimulated samples from volunteers who had not experienced specific symptoms. This result suggests a distinct modulation of immunosuppressive Treg tools among Mild Recovered volunteers who had and did not develop certain clinical signs during acute COVID-19. Some studies have indicated that SARS-CoV-2 peptides elicit a stronger Th1 response (45–47). Based on the differential Treg profile data, it seems possible that Mild Recovered volunteers experience a well-coordinated immune response, partially because of attenuated Treg immunosuppressive mechanisms, which elicited a faster antiviral signature. Considering the highly functional and balanced T cell responsiveness in asymptomatic individuals (62), our data suggest that immunomodulation at Treg levels aids in better infection resolution.

We also demonstrated that Pool Spike CoV-2 induced a higher frequency of PD-1+ Tregs than did Pool CoV-2 in Mild Recovered volunteers, similar to that observed in volunteers from the same group who had experienced dyspnea during acute COVID-19. Kamada et al. (2019) (63) reported an improvement in cell-mediated immunosuppression after blocking PD-1 on Tregs. Since the frequency of Tregs expressing PD-1 was more pronounced in Mild than in Severe Recovered samples with Pool Spike CoV-2 stimulation, these results indicate a possible limiting immunosuppressive activity that favors antiviral responsiveness.

Finally, we evaluated the expression of ectonucleotidases CD39 (NTPDase1) and CD73 (5′-ribonucleotide phosphohydrolase), which is another immunosuppressive mechanism exerted by Tregs through purinergic signaling modulation by hydrolysis of extracellular ATP (pro-inflammatory) and generation of adenosine (immunosuppressive) (55, 64–66). Even without significant differences in CD39 or CD73 expression among the recovered groups, the Pool CoV-2-stimulated PBMC from Mild Recovered volunteers presented more CD39+CD73+ Tregs than did the HC, suggesting greater adenosine synthesis capacity upon reinfection.

Interestingly, we found higher CD3+CD4+CD25+FOXP3+CD39+ T cell frequency in unstimulated conditions in Mild Recovered volunteers who had not experienced musculoskeletal symptoms (arthralgia and myalgia) during acute COVID-19. Past studies have shown an overall correlation between CD39 expression in some lymphocytes and excellent responsiveness to rheumatoid arthritis (RA)-associated treatments or between reduced RA activity and rheumatoid factor (RF) levels (67–69). In contrast, Gu et al. (2017) (70) showed that CD39high Tregs may have more stability and protective roles compared with that CD39low Tregs. This partially explains the higher frequency of CD39+ Tregs in Mild Recovered volunteers who had not experienced musculoskeletal pain during active disease. Based on these observations by Gu et al. (2017) (70), CD39+ Tregs could be evaluated to validate whether these cells are endowed with higher immunosuppressive capacity in volunteers without arthralgia and myalgia than in those who had developed these symptoms. This is a possibility considering that in Mild Recovered volunteers who had experienced anosmia and fatigue, Pool Spike CoV-2 elicited a downregulation in CD39+ Tregs. At the same time, a lower frequency of this subpopulation was found post Pool CoV-2 stimulation in samples of Mild Recovered volunteers who had experienced anosmia compared with those who had not.

The frequency of CD73+ Tregs, in contrast to that of CD39, was higher in Mild Recovered volunteers who had developed myalgia and arthralgia in the acute phase of the disease, suggesting differential ectonucleotidase modulation in the face of musculoskeletal symptoms. A correlation exists between low CD73 expression and the severity of juvenile idiopathic arthritis (JIA) (71). CD73 also plays a protective role in collagen-induced arthritis (CIA) in a mouse model for the study of RA (72). Thus, Mild Recovered COVID-19 volunteers who had experienced musculoskeletal symptoms possibly had better adenosine production mediated by Tregs. These results suggest a protective role of this subpopulation in this group, partially explaining the greater CD39+CD73+ Treg frequency in Mild Recovered volunteers who had developed myalgia.

Unfortunately, due to the lack of a longitudinal study, we could not determine whether the lower levels of CD39+ Tregs and higher levels of CD73+ and CD39+ CD73+ Tregs in volunteers who had musculoskeletal symptoms occurred before, during, or after the first infection. Since similar levels of CD39+ Tregs were observed in both stimulated and unstimulated PBMC, the frequency of this subpopulation in Mild Recovered volunteers without musculoskeletal symptoms could have been high even before the infection, leading to the absence of these clinical signs. This raises the possibility of a correlation between CD39 expression by Tregs and the course of COVID-19. We, however, suggest that Mild Recovered volunteers who had and had not experienced certain symptoms are endowed with distinct immunosuppressive components that can converge to aid in host protection in case of reinfection. The lower CD39+ and higher CD73+ Treg expression in Mild Recovered volunteers who had experienced certain symptoms suggests that the opposite expression of both enzymes possibly elicited by SARS-CoV-2 infection in the Mild Recovered group can persist for long periods after disease resolution.




5 Conclusion

In the present study, we observed higher frequencies of Tregs and expression of IL-10, IL-17, perforin, granzyme B, PD-1, and CD39+CD73+ co-expression by Tregs in the Mild Recovered group compared with that in HC or Severe Recovered group under certain conditions. We also observed a differential frequency of Tregs expressing immunological markers between cells from Mild Recovered volunteers among those who had and had not developed certain symptoms during acute COVID-19. Hence, we arrived at a few inferences. In Mild Recovered volunteers who had not experienced certain clinical signs, Pool Spike CoV-2 stimulus elicited a downregulation of CTLA-4+ and IL-10+ Tregs frequency, indicating attenuation of specific immunosuppressive mechanisms that possibly contributed to the effective antiviral response. A differential expression between CD39 and CD73 by Tregs was also observed. Dyspnea was associated with high levels of perforin and cytotoxic granule co-expression by the studied lymphocytes. Finally, the SARS-CoV-2-related peptides (Pool Spike CoV-2 and/or Pool CoV-2) induced changes in the expression of IL-10 and PD-1 in volunteers who recovered from mild COVID-19, IL-17 in volunteers who recovered from Severe COVID-19, and LAP and co-expression of cytotoxic granules in HC.

Our study has some limitations, including the small number of volunteers, mainly in the Severe Recovered group. This work does not encompass the full scale of heterogeneity in the Brazilian population. Hence, we were not able to explore genetics and age as factors that may affect the immune response to infections (73, 74). However, despite these limitations, our study reveals important data about the participation of Tregs in COVID-19, suggesting that modulation of immunosuppressive markers could partially drive a mild disease, and these alterations that possibly occur during the acute disease can persist for months. It is noteworthy to highlight that this study enrolled just unvaccinated volunteers. Thus, we believe that this study would greatly aid the scientific community to make further advancements and gain knowledge regarding the contribution of immunological changes at the level of Tregs to the development of distinct clinical profiles in COVID-19.
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The T cell response plays an indispensable role in the early control and successful clearance of SARS-CoV-2 infection. However, several important questions remain about the role of cellular immunity in COVID-19, including the shape and composition of disease-specific T cell repertoires across convalescent patients and vaccinated individuals, and how pre-existing T cell responses to other pathogens—in particular, common cold coronaviruses—impact susceptibility to SARS-CoV-2 infection and the subsequent course of disease. This review focuses on how the repertoire of T cell receptors (TCR) is shaped by natural infection and vaccination over time. We also summarize current knowledge regarding cross-reactive T cell responses and their protective role, and examine the implications of TCR repertoire diversity and cross-reactivity with regard to the design of vaccines that confer broader protection against SARS-CoV-2 variants.




Keywords: T cell receptors, T cell immune response, SARS-CoV-2, T cell repertoire, T cell repertoire dynamic



Graphical Abstract | 






1 Introduction

The clinical manifestations and subsequent immune response to SARS-CoV-2 infection are diverse, with patients exhibiting a wide range of disease severity and susceptibility to future reinfections. T cells are crucial for early control and successful clearance of viral infections alongside the humoral response. The involvement of CD4+ and CD8+ T cells in the immune response reduces the severity of disease (1–3), and the presence of pre-existing SARS-CoV-2-specific T cells can prevent the development of COVID-19 (4, 5) and decrease the risk of reinfection (6). Accordingly, it has been shown that a subgroup of seronegative patients was partially protected from infection by T cells (7, 8). On the other hand, anergy of T cells is associated with a poor prognosis (9).

However, it is not only the magnitude of the T cell response but also its diversity that ultimately influences the outcome of infection (10, 11). Recently, researchers have focused on analyzing the dynamics of the TCR repertoire as an indicator of the immune response in autoimmune diseases such as multiple sclerosis (12) and rheumatoid arthritis (10), viral infections (13), and cancer (14). TCR repertoire analysis is also proving useful as a biomarker of the response to immunotherapy (15). The TCR repertoire can provide insights into immunodominance, functionality, and the protective effects of the T cell response (16, 17). Even though some conclusions may be ambiguous due to different approaches and consideration of both antigen-specific and non-antigen-specific data such as characteristics of overall TCR repertoire, TCR repertoire analysis offers a valuable tool for understanding the parameters of T cell-mediated immune responses to SARS-CoV-2 and the impact of viral mutations on immunological protection against newly-emerging SARS-CoV-2 variants.




2 Structure of the T cell repertoire and COVID-19 infection

The ability of the adaptive immune system to protect host organisms from a wide variety of pathogens is facilitated by the production of T cells that collectively express a large and diverse repertoire of unique TCRs. Naïve TCR diversity is generated by random rearrangement of the V and J segments of the TCR alpha (TCRα) genes and V, D, and J segments of the TCR beta (TCRβ) genes in maturing T cells within the thymus. But the ultimate structure of memory repertoire is shaped by interactions of these naïve cells with various pathogens over the course of a lifetime. The size, frequency, and publicity of individual clonotypes within a TCR repertoire can reveal both successful and failed immune responses, and recent studies have shown that the SARS-CoV-2-specific repertoire not only has its own architecture (18), but also differs depending on the severity of the disease and can change over time (19).

The SARS-CoV-2 proteome comprises at least 29 proteins (20), and as such, the number of potential epitopes is huge. However, the immunogenic regions of this proteome are unevenly distributed. ORF1 is the largest SARS-CoV-2 protein, and makes the largest contribution to T cell recognition, although the much-smaller ORF3 and Spike (S) proteins have a higher density of immunogenic epitopes compared to ORF1 (21). About 25% of the overall antigen-specific T cell response is accounted for S protein response (22). Other structural proteins are highly recognized as well and accounted for roughly 55% of CD4+ and CD8+ T cell response (22, 23). Many immunogenic epitopes in SARS-CoV-2 have been identified (24–27). However, most of these do not achieve 100% immunogenicity in convalescent donors (5) and T cells of each individual recognize 30 to 40 different CD4+ and CD8+ epitopes (22). This can be explained by the fact that the structure of the TCR repertoire is mostly determined by the presence of specific HLA alleles (28, 29), as well as the fact that epitopes compete for antigen presentation (30). Moreover, different TCRs have different probabilities of formation during the recombination process, such that the frequency of naïve cells with such TCRs may vary (28, 31). Lastly, methods of assessing immunogenicity can differ in their sensitivity and specificity, and the structure of the repertoire may vary in different studies. One particularly important factor is the time of sampling: at the peak of infection, more than 10% of total CD8+ T cells may be specific to a single SARS-CoV-2 epitope (21, 26). A month after infection, the frequency of most epitope-specific T cell populations is typically < 1% of total CD8+ T cells (24, 32–35).

The abundance of a given memory T cell clonotype in blood does not correlate with the immunodominance of its corresponding epitope (32, 35, 36). For example, studies have shown that CD8+ T cells specific to the highly immunogenic epitope YLQ are present at very low levels in the blood of convalescent donors (36, 37).

Limited diversity of T cell repertoire seems to be associated with severe disease (38, 39), whereas higher diversity is more likely to result in successful elimination of the virus. Multiple studies have found that the overall diversity of non-antigen-specific TCRs in blood samples taken from patients with COVID-19 is lower than that of healthy donors (40, 41), and is even lower in patients with severe disease. For example, a cohort of patients with pneumonia had a slightly less diverse overall TCR repertoire compared to those with mild disease (38) presumably due to expansion of SARS-CoV-2 specific T to defend against the infection cells in symptomatic and hospitalized individuals (42) On the other hand, low repertoire diversity may be a prognostic factor and explain the higher risk of serious illness and death in elderly patients (43–47), as it is well known that TCR repertoire diversity declines with aging, and this is also known to affect the antiviral response to other pathogens, such as the human influenza A virus (48, 49).

In general, peripheral selection and expansion of antigen-specific clonotypes driven by persistent pathogens leads to a higher proportion of shared clones among abundant clonotypes (50). The overlap of the overall non-antigen specific TCR repertoire between individuals is significantly higher in COVID-19 patients than in healthy individuals (41), and this is primarily because some epitopes of SARS-CoV-2 tend to give rise to shared, public clonotypes (35, 36, 51). Public clonotypes tend to have short CDR3 regions and arise from specific V(D)J-rearrangement events that occur with higher probability (28). Such clonotypes are thought to play a crucial role in establishing an effective pathogen-specific response and infection control of other pathogens like Cytomegalovirus (CMV), Epstein-Barr virus (EBV) and Adenovirus (52, 53).

Numerous studies have shown that the TCR repertoire in patients with mild COVID-19 infection remains relatively diverse within CDR3 central region, with high generation probability compare to severe patients (38). This leads to a broad range of SARS-CoV-2-specific sequences observed in mild disease, with many public CDR3 sequences (19, 36, 38, 54) This potentially explains why pneumonia patients have TCRs with longer CDR3 regions arising from lower-probability V(D)J-rearrangement events relative to the SARS-CoV-2-associated TCR repertoires in patients with mild disease, which also tend to prominently feature public clonotypes (38, 40). TCR repertoire profiles in asymptomatic infection is similar to mild disease (36).

It was demonstrated that preferential usage of V-, D-, and J- genes is significantly different in different viral infections including COVID-19 (55). Moreover, few studies demonstrated overrepresentation or underrepresentation of particular V-, D- and J-segments in patients with different COVID-19 clinical picture (55). Asymptomatic patients had overrepresentation of TRAV (TRAV17, TRAV12-1, TRAV19, TRAV35, and TRAV41), TRBV (TRBV12-5 and TRBV19) (56), TRAJ16 and TRBJ2-1 (57) genes compared to patients with symptoms. Frequency of TRAV2, TRAJ8, TRAJ40, TRBV3-1 and TRBV5-1 were the highest in symptomatic patients (57) while four TCBV gene segments (TRBV5-6, TRBV14, TRBV13 and TRBV24-1) were found to be overrepresented in severe patients with little Jβ gene-segment skewing (58). Another 25 sequences of the central part of the CDR3 region were found predictive for severe infection (54). The data suggest distinct clonal expansion influence on the disease progression.




3 Dynamics of the TCR repertoire after COVID-19 infection

During SARS-CoV-2 infection, the diversity and clonality of the antigen-specific TCR repertoire peaks within 8–14 days, then contracts slightly (25, 59) before returning to basal levels within one week after virus elimination (60). A SARS-CoV-2 specific TCR repertoire can be detected in the vast majority of convalescent patients, persisting for up to 15 months after viral clearance with a slight decrease (35, 42, 59) or even increase of clonal diversity (61). Moreover, SARS-CoV-2 epitope-specific T cells are able to proliferate in individuals who were vaccinated after infection (42) or in the re-detectable positive cases (Y. 62). Notably, SARS-CoV-1 specific T cells have demonstrated an impressive ability to persist for long periods of time, with one study detecting such clones up to 17 years after infection (63).

The durability of an antigen-specific response is determined by characteristics such as the publicity, diversity, and clonality of clonotypes recognizing that antigen (35, 51). It has been shown that long-term immunity is principally mediated by the clonal diversity of the antigen-specific T cell response (35, 61), whereas clonality does not appear to play a significant role (35). In some cases, however, dominant clones in the acute phase coincide with those found in the recovery phase (59). Numerous studies offer clear evidence that a highly diverse repertoire protects against a wide range of antigens of CMV, EBV and Human Immunodeficiency Virus-1 (HIV-1) (64, 65), and it is quite likely that such repertoires are associated with a higher level of avidity, affinity, and overall functionality (66, 67).

Despite numerous attempts to predict the longevity of virus-specific T cell immune response based on repertoire characteristics (35, 51, 68, 69), Bensouda Koraichi et al. study surmised that TCR clonotypes dynamic can be described by geometric Brownian motion. The model includes random unstimulated T cell proliferation and death, as well as asymptomatic or weakly symptomatic antigenic stimulation. However, the actual longevity of response varies from individual to individual, and in young individuals, the repertoire changes faster than in older individuals (70). Thus, at the moment, TCR clonotypes cannot be considered as the sole reliable predictor of the strength and effectiveness of the immune response.




4 Vaccine-induced T cell response and TCR repertoire

The high levels of mortality and morbidity associated with COVID-19 have prompted a massive, global vaccine development effort. At the time of writing this review, more than 170 vaccines have been developed, according to the World Health Organization (WHO) (https://www.who.int/publications/m/item/draft-landscape-of-covid-19-candidate-vaccines). Nearly a dozen of these are now in clinical use, and most demonstrate high efficiency in terms of protection (71, 72) and induce an immune response closely resembling that induced by infection in terms of immunophenotype, magnitude of CD4+ response and antibody levels (73–75). However, vaccine-induced CD8+ T cell expansion seems to be relatively weaker and with fewer distinct clonotype clusters compared to those induced by natural infection (76).

Only a small subset of vaccines consists of inactivated viral particles or mixtures of different viral proteins. Instead, the vast majority are aimed at inducing an immune response to the S protein (77). This approach produces a skewed T cell response that is enhanced against immunodominant epitopes (51) while also being targeted at less-dominant S-derived epitopes in vaccine recipients compared to convalescent individuals (78). In the aftermath of natural infection, the resulting CD8+ T cell clones are likely to recognize a broader set of viral epitopes that are not encountered in vaccines (76), and this T cell repertoire also demonstrates a higher rate of cross-recognition of epitopes from common-cold coronaviruses (79). Nevertheless, the repertoire induced by S protein-based vaccines is generally capable of protecting against existing variants as well as emerging variants of concern (VOCs) (80–82).

The antigen-specific TCR repertoire induced by both the virus and vaccines undergoes significant clonal contraction over time (79), along with an overall decrease in immune response (35), and the only way to increase protection over the long term may be booster vaccination (78).




5 Changes in the previously primed TCR repertoire after vaccination

Over time, SARS-CoV-2-primed T cells transition to a memory phenotype, and the diversity of the SARS-CoV-2-specific TCR repertoire decreases alongside the humoral response in convalescent individuals (35). Since T cells and antibodies provide effective antiviral protection, the exhaustion of any of them leads to a decrease in protection properties, which was shown in the large-scale prospective study (8). However, the existence of a pool of memory cells is important for fending off the virus in future encounters, and the complete absence of SARS-CoV-2-specific antibodies and T cells may lead to reinfection, although neutralizing antibodies play more important role in protection from reinfection (83)

Vaccination offers a way to boost previously primed immunity, and it has been shown that the vaccine-induced cellular response is more robust in convalescent donors. Most convalescent individuals demonstrate the same level of T cell and humoral response as previously-unexposed individuals after one shot of mRNA vaccine (84). Because the antigen-specific CD8+ T cell response develops more slowly than the CD4+ T cell response after natural infection and primary vaccination (5), it reaches its maximum only after administration of the second vaccine dose (84).

Vaccine response patterns may differ due to the difficulty of involving naïve CD8+ precursors in the immune response. While the vaccine-induced response of CD4+ T cells includes both the recruitment of memory cells and the proliferation of new, unique S protein-specific CD4+ T cells (79) in convalescent individuals, a rapid boost of S protein-specific CD8+ T cells is predominantly provided by persisting early memory S protein-specific CD38-CD8+ T cells (85, 86). Moreover, the overall magnitude of the S protein-specific CD8+ T cell response to vaccination in convalescent individuals is the same as in previously unexposed individuals due to the involvement of the memory compartment. However, it has been shown that vaccination selectively stimulates the expansion of S protein-specific clones and the contraction of clonotypes with non-S-protein specificity in convalescent donors (51).

SARS-CoV-2 mutations can reduce recognition of the virus by the CD8+ T cell compartment, possibly due to escape from HLA binding (87), although the T cell response is generally capable of effectively responding to mutant viral strains (88, 89). Vaccine-induced T cell response was also preserved across different SARS-CoV-2 variants while B cell and neutralizing antibodies recognition was significantly reduced (90). Moreover T cell response may be enhanced with booster vaccination (78, 91). which substantially increase effectiveness of protection against reinfection from 24.7% with previous infection up to 41.8% with combination of infection and vaccination. However, the most important thing is that vaccination after infection is much more effective against hospital admission or severe disease than infection alone: the effectiveness of protection increased from 74.6% to 97.4% with vaccination (92).

Nevertheless, there remains a need for further vaccine optimization and the incorporation of more immunogenic epitopes (93) that can elicit more broadly protective T cell responses (81) even in the face of the emergence of new SARS-CoV-2 variants. This is especially important for the protection of immunocompromised individuals and elderly people, and despite a greater proportion of pre-existing memory T cells in the elderly compared to the young, booster vaccination has been shown to be less effective in older individuals due to the minimal contribution of memory clonotypes in supporting high-quality T cell responses (94).




6 Cross-reactiveness of T cell repertoire

A more robust T cell response is also conferred by their capacity for cross-reactivity. A single T cell can cross-react to up to 106–107 foreign peptides (95), and this has been shown to be an essential feature of the T cell response (96–98). For some individuals who remain asymptomatic and seronegative even after close contact with COVID-19 patients (5), it has been shown that T cell-mediated protection may arise from cross-reactivity to T cells that target self-antigens and epitopes derived from various other pathogens including CMV, influenza A, EBV and HIV-1 (99, 100). Some parts of SARS-CoV-2 are very highly conserved relative to other ‘common cold’ human coronaviruses (HCoVs) (101, 102), and pre-existing protective T cells most likely originate from memory T cells derived after exposure to viruses such as HCoV-OC43, HCoV-HKU1, HCoV-NL63 and HCoV-229E (4), which circulate widely in the human population (63, 103, 104).

Some studies have shown that more than 20% of pre-pandemic samples contained SARS-CoV-2-reactive T cells (63, 103, 104), which protect patients from developing severe illness (105). But other research has failed to confirm such strong cross-reactivity, and has instead revealed that these cross-reactive T cells from pre-pandemic samples have a predominantly naïve phenotype, which means that they did not develop from an immune response to HCoVs (32, 77). This difference in results may be attributable to the choice of peptides used in the study. T cells specific to peptides that are conserved among coronaviruses are more abundant and tend to have a memory phenotype compared to those which recognize unique SARS-CoV-2 peptides. Notably, CD8+ T cells that cross-react to these conserved epitopes are much more plentiful in patients with mild COVID-19 versus those with severe illness, suggesting a protective role (105). Moreover, TCR repertoires that recognize the same conserved peptides were similar in unexposed donors and convalescent individuals (106). Other studies have suggested that pre-existing T cells that react to SARS-CoV-2 RNA polymerase may also be associated with asymptomatic disease (4, 107).

