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Editorial on the Research Topic 
Molecular and multi-omic approaches in understanding cancer biology and anticancer therapies: current perspectives and new challenges


1 THE AIM AND SCOPE OF THIS RESEARCH TOPIC
A holistic understanding of cancer biology and pathophysiological features is crucial. Multi-omics approaches integrate multiple datasets to understand cancer molecular and clinical features. This data-driven study reveals the complexity of cells and their environment, improving survival prediction and therapeutic outcomes. This specific Research Topic is to encourage talented researchers working in the field of multi-omics and cancer to publish their work with Frontiers in Pharmacology. The Research Topic features 11 articles, including 10 original and one review articles, in a multidisciplinary collaboration among multiomic-bioinformatic, invitro, and clinical studies. These articles cover several cancer types, including pancreatic, ovarian, cervical, colorectal and lung cancer.
2 OVERVIEW OF CONTRIBUTORS
Necroptosis is a new target for cancer immunotherapy, enhancing tumor immunogenicity. Fang et al. through a comprehensive analytical study determined necroptosis subtypes and investigate the roles of necroptosis in pancreatic cancer therapy. Immunological cell infiltrations, immunological checkpoints, HLA molecules, and the cancer-immunity cycle were used to assess the immunogenic properties. Authors identified five subtypes of necroptosis in pancreatic cancer, with diverse prognosis, immunogenicity, and chemosensitivity. Future research should evaluate its relevance in combined therapeutic regimens and chemotherapy choices.
Ovarian cancer (OC) treatment still needs more molecular biomarkers for accurate prognostic and therapeutic decision-making. Assidi investigated the expression patterns of N-cadherin (N-CAD), which has been demonstrated to be overexpressed in numerous advanced carcinomas and determined their links with the clinicopathological characteristics of OC patients and assessed its prognostic value. N-CAD overexpression in OC is associated with a poor prognosis, as evidenced by increased recurrence and mortality rates, in addition to its molecular role to distant metastasis Assidi.
Cervical cancer, is the fourth most common cancer globally. In contrast to conventional interventions, Kori et al. focused on inflammatory proteins that classify cervical cancer patients by considering individual differences between cancer patients. Also, authors repurposed anti-inflammatory drugs using gene signature reversal and molecular docking. They suggested 5 novel drugs (aldosterone, BMS-345541, etodolac, hydrocortisone, and prednisone) for the treatment of both HPV subtypes, as well as 4 novel anti-inflammatory drugs (AS-601245, betamethasone, narciclasin, and methylprednisolone) for the treatment of HPV-16.
Endometriosis is a chronic, estrogen-dependent, inflammatory disease with an unknown etiology. characterized by the outward development of endometrial tissue. Integrated bioinformatics analysis was implemented by Wang Z. et al. to disclose the underlying molecular mechanisms of this disease. reveals the underlying molecular mechanisms of this disease. They identified four endometriosis-specific genes, predicting 51 potential drugs and revealing immunological function associations. Endometriosis has been classified into three subtypes with distinct mechanisms and immune characteristics. This study identified the characteristic genes and new molecular subtypes of endometriosis, thereby contributing to its early diagnosis and treatment.
Lung adenocarcinoma (LUAD) is the most prevalent histological subtype of lung cancer, and regulatory cell death is an attractive target for cancer therapy. Recent research suggests that cuproptosis being a promising target for cancer therapy. Nonetheless, the function of cuproptosis-related genes (CRGs) in the LUAD process remains unknown. Wang S. et al. found that DLD, LIAS, PDHB, DLAT, and LIPA1 were central genes in 10 differentially expressed CRGs enriched in mitochondrial respiration-dependent cell death, providing insights for treatment and immunotherapy drugs targeting cuproptosis.
A member of the transcriptional enhancer factor (TEF) family of transcription factors, TEA domain transcription factor 4 (TEAD4) is linked to the development and progression of several malignancies, including lung adenocarcinoma (LUAD). Nonetheless, the role of this gene in the progression of LUAD unclear. Gong et al. via gene analysis found that TEAD4 was substantially correlated with LUAD patients’ poor prognosis. Moreover, there was a robust correlation between high TEAD4 expression and immunotherapeutic resistance. This study revealed that TEAD4 is a predictor of prognosis related to immune regulation and a novel therapeutic target for LUAD.
A very diverse malignant carcinoma is gastric cancer (GC). Lin et al. used exosome-based classification to help tailor treatment for gastric cancer (GC). They created an exosome-based gene signature and assessed immunological characteristics, immune checkpoint inhibitor responses, and genetic changes utilizing computational techniques. There were two clusters of exosome-relevant phenotypes (A and B), and phenotype B had a worse prognosis and an inflammatory tumor microenvironment (TME) than phenotype A. The exosome-based gene signature predicted GC prognosis and genomic changes. This research provides a conceptual framework to better understand the functions of exosomes in immune escape mechanisms and GC genomic changes.