One of the most cross-reactive epitopes in unexposed individuals is SPRWYFYYLN105-113 (SPR) restricted in HLA-B*07:02 (77, 108). The immunodominance of SPR originates from a high frequency of naïve precursors in pre-pandemic samples. Many naïve SPR progenitors arise from a highly diverse TCRαß repertoire (77, 109), and a diverse SPR-specific CD8+ T cell response with high functional avidity and antiviral effector functions has been detected in patients with mild disease compared to individuals with severe COVID-19 (108). Interestingly to note that only one SPR homologous epitope from HCoVs, LPRWYFYYL, has also demonstrated the ability to elicit a cross-reactive response (109). Other highly immunodominant epitopes, like KPRQKRTATN257-265 (KPR), YLQPRTFLLS269-277 (YLQ), and QYIKWPWYIS1208-1217 (QYI), have been shown to be abundant in pre-existing naïve T cell repertoires (32, 77, 108).

The importance of cross-reactive T cell response for protection against newly-emerging mutant strains is well established (110). New VOCs may be less susceptible to neutralizing antibodies (80, 111, 112), while T cells retain their protective capabilities (89, 113, 114). This protective capacity is shaped by the wide variety of epitopes recognized in different people (21). Nevertheless, the emergence of non-synonymous mutations in some T cell epitopes can lead to a decrease in peptide and MHC binding or a reduced ability to activate T cells (115, 116). However, such mutations are rarely found in VOCs, and it is likely that an epitope that evades presentation by one HLA allele will become presentable by the other (87). This mechanism may explain why the magnitude of T cell response to new variants is typically decreased by only 20–30% (89, 117).

It should also be noted that cross-recognition does not always provide protection, and can also be associated with worse disease outcomes; this suggests that other mechanisms are coming into play, including age-related differences in the involvement of different cell populations in the immune response (118). Several studies have examined the potential protective effects of Bacille Calmette–Guérin (BCG) immunization due to the presence of epitopes that resemble epitopes from SARS-CoV-2 (119, 120), but clinical trials have offered no evidence for such protection (121).




7 Conclusion

The severity of COVID-19 can vary from asymptomatic to lethal disease, and many different factors contribute to the outcome of infection, most notably including gender, ethnicity, health, and age (46, 47). However, demographics only partially explain the differences in mortality rates between countries (122), and numerous studies strongly point to the influence of the TCR repertoire on the ultimate course of infection. It has been shown that TCR repertoire diversity and clonality might determine the success of the immune response to both the virus and the vaccine, and several machine learning-based tools have been developed and applied in order to distinguish between convalescent and naive individuals (18) and predict disease outcomes (19, 54, 123) based on TCR repertoire. Despite high hopes and numerous studies of cross-reactive responses from pre-existing immunity to other HCoVs and other pathogens, protectiveness of cross-recognition is still debating (124). The studies to date have shown that protectiveness of cross-recognition in the context of prior infection with SARS-CoV-2 against reinfection is relatively low and waned to 24·7% at 12 months, but may be significantly improved with vaccination (92). Against this backdrop, the ongoing spread of SARS-CoV-2 and emergence of new, potentially immune-escaping VOCs reinforces the urgency of further optimizing the composition of vaccines based on insights derived from research into the T cell response against SARS-CoV-2.
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Hospitalized patients have an increased risk of developing hospital-acquired sacral pressure injury (HASPI). However, it is unknown whether SARS-CoV-2 infection affects HASPI development. To explore the role of SARS-CoV-2 infection in HASPI development, we conducted a single institution, multi-hospital, retrospective study of all patients hospitalized for ≥5 days from March 1, 2020 to December 31, 2020. Patient demographics, hospitalization information, ulcer characteristics, and 30-day-related morbidity were collected for all patients with HASPIs, and intact skin was collected from HASPI borders in a patient subset. We determined the incidence, disease course, and short-term morbidity of HASPIs in COVID-19(+) patients, and characterized the skin histopathology and tissue gene signatures associated with HASPIs in COVID-19 disease. COVID-19(+) patients had a 63% increased HASPI incidence rate, HASPIs of more severe ulcer stage (OR 2.0, p<0.001), and HASPIs more likely to require debridement (OR 3.1, p=0.04) compared to COVID-19(-) patients. Furthermore, COVID-19(+) patients with HASPIs had 2.2x increased odds of a more severe hospitalization course compared to COVID-19(+) patients without HASPIs. HASPI skin histology from COVID-19(+) patients predominantly showed thrombotic vasculopathy, with the number of thrombosed vessels being significantly greater than HASPIs from COVID-19(-) patients. Transcriptional signatures of a COVID-19(+) sample subset were enriched for innate immune responses, thrombosis, and neutrophil activation genes. Overall, our results suggest that immunologic dysregulation secondary to SARS-CoV-2 infection, including neutrophil dysfunction and abnormal thrombosis, may play a pathogenic role in development of HASPIs in patients with severe COVID-19.
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Introduction

Patients with coronavirus disease 2019 (COVID-19) develop multi-organ manifestations and tissue damage secondary to both intrinsic properties of the SARS-CoV-2 virus and the resultant host immune response. The skin is among the organs affected by COVID-19, with manifestations including various localized or diffuse exanthems and retiform or acral purpura associated with thrombotic vasculopathy (1–5). Skin manifestations in COVID-19 disease may contribute to adverse symptoms and exacerbate patient morbidity, but significant skin necrosis leading to permanent damage in the form of scarring is rarely reported. Although several groups have reported challenges detecting SARS-CoV-2 virus in the skin; some studies have demonstrated the presence of viral Spike protein via immunohistochemistry (6–8).

Sacral ulcers are a leading cause of cutaneous-related patient morbidity in hospitalized patients (9, 10). The most common cause of sacral ulcers in hospitalized patients are hospital-acquired sacral pressure injuries (HASPIs), which occur secondary to unremitting pressure on the sacral and/or buttocks region (11, 12). Given the significant risk of HASPIs in hospitalized patients, most hospitals have developed protocols involving monitoring for early pressure-induced changes and routine off-loading measures in attempts to prevent them. Risk factors for HASPI formation include prolonged periods of immobility, decreased sensory perception, decreased mobility, increased moisture, and poor nutrition, many of which are typically present in hospitalized COVID-19 patients (11). Although small case series have reported the development of sacral ulcers in hospitalized COVID-19 patients, detailed analyses concerning incidence and prevalence of such ulcers, as well as risk factors associated with their development, are lacking (13, 14).

Despite the frequent presence of common HASPI risk factors, our clinical experience is that some COVID-19 patients acquire HASPIs that develop and progress more rapidly than usual, which may be associated with retiform purpura (13, 15). Based on these observations, we hypothesized that factors inherent to SARS-CoV-2 infection contribute to formation of HASPIs in some COVID-19 patients. This study explored the pathogenesis and determined the risk and associated morbidity of HASPIs in hospitalized COVID-19 patients. In addition to characterizing the clinical features of COVID-19(+) patients with HASPIs, histologic features of sacral skin biopsies acquired from COVID-19(+) patients with HASPIs were compared to sacral skin samples from pressure ulcers (PU) in COVID-19(-) patients. Furthermore, the transcriptional landscapes of sacral skin samples from COVID-19(+) and COVID-19(-) patients were analyzed to identify SARS-CoV-2-associated contributions.

We found that COVID-19(+) patients are at an increased risk of developing HASPIs and HASPI-associated morbidity compared to COVID-19(-) patients, even when controlling for baseline risk factors for ulceration. A large percentage of sacral skin biopsies from the borders of HASPIs of COVID-19(+) patients displayed thrombotic vasculopathy (TV), with significantly more thrombosed vessels per tissue section compared to sacral skin samples from PU in COVID-19(-) patients. Furthermore, the transcriptional profile differences in sacral biopsies from COVID-19(+) patients with TV support abnormal thrombosis and enhanced neutrophil extracellular trap (NET)-driven inflammation in sacral skin of COVID-19(+) patients compared to sacral skin specimens from PU in COVID-19(-) patients. These findings implicate thrombotic and inflammatory responses to SARS-CoV-2 infection in the promotion of cutaneous vascular thromboses, tissue ischemia, and eventual cutaneous ulceration.





Results




Risk of HASPI development and severity is increased in hospitalized COVID-19 patients

To understand the risk of HASPI development in COVID-19 disease, the incidence of sacral ulcers was compared between COVID-19(+) and COVID-19(-) patients in our study cohort (Supplementary Figure 1). Clinical and demographic characteristics of hospitalized patients during the study period were compared based on COVID-19 status, regardless of HASPI status. On average, COVID-19(+) patients were significantly older (p<0.001), with an increased percentage of males (p=0.003) and non-whites (p<0.001) compared to COVID-19(-) patients (Supplementary Table 1). COVID-19(+) patients had a significantly higher baseline risk of ulcer formation, longer length of hospitalization, higher rate of intensive care unit (ICU) admission, and a higher rate of mechanical ventilation compared to COVID-19(-) patients (Supplementary Table 1; p<0.001 for all 3 outcomes). Of 293 patients with HASPIs, COVID-19(+) patients had a HASPI occurrence of 7.5 per 10,000 days (49 patients; 16.7%), while HASPIs occurred in COVID-19(-) patients at 4.6 per 10,000 days (244 patients; 83.3%) (Supplementary Table 1). This translated to a 63% increased incidence and a 2-fold higher relative risk for HASPIs in COVID-19(+) patients compared to COVID-19(-) patients.





COVID-19 severity is associated with HASPI risk and morbidity in relation to co-morbidities

Next, the hospitalization course of COVID-19(+) patients with and without HASPIs were compared in relation to their comorbidities (Supplementary Table 2). COVID-19(+) patients with HASPIs had a higher risk of ulcer formation at admission (Braden score of 14 vs. 19, p<0.001), longer hospitalization length (29 vs. 8 days, p<0.001), and more severe COVID-19 disease course, including increased requirement of mechanical ventilation or death (p<0.001) as compared to COVID-19(+) patients without HASPIs (Supplementary Table 2).

Multivariable regression analysis controlling for age at admission and patient co-morbidities (hypertension, chronic obstructive pulmonary disease (COPD), congestive heart failure and diabetes) was performed to assess impact of co-morbidities on HASPI development and hospitalization course (Supplementary Table 3). When controlling for age and comorbidities, COVID-19(+) patients who developed HASPIs were 2.2-fold more likely to have a severe COVID-19 hospitalization course compared to COVID-19(+) patients without HASPIs.





In patients that developed HASPIs, COVID-19(+) patients are more likely to develop severe HASPIs that require debridement

Clinical and demographic characteristics in the subset of COVID-19(+) (49 patients) and COVID-19(-) (244 patients) hospitalized patients who developed HASPIs were compared to examine the impact of COVID-19 on disease course and ulcer phenotypes (Table 1). Amongst patients who developed HASPIs, COVID-19(+) patients had a higher baseline risk of ulcer formation at hospital admission (Braden score of 14 vs. 18, p<0.001) and a higher frequency of requiring intubation (20.4% vs 3.3%, p<0.001) compared to COVID-19(-) patients (Table 1). On the other hand, gender, hospitalization length, and ICU admission rate did not differ between the two groups. A larger percentage of COVID-19(+) patients with HASPIs were black (p=0.03) (Table 1). Time to HASPI and HASPI size did not differ between COVID-19(+) and COVID-19(-) patients; however, COVID-19(+) patients were more likely to have a severe HASPI stage compared to COVID-19(-) patients (24.9% vs. 9.0% Stage 3 or 4 ulcer p=0.003).


Table 1 | Clinical and Demographic characteristics of hospitalized patients who developed HASPIs.



We also compared laboratory parameters for patients who developed HASPIs to determine if there were differences among COVID-19(+) and COVID-19(-) patients. COVID-19(+) patients had significantly higher maximum ferritin concentrations compared to COVID-19(-) patients (1,303 vs. 813 ng/mL, p=0.007). Other laboratory parameters, including maximum D-dimer concentration, maximum white blood cell (WBC) count, and neutrophil-to-lymphocyte ratio did not significantly differ between the two groups (Table 1).

We performed multivariable regression modeling, controlling for Braden ulcer risk at admission, hypertension, congestive heart failure, chronic obstructive pulmonary disease, diabetes mellitus, age at admission, hospitalization length, requirement for ICU admission, and requirement for intubation to assess the impact of SARS-CoV-2 infection on HASPI development and characteristics (Table 2). Within our cohort, COVID-19 positivity was associated with 40% increased odds of developing a HASPI (p=0.03) even after controlling for Braden ulcer risk score at admission and other variables. Additionally, COVID-19(+) patients were 2.1-fold more likely to develop a HASPI of more severe stage (p<0.001) and 3.1-fold more likely to require debridement (p=0.045) compared to COVID-19(-) patients. Time to HASPI development and wound size were not significantly associated with COVID-19 status based on multivariable regression (Table 2). Overall, 30-day morbidity did not differ amongst the two groups (Supplementary Table 4). However, a greater percentage of COVID-19(+) patients required surgical debridement compared to COVID-19(-) patients (14.3% vs. 5.7%, p=0.047; Supplementary Table 4).


Table 2 | Multivariable logistic regression model assessing the impact of COVID-19 status (positive vs. negative) on HASPI development and characteristics.







Thrombotic vasculopathy is a prominent histopathologic feature in a significant percentage of COVID-19(+) patient HASPIs

The histopathological features of skin biopsies from the edges of HASPIs in COVID-19(+) patients were compared to similar tissue specimens from COVID-19(-) patients with PUs. Qualitative assessments revealed that biopsies of COVID-19(+) patients with HASPIs could be broadly categorized into 2 groups: histologic features consistent with thrombotic vasculopathy (TV; 67%) or histologic features consistent with PUs (33%); (Figure 1; Table 3). In our study, PU is defined to be a cutaneous ulceration secondary to tissue ischemia caused entirely by unremitting pressure on the involved anatomic location, without important contributions from other pathologic processes. Whereas specimens with a TV pattern displayed diffuse fibrin thrombi within superficial and deep dermal and subcutaneous blood vessels, in addition to dermal neutrophils with occasional leukocytoclasis, specimens with a PU pattern displayed only occasional vascular thromboses with a sparse superficial dermal inflammatory infiltrate, but also displayed dermal neutrophils with occasional leukocytoclasis (Figures 1A, B; Supplementary Figures 2A, B, 3A, B, 4A, B; Table 3). Specimens in the COVID-19(-) PU control group typically displayed mixed dermal inflammation and dilated vascular spaces with congestion and only occasional fibrin thrombi (Figure 1C; Supplementary Figures 2C, 3C, 4C; Table 3). Most specimens had an intact epidermis, but two COVID-19(-) PU control specimens had at least partial epidermal ulceration (20%). Additionally, COVID-19(-) PU specimens lacked leukocytoclasis and typically had eosinophils within the dermal inflammatory infiltrate or within vascular lumina (Figure 1C; Supplementary Figure 2C).




Figure 1 | Histopathology analysis of HASPIs. (A) COVID-19-related Thrombotic Vasculopathy. A man in his 30s was intubated in the ICU due to severe COVID-19 with an acute purpuric rash on the buttocks that subsequently ulcerated. A low-power photomicrograph (100X) reveals a relatively normal and intact epidermis with diffuse fibrin thrombi involving superficial and deep dermal vessels. A higher power image (200X) further highlights diffuse fibrin thrombi and occasional inflammatory cells within the dermis. At even higher power (400X) occasional neutrophils and leukocytoclasis can be seen. (B) A woman in her 80s who developed a sacral ulcer with surrounding purpura in the setting of COVID-19 after 6 weeks of intubation. At low power (100X), a photomicrograph displays an intact epidermis with mostly patent vascular spaces in the dermis. At higher power (200X), a sparse superficial dermal inflammatory infiltrate with occasional neutrophils is noted. A 400X image reveals a rare vascular thrombosis. Other vessels display intact neutrophils within their lumens. (C) A pressure ulcer in a COVID-19(-), wheelchair-bound man in his 70s. A low-power (100X) image reveals an ulcer with superficial fibrin necrosis, mixed inflammation, and dilated vascular spaces with congestion and occasional fibrin thrombi. A higher power (200X) image reveals centrally located vessels with congestion and peripheral vessels with fibrin thrombi. At 400X magnification, a mixed inflammatory infiltrate is seen surrounding vessels that are either congested or with contained fibrin thrombi. Neutrophils are intact, without obvious leukocytoclasis. An eosinophil is present within a vascular lumen (arrow, (400X)). Eosinophils were often seen in COVID-19(-)-associated ulcer specimens, either within vascular lumina or in the dermis.




Table 3 | Clinical and pathological characteristics of biopsied patients.



The clinical and histological characteristics of biopsied patients were further analyzed in a quantitative manner (Table 3). Age and sex of patients with sacral tissue specimens did not differ, however average hospitalization length and severity of disease course of biopsied COVID-19(+) patients (both TV and PU) was significantly greater than in COVID(-) patients (p=0.02 and p<0.001, respectively). COVID-19(-) patients with tissue specimens available had ulcers of more severe stage compared to the two COVID-19(+) groups. Additionally, due to frequent consultation to evaluate unusual purpuric sacral rashes in COVID-19(+) patients, skin tissue specimens were taken from COVID-19(+) patients at time points closer to onset of ulceration compared to the COVID-19(-) patients (19.5 vs. 59.5 days). There were no significant differences observed in the maximum D-dimer levels and the absolute neutrophil counts between the three groups; however, not all subjects had D-dimer levels reported, especially in COVID-19(-) patients. Histologically, COVID-19(+) TV biopsies had a significantly greater number of vascular thromboses in the superficial and deep dermis, but not in the subcutis, and significantly more leukocytoclasis in the upper dermis, compared to COVID-19(+) PU and COVID-19(-) PU histologic sections (Table 3).





Genes involved in interferon-related viral responses and neutrophil extracellular trap formation are uniquely upregulated in COVID-19(+) TV skin

The combination of clinical retiform purpura and histologic thrombotic vasculopathy in the majority of the COVID-19(+) patients with HASPIs led us to hypothesize that immunologic dysregulation due to SARS-CoV-2 infection may contribute to the pathogenesis of HASPIs in these patients. To explore this, the differentially expressed gene (DEG) profile of the tissue specimens from the TV and PU COVID-19(+) groups were compared to the COVID-19(-) PU controls. Dimensionality reduction using principal component analysis (PCA) revealed that the COVID-19(+) TV and PU groups segregated into separate clusters that were distinct from the COVID-19(-) PU control group (Figure 2A).




Figure 2 | Transcriptomic analysis of sacral ulcer biopsies from COVID-19(+) patients reveals distinct signatures between TV and PU groups relative to COVID-19(-) PU control ulcers. (A) Principal component analysis of all patient samples using normalized counts from the differentially expressed genes with FDR adjusted p-value of < 0.05 indicates the distance between COVID-19(+) TV (TV), COVID-19(+) PU (PU), and COVID-19(-) PU (Control) samples. (B) Venn diagram showing differentially expressed genes (FDR adjusted p-value of < 0.05) in COVID-19(+) patients with TV and PU compared with COVID-19(-) PU control. Representative genes are indicated. (C) Supervised two-dimensional Hierarchical clustering of the 49 genes whose average normalized counts were significantly different in COVID-19(+) TV and PU groups compared to COVID-19(-) PU control samples (FDR adjusted p-value of < 0.05).



Among 44 DEGs that were unique to the COVID-19(+) TV group (Figure 2B), genes involved in responses to viral infection, such as the interferon regulatory factor 7 (IRF7) transcription factor and interferon-induced with helicase C domain 1 (IFIH1) that encodes the cytosolic nucleic acid sensor MDA-5, were identified among the top TV-specific up-regulated genes compared to COVID-19(+) PU and COVID-19(-) PU groups. CD274 (PD-L1), which has been implicated in dysregulated neutrophil responses in severe COVID-19, and PADI2, an enzyme involved in the citrullination of arginine residues and neutrophil extracellular trap (NET) formation, were also highly expressed in the TV group compared to the other two groups (16).

HLA-DRB3, CXCL13, PTPN22 and AHR were identified as genes that were commonly down-regulated in both COVID-19(+) TV and COVID-19(+) PU groups compared to the COVID-19(-) PU control group. These genes are key players in antigen processing and T and B cell homeostasis. Only CIITA, a master regulator of MHC class II genes, was differentially expressed and down-regulated in the COVID-19(+) PU group compared to the COVID-19(-) PU controls. Taken together, this data suggests that innate immune responses are primarily dysregulated in COVID-19(+) TV pathology in comparison to COVID-19(-) PUs. In contrast, antigen processing and T and B cell signaling mechanisms are potentially downregulated in both COVID-19(+) TV and PU groups.





Hierarchical clustering of differentially-expressed genes reveals unique immunologic pathway dysregulation in COVID-19(+) TV skin compared to COVID-19(+) and (-) PU skin

To better characterize the transcriptional signatures in skin tissue from the three ulcer groups, hierarchical clustering of the top up- and down-regulated genes in each disease category was performed (Figure 2C). The signatures associated with the COVID-19(+) TV and COVID-19(-) PU group were distinct from one another, supporting unique biological mechanisms of disease pathogenesis in sacral skin as a result of severe SARS-CoV-2 infection. In comparison to the COVID-19(-) PU controls, genes highly expressed in the TV group fell into categories that included neutrophil dysfunction (CD274, PADI2), inhibition of B and T cell responses (CD22, IRF4, ORAI1), and upregulation of pro-inflammatory response pathways (CARD8, MAPK7, IRF7, IFIH1). In contrast to COVID-19(+) TV, highly expressed in the COVID-19(-) PU control group included MHC class II antigen processing (HLA-DRB3/4, HLA-DPB1, HLA-DRA, CIITA, and CD74), mast cell degranulation (TPSAB1/B2), B cell activation (CXCL13, BLNK, IL-6) and histone modification (USP21, HIST1H4E). An apoptotic gene signature was found in both COVID-19(+) TV and COVID-19(-) PU control groups but not in the COVID-19(+) PU samples, consistent with the level of tissue necrosis in these tissue specimens. However, these apoptotic gene signatures were characterized by distinct DEGs expressed in the COVID-19(+) TV (BCLAF1, BCL2L1) and COVID-19(-) PU control groups (BAD, ACIN1, HIF1A) (Figure 2C).

SARS-CoV-2-specific transcripts were also measured to determine whether transcriptional profiles and immune responses in the skin of COVID-19(+) patients may be a direct, local response to viral infection or a result of systemic immune responses. Although a majority of the COVID-19(+) TV tissue samples were positive for the presence of a limited set of SARS-CoV-2 transcripts (Supplementary Figure 5), these differences in transcript level do not persist as significant when false discovery rate (FDR) testing was performed on the entire Nanostring panel. Therefore, it is unclear from this limited sample set whether local SARS-CoV-2 infection contributes to HASPI pathology.