Ferroptosis, an iron-dependent necrosis in cancer, is associated with poor prognosis, inflammatory tumor microenvironment, and susceptibility to chemotherapeutic drugs. A systematic analysis by Xiao et al. identified subtypes and highlights the potential for tailored care. The PCA computational approach was used to create the ferroptosis index. It was found that there were strong correlations between clinicopathological features and FPI. High FPI was also associated with a poor prognosis, an inflammatory tumor microenvironment (TME), and high susceptibility to chemotherapeutic drugs.
A growing body of research has shown the biological significance of oxidative stress in the tumorigenicity and progression of colorectal cancer (CRC). In their study, Cao et al. developed an oxidative stress-related signature to predict clinical outcomes and therapeutic responses in colorectal cancer patients. The signature was associated with defined genes as ACOX1, CPT2, and UCN, and showed potential for survival prediction. This could improve prognosis and adjuvant therapy decisions. Cao et al. work created an oxidative stress-related signature that can potentially improve prognosis prediction and adjuvant therapy decisions.
Prostate cancer (PRAD) is a deadly disease with drug resistance and poor prognosis. Li et al. studied somatic mutations, somatic copy-number changes (SCNAs), DNA methylation, and mRNA expression in multi-omics profiling for G protein-coupled receptors (GPCRs) in the primary PRAD patients, identifying four potential medicines and novel biomarkers for treatment. These findings from the multi-omics analysis of GPCRs offer fresh perspectives on the underlying mechanisms of primary PRAD and the potential of GPCRs in the creation of PRAD-specific treatment approaches.
Tumor resistance to therapy remains a significant barrier, primarily due to intratumoral heterogeneity. Single cell profiling tools can identify clones with similar characteristics, potentially improving long-term therapeutic response in brain tumors. Murdaugh and Anastas in their review investigated the potential for single cell multi-omic analyses to reveal mechanisms of glioma resistance to therapy and discussed opportunities to apply these methods to enhance long-term therapeutic response in pediatric high-grade glioma with few treatment options.
3 CONCLUSION
In conclusion, this Research Topic has provided original research and updated reviews of early-stage researchers related to multi-omics research in cancer etiology, and therapy. Our knowledge of the pathophysiology of many types of cancers and new treatment options are both furthered by these investigations. The evidence collected from this Research Topic is also expected to be translated into more precise and practical clinical approaches to predict and treat relevant human disorders in the future.
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Ovarian cancer (OC) is among the most lethal cancer among all gynaecological malignancies. Since most OC patients are diagnosed only at advanced stages mainly because of their imperceptible/nonspecific symptoms, survival rates are low. Therefore, more molecular biomarkers are needed to achieve more effective molecular stratification for better prognostic and theranostic outcomes. The cadherin family, particularly N-cadherin (N-CAD; also known as CDH2), is critical for cell-cell adhesion and epithelial- mesenchymal transition (EMT) of cancer. N-CAD protein has also been shown to be overexpressed in many advanced carcinomas. The aim of this study was to investigate the expression patterns of N-CAD protein, determine their correlations with the clinicopathological features of OC patients, and evaluate its prognostic value and involvement in EMT and metastasis. Protein expression of N-CAD was studied in 117 formalin-fixed and paraffin-embedded (FFPE) blocks from patients diagnosed with OC using Tissue Microarray and immunohistochemistry techniques. The N-CAD protein was overexpressed in 58% of our OC cohort. Furthermore, its cytoplasmic overexpression was significantly correlated with tumor grade (p= 0.05), tumor subtype (p= 0.05), tumor necrosis (p= 0.01), and age at menarche (p= 0.002). Interestingly, Kaplan-Meier analysis showed a significant correlation of disease-free survival (DFS) with OC patients with cytoplasmic N-CAD overexpression (p< 0.03, log rank). Patients with high N-CAD expression have approximately twice the recurrence rate at 5-year follow-up. The results of this study demonstrate a poor prognostic role of N-CAD overexpression in OC, which is reflected in higher recurrence and death rates of OC and its molecular contribution to EMT and distant metastasis. Therefore, OC patients with overexpressed N-CAD need to be monitored more frequently and closely. Further studies with larger patient cohorts are needed to validate these findings, demystify the role of N-CAD in OC pathophysiology, and further investigate its role as a potential therapeutic target.
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Introduction

Ovarian cancer (OC) is the 7th most common cancer in women and the 3rd deadliest gynaecological cancer worldwide (1). In Saudi Arabia, OC affects more than 3% of Saudi women (2–4). This higher mortality rate of OC worldwide seems to be related to the fact that this malignant disease is asymptomatic, especially at early stages (5). In addition, most OC symptoms are nonspecific, misleading and may be confused with other gastrointestinal, urologic, or other diseases (6). Pelvic or abdominal pain and abdominal distension, increased urinary frequency, and some eating disorders such as early satiety are the common OC symptoms in the early stages, while women with advanced stages have a pelvic mass that extends beyond the adnexa (7). OC is classified according to the cellular origin of the malignancy, i.e., epithelial, stromal, or germinal cells. Of note, the vast majority (90%) of OC is of epithelial origin (8). Standard treatment options for OC depend on the type and stage of OC and include surgery along with platinum-based chemotherapy such as carboplatin and paclitaxel, either adjuvant, neoadjuvant, or sometimes both (9). Although 80% of patients diagnosed at an early stage respond to first-line chemotherapy, efficient early diagnosis of OC is still unattainable.

Since most OC patients are not diagnosed until the stage of metastasis, treatment options are not effective enough and are more diverted towards to alleviating symptoms rather than curing the disease. In fact, the 5-year survival rate for OC patients diagnosed with advanced stage disease is about 30% compared to 93% for early stage counterparts (10). Additionally, most OC patients relapse after completion of first-line treatment and require retreatment, mainly with chemotherapy (11). Despite, standard therapies are widely used in the treatment of OC, the prognosis and survival of OC are still poor. In addition, current management and treatment options are challenged by OC heterogeneity, in which a cluster of multiple cells with different genetic and epigenetic features occurs in the same ovarian malignant mass. Furthermore, individuals at the same stage of OC and treated with the same treatment plan have different outcomes. Taken together, these findings highlight the current challenges in optimizing/personalizing current therapeutic strategies for better outcomes (12, 13) and underscore the urgent need for additional effective biomarkers for earlier detection, better prognosis, and more accurate stratification of patients to achieve better individualized treatment options and survival outcomes.