Taken together, these results indicate distinct transcriptional differences in HASPI skin of COVID-19(+) TV patients compared to COVID-19(+) PU and COVID-19(-) PU controls. Genes that were highly upregulated in COVID-19(+) TV were downregulated in both PU groups indicative of similar mechanisms of pathogenesis in PU. Upregulation of genes involved in neutrophil dysfunction and pro-inflammatory response mechanisms, specifically genes involved in response to viral infection, suggests that transcriptional differences observed in the COVID-19(+) TV group might be a result of SARS-CoV-2 infection (either locally or systemically) and account for the unique histopathological findings of thrombotic vasculopathy (Figure 1A).





COVID-19(+) TV skin displays upregulation of unique biologic pathways compared to COVID-19(-) PU control skin

To understand the effect of infection and thrombotic vasculopathy in the COVID-19(+) TV group compared to the COVID-19(-) PU control group, the top 10 enriched Gene Ontology (GO) biological pathways in the COVID-19(+) TV and COVID-19(-) PU control groups were identified, followed by a sub-analysis to determine the significantly altered transcripts within these pathways (Figure 3). Both distinct and common biological mechanisms were identified in each set of analyses (Figures 3A, B). Top biological pathways in the COVID-19(+) TV group up-regulated in comparison to COVID-19(-) PU controls included positive regulation of pro-inflammatory cytokine production, defense response to virus, and the innate immune response pathway (Figure 3A). Hematopoietic or lymphoid organ development and T cell activation involved in immune response represented top down-regulated pathways in the COVID-19(+) TV group compared to the COVID-19(-) PU control group (Figure 3B). Antigen processing and presentation of exogenous peptide antigen via MHC class II biological pathway was also down-regulated in the COVID-19(+) TV group compared to the COVID-19(-) PU control group, indicating hampered adaptive immune responses in the COVID-19(+) TV group (Figure 3B). Pathway analysis did not reveal major pathways that were distinctly up- or down-regulated in the COVID-19(+) PU group compared to the COVID-19(-) PU group, suggesting similar biological mechanisms contribute to disease pathology of PU regardless of infection status.




Figure 3 | RNA expression reveals distinct immune responses in TV ulcers. (A) Top enriched GO biological pathways (N=10) in COVID-19(+) TV (TV) samples compared with COVID-19(-) PU (Control). (B) Top GO biological pathways (N=10) downregulated in TV samples relative to controls. (C) Clustered heatmap comparing average normalized counts of COVID-19(+) TV and COVID-19(+) PU (PU) groups with COVID-19(-) PU Control samples depicts differentially expressed genes (FDR adjusted p-value of <0.05) involved in positive regulation of cytokine production, defense response to virus, and innate immune response pathways. Genes involved in pathways were identified from GO biological pathways (D) Box and whisker plot shows the relative immune cell type scores of TV, PU, and Control samples. Cell type scores were determined using NanoString Advanced Analysis.



The analysis was expanded to uncover transcriptional signatures in the above three biological pathways up-regulated in COVID-19(+) TV specimens compared to COVID-19(-) PU control specimens (Figure 3C). Select genes that were highly expressed in COVID-19(+) TV specimens compared to COVID-19(+) PU and COVID-19(-) PU control groups play a central role in regulation of innate immune responses and defense to viral infection, including CARD8, IL1A, CD274, TRIM35, IRF7, and IFIH1 (Figure 3C). Both PU groups displayed similar trends in gene expression in the subset of genes that were upregulated in the COVID-19(+) TV group.

As several of the GO pathways altered in COVID-19(+) TV samples relate to regulation of immune cell populations, cell type scores were calculated to identify differences in the skin immune cell landscape in the tissue specimens from the three HASPI groups. Neutrophils and CD56+dim natural killer (NK) cells were significantly higher in the COVID-19(+) TV group compared to the other disease groups (Figure 3D). The identification of a neutrophil gene signature in the COVID-19(+) TV samples is consistent with results of our DEG and GO biological pathway analyses supporting involvement of innate immune response (CD274, PADI2), as well as histologic differences in the inflammatory cell infiltrates observed in the disease groups (Figure 3D and Figure 2, Table 3). Taken together, these results demonstrate that HASPI tissue from the COVID-19(+) TV group displays upregulation of unique biologic pathways, including defense response to virus and innate immune responses, and a differential immune cell signature, compared to the COVID-19(+) PU and COVID-19(-) PU groups, suggesting differing HASPI pathogeneses. It also reinforces the histologic observations that neutrophils might be key players in COVID-19(+) TV pathology.





Genes associated with thrombosis, PADI2-associated NET formation, and exacerbated inflammatory responses are specifically up-regulated in COVID-19(+) TV skin

Neutrophils have been implicated as key players in mechanisms contributing to immunothrombosis in COVID-19 disease (17–19). Given this and our above results, gene-set enrichment analysis (GSEA) was utilized to more completely characterize transcriptional signatures associated with thrombosis, immune cell chemotaxis, and neutrophil-specific biological functions in our HASPI groups. First, examined were genes involved in thrombosis and complement genes that may contribute to enhanced thrombosis. Notably, CXCL10, a cytokine that is implicated among the three key players contributing to COVID-19 cytokine storm and increased fatal COVID-19 outcomes (20), was highly expressed in the COVID-19(+) TV group compared to the other disease groups. Additionally, genes associated with thrombotic mechanisms, including MEFV, STAT5B, CD55, CRP, CTLA4, TLR4, CCR1, CFP, C4A/B and IL23R, were only upregulated in the COVID-19(+) TV group (Figure 4A). Alternatively, complement activation genes were similarly expressed in all three ulcer groups (Figure 4A). These findings suggest that COVID-19(+) TV HASPIs may have abnormal thrombosis without enhanced complement activation due to upregulation of genes that mediate thrombosis.




Figure 4 | COVID-19 thrombotic vasculopathy is characterized by abnormal thrombosis and neutrophil extracellular trap formation. (A) Clustered heatmap shows the average normalized counts of genes involved in thrombosis and complement activation for COVID-19(+) TV (TV) and COVID-19(+) PU (PU) samples compared to COVID-19(-) PU (Control). Pathway specific genes were selected based on GO biological pathways. (B) Clustered heatmap illustrates the average normalized counts of genes involved in immune cell chemotaxis and extravasation for COVID-19(+)TV and PU samples compared to COVID-19(-) PU Controls. Genes were selected based on GO biological pathways. (C) Neutrophil specific genes arranged by function (NETosis, Immature Neutrophils, Phagocytosis, S100s, PRRs, or Other) represented in a clustered heatmap comparing the average normalized counts of DEGs in COVID-19(+) TV and PU groups relative to COVID-19(-) PU Controls. (D) Immunofluorescence staining of NETs in skin tissue sections. Markers of NETs used include NE (green), CitH3 (red) and nuclei (blue). Images acquired using confocal microscopy, 40X oil objective (E) Quantification of tissue NETs in the skin using Image J analysis.



Next, the dataset was surveyed for all genes that are involved in immune cell chemotaxis and extravasation (Figure 4B). In both COVID-19(+) TV and COVID-19(-) PU control groups a gene expression signature associated with neutrophil activation and chemotaxis was expressed; however, these signatures were characterized by unique subsets of genes in COVID-19(+) TV (TREM1, CXCR1, CXCL8, and S100A12) and COVID-19(-) PU control (CXCL1, CXCL2, and CD177) groups (Figure 4B). A small subset of genes involved in neutrophil and T cell activation (CXCL5, CXCL9, CCL21) were expressed in both COVID-19(+) TV and COVID-19(-) PU groups. Additionally, genes associated with antimicrobial defense mechanisms, including alarmins (S100A9, S100A12) and pattern recognition receptors (LBP, and NOD2), were up-regulated in the COVID-19(+) TV group compared to the COVID-19(-) PU control group, while suppressed in the COVID-19(+) PU group. While some genes involved in monocyte and lymphocyte migration and function were expressed in the COVID-19(+) TV group (CCL13, CCL8, and CCL20), a greater number of these genes were expressed in the COVID-19(-) PU control group (CCL19, CCL18, CXCL13, CCL4, CCL5, CXCL9). Only two genes (RAC1, CXCL9) were upregulated in COVID-19(+) PU compared to the other two disease groups. These genes are involved in the control of cell growth and lymphocyte chemoattraction, respectively. These findings support the histologic findings of different immune cell populations present in the HASPI groups. Taken together, these results demonstrate that while neutrophil activation and dysfunction may play a role in HASPI skin of both COVID-19(+) TV and COVID-19(-) PU groups, abnormal thrombosis and exacerbated inflammatory responses appear to be unique to HASPI skin in the COVID-19(+) TV group.





NET formation and upregulation of genes associated with the immature neutrophil subset are significantly elevated in COVID-19(+) TV skin

Schulte-Schrepping et al., utilized single-cell RNA sequencing of whole blood and peripheral blood mononuclear cells from COVID-19(+) patients to study the role of mature and immature neutrophil subsets in COVID-19 disease pathogenesis (16). We utilized this published dataset of neutrophil function-related genes that contribute to systemic inflammation in COVID-19 disease and compared them to the transcriptional signatures in our HASPI skin tissue dataset. Genes contributing to dysregulated NET formation were highly expressed in both COVID-19(+) TV and COVID-19(-) PU groups, but not in the COVID-19(+) PU group (Figure 4C). However, genes related to distinct mechanisms of NET induction were differentially expressed in the COVID-19(+) TV and COVID-19(-) PU control groups, with COVID-19(+) TV samples expressing PADI2 versus PADI4 expression in COVID-19(-) PU controls.

Immature neutrophils, or low-density granulocytes, have been shown to undergo uncontrolled NET formation in several autoinflammatory and autoimmune diseases, contributing to disease pathology (21). Genes associated with the immature neutrophil subset (CD24, LTF, CAMP) were up-regulated in COVID-19(+) TV skin, but not in COVID-19(+) PU or COVID-19(-) PU skin tissue (Figure 4C). Several other neutrophil function-related genes were also uniquely expressed in the COVID-19(+) TV group, including those related to antiviral response (IFIT3, DDX58, PTGS2, and IFIH1) and Toll-like receptor (TLR)-mediated signaling (TLR2, TLR5). Finally, CD274 (PD-L1), a known inhibitor of T cell activation, was highly expressed in COVID-19(+) TV skin tissue compared to the other 2 groups. These results reveal that while certain neutrophil chemotactic genes are expressed in both COVID-19(+) TV and COVID-19(-) PU control groups, expression of genes associated with the immature neutrophil subset is a distinct characteristic of the COVID-19(+) TV group, suggesting this neutrophil subset might contribute to enhanced vascular thrombosis at the local skin tissue level.

Finally, NETs in skin tissue from all three HASPI groups were visualized by immunofluorescent staining. Rare NETs were detected in the COVID-19(+) PU group (Figure 4D), which is consistent with the low NET-specific DEGs detected in this group (Figure 4C). This is in contrast to the visualization of NETs mainly in the dermis in all of the COVID-19(+) TV samples, which ranged from relatively low to extensive NETosis (Figure 4D). NETs were also variably detected in COVID-19(-) PU control tissue specimens, with five of nine COVID-19(-) PU skin specimens (~55%) demonstrating a lack of detectable NETs (Figure 4D). This was supported by image analysis to quantify the area of NETs within the tissue, which demonstrated the median total NET area in the COVID-19(+) TV group was modestly elevated compared to COVID-19(-) PU controls (p=0.07) (Figure 4E). Total area of NETs in the COVID-19(+) TV tissue was significantly higher than in the COVID-19(+) PU group (p<0.01), indicating a potential role for neutrophils in abnormal thrombosis-mediated biological mechanisms. These results demonstrate that while NETs may contribute to pathology in both COVID-19(+) TV and COVID-19(-) PU groups, mechanisms of NET induction (PADI2 vs. PADI4) and neutrophil subsets that potentially contribute to disease pathology (immature vs. mature neutrophil subsets) differ, possibly due to local SARS-CoV-2 infection.






Discussion

Although the hallmark of COVID-19 disease is acute respiratory distress syndrome and respiratory failure, manifestations are known to occur in many organ systems (22). Inflammation related to COVID-19 can cause transient or permanent organ damage, adding considerable morbidity to patients who survive their COVID-19 disease course. Numerous cutaneous eruptions have been described in the setting of COVID-19, but the peer-reviewed literature has focused mainly on outbreaks that resolve without significant tissue damage. Alternatively, HASPIs represent localized areas of significant and often permanent skin damage. HASPIs occur mainly in hospitalized patients and are associated with substantial patient morbidity and healthcare costs, with estimates ranging from $10 billion to >$26 billion annually (23). Given the significant impact of HASPIs and requirement for hospitalization in a substantial percentage of patients with COVID-19, we explored the incidence of HASPIs and risk factors for their development in a large cohort at a single tertiary care, multi-hospital institution.

This study revealed a number of important findings surrounding HASPIs in COVID-19(+) patients. Overall, COVID-19(+) patients had a 63% increased incidence of developing a HASPI compared to COVID-19(-) patients (Supplementary Table 1). Additionally, COVID-19(+) hospitalized patients have a 40% increased odds of developing HASPIs compared to COVID-19(-) patients, even when controlling for baseline ulceration risk at admission, ICU admission, and other variables (Table 2). Although the overall etiology of HASPIs in COVID-19 patients is likely multifactorial, there are numerous possible explanations for the increased risk we found in these patients. One obvious possibility is that COVID-19(+) patients have increased risk of ulceration at time of admission. However, the elevated risk of HASPIs in COVID-19(+) patients persisted compared to COVID-19(-) patients when controlling for risk of ulceration in a multivariable model. Another possibility is that meticulous routine care for these patients was compromised to protect caregivers from excess exposure to COVID-19(+) patients. However, protocols for frequent skin checks for HASPIs were not changed at our institution during the COVID-19 pandemic. This makes lack of adequate care an unlikely cause of increased HASPIs in our COVID-19(+) patient population and suggests other factors contribute to this increased risk, potentially including factors inherently related to SARS-CoV-2 infection.

This study identified that COVID-19(+) patients are at risk of more severe HASPIs and more often require surgical debridement compared to COVID-19(-) patients (Tables 1, 2). In particular, the finding that almost 25% of the COVID-19(+) HASPIs were Stage 3 or Stage 4 (compared to <10% in the COVID-19(-) cohort) is important, as these stages of pressure injuries are considered hospital ‘never events’. These ‘never events’ were defined by the National Quality Forum as events that are measurable and preventable, and that may lead to severe patient morbidity and mortality. The increased incidence of these severe ulcerations, despite continuing standard clinical monitoring protocols during COVID-19 to prevent them, is concerning.

Importantly, when controlling for age, co-morbidities, and other variables COVID-19(+) patients with HASPIs were more likely to have a severe hospitalization course compared to COVID-19(+) patients without HASPI. These results support that development of a HASPI is a poor prognostic sign in the setting of COVID-19. However, it is unclear whether a severe hospitalization course increases risk of HASPI development, or vice versa. Regardless, this finding aligns with the hypothesis that HASPIs in COVID-19(+) patients likely arise as a result of both intrinsic and extrinsic disease factors.

A comparison of laboratory parameters revealed COVID-19(+) HASPI patients had significantly higher maximum levels of serum ferritin compared to COVID-19(-) HASPI patients (Table 1). Hyperferritinemia has been associated with poor prognosis in COVID-19 patients and has been implicated to have a pathogenic role in cytokine storm (24). In the setting of an inflammatory state, ferritin has also been hypothesized to be a marker of cellular damage. Thus, COVID-19-associated inflammation may result in more significant cellular damage compared to other medical conditions leading to hospitalization, resulting in an overall catabolic state that promotes HASPI ulceration.

Surprisingly, maximum D-dimer levels were not significantly higher in COVID-19(+) patients with HASPIs compared to COVID-19(-) patients with HASPIs in our cohort. However, a high percentage of COVID-19(-) patients had no D-dimer levels drawn, suggesting a selection bias towards evaluating D-dimer levels in those patients who may have had clinical features supporting a thrombotic state (Table 1). Elevated D-dimer levels strongly correlate with an increased risk of thrombotic events in COVID-19 patients and, importantly, all COVID-19(+) HASPI patients in our cohort had elevated D-dimer levels (25). Factors other than elevated D-dimer levels, such as elevated expression of thrombotic genes or heightened triggering of complement pathway activation, may also contribute to thrombotic pathology in COVID-19 patients.

SARS-CoV-2-induced thrombotic events in the skin microcirculation represent another possible contributor to increased HASPI risk in COVID-19 patients. Thrombotic events in the skin and other organs of patients with COVID-19 are well-described (2, 3). Although these events typically do not appear to result in significant skin damage, they may promote eventual ulceration in areas like the sacrum that are additionally affected by pressure. In support of this, we have previously seen and reported several patients with severe COVID-19 who developed unusual retiform purpura on the buttocks associated with histologic thrombotic vasculopathy and subsequent development of sacral ulcers (13, 15).

In our cohort, 25 patients had skin specimens of their HASPIs available, 15 of which were biopsies performed on COVID-19(+) patients (TV and PU). We compared the histologic, cellular and molecular characteristics of these specimens in detail to each other and to those in COVID-19(-) PU control skin tissue. Significantly higher numbers of vascular thromboses and leukocytoclasis were observed in skin tissue from the COVID-19(+) TV group compared to the other groups, supporting the role of thrombotic vasculopathy as a potential contributor to subsequent ulceration in some COVID-19(+) patients.

Interestingly, vascular thromboses were detected occasionally in our COVID-19(-) PU control specimens. In fact, vascular thromboses have been described in skin biopsies of HASPIs in COVID-19(-) patients, and vascular occlusion has long been hypothesized to play an important pathogenic role in the development of PUs (26, 27). However, vascular thromboses were far more numerous and prominent in COVID-19(+) TV tissue compared to what we found in COVID-19(-) PU skin and compared to what has been described in prior histologic studies of PUs, suggesting additional pathogenic contributors to thrombotic vasculopathy in the COVID-19(+) TV group, such as factors inherent to COVID-19 (17, 28, 29). Additionally, some prior histologic studies of PUs describe vascular thromboses underlying ulcerated skin, suggesting they may represent secondary phenomena related to inflammation in areas of ulcer, whereas our COVID-19(+) TV tissue contained diffuse vascular thromboses in skin with intact epidermis, prior to ulceration (30, 31).

Although the majority of skin specimens from COVID-19(+) patients showed a TV pattern, one-third showed a PU histologic pattern with far less vascular thromboses compared to TV skin tissue. Although not statistically significant, mean maximum D-dimer levels were higher in the COVID-19(+) TV group compared to the COVID-19(+) PU group. This raises the possibility that there may also be a threshold D-dimer level, above which there is increased risk of vascular thrombosis in cutaneous vessels under pressure during viral infection, which might contribute to the unique histologic observations in this study.

Transcriptional analyses on skin specimens from the sites of sacral ulcer formation evaluated the inflammatory landscape in skin tissue during SARS-CoV-2 infection in comparison to sacral ulcers obtained from uninfected patients. This type of analysis has not been previously performed. Our results showed that COVID-19(+) TV skin is associated with up-regulation of genes related to innate immune responses and viral defense responses, and down-regulation of T-cell mediated immune responses (Figures 3A, B). Importantly, biological pathways and DEGs upregulated in COVID-19(+) TV skin were mainly categorized as genes that would potentially contribute to abnormal thromboses and immunothrombosis, consistent with our histopathology results (Figure 4). Analysis of DEGs showed that while interferon response genes and neutrophil-associated genes were highly expressed in COVID-19(+) TV skin, genes associated with MHC class II antigen presentation were down-regulated, indicative of stunted adaptive immune responses in COVID-19(+) TV (Figure 2C). Consistent with results of histopathological observations (Table 3), we also observed that genes associated with mechanisms of dysregulated immature neutrophil responses were highly expressed in COVID-19(+) TV skin compared to COVID-19(-) PU skin (Figures 4B, C). Given the known association between SARS-CoV-2 infection and immature neutrophil responses, this result further implicates SARS-CoV-2 infection itself with augmentation of ischemia in these areas and contribution to eventual tissue necrosis and ulceration. Although trending higher, we were unable to detect significant presence of SARS-CoV-2 transcripts in the COVID-19(+) TV samples in our limited dataset, so are unable to conclusively determine whether the immune dysregulation and enhanced thrombosis observed is a direct, local response to virus present in the skin or a more systemic response to SARS-CoV-2 infection. Interestingly, genes related to complement activation were upregulated in all disease groups, indicating that the alternative complement activation pathway was triggered in infected as well as uninfected skin tissue. Overall, our results suggest SARS-CoV-2 infection may amplify ischemia and eventual tissue necrosis and ulceration in skin under pressure by increasing thrombosis and neutrophil dysregulation, and not complement activation.

Recently, Yang et al. (32) examined the importance of CXCL10 plasma levels (interferon γ-inducible protein 10; IP-10) in COVID-19 disease severity and progression of COVID-19 disease. They reported that 5 cytokines, including CXCL10, were associated with fatal outcomes during infection (32). Several other studies have also shown the prognostic value of CXCL10 in determining COVID-19 disease course (33, 34). CXCL10 was found to be up-regulated in COVID-19(+) TV skin in comparison to COVID-19(+) PU and COVID-19(-) PU skin in our study (Figure 4A). These results suggest COVID-19 severity may be important for precipitating cutaneous vasculopathy in skin under pressure, which would further support a threshold is needed for SARS-CoV-2-associated contributions to cutaneous thrombosis.

Cytokines, such as IL1A and IL27, which have been shown to be higher in patients with more severe COVID-19 disease (35–37), were highly expressed in COVID-19(+) TV skin in comparison to the other groups. We also found that alarmins (S100A9, S100A12) and pattern-recognition receptors (PRRs) including TLR2, TLR4, TLR5, IFIH1, and NOD2 had higher expression in COVID-19(+) TV skin. It has been shown that SARS-CoV-2 spike protein binds TLR4 to increase the cell surface expression of ACE2 and facilitate viral entry (38, 39) exacerbating innate immune responses during infection. Expression of SARS-CoV-2-specific genes and higher transcript levels of PRRs in COVID-19(+) TV skin could potentially explain the enhanced innate immune responses observed with examination of GO biological pathways, and a contribution of neutrophil dysfunction in promoting cutaneous vascular thromboses.