Carbohydrate antigen 125 (CA125) is the first biomarker discovered for the detection of OC. Its level in serum is elevated in most epithelial OC (14). However, the sensitivity of CA125 in OC early stages remains too low, and its level correlates with other diseases such as endometriosis, pregnancy, ovarian cysts, and inflammatory peritoneal diseases. To improve the specificity of OC detection, other biomarkers such as Human Epididymis Protein 4 (HE4) have been developed. HE4 is more sensitive than CA125 and is found in approximately 100% of serous and endometroid subtypes, but its concentration can be influenced by many factors such as body mass index (BMI) (15), smoking (16), and lower HE4 concentration in patients using oral contraceptives (17). Although the combination of CA125 and HE4 has been shown to provide better diagnostic efficacy for risk prediction of OC (18), they are still not accurate and effective enough. More molecular biomarkers are needed to achieve better prognostic, therapeutic and prediction results. Cadherins are important transmembrane glycoproteins that are critical for cell-cell adhesion, especially in epithelial tissues. They were first described as single-pass transmembrane glycoproteins involved in cell–cell adhesion, and are now considered important players in cell polarity and tissue morphology (19). They are also thought to play a direct role in carcinogenesis and metastasis in many cancers (20, 21). In some cases of epithelial carcinoma, epithelial cells lose cell-cell adhesion and polarity and develop migratory and invasive behavior. This process, termed epithelial-mesenchymal transition (EMT), is critical for the development of metastases in cancer progression. A fundamental event in EMT is the “cadherin switch”, defined as loss of E-cadherin expression and increased expression of N-cadherin during cancer progression (22, 23). N-cadherin, also known as CDH2, is a cell-adhesion molecule mapped to 18q11.2 (24). It is a 135 KDa protein that belongs to the family of transmembrane molecules and mediates calcium- dependent intercellular adhesion. It consists of five extracellular cadherin repeats. The cytoplasmic domain of N-cadherin is anchored to the intercellular actin cytoskeleton by interaction with the β-, α-, and γ-catenin complex. CDH2 is expressed in various tissues, including the nervous system, brain, cardiac and skeletal muscles, blood vessels, and hematopoietic function (25, 26). N-cadherin is mainly expressed in the nervous system and promotes intercellular adhesion of neuronal cells, while its expression is low in normal tissues (25–29). However, it has been reported that overexpressed N-cadherin is associated with cell migration, angiogenesis, aggressiveness, and metastasis in many cancers such as breast, lung, bladder, prostate, and hepatocellular carcinomas (25–29). Moreover, the level of soluble N-cadherin in the serum of cancer patients is much higher than that in healthy individuals. As a result, N-cadherin has been suggested as a potential therapeutic target for tumour invasion and metastasis (30). In OC, the role of N-cadherin expression is unclear and there are few studies that have investigated N-cadherin expression in OC (31), especially in the Arabian peninsula. With this background, this study aimed to evaluate N-CAD protein expression patterns as a potential pro-metastatic molecular biomarker that could help improve OC prognosis and management. The associations between N-CAD protein expression patterns with patients’ clinicopathological parameters and its prognostic value in OC were investigated.



Patients and Methods


Patients

Formalin-fixed, paraffin-embedded (FFPE) tissues from patients diagnosed with OC and treated mainly at the departments of pathology and gynaecology at King Abdulaziz University Hospital (KAUH) between 1995 and 2014 were used for this study after obtaining informed consent. This retrospective study includes 117 primary OC patients classified based on histopathological features, mainly according to Tumor Node Metastasis (TNM) classification system. Patients’ medical records were used to collect all pathological and clinical data after IRB approval from KAUH (IRB number: KAUH-189-14).



Tissue Microarray and Automated Immunostaining

Our group had previously transferred the OC FFPE tissue samples into a tissue microarray (TMA) format. Haematoxylin and Eosin (H&E) from each block (donor block) were used to determine tumor regions. Subsequently, all H&E stained slides from all blocks were reviewed by a pathologist to select the tumour areas to be punched/cored. The details of TMA construction mapping, and validation have been described elsewhere (32, 33).

Immunohistochemistry (IHC) was performed on ovarian cancer TMA slides using an automated staining system (Benchmark XT, Ventana Medical System, Inc. Tucson, Arizona, USA), except for antibodies, which they were applied manually. Reagents were removed from the refrigerator to reach room temperature before starting the run. The slides were labelled with a barcode. The concentrated N-CAD rabbit polyclonal antibody (catalog # ab66025, Abcam, dilution: 1:20) was used. The detailed protocol of the IHC procedure was performed as described elsewhere (32, 34). Briefly, the automated Ventana began the run by deparaffinizing the paraffin-embedded tissue sections with EZ Prep™. They were then pre-treated with Cell Conditioning buffer (CC1) to induce/activate the epitopes of the antigens (antigen retrieval). Then, 50μl of the optimized antibody was applied manually for 30 minutes at room temperature. This was followed by washing steps using the UltraView Universal DAB Detection Kit (Lot. No. E00534) which, contains: Copper, 1.1% hydrogen peroxide solutions, DAB substrate, SA-HRP contains a conjugated streptavidin horseradish peroxidase solution and inhibitor. For counterstaining, staining was completed with hematoxylin II for 8 min. and post-counterstaining by bluing reagent for 4 min.