Cell type scoring demonstrated that neutrophils were enriched in COVID-19(+) TV skin compared to COVID-19(+) PU and COVID-19(-) PU skin. While we also observed changes in CD56+dim NK cell, CD45+ cell, and mast cell signatures, we focused our subsequent efforts on specifically understanding the role of neutrophils in the ulcer phenotypes with and without SARS-CoV-2 infection since neutrophils have been shown to play an important role in COVID-19 disease pathogenesis, particularly in relation to thromboses and multi-organ damage (19, 40, 41). A study of dysregulated myeloid cell responses in COVID-19 revealed that presence of CD274 and ARG1 expressing dysfunctional mature neutrophils contributed to severe COVID-19 disease (16). In our dataset, the expression of CD274 was significantly higher in TV skin compared to skin in the other groups. Given that T cell mediated immune responses were down-regulated in COVID-19(+) TV skin, it is possible that presence of CD274high (PD-L1+) mature neutrophils in TV skin tissue suppress T cell responses due to the inhibitory interaction between PD-L1 and PD-1, resulting in stunted adaptive immune responses. In support of this, mature CD274 (PD-L1+) neutrophils have been shown to exert suppressive effects on T cell function in various other diseases like cancer and HIV infection (42, 43).

The presence of NETs in skin tissue was directly evaluated to understand whether exacerbated NET formation contributed to inflammation in the skin. Results showed that NETs were significantly higher in COVID-19(+) TV vs. PU skin, indicating that neutrophils and NETs potentially contribute to cutaneous thrombotic vasculopathy during severe COVID-19 infection. While NETs were also observed in COVID-19(-) PU (controls), the baseline levels in 5 patients were nearly zero, indicating that exacerbated NET formation might be a consistent feature of TV in COVID-19(+) patients. In addition to significantly higher NETs in COVID-19(+) TV vs. COVID-19(+) PU skin, COVID-19(+) TV skin also had more intense neutrophil elastase and CD61 staining than COVID-19(+) PU skin, correlating with the known ability of NETs to propagate inflammation and thrombosis (Figure 4D and Supplementary Figure 3). The reason for the difference in NETs in COVID-19(+) TV and PU skin is not entirely clear. However, previous work has supported that COVID-19 is a pro-NETotic state that is influenced by disease severity and levels of certain clinical biomarkers (44). The degree of NETosis is likely influenced by many factors in a given COVID-19 patient, including genetic factors, amount of viral-damaged epithelial cells, levels of various inflammatory cytokines, extent of platelet and endothelial cell activation and others. Although details concerning how NETosis is triggered in the setting of severe COVID-19 requires additional work, our results support that presence of significant cutaneous NETosis correlates with increased cutaneous thromboses, and likely contributes to development of HASPIs in this particular population of severe COVID-19 patients.

Our study has several advantages and limitations. Advantages include the establishment of a comprehensive COVID-19 registry at our institution that allowed identification of all COVID-19(+) patients admitted to our institutional hospitals, as well as a relatively large cohort utilized for analysis. Additionally, the standard protocol to photograph ulcers allowed objective confirmation that patients were accurately labeled as having HASPIs. More importantly, our results correlate clinical findings with histopathologic and molecular results. The comparison of COVID-19(+) patients with HASPIs to both COVID-19(+) patients without HASPIs and COVID-19(-) patients with HASPIs has not previously been done, especially with quantification of genes in sacral skin under pressure in all 3 groups. We were also able to corroborate the contribution of NETs to local tissue inflammation indicated by our transcript analyses using immunofluorescence imaging.

Limitations include the retrospective nature of our study and possibility that electronic medical records did not always contain accurate documentation of data points (i.e. date of ulcer onset). One important data point that we could not completely characterize was skin color due to absence of images and/or incomplete disclosure of ethnicity for several patients in our cohort. However, we believe it is notable that our COVID-19(+) HASPI cohort had a large number of black patients. As black patients have been found to be at increased risk for severe COVID-19 compared to other ethnic groups, our ethnicity data further supports a link between severe COVID-19 and HASPI development, and suggests clinicians should be particularly meticulous in monitoring black COVID-19(+) patients for HASPI development (45, 46). Additionally, laboratory data points and skin tissue specimens were not always captured on similar days during hospitalizations or in all patients to allow precise comparison. The number of biopsies evaluated in each cohort was relatively small with only limited amounts of tissue available for research. However, given HASPIs are typically diagnosed clinically and patients with severe COVID-19 can be difficult to biopsy for various reasons, we believe our biopsy sample numbers are adequate to gain insights into central pathways altered in these patients. These limitations impacted our ability to conclusively determine whether these dysregulated pathways are altered in response to local or systemic SARS-CoV-2 infection and will need to be explored further in a larger study cohort with a secondary method to confirm presence of virus in cutaneous tissue. We were unable to utilize fresh biopsies for transcript-level analyses and corroborate with systemic markers due to the unavailability of these resources in severely ill patients during the initial months of the outbreak. Therefore, the transcriptional analyses were limited to bulk tissue digests of paraffin-embedded tissue, precluding single cell transcriptomic analyses. Furthermore, as this study consists of a cohort from a single institution, our results are not necessarily generalizable. This study also focused specifically on the role of neutrophils and NETs in disease pathology; however, future studies will explore the role of other cells types, including platelets that were significantly altered in the three disease groups.

In conclusion, we show that COVID-19(+) patients are at an increased risk of HASPIs compared to COVID-19(-) patients, and COVID-19(+) patients with HASPIs develop ulcerations of more severe stage that more often require debridement than COVID-19(-) patients. Furthermore, we show that thrombotic vasculopathy was prominent in sacral skin of COVID-19(+) patients with HASPIs compared to controls, and TV tissue displayed increased expression of DEGs known to contribute to abnormal thrombosis and ischemia. Overall, our results implicate SARS-CoV-2 infection as a contributing factor to HASPIs in at least some COVID-19 patients.

Unlike other reports of skin manifestations in COVID-19 patients, our overall findings support the skin is yet another organ system that may sustain significant damage secondary to COVID-19. Recognizing risk of HASPIs and the potential role of SARS-CoV-2 infection in COVID-19 patients is important, as they may contribute to significant future morbidity, healthcare expenditure, and even mortality in patients who recover from COVID-19. Further research is needed to uncover detailed pathogenic factors leading to increased HASPI risk in COVID-19(+) patients, as well as how to optimally prevent them from occurring. For now, healthcare workers should be especially attentive to potential early signs of HASPI development in patients hospitalized with COVID-19, especially those with serious disease, and be meticulous with currently proven preventative clinical interventions.





Materials and methods




Patient identification

Patients with HASPIs were identified as having been hospitalized for greater than 5 days within our institution between March 1 and December 31, 2020, with an ICD-10 diagnosis of sacral ulcer or photographic documentation of sacral ulceration at some point during hospitalization (Supplementary Table 5). We defined a sacral ulcer as any new onset ulceration involving the sacral and/or buttocks areas acquired during an inpatient hospital admission at one of our facilities within the above time period. The decision to utilize an image search was made because nursing staff at our institution are instructed to image all potential HASPIs for documentation and clinical improvement purposes, and because photographs provide objective proof of ulceration. Based on our search criteria, we assumed all sacral ulcers that developed during hospitalization represented HASPIs unless otherwise stated in clinical notes and will refer to them as such from this point forward.

Patients that did not undergo a polymerase chain reaction (PCR)-based COVID-19 test at admission or during hospitalization, those hospitalized for <5 days, and those with sacral ulcers already present at hospital admission were excluded from our study. Additionally, stage 1 ulcer patients were excluded as these types of ulcers are difficult to reliably detect and are not routinely documented by our wound care teams. Some patients were hospitalized more than once during our defined study period. However, only the hospitalization associated with an initial development of a HASPI was included for our study purposes.

Among the 143,223 patients hospitalized at our institution during our defined study period (March 2020-December 2020), 58,766 patients met our inclusion/exclusion criteria and comprised our study cohort (Supplementary Figure 1). These patients were hospitalized for a total 591,763 days. Of our 58,766 patients, 5,531 (9.4%) were COVID-19(+) patients (total hospitalization days = 64,980; average 11.8 days) and 53,528 (89.6%) were COVID-19(-) patients (total hospitalization days=526,783; average 9.8 days). A total of 3,352 patients had a diagnosis of sacral ulcer during their hospitalization with or without an image of their sacral region in their electronic medical records. Of these patients, 2,992 had their sacral ulcers documented prior to or upon admission and 67 were seen at an outside hospital and were excluded from our study. Thus, our final study cohort consisted of 293 patients with HASPIs (Supplementary Figure 1).





Patient and ulcer characteristics

For all patients who met our inclusion/exclusion criteria, we thoroughly reviewed electronic medical records to obtain detailed clinical information. Clinical data acquired included demographic information (age, gender, race), HASPI ulceration risk (based on Braden risk assessment at hospital admission), presence of specific medical comorbidities (obesity, hypertension, diabetes mellitus, and chronic obstructive pulmonary disease (COPD)) index hospitalization information (COVID-19 status, length of stay, intensive care unit (ICU) admission, intubation/mechanical ventilation requirements), laboratory results (including maximum D-dimer concentration, maximum ferritin concentration, and maximum white blood cell count (WBC)), HASPI characteristics (time from admission to ulcer formation, ulcer stage, and ulcer size), and 30-day HASPI-related morbidity information (defined as either need for surgical debridement or subsequent ulcer-related infection within 30-days of discharge).

The Braden risk assessment score is a validated clinical tool calculated by nursing staff throughout our institution as part of routine patient skin assessments at admission and every 12 hours thereafter. This standardized risk scale assigns numerical ratings (ranging from 1-4) to six domains, including sensory perception, moisture, activity, mobility, nutrition, and friction/shear forces (47). The sum of these domains is used to risk stratify patients for HASPI formation; a lower score is correlated with increased risk of HASPI development (48). The primary outcome of our study was development of HASPI during the indexed hospitalization. Our secondary outcome was severity of hospitalization course, which was an ordinal categorical variable defined as either (1) hospitalization only, (2) hospitalization requiring ICU admission, (3) hospitalization requiring ICU admission and need for mechanical ventilation, and (4) hospitalization leading to death.

COVID-19 status was determined by nasal swab and PCR-based diagnostic testing. If a patient tested positive for COVID-19 at least once during the index hospitalization, they were classified as COVID-19(+). Time to ulcer formation was measured in days from admission to first mention and/or photographic documentation of HAPSI in the patient’s EMR, whichever occurred first. Ulcer size was defined as the largest recorded area (measured in cm2) of sacral ulceration during the index hospitalization. Ulcer stage was defined as most severe stage of ulcer (2, 3, 4, or unstageable) recorded during hospitalization according to National Pressure Injury Advisory Panel (NPIAP) classifications. Severe stage of HASPI was defined as either Stage 3 or Stage 4 HASPI according to NPIAP staging criteria. These specific stages were selected as they are considered hospital ‘never events’ by the NPIAP due to their associated, independent risk of increased morbidity and mortality (49).





Histopathology analysis of tissue specimens

Histopathologic characteristics of biopsied patients were qualitatively and quantitatively assessed using hematoxylin and eosin (H&E) stained tissue specimens by a board-certified dermatopathologists (APF and JDM). For COVID-19(+) patients, 4mm biopsies from (typically) areas of sacral purpura were obtained. For control COVID-19(-) specimens, which were typically submitted to pathology during debridement, a search of Cleveland Clinic pathology archives was performed to find specimens from PUs. H&E sections of all available specimens were reviewed to identify those appropriate to use as control specimens. Any specimens with histologic features suggestive of secondary infection, extensive epidermal ulceration, or prominent fibrosis (supporting significant chronicity) were excluded. Ten specimens were found to have histologic features suggestive of inherent pressure-induced changes. For these, a 4mm wide area was demarcated and examined to be consistent with the area examined in COVID-19(+) tissue. When possible, areas with intact epidermis were chosen in COVID-19(-) specimens to also reduce variability with tissue examined from COVID-19(+) patients. Histopathologic features that were evaluated included neutrophil infiltrate, vascular thrombosis, total number of thromboses, intraluminal neutrophils and leukocytoclasis (Table 3). These features were scored for their presence or absence, in addition to quantitating them if present. Phosphotungstic Acid Hematoxylin (PTAH/fibrin) and CD61 staining to evaluate microthrombi formation was performed on biopsied tissues samples obtained from the cases highlighted in Figure 1.





NanoString analysis

RNA was extracted from Formalin-Fixed and Paraffin Embedded (FFPE) tissue biopsies, using the RNeasy FFPE kit (Qiagen) with deparaffinization solution (Qiagen). Total RNA concentrations were determined using a Nanodrop ND-1000 spectrophotometer (Thermo Fisher Scientific). One-hundred nanograms of RNA was then hybridized with the NanoString Human Autoimmune Profiling Panel and spike in Coronavirus Panel Plus probe sets (NanoString Technologies). Transcriptional analysis of immune related genes and SARS-CoV-2 genes in tissue biopsies was conducted using the NanoString nCounter Pro Analysis System (NanoString Technologies). Raw data was initially processed using the nSolver Analysis Software (V.4.0). Quality control and normalization was performed using the 6 positive control, 8 negative control, and 20 housekeeping probes. Samples flagged for failing quality control were removed. Remaining data was assessed for cell type scoring using nSolver Advanced Analysis (V.2.0) and exported for subsequent analysis in R software.





Bioinformatics analysis

Analysis was performed using R (version 4.1.0). Venn diagram was generated utilizing DEGs from TV vs Control results against PU vs Control. Resulting residuals for principal component analysis (PC1 and PC2) were plotted using ‘ggplot2’ package (version 3.3.5). For pathway analysis, DEGs were separated into up- and down-regulated gene lists (fold change > 0 and fold change < 0 respectively). Package ‘gprofiler2’ (version 0.2.1) to find up- and down-regulated pathways. GO pathways were filtered to remove redundant pathways to generate the data by GO’s hierarchically structured database. Using ordered p-values from pathway analysis, the top 10 up-regulated and down-regulated pathways were obtained and p-values were log10-transformed for Figures 3A, B. Heatmaps were generated using normalized counts for specific gene sets (pheatmap version 1.0.12). Gene set enrichment analysis (GSEA) was utilized to identify genes involved in specific biological functions like neutrophil activation, abnormal thrombosis and complement activation. COVID-19-specific neutrophil genes (Figure 4C) were analyzed using published single-cell sequencing data. The p-value cutoffs that were used to determine significant genes from the NanoString data was FDR adjusted p-values < 0.05.





Neutrophil extracellular traps immunofluorescence staining and confocal imaging

Paraffin embedded 5 μm tissue sections were sectioned by the Cleveland Clinic Histology Core. Sections were deparaffinized and blocked using blocking buffer (Hank’s balanced salt solution containing 2% bovine serum albumin and 2% goat serum) for 1 hour at room temperature. Qualitative evaluation of presence of NETs in the tissue was performed using antibodies for anti-neutrophil elastase (NE/ELA2; R&D Systems, Catalogue# MAB91671-100; monoclonal mouse IgG; RRID : AB_2923234) and Anti-Histone H3 (citrulline R2 + R8 + R17; Abcam, Catalogue# ab5103; Rabbit polyclonal IgG; RRID : AB_304752). Primary antibody dilutions were made in the blocking buffer (NE, CitH3; used at 1:100 dilution) and added to the sections for an overnight incubation at 4°CC. Next day, slides were washed in 1X PBS (3X) and secondary antibodies were added to the sections for 1 hour at room temperature (1:1000 dilution in blocking buffer, Goat anti-Mouse 633 and Goat anti-Rabbit 568). After the 1 hour incubation, slides were washed in 1X PBS (3X) and mounted with DAPI (ProLong™ Gold Antifade Mountant with DAPI, ThermoFisher Scientific, Catalogue# P36931). Images were obtained using an inverted Leica SP8 confocal microscope using objective lens 40X oil/1X zoom factor. Five fields/tissue section were imaged for the purpose of quantitative assessment of presence of tissue NETs in the epidermis as well as the dermis. Images obtained from various disease groups were qualitatively assessed for presence of high, medium-low and no tissue NETs. Area of NETs was quantified using Image J software (version 1.53r 21).





Statistical analysis

Categorical variables are presented as count (percentage) and continuous variables as median (interquartile range). Wilcoxon rank-sum was utilized for two-sample continuous variable comparisons. Chi-square and Fisher’s Exact tests were utilized to compare nominal categorical data across groups. Cochrane-Armitage exact trend test was utilized to compare univariate ordinal categorical data. Multivariable logistic and multivariable Cox proportional hazards regression were used to model binary and time-to-event outcomes, respectively. Multivariable linear regression was used to model wound size. Potential for multicollinearity was explored using variance inflation factor analysis. One-way ANOVA was utilized for analysis of tissue NETs with post-hoc Tukey analysis. An a level of 5% (two-sided) was utilized for all comparisons. Statistical analysis was performed using SAS JMP Pro (version 15) and Prism (version 9.3.1).
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Adjusted odds ratio [95% CI| Multivariable p value

Demographic data

Age < 45 vs > 65 years 0.340 [0.043-2.694] 0.307
Age 45-65 vs > 65 years 0.129 [0.019-0.886] 0.037
Sex (Male) 3.424 [0.686-17.095] 0.134
One or more comorbidities 3.041 [0.567-16.302] 0.194
Vaccine schedule

SARS-CoV-2 vaccination* 0.098 [0.025-0.390] <0.001

Biological data at presentation

IFN-y < 15 IU/mL 4.623 [1.231-17.361] 0.023

Multivariable logistic regression model was used to investigate independent factors that influence hospitalization. Significant associations are highlighted. Overall test model: p<0.001,
R*=43.8%.

*complete scheme (two or more injections of an mRNA vaccine, one or more injection of Janssen vaccine).

CI, confidence interval; IEN-y, interferon-gamma. Bold value = p > 0.05.
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Population’s characteristics

Baseline characteristics
Sex
Male
Female
Age, years
Comorbidities
BMI (kg/m*)
Type 2 diabetes
Cardiovascular diseases*
Hypertension
Respiratory diseases (COPD, asthma)
Active cancer
Immunosuppressive therapy
SARS-CoV-2 vaccination**
Presentation at diagnosis
Symptoms
Fever (>38-0°C)
Cough
Dyspnea
Headache
Myalgia
Diarrhea
Anosmia
None
Laboratory data
Lymphocytes count (G/L)
Neutrophils count (G/L)
Hematocrit (L/L)
CRP (mg/L)
Serum creatinine (umol/L)

IFN-y levels after in vitro cell
stimulation (IU/mL)

Outcomes
Hospitalization
Oxygen therapy
Corticosteroids
Intensive care unit

Death

Patients, n = 115

49 (42.6%)
6 (57.4%)
53.9 (+ 17.2)

249 [215-28.3]

11 (9.6%)

11 (9.6%)
30 (26.1%)
15 (13.0%)

9 (7.8%)

16 (13.9%)
78 (67.8%)

45 (39.1%)
54 (47.0%)
30 (26.1%)
27 (23.5%)
7 (23.5%)
11 (9.6%)
19 (16.5%)
9 (7.8%)

1.1 [0.8-1.6]

44 [29-6.3]

039 (+ 0.64)
28.9 [6.4-106.6]
77.0 [57.8-114.3]
58.0 [15.0-234.0]

28 (24.3%)
24 (20.9%)
16 (13.9%)
11 (9.6%)
5 (4.3%)

The number (and percentage) are indicated for categorical variables, mean (and standard
deviation) are shown for continuous variables with Gaussian distribution and median
(and interquartile range) for continuous variable with non-Gaussian distribution.
Lymphocyte and neutrophil counts, CRP and creatinine values were available for 59

patients. Hematocrit was available for 62 patients.

*heart failure or coronary artery disease.

“*complete scheme (two or more injections of an mRNA vaccine, one or more injection of

Janssen vaccine).

BMI, body mass index; COPD, chronic obstructive pulmonary disease; CRP, C-reactive

protein; IFN-Y, interferon-gamma.
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Outpatient care n = 87 Hospitalization n = 28 Univariable p value

Demographic data

Age 50.1 (+ 15.4) 65.5 (+ 17.5) <0.001
Sex (Male) 29 (33.3%) 20 (71.4%) <0.001
BMI (kg/m?) 23.8 [21.2-27.6] 26.3 [24.7-29.4] 0.083
One or more comorbidities 38 (45.2%) 25 (89.3%) <0.001
Vaccine schedule

SARS-CoV-2 vaccination* 68 (59.1%) 10 (35.7%) <0.001

Biological data at presentation

Lymphocytes count (G/L) 1.2 [0.8-1.7] 1.0 [0.6-1.5] 0212
Neutrophils count (G/L) 3.9 [2.9-5.0] 4.9 [3.2-74] 0.788
Hematocrit (L/L) 0.41 (+ 0.52) 0.37 ( 0.69) 0.022
IFN-7 levels after in vitro cell stimulation (IU/mL) 97.0 [23.6-332.0] 11.6 [3.3-53.9] <0.001
IFN-y/hematocrit ratio (IU/mL) 270.5 [47.0-542.4] 36.3 [9.2-134.9] <0.001

The number (and percentage) are indicated for categorical variables, mean (and standard deviation) are shown for continuous variables with Gaussian distribution and median (and
interquartile range) for continuous variable with non-Gaussian distribution. Comparisons were performed using the unpaired two-sided Student’s t-test or Wilcoxon-Mann-Whitney U test
according to data distribution for quantitative variables, and the Chi-square test for qualitative variables. Significant associations are highlighted.

“complete scheme (two or more injections of an mRNA vaccine, one or more injection of Janssen vaccine).

BMI, body mass index; IFN-Y, interferon-gamma. Bold value = p > 0.05.
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Name Peptide positio Source

ORFla ILASFSASTSAFVET 476-490 This study

ORFla FLHFLPRVFSAVGNICYTP 2880-2890 This study

ORFlb FVDGVPFVVSTGYHFR 4726-4741 This study
SPIKE_NTD NIDGYFKIYSKHTPINLV 196-210 @
Pool Spike CoV-2 SPIKE_RBD ATRFASVYAWNRKRI 344-358 @
SPIKE_S2 ALQIPFAMQMAYREN 893-907 (&3]

ORF3 KKRWQLALSKGVHFV 66-80 This study

E FYVYSRVKNLNSSRV 56-70 This study

M LYLYALVYFLQSINEVRIIM 114-123 This study

M KEITVATSRTLSYYK 166-180 This study

ORF8 FYSKWYIRVGARKSA 41-55 This study
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SARS-COV-2 VIROPORINS ACTIVATE THE NLRP3-INFLAMMASOME
VIA THE MITOCHONDRIAL PERMEABILITY TRANSITION PORE

.@T“IH |3.

Oxidative Phosphorylation

© | Inﬂammasome|
ORF3a = SARS-COV2 open reading frame 3 protein ._'

e
Endoplasmic Reticlum @
K E = SARS-COV2 envelope protien

g Mgz.llj 1 :ATCL; |nI:i|t?|tI(_>tr ! o] E MCU = Mitochondrial Calcium Uniporter NLRP
il e Ll Ll e Y mtDNA = Mitochondral DNA

SRRSO EL B NE R E T ROS = Reactive Oxygen Species
CRUVERR RN B E OV SE NS L0 mtPTP = Mitochondrial Permability Transition Pore






OPS/images/fimmu.2022.1006076/table1.jpg
Variables

Age (years)

Body mass (kg)
BMI (kg/m2)
Waist circumference (cm)
Fat-free mass (kg)
Body fat (kg)
Handgrip (kgf)
TUG (s)

6MWT (m)
Hemoglobin (g/dl)
Iron (ug/dl)
Ferritin (ng/ml)
Hepcidin (ng/mL)
Phosphate (mg/dl)
TNF (pg/mL)

IL 10 (pg/mL)

IL 6 (pg/mL)

Total (n=64)

66.8 + 3.34
752 £13.91
26.85+3
95.66 + 11.31
44.82 £ 5.07
30.22 +9.48
24.06 + 6.45
8.55 +2.54
495.34 +102.33
12.14 £ 1.29
77.69 + 20.81
404.79 + 145.58
39.76 + 10.58
525+ 091
16.46 + 6.38
9.76 + 3.21
3241

No (n=13)

65.31 + 4.77
73.97 + 18.49
26.42 + 3.78
96.78 + 14.77
43.23 + 6.84
30.74 + 12.37
2254 £ 6.5
912 +235
498.08 + 128.29
11.48 + 1.18
81.28 + 20.37
389.39 £ 179.46
42.11 + 10.64
4.28 + 0.67
17.62 + 6.62
6.84 + 1.92
355+ 1.27

Long COVID

Yes (n=64)

67.11 + 2.99
75.82 + 12.97
27.08 +2.77
95.82 + 10.75
45.13 + 4.55
30.71 £9.18
23.86 + 6.73
8.53 + 247
491.92 + 96.91
12.06 + 1.41
74.99 + 23.65
428.77 + 151.3
3747 + 10.6
5.26 + 0.91
17.35 + 6.37
9.77 £ 3.13
3.09 £ 1.03

P Value

0.211
0.735
0.826
0.353
0.995
0.842
0.519
0.432
0.844
0.242
0.447
0.484
0.225
0.003
0.908
0.007
0.243

Independent Students T test was applied to compare groups. BMI, body mass index; TUG, timed up and go; 6MWT, six-minute walking test; TNF, tumor necrosis factor, IL, interleukin.
Data expressed by mean and standard deviation. Bold values highlight statistical significances.
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Variables AUC ROC 95% CI Cut-oft point Sensitivity/1-especificity Odds ratio 95% CI

Phosphate 0.804 0.656 - 0.952 5.35 (mg/dL) 0.900/0.632 11.118 1.279 - 96.661
IL-10 0.795 0.661 - 0.929 9.75 (pg/mL) 0.900/0.600 7.286 0.838 - 63.345
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Variables

Long covid
Dyspnea
Dizziness
Headache
Myalgia
Cognitive deficits

Fatigue

Data expressed by n (%).

Phosphate

<5.35mg/dL

17 (65.4)
12 (46.2)
8 (30.8)
5 (50)
6 (23.1)
7 (26.9)
11 (42.3)

25.35 mg/dL

21 (95.5)
20 (90.9)
11 (50)
5(50)
10 (45.5)
8 (36.4)
17 (77.3)

Chi-squared test was performed to compare groups. Bold values highlight statistical significances.

X2

6.533
10.741
1.843
0,088
2.685
0.494
5.994

P value

0.011
0.001
0.175
0,766
0.101
0.482
0.014
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Variable All SARS-CoV-2 Non-infected SARS-CoV-2 Infected p-value

N (%) 36 13 (36.1%) 23 (63.9%)
Maternal age at delivery (median (IQR)) 34 (7.5) 33 (5.5) 35 (10) 0.960
Ethnic group N

African 3 (8.3%) 0 3 (13.1%) 0.473

European 23 (63.9%) 10 (76.9%) 13 (56.5%)

South American 8 (22.2%) 3(23.1%) 5 (21.7%)

South Asiatic 2 (5.6%) 0 2 (8.7%)
Any maternal pathology* yes 7 (19.4%) 3 (23.1%) 4 (17.4%) 0.686
Parity: Nulliparous 21 (58.3%) 8 (61.5%) 13 (56.5%) 0.385
COVID-19 compatible symptoms

asymptomatic 23 (63.8%) 11 (84.6%) 12 (52.2%) 0.054

mild 10 (27.7%) 2 (15.5%) 8 (34.8%)

moderate 1 (2.7%) 0 1 (4.3%)

severe 2 (5.5%) 0 2 (8.7%)
Pregnancy complicalions* yes 11 (30.6%) 2 (15.4%) 9 (39.1%) 0.086
High blood pressure yes 1 (2.8%) 0 1 (4.3%) 0.639
Gestational diabetes yes 4 (11.1%) 1(7.7%) 3 (13.1%) 0.541
Other pregnancy complications®  yes 6 (16.7%) 0 6 (26.1%) 0052
Delivery type

cesarean 15 (41.6%) 4 (30.8%) 11 (47.8%) 0.261

vaginal 21 (58.4%) 9 (69.2%) 12 (52.2%)
Newborn complications§ yes 5 (13.9%) 0 5 (21.7%) 0.089
Preterm delivery yes 4 (11.1%) 1 (7.7%) 3 (13.1%) 0.541
Fetal growth retardation yes 3 (8.3%) 1 (7.7%) 2 (8.7%) 0.708
Low birth weight yes 6 (16.7%) 2 (15.4%) 4 (17.4%) 0.631
Child SARS-CoV-2 rRT-PCR  positive 0 0 0 1

'N = 3 hypothyroidism; 1 hyperthyroidism; 1 celiac disease; 1 asthma; 1 hypothyroidism and eating disorder.

"N = 1 high blood pressure; 4 gestational diabetes; 3 fetal growth retardations; 4 preterm deliveries.

*N = 2 gestational cholestasis; 2 membranes rupture 31.5 weeks and 22 weeks; 1 carbohydrates intolerance; 1 genital herpes.

°N =3 premature; 1 hyperbilirubinemia phototherapy; 1 lymphopenia.

For numerical variables, the median and interquartile range , in brackets, are given. For the categorical variables, the number of individuals for each group and percentages, in parentheses,
are given. For the age variable, the Wilcoxon-rank-sum-test was used to compare differences between median values. For the categorical variables, the Fisher exact test was used.
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Number of comorbidities
PLT

LCR

SOFA score

Constant

0.382
0.009
—0.00039
1.270
—4.881

0.180
0.004
0.00020
0.256
1.107

Wald

4.527
4.002
3.847
24.542
19.438

af

1.000
1.000
1.000
1.000
1.000

P-value

0.033
0.045
0.049
0.000
0.000

1.466
1.009

0.99960

3.560
0.008

95% CI
Lower bound Upper bound
1.031 2.084
1.000 1018
099920 099999
2154 5.884
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Area SE Asymptotic, P-value Asymptotic 95% CI

Lower bound Upper bound

0.106 0.026 0.000 0.054 0.157
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Age

Gender (F/M)
Hypertension (Y/N)
Diabetes (Y/N)
Number of comorbidities
WBC

NEUT%
LYMPH
LYM%

RDW

PLT

CRP

ALT

AST

SCr

ALB

TB

DBIL

IBIL

D-dimer

LCR

SOFA score

Asymptomatic infection and mild groups

combined

42.00 (31.00, 56.00)
19/20
6/33
1/38
0(0,1)

598 (4.92, 7.46)
6237 £ 10.40
1.50 (1.19, 1.83)
2537 £9.27
40.20 (38.70, 42.20)
228.00 (177.00, 271.00)
1.68 (0.50, 6.02)
23.60 (17.70, 36.89)
19.50 (16.80, 24.83)
62.20 (48.99, 73.88)
4293 + 4.63
8.80 (4.5, 10.80)
1.70 (0.00, 2.30)
7.00 (3.13, 8.80)
056 (0.47, 0.72)
9,554.14 (2,560.61, 27,000.00)
0(0,0)

Moderate, severe, and critical groups
combined

64.00 (50.50, 70.00)
83/62
52/93
23/122
2(1,3)

5.00 (3.85, 6.26)
64.77 + 14.61
1.07 (0.67, 1.59)
24.19 + 10.89
41.00 (38.35, 43.15)
168.00 (138.00, 224.00)
13.98 (3.94, 34.87)
27.00 (17.63, 36.90)
27.30 (19.80, 42.04)
62.30 (52.35, 74.20)
3839 + 5.64
8.80 (6.55, 13.35)
2.10 (0.00, 3.35)
7.09 (4.40, 9.69)
0.80 (0.56, 1.24)
733.77 (241.72, 3,629.01)
1(0,2)

ZItly"

-5.335
0.904
5.970
4.792

-5.058

-3.302

-0.963

-3.688
0619

—-0.422

-3.722

-6.137

-0.608

—4.162

-0.097
4.623

-1.690

-2.138

-1.128

—-4.031

-6.211

-4.500

0.000
0.342
0.015
0.029
0.000
0.001
0.337
0.000
0.537
0.673
0.000
0.000
0.543
0.000
0.923
0.000
0.091
0.033
0.259
0.000
0.000
0.000
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Age

Number of comorbidities
WBC

LCR

AST

Constant

0.052
0.595
-0.331
—0.00089
0.062
-1.081

0.017
0.265
0.129
0.00025
0.027
1.169

Wald

9.088
5.038
6.609
12.359
5335
0.855

P-value

0.003
0.025
0.010
0.000
0.021
0.355

1.054
1.814
0.719
0.9999
1.064
0.339

95% CI
Lower bound Upper bound
1019 1.090
1078 3.051
0.558 0.924
0.99986 099996
1.009 1122
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Age

Gender (F/M)
Hypertension (Y/N)
Diabetes (Y/N)
Number of comorbidities
WBC

NEUT%
LYMPH
LYM%

RDW

PLT

CRP

ALT

AST

SCr

ALB

TB

DBIL

IBIL

D-dimer

LCR

SOFA score

Asymptomatic infection, mild, and moderate groups

combined

55.50 (42.25, 66.00)
80/64
44/100
16/128
1(0,2)

527 (399, 6.78)
61.55 (53.95, 69.33)
1.35 (0.99, 1.69)
2682 £9.71
40.8 (38.50, 42.88)
198.00 (149.75, 238.75)
630 (1.70, 14.48)
2537 (17.55, 36.78)
23.36 (18.00, 34.17)
62.08 (52.45, 73.16)
40.60 + 5.09
8.10 (5.93, 10.98)
1.85 (0.00, 3.00)
6.77 (4.20, 8.78)
0.69 (0.52, 0.94)
2,407.47 (640.31, 8,755.06)
0(0,1)

Severe and critical groups
combined

68.00 (58.25, 75.75)
22/18
14/26
8/32
3(1,475)
4.85 (3.79, 5.87)
75.8 (66.95, 85.08)
0.65 (0.42, 0.99)
15.85 + 8.99
41.55 (38.00, 43.93)
148.00 (121.50, 209.25)
35.49 (20.90, 68.05)
28.61 (18.15, 38.70)
3294 (20.50, 51.67)
63.79 (51.10, 86.28)
34.85 +5.75
11.00 (7.74, 16.41)
2.65 (0.00, 4.68)
8455 (5.67, 12.48)
1.17 (0.67, 3.01)
14042 (7132, 42027)
3(2,5)

Zitly"

-4.331
0.004
0.286
2181

-4.529

-1.225

-5.249

—-6.403
6.424

-0.426

—-2.668

-7.012

-0.685

-2.873

-0.609
6.152

-3.940

-1.600

-2.898

-4.284

-7.621

-8.721

0.000
0.950
0.592
0.140
0.000
0.221
0.000
0.000
0.000
0.670
0.008
0.000
0.494
0.004
0.542
0.000
0.000
0.110
0.004
0.000
0.000
0.000
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Age, years

Gender

Body mass index
Hypertension (n,%)
Diabetes (n,%)

Cardiovascular disease
(n,%)

Malignancy (n,%)
Stroke (n,%)

Chronic lung diseases
(n,9)

Arrhythmia (n,%)
Rheumatoid arthritis (n,%)

controls

(n=17 )
54,7+19,7

7M/10F
25,09£3,6
4 (23%)
1 (6%)
3 (17%)

0(0)
0(0)
0(0)

0(0)
1(6%)

moderate

(n=30)
47,7+16,2

7M/23F
27,8+4,7
16 (53%)
1(3%)
4(13%)

4(13%)
1(3%)
2 (6%)

4 (13%)
0 (0%)

severe

(n=30)

59,1
+159

11M/19F
31,6+4,9
24 (80%)
13 (43%)
14 (46%)

5 (16%)
3 (10%)
2 (6%)

1(3%)
1(3%)

The number (n) of the patients in each group is provided with description of their age, gender, and comorbidities. For demographic characteristics data are presented as median +

standard deviation.
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Age, year

Body mass index

Intensive care unit

Oxygen support

Severity grade

Chest CT at admission (grade)
Chest CT at day 7-10

(grade)

SpO2 at admission

Pearson’s r
0.147
0.109
0.187
0.174
0.561
0.591
0.586

-0.076

CMA1

p-value
0.261
0.417
0.153
0.183
<0,0001
<0,0001
<0,0001

0.564

CPA3

Pearson’s 1
0.209
0.121
0.244

03
0.452
0.577
0.561

-0.214

Pearson correlation coefficient and two-tailed p values were calculated for the selected datasets using GraphPad Prism 9.0.

p-value
0.11
0.368
0.06
0,020
<0,0001
<0,0001
<0,0001

0.102

Pearson’s 1
0.127
0.281

0.3
0.125
0.465
0.503
0.472

-0.399

p-value
0.335
0,033
0,020
0.341
<0,0001
<0,0001
<0,0001

0,002
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Blood collection  Ethnic-racial

Gender Age  after recovery of  self-classifi-  Comorbidities Symptoms
COVID-19 (days) cation

Low blood oxygen saturation, Headache, Lung infiltrate, Sore
covi Female 27 73 Brown throat, Dry cough, Dyspnea, Nasal obstruction, Tachypnea,
Diarrhea, and Fatigue.

Hypertension and Fever, Low blood oxygen saturation, Headache, Arthralgia,

Ccov2 Male 43 182 Brown Obesi Myalgia, Lung infiltrate, Nausea, Diarrhea, Fatigue, Tachypnea,
esity Eye swelling, Anosmia, and Ageusia
Hsetengion and Fever, Low blood oxygen saturation, Headache, Dry cough,
COV4  Female 38 138 White s Cough with phlegm, Dyspnea, Tachypnea, Myalgia, Vomiting,

Obesi

esity Lung infiltrate, Chills, and Fatigue

Low blood oxygen saturation, Fever, Headache, Lung infiltrates,

COVI4 | Male 2 301 Black Obesity Runny nose, Sore throat, Dry cough, Dyspnes, Nauses, Fatigue,
Eye swelling, and Anosmia

Asthma and Low blood oxygen saturation, Fever, Headache, Sore throat,

covis Male 2 © brovm Obesity Cough with blood, Lung infiltrates, dyspnea, and Tachypnea

Fever, Headache, Sore throat, Low blood oxygen saturation,
cov17 Female 40 62 Brown Arthralgia, Myalgia, Lung infiltrate, Chills, Fatigue, Anosmia,
Ageusia, and Tachypnea

Low blood oxygen saturation, Fever, Headache, Runny nose, Sore

) Obesity throat, Lung infiltrates, Dry cough, Dyspnea, Nasal obstruction,
ovVis | Mal 2 61 Whit
¢ e s (IMC 385) Tachypnea, Myalgia, Diarrhea, Chills, Fatigue, Anosmia, and
Ageusia.
36.85
MEAN = *3F4M  ( 122.42 ( + 93.40)
7.64)

*F, Female; M, Male. The bold value represents the mean and standard deviation (in brackets) of the Age and Blood collection after recovery of COVID-19 (days) regarding severe
recovered volunteers.
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Cov3

Covs

COve

Ccov7

COovs

Ccov9

Cov1o

covil

COoVv1s

MEAN

Gender

Male

Female

Male

Male

Male

Male

Female

Female

Female

*4F:5M

Age

21

24

39

32

40

36

35

3322
(%
6.70)

Blood collection
after recovery of
COVID-19 (days)

194

204

214
211
195

56

16

196

50

148.44 ( + 81.83)

Ethnic-racial
self-classifi-
cation

Brown

Brown

Brown

Brown

Brown

Brown

White

Brown

Brown

Comorbidities

Guillain-Barrée

Obesity

Obesity

Obesity

Obesity

Symptoms

Headache, Runny nose, cough with phlegm, Nasal obstruction,
Chills, and Fatigue

Fever, Headache, Dry cough, Myalgia, Chills, Fatigue, and
Anosmia

Fever, Headache, Runny nose, Sore throat, Dyspnea, Diarrhea,
Fatigue, Anosmia, and Ageusia

Fever and Dry cough

Runny nose, Sore throat, Nasal obstruction, Myalgia, Diarrhea,
and Fatigue

Headache, Runny nose, and Dyspnea
Arthralgia
Fever, Headache, Runny nose, Sore throat, Dry cough,
Dyspnea, Tachypnea, Arthralgia, Myalgia, Nausea, Vomiting,

Diarrhea, Chills, Fatigue, Anosmia, and Ageusia

Headache, Runny nose, Sore throat, Dry cough, Cough with
phlegm, Nasal obstruction, and Fatigue

“F, Female; M, Male. The bold value represents the mean and standard deviation (in brackets) of the Age and Blood collection after recovery of COVID-19 (days) regarding mild recovered volunteers.
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#Code Gender Age lassification
CTL 1 Female 46 White

CLT 3 Male 47 White

CLT 4 Female 28 ‘White

CLT 5 Male 35 ‘White

CLT 6 Male 22 Brown

CLT 7 Female 36 Indigenous

CLT 8 Male 40 White

CLT 9 Female 31 Brown

MEAN *4F:AM 35.62 ( + 8.63)

*F, Female; M, Male. The bold value represents the mean and standard deviation (in brackets) of the Age regarding HC volunteers.
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group

Antibody therapy?

(Y: yes, N: no)

Infected?

(Y: yes, N: no)

Vaccinated?

(Y: yes, N: no)

Severely Immunocompromised?
(Y: yes, N: no)

Total number

number of women

number of men

median age [years] (range)
Count of lymphocytes [x103/ul]
Mean (SD)

Interval infection/vaccination

- blood collection

Mean (range)

SARS-CoV-2 vairant or
SARS-CoV-2 vaccine

Number of SARS-CoV-2
vaccinations

SARS-CoV- 2 D614G (wild

type)

12
10
2
57 (31-78)
8.8 (6.4)

146 days (74-182)

10

3

7
59 (20-69)
9.6 (13.0)

145 days (61-230)

SARS-CoV- 2 D614G

(wild type)

8x Comirnaty® (BioNTech/
Pfizer)

2x Spikevax® (Moderna)

2

14

8

6
55 (21-64)
14.1 (5.8)

87 days (16-238)
13x Comimaty® (BioNTech/

Pfizer)
1x Spikevax® (Moderna)

14

8

6
50 (29-65)
12.1 (5.0)

47 days (30-72)
3x Comimaty® (BioNTech/

Pfizer)
11x Spikevax® (Moderna)

pP-
value

p =009

p=023
p=029

p< 0.001

Characteristics of the four different study groups. Groups 1-3 include the different cohorts of patients in terms of monoclonal antibody treatment, SARS-CoV'-2 infection, and SARS-CoV-2
vaccination; group 4 represents the healthy control group (SARS-CoV-2 vaccination, without SARS-CoV-2 infection). Comparison between COVID-19 related risk factors sex, age and
lymphocyte counts was performed using the Kruskal Wallis test. Statistical significance was set at the level of p < 0.05.
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COVID () PU

Age
% Male
Hospitalization Length (Days)
2
Ulcer Stage® 8
4
Hospitalization Only
icu
Disease Course
Ventilation

Death

Max D-Dimer

COVID (+) TV COVID (+) PU
10 5

67 (63-70) 64 (57-78)
5 (50%) 4 (80%)

20 (16-34) 33 (28-66)
2 (67%) 2 (40%)
0(0%) 1(20%)
1(33%) 2 (40%)
1 (10%) 0 (0%)
0 (0%) 1(20%)
4 (40%) 3 (60%)
5 (50%) 1.(20%)

7,660 5,070

(5,465-32,580) (3,730-24,575)

10
55 (44-64) 0.17
5 (50%) 0.66
5(12-28) 0.02
0 (0%)
1(11%) 0.04
8 (89%)
9 (100%)
0 (0%)
<0.001
0 (0%)
0 (0%)
3,880
039"

(3,880-3,880)

Max Absolute Neutrophil Count 9.9 (4.7-17.4) 13 (10-22) 7.4 (3.7-15) 0.14
Pathology Features
Epidermis Neutrophil Infiltrate 3 (30%) 4 (80%) 1 (10%) 0.031
Vascular Thrombosis 10 (100%) 5 (100%) 5 (50%) 0.01
# of Thromboses 53 (26-99) 12 (7-26) 1(0-12) 0.0006
Upper Dermis
Intraluminal Neutrophils 8 (80%) 4 (80%) 9 (90%) 0.99
Leukocytoclasis 9 (90%) 4 (80%) 1 (10%) 0.001
Vascular Thrombosis 10 (100%) 2 (40%) 6 (60%) 0.02
# of Thromboses 15 (6-20) 0 (0-3) 2 (0-6) 0.001
Deep Dermis
Intraluminal Neutrophils 9 (90%) 3 (60%) 9 (90%) 0.47
Leukocytoclasis 9 (90%) 3 (60%) 3 (30%) 0.07
Vascular Thrombosis 8 (80%) 1 (20%) 2 (20%) 0.2
# of Thromboses 4 (1-11) 0(0-2) 2(0-3) 0.13
Subcutis
Intraluminal Neutrophils 7 (70%) 1 (20%) 2 (20%) 0.32
Leukocytoclasis 5 (50%) 0 (0%) 1(20%) 0.29

Bolded values denotes statistically significant p-value.
23 patients had unstageable ulcers and 1 had DTL.

PComparison between COVID(+) groups only as only 1 patient in COVID(-) had D-dimer value.
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Outcome ssion Estimate (95% Cl)

Developing a HASPI™® 14 (1.01-1.9) 0.03
Time to HASPI* 1.3 (0.89-1.8) 02
Stage of HASPI® 2.1 (14-33) <0.001
Need for Debridement® 3.1 (1.02-9.4) 0.045
Wound Size 8.1 (-04-16.5) 0.06

Bolded values denote statistically significant p-values.

*p-values are representative of 5 different multivariable regression analysis all controlling for Braden ulcer risk at admission, medical comorbidities (hypertension, congestive heart failure, chronic
obstructive pulmonary disease, and diabetes mellitus), age at admission, length of hospital stay, requirement for ICU admission, and requirement for intubation with COVID-19 status (positive
vs. negative) as the predictor variable.