After completion of the run, the slides were removed from the instrument and rinsed with a mild detergent followed by tap water to remove LCS and buffer residue. Then the slides were immersed in different concentrations of alcohol buffer (70, 95 and 100%) and then cleaned in xylene, for 3 minutes, twice for each solution. Finally, a drop of mounting medium was added to the slide and covered with a glass coverslip. The stained slides were manually scored to check the expression of the biomarkers under the light microscope using the staining patterns.



Scoring and Evaluation of Biomarkers Expression

Evaluation of protein expression of all OC was assessed using a regular Nikon light microscope at ×40 magnification blind to the clinicopathological parameters of the patients. The staining was classified into four groups: 1) negative 2) weak 3) moderate and 4) high expression. The intensity of staining and the percentage of positively stained cells were used to calculate the staining index score according to the following formula

	

Where (I) is the staining index score and (f0 to f3) are the proportions of cells that have a given staining intensity (from 0 to +3) (33, 35). This I score is useful for the selection of the best IHC expression cut-off/discriminator during statistical analysis.



Statistical Analysis

Statistical analyses were performed using the SPSS® software package (version 22). The frequency tables were analyzed using the chi-square test to assess the significance of the correlation between the categorical variables (age, stage, grade, BMI, lymph node status, recurrence, …).

Univariate survival analysis was performed using the Kaplan-Meier method. Tests with p < 0.05 were considered statistically significant.




Results


Expression Pattern of N-Cadherin Protein Profiles in Ovarian Cancer

Expression of N-cadherin protein was observed in both membrane and cytoplasm, but mainly in cytoplasm. The frequencies of expression patterns of cytoplasmic N-cadherin protein receptors in 117 OC samples evaluated by the IHC technique were: no expression (0, 3%), weak expression (+1, 39%), moderate expression (+2, 44%) and strong expression patterns (+3, 14%), respectively (Figure 1).




Figure 1 | Immunohistochemical staining patterns of cytoplasmic N-cadherin protein expression at 40x magnification: (A) Negative cytoplasmic expression, (B) Weak cytoplasmic expression, (C) Moderate cytoplasmic expression, (D) Strong cytoplasmic expression.





Correlation Of Cytoplasmic N-Cadherin Protein Expression With Clinicopathological Features

Our data showed that cytoplasmic N-cadherin expression was not associated with age, lymph node involvement, and tumor stage. However, significant correlations were found with tumor grade, tumor subtype, tumor necrosis, and age at menarche. In poorly differentiated tumors, expression of N-Cad was low compared to well/intermediately differentiated tumors (p= 0.05). Among histological subtypes, serous tumors showed low N-CAD expression compared to mucinous/other subtypes that showed high expression of N-CAD profile (p= 0.05). On the other hand, OC tissues with tumor necrosis showed high N-cad expression compared to their counterparts (p= 0.01). Interestingly, OC patients with early onset of menarche had tumors with high N-cad expression (p= 0.002) (Table 1).


Table 1 | Correlation between cytoplasmic N-cadherin protein expression patterns and clinicopathological features of OC.