PHASPI: Hospital-acquired sacral pressure injury.

P-value based on odds ratio from multivariable logistic regression results.

9p_value based on hazard ratio from multivariable Cox proportional hazards model.

“P-value based on odds ratio from multivariable ordinal regression.

‘P-value based on parameter estimate from multivariable linear regression.
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COVID (-)

Pressure Ulcer Risk at Admission”

Female Sex

Age (Years)
White
Race Black
Other

Hospitalization Length (Days)
ICU Admission: Yes
Intubation: Yes

Time to HASPI (Days)

HASPI Stage®

HASPI Size (cm®)

Max D-Dimer (ng/mL)d

14 (12-16.5)
17 (34.7%)
663 (56.7-73.6)
29 (59.2%)
19 (38.8%)
1(2.0%)
29 (19.5-35)
45 (91.8%)
10 (20.4%)
12 (8-20)
37
7
5
12 (23-55.5)
8330

(3,820-18,370)

244
18 (14-20) 0.001
90 (36.9%) ‘ 077
65.3 (55.0-73.6) 031
184 (75.4%)
50 (20.5%) 0.03
10 (4.1%)
27 (16-41) 075
216 (88.5%) 05
8 (3.3%) <0.001
14 (8-22) 05
222
17 0.003
5
6 (12-29.0) 006
5,490
0.13

(2,428-15,555)

1,303 813
Max Ferritin (ng/mL)* 0.007
(909-3,582) (422-1,938)
Max White Blood Cell Count (K/uL)* 18.5 (13.6-28.5) 21.3 (14.9-29.7) 0.33
Max Neutrophil to Lymphocyte Ratio 8.4 (4.6-12) 9.6 (4.6-15) 0.31

Bolded values denote statistically significant p-values.

“Based on Wilcoxon-rank sum test for continuous variable comparisons and Chi-squared test for categorical variables comparisons.

"Based on Braden risk assessment score closest to admission.

“Three COVID (+) and thirteen COVID (-) patients had unstageable HASPIs and were excluded from this analysis. P-value based on Cochrane-Armitage trend test.
4COVID (+): 6/49 (12.2%) patients had no recorded D-dimer concentration, 12/49 (24.5%) had no recorded ferritin concentration, 3/49 (6.1%) had no recorded white blood cell count. COVID
(-): 174/244 (71.3%) patients had no recorded D-dimer concentration, 148/244 (60.7%) had no recorded ferritin concentration, and 12/244 (4.9%) had no recorded white blood cell count.
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Allotype Severe covid-
19 (N = 55)
DOB*01:02 or 18Q 0.1364
E*01:03 05455
HLA-E® 05545
MICA*008 02727
Amino Acid exchanges that 02727
define MICA*008
HLA-A 62R/63N 0.2090
HLA-A 156W 0.1636
TAP1 286F 0.0363

*adjusted for sex and genetic ancestry.

Mild covid-19
(N =163)

0.0552
0.4356
0.4324
0.3221
0.3220

0.0889
0.0797
0.0061

General popula-
tion (N = 1170)

0.0607
0.4137
0.4539
0.2436
0.2444

0.1542
0.1380
0.0055

Severe vs
mild (P)

0.0005
0.0173
0.0227
0.1758
0.1759

0.0017
0.0254
0.2133

Severe vs general
population (P)

0.0007
0.0001
0.0008
0.6026
0.6332

0.1345
0.3280
0.0001

Mild vs general
population (P)

0.7951
0.7079
0.7176
0.0039
0.0044

0.0055
0.0027
0.4647
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Position =~ SNP  Allele Gene LD Type Severe Mild General Severe  Severe vs Mild vs

(Chré, group (N =55) (N=163) population vsmild general general
hg38) (N =1.170) (p)  population population
() ()
29942944 15199474424 C HLA-A none  missense 0.2091 0.0890 0.1543 0.0037 0.1135 0.0066
30490287 151264457 G HLA-E none  missense 0.5545 04540 04325 0.0210 0.0007 06720
30647507 rs116816200 A C6orfI36  nome intronic 0.0545 00337 00175 0.2926 0.0036 0.1671
31026089 1562399430 T MUC22 A missense 0.1273 02362 0.1449 0.0849 05381 0.0005*
31029301 1511753789 C MUC22 A synonymous  0.1182 02393 0.1436 0.0720 0.4688 0.0002*
31029557 1511756038 G MUC22 A missense 0.1182 02025 0.1299 0.1659 0.6488 0.0033
31030047 1512110785 C MUC22 none  missense 0.1636 02577 01778 0.0867 06170 0.0002*
31032362 1511753325 T MUC22 A synonymous  0.1182 02025 0.1278 0.2361 07307 00044
31399930 152844526 C MICA B upstream 0.4364 03712 04692 04112 06266 0.0016
31400061 rs2596541 A MICA B upstream 0.4364 03712 04692 04113 0.6266 0.0016
31400348 152523453 G MICA B upstream 0.4455 03742 04718 03335 07015 0.0019
31400377 152844525 C MICA B upstream 0.4364 03712 04697 04112 05952 0.0016
31546626 1545539531 A ATP6VIG2/ none  upstream 0.0727 00337 0.0282 0.0841 0.0027 0.7841
DDX39B
31656057 15150345955 G APOM none  missense 0.0000 00184 0.0034 05197 0.9881 0.0039
31980631 157763640 C STK19/C4A none intronic/ 0.0182 00123 0.0667 0.4561 0.1179 0.0008
upstream
32371721 1517202141 G TSBPI none  downstream  0.0364 0.0031 0.0047 0.1123 0.0018 0.6683
32816899 152071554 T HLA-DOB none  missense 0.1364 00552 0.0607 0.0023 0.0009 0.7990
32822312 1516870908 A TAP2 none  missense 0.1364 00521 0.0697 0.0040 0.0064 05050
32851137 152228111 A TAPI none  missense 0.0364 0.0061 0.0056 0.2484 0.0020 03688

The SABE cohort represents the general population frequencies in the same city as the Covid-19 patients.
*These variants achieved the threshold for a variant associated with mild Covid-19 infection. All others are candidate variants. LD (Linkage Disequilibrium) groups, A: r2 > 0.8, B: 1> > 0.98.
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HR 95% CI P-value
Overall survival

Age 1.093 1.052 - 1.135 <0.001

CHIP status (CHIP-positive vs. 1.254 0.547 - 2.877 0.593
CHIP-negative)

trend in both lymphocytes and eosinophils might also be seen
when comparing patients at day 14 (Supplementary Table S4).
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Age, years

Median (IQR)

Range

Sex, no. (%)

Female

Male

Body mass index, kg/m*
Median (IQR)

Range

SOFA score at ICU admission
Media (IQR)

Range

Hospitalization, days

Media (IQR)

Range

Length of ICU stay, days
Media (IQR)

Range

Discharge status, no. (%)
Deceased

Home

Rehabilitation clinic

Transfer to peripheral hospital
Other

Ventilation at admission, no. (%)

Extracorporeal membrane oxygenation

Invasive ventilation
Non-invasive ventilation
Nasal high flow therapy

Spontaneously breathing

Total cohort
(n=90)

60.5 (52.0 - 69.3)
24-95

32 (35.6%)
58 (64.4%)

284 (24.4 - 32.8)
17.3 - 45.2
n=48

4.0 (2.0 - 10.0)
0-17

185 (10.8 - 39.0)
3-84

10.0 (3.0 - 27.0)
0-83

24 (26.7%)
46 (51.1%)
5 (5.6.%)
4 (15.6%)
1(1.1%)

3 (3.3%)
17 (18.9%)
21 (23.3%)
17 (18.9%)
32 (35.6%)

CHIP-positive
(n=34)

66.5 (56.8 - 74.8)
45-95

2 (35.3%)
22 (64.7%)

29.7 (25.7 - 34.6)
234 -452
n=14

5.0 (3.0 - 10.0)
0-17

20.5 (11.8 - 34.0)
3-61

10.0 (3.8 - 21.0)
0-39

I
1

(38.2%)
(47.1%)
1(29%)
3 (8.2%)
1(29%)

3
6

1(2.9%)

5 (14.7%)
9 (26.5%)
6 (17.6%)
13 (38.2%)

CHIP-negative
(n=56)

55.5 (50.3 - 65.8)
24 -87

20 (35.7%)
36 (64.3%)

283 (24.1 - 31.5)
17.3 - 399
n=34

4.0 (20-98)
0-16

180 (10.0 - 40.8)
3-84

10.5 (3.0 - 30.8)
0-83

11 (19.6%)
30 (53.6%)
4(7.1%)
11 (19.3%)
0 (0.0%)

2 (3.3%)
12 (21.4%)
12 (21.4%)
11 (19.6%)
19 (33.9%)

P-value

0.003

1.000

0.188

0311

0.962

0.582

0.145

0.926

P-values from two-sided Fisher’s exact test for sex, Chi-square test for discharge status and ventilation at admission, and from two-sided Mann-Whitney U-test for comparison of

continuous variables.
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Time (ns) 1 2 3 4 5 6 7 8 9 10 Average binding energy (kcal.mol ™)

Normal -8.8 -8.9 -8.8 -9.1 -10.2 -9.9 -10.4 -11.0 -10.2 -10.7 -9.8
Fever 7.9 -7.4 72 77 -8.7 -9.2 -8.4 -8.3 -84 -7.9 -8.11
Hyponatremia -10.1 -9.8 -9.5 -10.3 -11.6 -11.2 -10.9 -10.8 -11.0 -11.9 -10.71
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Characteristic COVID-19  Mild COVID-19 Moderate COVID-19 Severe COVID-19 Control group

Gender (Male/Female); n (percentage) 32/34 (48.5%/51.5%)  13/9 (59.1%/40.9%) 12/10 (54.4%/45.5%) 7/15 (31.8%/68.2%) 11/11 (50%/50%)
Age (Mean) 5237 39.55 57.22 60.36 37.68
IL-6 (pg/mL); mean (SD) 57.49 (35.15) 16.40 (5.05) 67.06 (12.64) 89.01 (27.08) 5.15 (1.45)
CRP (mg/L) mean (SD) 51.20 (42.86) 14.97 (2.60) 65.42 (36.06) 73.21 (47.79) NA
Symptoms Fever n (percentage) 38 15 14 9 0
(57.6%) (68.2%) (63.6%) (40.9%) (0%)
Cough n (percentage) 26 10 7 9 0
(39.4%) (45.5%) (31.8%) (40.9%) (0%)
Myalgia n (percentage) 30 13 9 8 0
(45.5%) (59.1%) (40.9%) (36.4%) (0%)
Gastrointestinal n (percentage) 18 5 8 5 0
(27.3%) (22.7%) (36.4%) (22.7%) (0%)
Neurological n (percentage) 19 9 3 7 0
(28.8%) (40.9%) (13.6%) (31.8%) (0%)

NA, Not Applicable.
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Atoml

LEU 21.A CD2
ARG 22.A CD
LEU 19.A CD1
THR 24.A OG1
LYS 17.A CD
ARG 22.A NH1
SER 154.A OG
SER 156.A CB
LYS 17.A CE
ARG 22.AN
LEU 21.A CD2
ARG 22.A NH1
LYS 17.A CG
LYS 110.A CE
ARG 22.A NE
THR 24.A CB
THR 24.A OG1
LYS 150.A CE
ARG 22.A 0
LYS 110.A NZ
LYS 150.A NZ
THR 24.A CB
GLU 152.A OE2
ARG 22.A NH1
THR 24.A CB
THR 122.A OG1
LYS 17.A CD
GLU 152.A CG
ARG 22.A NH1
THR 122.A CB
THR 24.A OG1
GLU 152.A CD
LYS 110.A NZ
LYS 17.A CG
LYS 17.A CD
THR 122.A OG1
ARG 22.A CD
ARG 22.A0
THR 122.A CB
LEU 21.A CD2
LEU 19.A CD1
ARG 22.A CG
ARG 22.A CZ
ARG 22.A NH2
ARG 22.A 0
THR 122.A CG2
SER 154.A CB

GLU 152.A CB
THR 122.A CB

ARG 22.A CB
ARG 22.A CB
ARG 22.A CA
LEU 19.A CD2
LEU 19.A CD1
LYS 17.A CB
GLU 152.A CG
GLU 152.A CG
GLU 152.A CD
LEU 21.A CD2
SER 154.A CB
ARG 22.A CD
THR 24.A CG2
LEU 21.A CA
ARG 22.A CD
LYS 110.A CE
THR 122.A OG1
THR 24.A OG1
LYS 17.A CB
LEU 19.A CB
SER 154.A OG
ARG 22.A CD
LYS 148.A CE
LYS 17.A CG
ARG 22.A CD
ARG 22.A CD
ARG 22.A O
LYS 148.A CD
ARG 22.A NH1
LYS 148.A NZ
LEU 21.A C
ARG 22.A CD
LEU 19.A CD1
ARG 22.A NH1
LYS 17.A NZ
LYS 17.A CB
SER 156.A OG
LYS 17.A CE
ARG 22.A CB
ARG 22.A NH1
SER 154.A OG
THR 24.A N
ARG 22.A NE
ARG 22.A NE
LEU 21.A CA
LYS 17.A CE

THR 24.A O
ARG 22.AN

SER 156.A CB
THR 24.A CA
LYS 150.A NZ
ARG 22.A C
THR 122.A CB
ARG 22.A CZ
GLU 152.A CG
LYS 150.A CE
THR 24.A CG2
LYS 148.A CE
ARG 22.A C
ARG 22.A NE
LEU 21.A CD1
LEU 19.A CD1
ARG 22.A CZ
ARG 22.A NH1
ARG 22.A NH2
SER 154.A CB
ARG 22.A 0
ARG 22.A CG

Atom2

SER 43.A CB
LYS 46.A CD
LYS 16.A CE
ASP 35.A CG
GLU 13.A CG
TYR 47.A N
THR 36.A CG2
TYR 37.A OH
GLU 13.A CG
LEU 42.A O
SER 43.A OG
TYR 47.A CB
GLU 13.A CG
PRO 9.A CD
LYS 46.A CD
ASP 35.A CG
ASP 35.A OD2
PRO 9.A CG
LEU 42.A CB
PRO 9.A CD
PRO 9.A CG
ASP 35.A CB
THR 36.A O
TYR 47.A CA
ASP 35.A OD2
ILE 39.A CG2
GLU 13.A CD
THR 36.A CG2
LEU 42.A CD2
ILE 39.A CG2
ASP 35.A CB
THR 36.A O
PRO 9.A CG
GLU 13.A CD
GLU 13.A OE2
ILE 39.A CD1
LYS 46.A CA
LEU 42.A CD2
ILE 39.A CG1
SER 43.A CA
LYS 16.A NZ
LEU 42.A CD2
TYR 47.A N
TYR 47.A O
LEU 42.A CG
ILE 39.A CG2
THR 36.A CG2

THR 36.A CG2
ILE 39.A CD1

LEU 42.A CG
LEU 42.A CD2
LEU 42.A O
ASN 55.A ND2
GLY 44.A O
GLU 13.A CD
THR 36.A O
THR 36.A CA
THR 36.A CG2
LEU 14.A CD1
THR 36.A OG1
LYS 46.A CE
ASP 35.A OD2
LEU 42.A O
LEU 42.A CD2
PRO 9.A CG
ILE 39.A CG1
ASP 35.A OD1
GLU 13.A OE2
GLY 44.A CA
THR 36.A CB
LYS 46.A NZ
PRO 8.A CG
GLU 13.A OE2
VAL 45.A O
LYS 46.A CG
LEU 42.A O
SER 6.A O
LYS 46.A CA
SER 6.A O
LEU 42.A O
LYS 46.A CB
GLY 44.A CA
LYS 46.A C
GLU 13.A CG
GLU 13.A CG
TYR 37.A OH
GLU 13.A CB
LEU 42.A O
TYR 47.A O
THR 36.A OG1
ASP 35.A CB
LYS 46.A CB
LYS 46.A CA
SER 43.A CA
GLU 13.A CD

THR 36.A OG1
LEU42.AC

TYR 37.A CZ
ASP 35.A CB
PRO 9.A CB
LEU 42.A CD2
ILE 39.A CB
LYS 46.A CA
THR 36.A CB
PRO 9.A CD
ASP 35.A CG
PRO 8.A CD
LEU 42.A CB
LYS 46.A CG
LEU 14.A CD1
LYS 16.A CD
LYS 46.A CD
TYR 47.A C
TYR 47.AN
THR 36.A CB
LEU 42.A CA
LEU 42.A CG

Overlap

1.032
0.943
0.934
0917
0.887
0.826
0.825
0.817
0.803
0.709
0.702
0.667
0.667
0.642
0.629
0.609
0.595
0.591
0.591
0.573
0.545
0.543
0.446
0.443
0.441
0.414
0.362
0.352
0.335
0.323
0.303
0.298
0.277
0.263
0.23
0.225
0.223
0.212
0.195
0.191
0.178
0.156
0.136
0.129
0.12
0.115
0.111

0.096
0.082

0.054
0.053
0.048
0.013
-0.008
-0.008
-0.008
-0.01
-0.022
-0.04
-0.043
-0.046
-0.056
-0.067
-0.072
-0.08
-0.093
-0.094
-0.099
-0.105
-0.113
-0.114
-0.116
-0.119
-0.141
-0.147
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-0.171
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-0.19
-0.191
-0.198
-0.206
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-0.207
-0.209
-0.214
-0.223
-0.227
-0.238
-0.247
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-0.251
-0.255
-0.266
-0.271

-0.297
-0.299

-0.305
-0.307
-0.32
-0.321
-0.33
-0.345
-0.35
-0.352
-0.352
-0.353
-0.356
-0.368
-0.375
-0.377
-0.383
-0.393
-0.393
-0.395
-0.396
-0.398

Distance

2728
2817
2.826
2423
2.873
2454
2515
2.523
2.957
2351
2.638
2.853
3.093
3.118
2.891
3.151
2.285
3.169
2.709
2947
2975
3217
2.394
3.077
2.859
2926
3.398
3.408
3.185
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3.037
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3.115
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3.865
3453
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3.709
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3.966
3.456
3.727
3.969
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3.983
3.527
3.298
3.167
3.769
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3.775
4.026
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3.177
3.549

3.795
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4.113
3.846
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Age (at baseline)
Median years (range) 59 (19-89) 41.7 (18.4-68.8) 52 (18.4-89) <0.0001
Unknown, n (%) 0(0) 2(23) 2(11.0) -
Female, number (%) 38 (40.4) 69 (80.2) 107 (58.8) <0.0001
Time since symptom onset (OR PCR+ test*), days, median 78 (0-126) 48 (11-122) 58.5 (0-133) 0.6881
(range)
Severity of infection, n (%) <0.0001
Asymptomatic 0 (0) 6 (16.7) 6(3.3)
Mild (Symptomatic, not hospitalized) 0 (0) 77 (89.5) 77 (42.3)
Moderate (Hospitalized, no ventilatory support) 14 (14.6) 3(3.5) 17 (9.3)
Severe (Hospitalized, required ventilatory support/high 76 (79.2) 0 (0) 76 (41.8)
care)
Died 6(6.3) 0(0) 6(3.3)
Repeat Samples 0.0112
Total samples, n 127 95 222
Baseline, n (% of total samples) 96 (75.6) 86 (90.5) 182 (82.0)
Repeat 1, n (% of total samples) 30 (23.6) 9 (9.5) 39 (17.6)
Repeat 2, n (% of total samples) 1(0.8) 0 (0) 1(0.5)
Period post infection, n samples (% of total samples) <0.0001
Acute (0-3 weeks) 43 (33.9) 4(42) 47 (25.8)
Early convalescent (3-12 weeks) 27 (21.3) 78 (82.1) 105 (57.7)
Late convalescent (>12 weeks) 57 (44.9) 12 (12.6) 70 (38.5)

*Where cases were asymptomatic, time since PCR test was used for this variable.

Clinical and demographic features relating to the n = 182 individuals diagnosed with COVID-19 whose samples (n = 222) were included to assess sensitivity of the screening assays.
Individuals were recruited via two main routes - either as part of secondary care in hospital, or community cases invited to a convalescent clinic at least 14 days after symptom onset.
Percentages are from total of individuals unless otherwise stated. *The clinical and demographic features of the two groups were compared (either using a Fisher’s exact or Chi-Squared test
for categorical data, or the Mann-Whitney U test for numerical data); and the p values are reported in the final column.
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Onco-hematologic (n = 21) Solid Tumor (n = 22)
Mild (n = 15) Severe-Death (n=6) Mild (h=8) Severe-Recovered (n=9) Severe-Death (n = 5)
Age
Median 58 75 60.5 69 71
Range 31-86 60-84 32-73 51-78 59-76
p-value (median)* p = 0.0990 p = 0.1459
p-value (Fisher)” p = 0.0456 p =0.9999
Sex
Female 6 (40%) 2 (33%) 5 (63%) 2 (22%) 3 (60%)
Male 9 (60%) 4 (67%) 3 (37%) 7 (78%) 2 (40%)
p-value (Fisher)” p = 0.9999 p=0.6241
ECOG Score
Zero 12 (80%) 3 (50%) 6 (75%) 6 (67%) 2 (40%)
-1 3 (20%) 2 (33%) 2 (25%) 3 (33%) 2 (40%)
-1V 0 (0%) 1 (17%) 0 (0%) 0(0%) 1(20%)
p-value (Fisher)* p=02857 p=02273
Hematological Malignancy
Lymphoma 9 (60%) 2 (33%) NA NA NA
Leukemia 2 (13%) 1(17%) NA NA NA
Myeloma 2 (13%) 3 (50%) NA NA NA
Other hematological 2 (12%) 0 (0%) NA NA NA
Solid Tumor
Breast NA NA 3 (38%) 0(0%) 0 (0%)
Digestive Organs NA NA 2 (25%) 1(11%) 3 (60%)
Prostate NA NA 2 (25%) 1 (22%) 0 (0%)
Urinary Tract NA NA 0 (0%) 2 (22%) 2 (40%)
Lungs NA NA 0 (0%) 2 (22%) 0 (0%)
Reproductive System NA NA 0 (0%) 1 (11%) 0 (0%)
Other NA NA 1 (12%) 2 (22%) 0 (0%)
Comorbidities
Diabetes 3 (20%) 2 (33%) 2 (25%) 2 (22%) 2 (40%)
Obesity 1(7%) 1(17%) 2 (25%) 2 (22%) 0 (0%)
Cardiac Disease 6 (40%) 6 (100%) 4 (50%) 7 (78%) 2 (40%)
Neurologic Disease 0 (0%) 1 (17%) 0 (0%) 0 (0%) 1(20%)
Pulmonary Disease 1(7%) 0 (0%) 1 (12%) 3 (33%) 0 (0%)
Renal Disease 0 (0%) 0 (0%) 0 (0%) 2 (22%) 0 (0%)
Smoker (Current) 1(7%) 0 (0%) 1 (12%) 1(11%) 0 (0%)
Smoker (Former) 2 (13%) 2 (33%) 3 (38%) 2 (22%) 1(20%)
Former Infection™ 2 (13%) 2 (33%) 0 (0%) 3 (33%) 0 (0%)
Treatment (Cancer)
Cell Transplant 3 (20%) 3 (50%) 0 (0%) 0(0%) 0 (0%)
Chemotherapy 12 (80%) 5 (83%) 5 (63%) 7 (78%) 4(80%)
c[;'z':]';'“m (Ant 1(7%) 1(17%) 0 (0%) 0.(0%) 0.(0%)
CI;‘;:;‘““D (Anti- 1(%) 2 (33%) 0 (0%) 0 (0%) 0 (0%)
Immuno (PD-1 Axis) 1(7%) 0 (0%) 0 (0%) 0(0%) 1(20%)
Radiotherapy 2 (13%) 0 (0%) 2 (25%) 5 (56%) 2 (40%)
Surgery 4 (27%) 0 (0%) 5 (63%) 5 (56%) 4(80%)
Targeted Therapy 0 (0%) 0 (0%) 1 (12%) 2 (22%) 0 (0%)
Cancer Status
Under Investigation 5 (33%) 2 (33%) 1 (12%) 0 (0%) 1 (20%)
Stable Disease 5 (33%) 1.(17%) 4 (50%) 8 (89%) 3 (60%)
Remission 4 (27%) 1 (17%) 0 (0%) 0(0%) 1(20%)
Progression 1(7%) 2 (33%) 3 (38%) 1(11%) 0 (0%)

*Considering alive vs. deceased patients (Mann-Whitney test).

“Considering alive vs. deceased patients to verify if death outcome is influenced by age (Fisher’s exact test).
SConsidering alive vs. deceased patients, comparing individuals with ECOG scores 0-2 vs. 3-4 (Fisher’s exact test).
“Refers to pulmonary infections or chronic infections of the urinary system.

Bold values indicate p<0.05.
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Characteristic N Overall, N = 78" Test, N = 48" Training, N = 30" p—value2

Symptom duration days 78 7 (5, 10) 8 (6, 10) 6(2,10) 0.076
Length of stay (hours) 75 198 (100, 332) 206 (104, 331) 186 (80, 376) 0.98
Age (years) 78 61 (46, 74) 56 (41, 72) 66 (58, 76) 0.028
Sex 78 0.62

F 26 (33%) 15 (31%) 11 (37%)

M 52 (67%) 33 (69%) 19 (63%)
Smoking status 78 0.90

Ex-smoker 31 (40%) 19 (40%) 12 (40%)

Never 36 (46%) 21 (44%) 15 (50%)

Unknown 7 (9.0%) 5 (10%) 2 (6.7%)

Yes 4 (5.1%) 3 (6.2%) 1(3.3%)
Ethnicity 78 0.034

White - British 47 (60%) 27 (56%) 20 (67%)

White - Any other white background 6 (7.7%) 5 (10%) 1 (3.3%)

Asian or Asian British - Indian 3 (3.8%) 1(2.1%) 2 (6.7%)

Asian or Asian British - Any other Asian background 13 (17%) 11 (23%) 2 (6.7%)

Black or Black British - Caribbean 2 (2.6%) 2 (4.2%) 0 (0%)

Black or Black British - African 6 (7.7%) 1(2.1%) 5 (17%)

Unknown 1 (1.3%) 1(2.1%) 0 (0%)
Clinical Metrics
Hypertension 78 0.008

No 45 (58%) 34 (71%) 11 (37%)

Unknown 4 (5.1%) 2 (4.2%) 2 (6.7%)

Yes 29 (37%) 12 (25%) 17 (57%)
CV disease 78 0.55

No 59 (76%) 38 (79%) 21 (70%)

Unknown 3 (3.8%) 1(2.1%) 2 (6.7%)

Yes 16 (21%) 9 (19%) 7 (23%)
Resp Disease other 78 0.39

No 54 (69%) 32 (67%) 22 (73%)

Unknown 3 (3.8%) 1(2.1%) 2 (6.7%)

Yes 21 (27%) 15 (31%) 6 (20%)
Asthma 78 0.71

No 62 (79%) 39 (81%) 23 (77%)

Unknown 3 (3.8%) 1(2.1%) 2 (6.7%)

Yes 13 (17%) 8 (17%) 5 (17%)
COPD 78 0.22

No 68 (87%) 41 (85%) 27 (90%)

Unknown 3 (3.8%) 1(2.1%) 2 (6.7%)

Yes 7 (9.0%) 6 (12%) 1(3.3%)
CKD 78 0.018

No 69 (88%) 46 (96%) 23 (77%)

Unknown 3 (3.8%) 1(2.1%) 2 (6.7%)

Yes 6 (7.7%) 1(2.1%) 5 (17%)
CLD 78 0.80

No 72 (92%) 45 (94%) 27 (90%)

Unknown 3 (3.8%) 1(2.1%) 2 (6.7%)

Yes 3 (3.8%) 2 (4.2%) 1(3.3%)
Diabetes 78 0.048

No 56 (72%) 39 (81%) 17 (57%)

Unknown 3(3.8%) 1(2.1%) 2 (6.7%)

Yes 19 (24%) 8 (17%) 11 (37%)
Active malignancy 78 0.48

No 69 (88%) 44 (92%) 25 (83%)

Unknown 3(3.8%) 1(2.1%) 2 (6.7%)

Yes 6(7.7%) 3 (6.2%) 3 (10%)
Dementia 78 045

No 67 (86%) 43 (90%) 24 (80%)

Unknown 3(3.8%) 1(2.1%) 2 (6.7%)

Yes 8 (10%) 4 (8.3%) 4 (13%)
Immunosuppressed” 78 0.004

No 70 (90%) 47 (98%) 23 (77%)

Unknown 4(5.1%) 1(2.1%) 3 (10%)

Yes 4 (5.1%) 0 (0%) 4 (13%)
Abx during admission 78 72 (92%) 44 (92%) 28 (93%) >0.99
Blood Chemistry
Haemoglobin 77 132 (124, 148) 132 (124, 152) 132 (127, 144) 0.39
White blood cells 77 7.8 (5.7, 11.5) 7.1 (5.6,11.2) 9.0 (6.0, 11.7) 0.32
Platelets 77 236 (184, 291) 228 (181, 289) 260 (191, 291) 0.45
Neutrophils 77 6.0 (4.0, 9.6) 49 (3.8, 8.5) 74 (44,9.7) 0.14
Lymphocytes 77 1.00 (0.80, 1.20) 1.00 (0.80, 1.20) 1.00 (0.70, 1.20) 0.56
Sodium 77 135 (133, 138) 136 (134, 138) 134 (133, 136) 0.011
Potassium 71 4.00 (3.65, 4.40) 3.95 (3.75, 4.40) 4.00 (3.65, 4.35) 0.94
Urea 77 6.3 (4.7,9.9) 5.8 (4.3,9.5) 7.2 (5.8,99) 0.20
Creatine 77 86 (67, 110) 84 (66, 102) 87 (76, 125) 0.47
Albumin 73 34 (30, 35) 34 (31, 36) 31 (28, 34) 0.012
Bilirubin 73 11 (8, 13) 11 (8, 14) 10 (8, 13) 0.71
Alanine Aminotransferase 70 34 (24, 70) 34 (26, 65) 36 (22, 75) 0.57
Alkaline Phosphatase 73 89 (61, 115) 93 (61, 117) 84 (62, 106) 0.54
Total Protein 72 70 (66, 73) 70 (67, 75) 69 (66, 72) 0.41
LDH 52 766 (561, 1,133) 698 (540, 932) 1,022 (661, 1,380) 0.061
Ferritin 61 678 (354, 1,693) 638 (421, 1,291) 970 (339, 1,978) 0.51
D-dimer 45 469 (320, 942) 448 (350, 886) 535 (300, 884) 0.89
Trop 60 12 (5, 46) 10 (5, 50) 13 (9, 34) 0.33
CRP 77 120 (52, 164) 92 (44, 155) 135 (108, 185) 0.046
Cytokines/Chemokines
IL-6 (pg/ml) 78 52 (32, 106) 41 (25, 85) 82 (44, 174) 0.002
TNFo. (pg/ml) 78 20 (17, 25) 20 (15, 24) 21 (18,28) 0.090
IL-8(pg/ml) 78 35 (26, 59) 34 (21, 52) 49 (32, 72) 0.006
IL-1B9 (pg/ml) 78 0.39 (0.26, 0.56) 0.36 (0.24, 0.49) 0.46 (0.29, 0.61) 0.20
GM-CSF (pg/ml) 78 1.30 (0.80, 1.86) 1.21 (0.76, 1.65) 1.47 (0.82, 2.58) 0.20
IFNg (pg/ml) 78 12 (4,27) 13 (2,27) 11 (6, 28) 0.73
IL-10 (pg/ml) 78 16 (10, 28) 14 (8, 24) 20 (14, 31) 0.052
IL-33(pg/ml) 78 0.35 (0.17, 0.61) 0.34 (0.17, 0.51) 0.36 (0.17, 0.69) 0.50
Physiological Metrics
Heart Rate 78 98 (85, 109) 102 (88, 110) 90 (85, 100) 0.034
Systolic Blood Pressure 78 132 (122, 143) 130 (120, 138) 134 (126, 145) 0.20
Respiration Rate 78 26 (20, 32) 24 (20, 32) 26 (22, 33) 0.17
Oxygen Saturation 78 95 (92, 96) 96 (93, 97) 94 (91, 96) 0.051
Temperature (°C) 76 37.20 (36.60, 38.20) 37.20 (36.60, 38.23) 37.20 (36.68, 38.12) 0.88
02 78 37 (47%) 18 (38%) 19 (63%) 0.026
NEWS2 76 6(4,7) 6(3,7) 6(5,6) 0.62
CXR 78 77 (99%) 48 (100%) 29 (97%) 0.38
Consolidation or infiltrates 77 66 (86%) 40 (83%) 26 (90%) 0.52
CT 78 8 (10%) 6 (12%) 2 (6.7%) 0.70
ICU Specific Metrics
Duration 02* 78 19 (5, 112) 16 (4, 88) 24 (14, 179) 0.091
ICU admission 78 27 (35%) 15 (31%) 12 (40%) 0.43
NIV duration* 78 0(0,13) 0 (0, 16) 0(0,9) 0.93
IV duration* 78 0 (0, 0) 0 (0, 0) 0 (0, 151) 0.030
Optiflow duration* 78 7 (9.0%) 3 (6.2%) 4 (13%) 0.42
ECMO* 75 1 (1.3%) 1(2.1%) 0 (0%) >0.99
Died within 30 days of admission* 77 15 (19%) 6 (12%) 9 (31%) 0.047

'Median (IQR); n (%) *Wilcoxon rank sum test; Pearson’s Chi-squared test; Fisher’s exact test.

* Metric excluded from machine learning analysis.

‘Immunosuppressed definition derived from UKHSA Influenza treatment guidance.

ICU, Intensive Care Unit; CV, Cardiovascular; COPD, Chronic obstructive pulmonary disease; CKD, Chronic kidney disease; CLD, Chronic liver disease; LDH, Lactate dehydrogenase; IL,
Interleukin; TNE, Tumour necrosis factor; GMCSE, Granulocyte-macrophage colony-stimulating factor; IFN, Interferon; NEWS2, National early warning score 2; 02, administration of
supplementary oxygen; CXR, Chest x-ray; CT, Computational tomography; NIV, Non-invasive ventilation; IV, Invasive ventilation; ECMO, Extracorporeal membrane oxygenation.
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Characteristic

Dataset split
Test
Training
Symptom duration days
LOS (hours)
Age
Sex
F
M
Smoking status
Ex-smoker
Never
Unknown
Yes
Ethnicity
White - British
‘White - Any other white background

Asian or Asian British - Indian

Asian or Asian British - Any other Asian background

Black or Black British - Caribbean
Black or Black British - African
Unknown
Clinical Metrics
Hypertension
No
Unknown
Yes
CV disease
No
Unknown
Yes
Resp Disease other
No
Unknown
Yes
Asthma
No
Unknown
Yes
COPD
No
Unknown
Yes
CKD
No
Unknown
Yes
CLD
No
Unknown
Yes
Diabetes
No
Unknown
Yes
Active malignancy
No
Unknown
Yes
Dementia
No
Unknown
Yes
Immunosuppressed”
No
Unknown
Yes
Abx during admission
Blood chemistry
Haemoglobin
White blood cells
Platelets
Neutrophils
Lymphocytes
Sodium
Potassium
Urea
Creatine
Albumin
Bilirubin
Alanine Aminotransferase
Alkaline Phosphatase
Total Protein
LDH
Ferritin
D-dimer
Trop
CRP
Cytokines/Chemokines
IL-6 (pg/mL)
TNFo. (pg/mL)
IL-8 (pg/mL)
IL-1B9 (pg/mL)
GM-CSF (pg/mL)
IFNg (pg/mL)
IL-10 (pg/mL)
IL-33 (pg/mL)
Physiological Metrics
Heart Rate
Systolic Blood Pressure
Respiration rate
Oxygen Saturation
Temperature (°C)
02
NEWS2
CXR
Consolidation or infiltrates
CT
ICU specific metrics
Duration 02
NIV duration
IV duration
Optiflow duration
ECMO
Died within 30 days of admission

78

78
78

78

78

78

78

78

78

78

78

78

78

78

78

78

78

78
78
78
78
75
77

Overall,
N =78

48 (62%)

30 (38%)

7 (5, 10)
198 (100, 332)

1 (46, 74)

26 (33%)
52 (67%)

31 (40%)
36 (46%)
7 (9.0%)
4(5.1%)

47 (60%)
6 (7.7%)
3(3.8%)
13 (17%)
2(2.6%)
6 (7.7%)
1(1.3%)

45 (58%)
4(5.1%)
9 (37%)

59 (76%)
3(3.8%)
16 (21%)

54 (69%)
3(3.8%)
21 (27%)

62 (79%)
3(3.8%)
3 (17%)

8 (87%)
3 (3.8%)
7 (9.0%)

69 (88%)
3(3.8%)
6 (7.7%)

72 (92%)
3 (3.8%)
3 (3.8%)

56 (72%)
3(3.8%)
9 (24%)

69 (88%)
3(3.8%)
6 (7.7%)

67 (86%)
3 (3.8%)
8 (10%)

70 (90%)
4(5.1%)
4(5.1%)
72 (92%)

132 (124, 148)
7.8 (5.7, 11.5)
236 (184, 291)
6.0 (4.0, 9.6)
1.00 (0.80, 1.20)
135 (133, 138)
4.00 (3.65, 4.40)
63 (4.7,9.9)
86 (67, 110)
34 (30, 35)
11 (8,13)
34 (24, 70)
89 (61, 115)
70 (66, 73)
766 (561, 1,133)
678 (354, 1,693)
469 (320, 942)
12 (5, 46)
120 (52, 164)

52 (32, 106)

20 (17, 25)

35 (26, 59)
039 (0.26, 0.56)
1.30 (0.80, 1.86)

12 (4,27)

16 (10, 28)

0.35 (0.17, 0.61)

98 (85, 109)
132 (122, 143)
26 (20, 32)

95 (92, 96)
37.20 (36.60, 38.20)
37 (47%)
6(4,7)

77 (99%)

66 (86%)

8 (10%)

19 (5, 112)
0 (0, 13)
0(0,0)
7 (9.0%)
1(1.3%)
5 (19%)

'n (%); Median (IQR) * arson’s Chi-squared test; Wilcoxon rank sum test; Fisher’s exact test.
*Immunosuppressed definition derived from UKHSA Influenza treatment guidance.

ICU, Intensive Care Unit; CV, Cardiovascular; COPD, Chronic obstructive pulmonary disease; CKD, Chronic kidney disease; CLD, Chronic liver disease; LDH, Lactate dehydrogenase; IL,
Interleukin; TNF, Tumour necrosis factor; GMCSF, Granulocyte-macrophage colony-stimulating factor; IFN, Interferon; NEWS2, National early warning score 2; 02, administration of
supplementary oxygen; CXR, Chest x-ray; CT, Computational tomography; NIV, Non-invasive ventilation; IV, Invasive ventilation; ECMO, Extracorporeal membrane oxygenation.

Not admitted to ICU,
N =51

33 (65%)
18 (35%)
7 (4, 10)
147 (59, 256)
70 (49, 80)

18 (35%)
33 (65%)

21 (41%)
22 (43%)
5(9.8%)
3 (5.9%)

33 (65%)
6 (12%)
2 (3.9%)
5(9.8%)
2 (3.9%)
2 (3.9%)
1(2.0%)

29 (57%)
2 (3.9%)
20 (39%)

37 (73%)
1(2.0%)
13 (25%)

35 (69%)
1(2.0%)
15 (29%)

41 (80%)
1(2.0%)
9 (18%)

45 (88%)
1(2.0%)
5 (9.8%)

46 (90%)
1(2.0%)
4 (7.8%)

48 (94%)
1 (2.0%)
2 (3.9%)

38 (75%)
1 (2.0%)
12 (24%)

44 (86%)
1 (2.0%)
6 (12%)

42 (82%)
1 (2.0%)
8 (16%)

48 (94%)
1 (2.0%)
2 (3.9%)
46 (90%)

132 (122, 140)
6.2 (4.9,107)
227 (182, 280)
4.8 (3.6, 8.1)
1.00 (0.80, 1.18)
136 (133, 138)
3.90 (3.65, 4.35)
6.4 (4.3,10.1)
84 (67, 109)
34 (31, 36)
10 (8, 12)
8 (21, 56)
0 (56, 110)
0 (67, 73)
650 (506, 776)
521 (203, 750)
456 (298, 1,426)
11 (4, 28)
80 (22, 131)

3 (30, 85)
20 (16, 25)

4 (25, 53)
0.35 (0.24, 0.48)
1.20 (0.77, 2.28)

9(2,27)

15 (8, 27)
0.28 (0.15, 0.39)

92 (82, 107)
135 (122, 145)
24 (20, 28)

96 (93, 97)
37.20 (36.65, 38.10)
17 (33%)
5(2,6)

50 (98%)

39 (78%)

5 (9.8%)

9(1,17)
0(0,0)
0(0,0)
0 (0%)
0 (0%)
12 (24%)

Admitted to ICU,
N=27"

15 (56%)
12 (44%)
8 (6, 10)
296 (214, 546)
56 (45, 61)

8 (30%)
19 (70%)

10 (37%)
14 (52%)
2 (7.4%)
1(3.7%)

14 (52%)
0 (0%)
1(3.7%)
8 (30%)
0 (0%)
4 (15%)
0 (0%)

16 (59%)
2 (7.4%)
9 (33%)

22 (81%)
2 (7.4%)
3 (11%)

19 (70%)
2 (7.4%)
6 (22%)

21 (78%)
2 (7.4%)
4 (15%)

23 (85%)
2 (7.4%)
2 (7.4%)

23 (85%)
2 (7.4%)
2 (7.4%)

24 (89%)
2 (7.4%)
1(3.7%)

18 (67%)
2 (7.4%)
7 (26%)

25 (93%)
2 (7.4%)
0 (0%)

25 (93%)
2 (7.4%)
0 (0%)

22 (81%)
3 (11%)
2 (7.4%)
26 (96%)

144 (128, 151)
9.4 (68, 11.5)
255 (186, 294)
82(52,9.7)
1.00 (0.75, 1.30)
135 (132, 136)
4.00 (3.75, 4.43)
63 (4.8,8.9)
88 (66, 108)
31(28,34)
1(10, 14)
7 (32,77)
96 (62, 124)

1 (66, 74)
1,130 (850, 1,382)
1,427 (908, 2,073)

535 (385, 812)

12 (8, 63)

168 (128, 254)

2 (43, 132)
22 (19, 25)

9 (34, 64)
047 (0.31, 0.66)
1.49 (1.01, 1.79)

16 (8, 35)

17 (13, 29)
0.46 (0.35, 0.91)

102 (94, 110)
128 (124, 134)
8 (23, 34)

95 (90, 96)
37.20 (36.60, 38.40)
20 (74%)
6(5.8)

27 (100%)

27 (100%)

3 (11%)

161 (110, 397)
25 (6, 49)
114 (0, 277)
7 (26%)

1 (4.2%)

3 (12%)

p-value”

0.43

0.43
<0.001
0.006

0.61

0.91

0.037

0.72

0.47

0.49

0.048

0.20
0.026
0.45
0.012
0.72
0.091
0.44
0.95
0.79
0.009
0.063
0.050
0.12
0.85
<0.001
<0.001
0.53
0.25
<0.001

0.030
0.27
0.10

0.056
0.43

0.072
0.22

0.009

0.064
0.14
0.054
0.047
0.61
<0.001
0.012
>0.99
0.007
>0.99

<0.001
<0.001
<0.001
<0.001
0.32
0.21
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Age, years

Sex, M/F

BMI, kg/m”>

DLCO, %

CIRS

Class of severity, 3/4/5/6/7
Anxiety symptoms, No/Yes
Depressive symptoms, No/Yes
1L-12 baseline

IL-1P baseline

1L-17 baseline

1L-6 baseline

1L-2 baseline

IFN-y baseline

TNF-o baseline

1L-12 1-y follow-up

IL-1P 1-y follow-up

1L-17 1-y follow-up

1L-6 1-y follow-up

1L-2 1-y follow-up

IFN-y 1-y follow-up
TNF-0. 1-y follow-up

Alopecia N = 64

61 [50-69]
18 (11.9)/46 (47.9)
28.6 [24.8-32.1]
76 (68-85)
2[1-3)

11 (17.2)/1 (1.6)/23 (35.9)/22 (34.4)/7 (10.9)

43 (21.2)/16 (44.4)

39 (20.9)/20 (38.5)
3.47 [0.00-4.50
1.09 [0.15-2.33
3.33 [2.03-5.05
5.35(2.13-22.81
246 [0.41-6.17
5.60 [5.20-7.68
25.97 [20.45-27.79]
1244 [1.84-25.76]
053 [0.00-1.61
13.90 [7.51-25.72]
0,00 [0.00-1.12
1,13 [0.00-3.85
6.26 [2.76-16.04]
56.95 [46.57-73.66]

Alopecia N = 180

59 [51-68]
133 (88.1)/50 (52.1)
28.1 [25.5-31.5)
82 [70-92)
2 [1-4]
26 (14.2)/4 (2.2)/60 (32.8)/85 (46.4)/8 (4.4)
160 (88.9)/20 (55.6)
148 (79.1)/32 (61.5)
262 [0.12-4.70
035 [0.00-1.43
437 [291-6.45
9.12 [5.39-20.62]
2.16 [0.00-4.06
7.37 [5.20-11.38]
20,02 [15.42-27.88]
5.18 [0.48-16.10]
0.20 [0.00-0.84
6.44 [3.24-13.81]
0,00 [0.00-1.70
0,00 [0.00-1.52

3.29 [1.69-8.71
41.76[12.68-64.03]

P

0.36
<0.0001*
0.92
0.04%
0.12
0.24
0.005*
0.02%
0.66
0.38
0.07
0.95
0.49
0.87
033
0.007*
0.005*
0.0008*
0.65
0.005*
0.002*
0.0007*

BMI, body mass index; CIRS, cumulative illness rating scale; DLCO, diffusing capacity of the lungs for carbon monoxide; IEN, interferon; IL, interleukin; TNE, tumor necrosis factor.

*p < 0.05.
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Cytokine concentration at baseline (N. = 73)

IL-12
IL-18
1L-17
1L-6
L2
IFNy
TNF-o

Cytokine concentration at follow-up visit (N. = 247)

IL-12
IL-18
1L-17
1L-6
L2
IFN-y
TNF-a

IEN, interferon; IL, interleukin; TN, tumor necrosis factor.
*p < 0.05.

Residual symptoms

347
059
543
803
2.16
6.09 [
21.36

Residual symptoms

12,90
0,61
10,68
0,00
11
527
53,70 [

0.12-5.73]
0.07-2.57)
2.63-8.72]
4.92-25.28]
0.00-6.57]
5.20-12.03]
15.61-28.44]

1.75-26.15]
0.00-1.69]
5.25-25.04]
0.00-1.52]
0.00-3.43]
2.03-15.14]
24.28-76.18]

No residual symptoms

262
0.41
393
9.12
2.16
7.64
20.15

0.00-4.68
0.00-1.26
254-543
5.35-19-51]
0.00-3.84
5.20-8.68
16.31-25.97)

No residual symptoms

4,40
0,20
6,55
0,00
0,00
333
43,57

0.30-14.19]
0.00-0.80
3.24-13.81]
0.00-1.45
0.00-1.19

1.69-8.71
11.86-63.98]

0.47
0.38
0.07
0.95
0.49
0.87
0.86

0.0003*
0.005*
0.0008*
0.65
0.005*
0.006*
0.01*
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DLCO = 80%

Ancxiety symptoms, No/Yes
Depressive symptoms, No/Yes

DLCO < 80%

Anxiety symptoms, No/Yes

Depressive symptoms, No/Yes

*p < 0.05.

No residual symptoms
84 (91.3)/8 (8.7)
83 (90.2)/9 (9.8)

No residual symptoms
50 (87.7)/7 (12.3)
44 (77.2)/13 (22.8)

Residual symptoms
27 (7L.1)/11 (28.9)
23 (60.5)/15 (39.5)

Residual symptoms
40 (81.6)/9 (18.4)
36 (73.5)/13 (26.5)

0.003*
0.0002*

0.42
0.82
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Age, years
Gender, M/F

Oxygen supplementation

None

Nasal cannulae or Ventimask
Non-invasive ventilation
Mechanical ventilation

Class of severity

No v AW

Oxygen supplementation

None

Nasal cannula or Venturi mask
Non-invasive ventilation
Mechanical ventilation

Drugs
Hydroxychloroquine
Steroids

Antiviral agents
Anti-IL6

CIRS

BMI, kg/m2

Anxiety symptoms, N/Y
Depressive symptoms, N/Y
FEV1, %

FVC, %

DLCO, %

No residual symptoms

59 [51-68]
106 (70.2)/48 (50.0)

25(16.2)

60 (39.0)

61 (39.6)
8(5.2)

22 (14.3)
3(L9)
56 (36.4)
65 (42.2)
8(5.2)

39 (19.4)
76 (37.8)
76 (37.8)
10 (5.0)

106 (57.0)

87 (46.8)

76 (40.9)
5(2.7)

2[1-4]

274 [24.7-312)
136 (89.5)/16 (10.5)
128 (84.2)/24 (15.8)

102 [88-111]
98 [89-109]
83 (72-91]

Residual symptoms

61 [50-70]
45 (29.8)/48 (50.0)

19 (20.4)
27 (29.0)

43 (46.2)
4(43)

15 (16.1)
2(22)
27 (29.0)
42 (45.2)
7(7.5)

24 (19.7)

38 (31.1)

52 (42.6)
8 (6.6)

75 (66.4)

46 (40.7)

52 (46.0)
3(27)
2[2:3]

30.1 [262-32.3]
67 (77.0)/20 (23.0)
59 (67.8)/28 (32.2)

100 [90-114]
97 (87-108]
77 [68-84]

0.63
0.002*

0.41

0.79

0.63

0.11
0.34
0.40
1.00

0.45
0.02*
0.01*

0.005*

0.98

0.42
0.0007*

BMI, body mass index; CIRS, cumulative illness rating scale; DLCO, diffusing capacity of the lungs for carbon monoxide; FEV1, forced expiratory volume in the first second; FVC, forced

vital capacity.
*p < 0.05.
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Cough 20 (8.1)

Fever 3(1.2)
Dyspnoea 11 (4.5)
Diarrhoea 13 (5.3)
Arthralgia/Myalgia 41 (16.6)
Dysgeusia 15 (6.1)
Fatigue 38 (15.4)
Anosmia 19 (7.7)
DLCO 81 (70 - 91]
FEV1 102 [94,3 - 113,8]
FVC 98 [89 - 109]

DLCO, diffusing capacity of the lungs for carbon monoxide; FEV1, forced expiratory
volume in the first second; FVC, forced vital capacity.
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Age, years
Sex, M/F

Oxygen supplementation

None

Nasal cannulae or Ventimask
Non-invasive ventilation
Mechanical ventilation

Class of severity

- T N

7
CIRS
Residual symptoms, N/Y
Anxiety symptoms, N/Y
Depressive symptoms
FEV1, % of predicted
FVC, % of predicted
DLCO, % of predicted

Patients admitted during the first wave

1 [50-70]
132 (61.4)/83 (38.6)

63 (29.3)
91 (41.3)
43 (20.0)
18 (8.4)

51 (23.7)
9 (42)
86 (40.0)
48 (223)
21 (9.8)

2[1-3)
126 (58.9)/88 (41.1)
163 (81.1)/38 (18.9)
161 (80.1)/40 (19.9)

100 [90-112]

98 [89-109)

78 [68-90]

Patients admitted during the third wave

59 [52-67]
64 (58.7) /45 (41.3)

0( 0.0)
4[2-6)
71 (65.1)/34 (31.2)
93 (85.3)/16 (14.7)
83 (76.1)/26 (23.9)
101 [87-111]
98 [86-108]
81 [72-93]

0.51
0.72

<0.0001*

<0.0001*

<0.0001*
0.09
0.43
047
0.46
0.64
0.02

CIRS, cumulative illness rating scale; DLCO, diffusing capacity of the lungs for carbon monoxide; FEV1, forced expiratory volume in the first second; FVC, forced vital capacity.

*p < 0.05
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Age

Gender (F/M)
Hypertension (Y/N)
Diabetes (Y/N)
Number of comorbidities
WBC

NEUT%
LYMPH
LYM%

RDW

PLT

CRP

ALT

AST

SCr

ALB

TB

DBIL

IBIL

D-dimer

LCR

SOFA score

Asymptomatic infection and mild
groups combined

42.00 (31.00, 56.00)
19/20
6/33
1/38
0(0,1)

6.38 +2.04
62.37 £ 10.40
1.50 (1.19, 1.83)
2537927
40.20 (38.70, 42.20)
228.00 (177.00, 271.00)
4.57 + 8.03
23.60 (17.70, 36.89)
19.50 (16.80, 24.83)
61.20 (48.99, 73.88)
42.93 + 463
8.80 (4.55, 10.80)
1.70 (0.00, 2.30)
7.00 (3.13, 8.80)
056 (0.47, 0.72)
9,554.14 (2,560.61, 27,000.00)
0 (0, 0)

Moderate group

62.00 (48.00, 67.00) a
61/44
38/67
15/90
1(1,3)a
529 £2.03a
6140 £ 11.92
1.24 (0.89, 1.63)
27.37 £9.85
41.00 (38.40, 43.15)
174.00 (140.00, 228.00) a
2123 +38.73a
25.60 (17.50, 36.75)
25.60 (19.36, 37.65) a
62.25 (53.20, 73.75)
39.74 £5.00 a
7.80 (6.13, 11.71)
2.00 (0.00, 3.10)
6.74 (4.30, 8.81)
0.74 (0.54, 1.01) a
1,404.96 (575.52, 4,941.62) a
0(0, 1)

Severe and critical groups

combined

68.00 (58.25, 75.75) ab
22/18
14/26
8/32
3(1,4.75) ab
536 +247 a
73.63 17.25 ab
065 (0.42, 0.99) ab
15.85 + 8.99 ab
41.55 (38.00, 43.93)
148.00 (121,50, 209.25) a
52.76 + 47.98 ab
28.61 (18.15, 38.70)
32,94 (20,50, 51.67) a
63.79 (51.10, 86.28)
34.85 575 ab
11.00 (7.74, 16.41) ab
2,65 (0.00, 4.68)
8.46 (5.67, 12.48) ab
1.17 (0.67, 3.01) ab
140.42 (7132, 420.27) ab
3(2,5) ab

a and b represent significant differences compared to asymptomatic infection and mild groups combined and moderate group, respectively.

ZIFly"

37.382
1.016
5.989
5.626

36.277
3.930

13.397

45.062

21.281
0.282

16.799

17.474
0.660

20.579
0.376

25.551

15.929
5.685
8519

27.192

76.498

80.893

P

0.000
0.602
0.052
0.060
0.000
0.021
0.000
0.000
0.000
0.868
0.000
0.000
0.791
0.000
0.829
0.000
0.000
0.058
0.014
0.000
0.000
0.000
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Group

Age (years)

Gender (f/m)

ICU (n/%)

Ventilation (days)
Biochemical Parameter

Kynurenine (uM)

CRP (mg/L)

IL-6 pg/ml (peak)

NC, Normal Controls n = 302

48.3 + 183
(Range 18-75)
144/158

na.

n.a.

2.79 +0.61

<5

<L0

A, Acute COVID-19 n = 85

63.1 £16.5
(Range 19-90)
27/58

18/22%

12 (3 - 131 days)

10.18 + 8.88

69.2 +14.9

588 £17.4

B, Long-COVID-19 n = 66

66.6 +17.6
(Range 17-90)
22/44

6/9%
Weaning

9.01 +3.62

Admission:

Month 2: 4.14 + 2.1
Month 3: 1.88 + 0.8
> Month 5: 1.28 + 0.5

nd.

p-value

B-C

NCvs. A/B
p<0.001

Avs.B
p=0.182

na.

Al three groups were comparable concerning age and gender distribution. There was a significant difference concerning kynurenine between the normal controls and patients with COVID-
19 infections or with Long-COVID syndrome. All data are given as mean + standard deviation if not otherwise stated. The respective range is presented in parentheses. (ICU, intensive care

unit; n.a., not applicable; n.d., not done; n.s., not significant).
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862 Assessed for eligibility
16 Did not fulfill eligibility
* 16 Age < 18 years

846 Fulfilled inclusion criteria

27 Not included, reason:
* 3 Uncontrolled multiple malignancies
4 Pregnant or breastfeeding women

7 Chronic organ failure

3 Immunotherapy or organ transplant within 6 months
3 Leukemia

7 Autoimmune disease

819 Fulfilled inclusion criteria

and exclusion criteria

635 Incomplete medical records
* 511 No C-reactive protein within 24h of admission

* 118 No lymphocyte count within 24h of admission
6 No other clinical baseline data

184 included 1n this study
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Categ Predictor Coefficien p-value
Demographics, symptoms reported during infection and titers following natural infection
Days elapsed Days since positive test -0.01 9.991 0.004* -
Symptoms reported during infection Difficulty breathing 058 5.684 0.024* 0.020*
Subjective symptom severity 0.00 2.524 0.123 -
Demographics, symptoms reported during infection and titers following full vaccination
Days elapsed Days since full vaccination -0.01 258.176 <0.0001* -
Symptoms reported during infection Anosmia during infection 031 2.910 0.096 -
Demographics Age 0.01 6.000 0.019* -
Ethnicity (Hispanic) 0.20 5.265 0.027¢ 0.062
Flu vaccinated 0.37 3.612 0.064 -
Gender (Male) -0.09 2.402 0.129 -
Vaccine manufacturer (Pfizer) -0.16 0.306 0583 -
Demographics, symptoms reported following Dose 1, and titers following full vaccination
Days elapsed Days since full vaccination -0.01 262.855 <0.0001* -
Symptoms reported after I*' vaccine dose Chills after 1** dose 034 4.915 0.032* 0.085
Injection site redness after 1* dose 091 4.330 0.044* 0.038*
Demographics Age 0.01 6.960 0.012* -
Ethnicity (Hispanic) 0.28 4.583 0.038* 0.017*
Flu vaccinated -0.15 1.771 0.191 -
Gender (Male) -0.08 2.288 0.138 -
Demographics, symptoms reported following Dose 2, and titers following full vaccination
Days elapsed Days since full vaccination -0.01 259.745 <0.0001* -
Symptoms reported after 2** dose Fever 0.61 11154 0.002% 0.003*
Injection site swelling after 2™ dose 031 1.579 0216 -
Subjective symptom severity -0.03 3.064 0.088 -
Demographics Age 0.01 7.652 0.009* -
Ethnicity (Hispanic) 032 6.683 0.013* 0.006*
Flu vaccinated -0.29 4.405 0.042¢ 0.166
Gender (Male) -0.05 3.452 0.071 -

Four LASSO models and linear mixed-effects (LME) p-values were generated to assess the predictive value of categorical and discrete variables while controlling for between-subjects’ differences.
Significant categorical LASSO-generated variables underwent additional post-hoc Tukey to test for directionality and to correct for multiple comparisons. A p-value <0.05 was considered statistically
significant.

*LME for predictors of main effects.

®post-hoc Tukey test for directionality of categorical variables due to significant main effects.





OPS/images/fimmu.2023.971277/table2.jpg
Natural Infection Natural Infection + Vaccine Dose 1 (NI + Natural Infection + Vaccine Dose 2 (NI +

(N)° D1) D2)

Symptoms Reported During SARS-CoV-2 Infection®

Asymptomatic 10 (20%) = 5
Anosmia 27 (55%) = =
Congestion/ 26 (53%) = =
rhinorrhea
Cough 23 (47%) = 5
Difficulty breathing 12 (24%) = =
Dysgeusia 26 (53%) = =
Fatigue 31 (63%) = =
Fever 18 (37%) = -
Myalgias 28 (57%) - -
Nausea or vomiting 5 (10%) - _
Sore Throat 15 (31%) - -
Upset Stomach 14 (29%) - -

Local Symptoms Reported Following Vaccination® ‘

Injection site pain - 25 (51%) 26 (53%)
Injection site redness = 2 (4%) 4(8%)
Injection site swelling = 4(8%) 5 (10%)

Systemic Symptoms Reported Following Vaccination® ‘

Asymptomatic 2 22 (45%) 20 (41%)

Chills = 9 (18%) 11 (22%)

Fatigue - 14 (29%) 19 (39%)

Fever - 10 (20%) 10 (20%)

Headache - 14 (29%) 12 (24%)

Myalgias/Muscle - 12 (24%) 14 (29%)
Aches

Each count is the number of individuals who self-reported each symptom at the timepoint listed in each column. Percentages are based on the total n for each column.
2All symptoms reported during SARS-CoV-2 Infection, as well as local and systemic symptoms following vaccination were included in LASSO modeling as shown in Supplementary Table 1.
bAIl samples collected following natural infection were included for analysis.
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Natural Infection  Natural Infection + Vaccine Dose = Natural Infection + Vaccine Dose

(NI) 1 (NI + D1) 2 (NI + D2)
n 33 49 48
Gender, M/F 14/19 17/32 16/32
Race White [25 (76%)] White [39 (80%)] White [(39 (81%)]
Black/African American Black/African American [2 (4%)] Black/African American (2 (4%)]
12 (6%)] Asian [2 (4%)] Asian [2 (4%)]
Asian [1 (3%))] Other [6 (12%)] Other [5 (110%)]

Other [5 (15%)]

Ethnicity, Hispanic/Not Hispanic 14/19 (429/58%) 22/27 (45%/55%) 21/27 (44%/56%)
Median age [Range] 39 [20-76] 39 [20-78] 39 [20-78]
Vaccine manufacturer, Pfizer/Moderna - 31/18 (63%/37%) 30/18 (62.5%/37.5%)
Median days since COVID diagnosis by PCR to 101 - -
entry SD Range 74.87

8-292
Median days since COVID diagnosis by PCR to - 99 127

vaccination 95% CI 72 - 159 102-180
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Immune Response

Players

Key Features

References

Innate Immune Response Players

Cytokines
Interferons
Complement system
Neutrophils

Monocytes

Macrophages

Dendritic cells
ILCs

Natural killer cells
Basophils

Eosinophils

MDSCs

NKT cells

Overproduction of cytokines in severe compared to mild patients can result in detrimental manifestations and mortality
Impaired type I IFN response in patients with severely ill COVID-19 compared to patients with a mild infection

More intense complement activation and inflammatory responses in severely compared to mildly ill patients

Higher number of neutrophils, excessive NET formation and ROS production in severely compared to mildly ill patients
Increased percentage of inflammatory monocytes in severe COVID-19 compared with mild disease

Macrophages are considered as promoters of cytokine storm and are associated with a high risk of death in severe COVID-
19 patients

Decreased number and further impairment in maturation and function of DC in severe compared with mild discase
Decreased frequency of ILC2 in severe COVID-19 in comparison to moderate disease

Decreased number and cytotoxicity of NK cells in severely ill COVID-19 patients

Decreased number and increased expression of PD-L1 on basophils in severe vs. mild COVID-19

Decreased number of eosinophils in severe vs. mild disease

Higher frequency of MDSCs in severely ill COVID-19 patients correlated with decreased specific T cell responses and poor
disease outcomes

Reduced frequency of NKT cells as well as of IFN-y production in severely ill COVID-19 patients

Adaptive Immune Response Players

Thl cells

Th2 cells

Th17 cells

Treg cells
CD8+ T cells
Memory T cells
B cells

Antibodies

Lower percentage of Th1 cells and decreased production of IFN-y in severe COVID-19
Th2 hyper-activation and higher plasma levels of Th2-produced cytokines correlated with disease severity and mortality

Increased frequency and hyper-activation of Th17 cells and subsequent production of pro-inflammatory cytokines in critical
forms of COVID-19

Decreased frequency and enhanced apoptosis of Tregs in severe cases compared to mild ones
Decreased frequency and cytotoxic function of CD8+ T cells in critically ill patients
Decreased percentage of memory T helper cells in severe COVID-19

Decreased number of B cells and deficient humoral immune responses in severe cases

Higher titers of antibodies in severe vs. mild patients associated with increased virus replication and a more severe disease
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Crude model Adjusted model
Variables

OR/B (95% Cl) P value OR/B (95% CI) P value

NAbs seropositivity (binary variable)*

Sex (male vs female) 0.20 (0.08, 0.49) <0.001 0.17 (0.6, 0.46) <0.001
ALT level (>5xULN vs < 5xULN) 031 (0.14, 0.67) <0.01 0.30 (0.12,0.71) <0.01
Chronic liver diseases (yes vs no) 0.73 (031, 1.75) 0.48 039 (0.13, 1.15) 0.09

NAbs titer (continuous variable)*

Sex (male vs female) -117 (-1.73, -0.61) <0.001 -118 (-1.73, -0.64) <0.001
ALT level (>5xULN vs < 5xULN) -0.09 (-0.72, 0.54) 0.78 002 (-0.61, 0.65) 0.96
Chronic liver diseases (yes vs no) -1.17 (-1.83, -0.52) <0.001 -145 (-2.13, -0.76) <0.001

*Data are presented as OR (95% CI) and p-value. “Data are presented as B (95% CI) and p-value. The crude model adjusts for none. Adjusted model adjust for age (continuous variable), total
bilirubin (continuous variable), cirrhosis (binary variable), ACLE (binary variable), vaccine types (binary variable), and interval time (continuous variable). ACLE, acute on chronic liver failure;
ALT, alanine aminotransferase; CI, confidence interval; NAbs, neutralizing antibodies; OR, odds ratio; ULN, upper limits of normal.
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Variables Patients Healthy controls

(n=137) (n=134)
Age (years), mean (SD) 502 (13.8) 42.6 (14.8)
Male, n (%) 88 (64.2) 51 (38.1)
ALT (U/L), median (IQR) | 86.0 (40.0-266.0) 29.0 (20.0-35.0)
Total bilirubin (umol/L), | 71.0 (20.0-199.7) 17.1 (11.5-22.5)

median (IQR)

Etiology, n (%)

HBV 53 (38.7) 0 (0)
HCV 27 (19.7) 0 (0)
HEV 7 (5.1) 0(0)
Autoimmune 13 (9.5) 0 (0)
Alcohol | 9 (6.6) 0 (0)
Drug | 17 (12.4) 0 (0)
Others 11 (8.0) 0 (0)
Chronic liver diseases, n (%) 106 (77.4) 0 (0)
Cirrhosis, n (%) 65 (47.5) 0 (0)

ACLF, n (%) 66 (48.2) 0 (0)

Vaccine type, n (%)

Inactivated 113 (82.5) 93 (69.4)
RBD-subunit recombinant 24 (17.5) 41 (30.6)
Interval time (days), mean (SD) 118.8 (52.7) 91.7 (54.7)

*

Data are presented as mean (SD), median (IQR), or n (%). ACLF, acute on chronic liver
failure; ALT, alanine aminotransferase; HBV, hepatitis B virus; HCV, hepatitis C virus; HEV,
hepatitis E virus; IQR, interquartile range; RBD, receptor-binding domain; SD, standard
deviation.

*Days between the final dose and first blood sample collection for serological assays.
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Therapeutic approaches Mechanism of action References

Target for anti-cytokine therapy

1L-7 Immune reconstitution (247, 248)
Increased lymphocyte counts

L6 Reduced oxygen requirement (217, 249)
Reduced CRP level
Reduced risk of mortality in ICU
Improved lymphocyte production and activity
Improved clinical outcomes

L1 Reduced oxygen requirement and reduced CRP level (250, 251)
Improved clinical condition
Reduced white blood cell counts
Reduced ferritin, creatinine, procalcitonin and bilirubin levels
Increased the PaO2/FiO2 ratio

TNF-0. Reduced inflammatory cytokine production (252, 253)
Reduced hyperinflammation

Interferon therapy

Reduced inflammatory cytokine production (254, 255)
Improved clinical outcomes

Cell therapy

Reduced inflammatory cytokine production (256)
Tmproved clinical outcomes

Intravenous immunoglobulin therapy

Reduced mortality (257)
Improved clinical outcomes
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