Correlation Of Cytoplasmic N-Cadherin Protein Expression With Survival Outcome

Throughout the follow-up period, univariate survival analyses with a cut-off point for N-cad expression (low (0, 1+) vs. high expression (2+,3+)) as a discriminator showed the best prognosis. Thus, at 5 years, disease recurrence occurred in 42% of patients whose OC tissues had low N-cad expression compared with approximately 78% of patients whose OC tissues had high N-cad protein expression (p < 0.03, log rank, Figure 2). On the other hand, the same trend was observed with less significance in patients who died from the disease. Using the same cut-off point described above, approximately 22% of patients whose OC tissues had low N-cad expression died compared to approximately 60% of patients who had high N-CAD expression in their OC tissues (p=0.1, log rank, Figure 3). The Kaplan-Meier survival curves clearly show that shorter survival was associated with high N-cad protein expression, while patients with low N-cad expression had a lower recurrence rate and thus longer survival.




Figure 2 | Cytoplasmic N-cadherin expression patterns in OC cohort using the cut-off (low (0, 1+) vs. high (2+, 3+)) as a determinant of disease-free survival (DFS) in univariate (Kaplan-Meier) analysis (p < 0.03, log-rank).






Figure 3 | Cytoplasmic N-cadherin expression patterns in OC cohort using the cut-off (low (0, 1+) vs. high (2+, 3+)) as a determinant of disease -specific survival (DSS) in univariate (Kaplan-Meier) analysis (p < 0.1, log-rank).






Discussions

In 2021, more than 21,000 new cases were diagnosed with OC worldwide, and about 13,770 patients have died from this deadly disease (36). Several factors are believed to contribute to this increasing incidence and higher mortality rates. Apart from the difficulty of detecting the disease at early stages, the OC treatment options are not very effective at advanced stages, mainly because of the heterogeneity and complexity of this malignant disease. The higher complexity of OC is the result of various intertwined genetic and epigenetic factors that lead to aberrant gene expression and inconsistent treatment outcomes (37). In conjunction with clinicopathological factors such as age, grade, stage, and lymph node invasion, OMICs tools have provided an unprecedented understanding of the molecular complexity and disease progression of the diseases. In particular for OC, many genes have been reported as mutated, including BRCA1, BRCA2, BRIP1, RAD51C, RAD51D, MSH2, MLH1, PMS2, and MSH6. These and other candidate genes have been associated with a higher risk of OC (38, 39). Despite numerous efforts to identify reliable OC biomarkers, early detection strategies still rely mainly on CA125 and HE4, which have not been shown to be specific and sensitive enough (40, 41). Therefore, additional efforts are needed to develop new theranostic tools that can alleviate the suffering of OC patients and improve the treatment of the disease. Currently, the focus is on identifying more effective and clinically useful prognostic markers at the genomic and proteomic levels to detect OC at an early, curable stage and potentially support therapeutic decision making. In this regard, N-CAD has been reported to be expressed in several cancer types and has been associated with several clinicopathological parameters as well as survival outcomes. However, the clinical and prognostic significance of N-CAD in OC has not been well studied, especially in the Arabic Peninsula. Therefore, we conducted this study to investigate the N-CAD expression patterns and evaluate its prognostic value in our cohort of OC patients.

Our study showed that the protein N-CAD was expressed mainly in the cytoplasm of 58% of our patients’ tumor cells, with a recorded expression also in the cell membrane. Similarly, Quattrocchi et al. reported that 99% (158 cases) of their OC cohort expressed N-CAD protein in the cytoplasm (42). However, other studies reported membranous N-CAD expression in 32% of their cohort (43). These discrepancies could be due to cohort size, ethnicity, proportion of histological subtypes, and the complicated molecular heterogeneity of OC within each subtype (44).

The results of this study showed also that the expression of N-CAD protein was significantly associated with some clinicopathological characteristics including histological subtype, grade, tumor necrosis and age of menarche (p< 0.05) (Table 1). These findings are consistent with many studies that reported significant correlations of N-CAD expression in OC with histologic subtypes (45, 46) and grade (45). On the other hand, they found a significant association between N-CAD protein expression and tumor stage, which is not confirmed by our results. Furthermore, and in agreement with our results, other studies on OC reported no significant correlation between the expression of N-CAD and other clinicopathological parameters such as tumor stage, patient’s age, BMI, and tumor size (43, 47). Our results showed that 57% of our patients’ cohort were below 50 years (Table 1). There is a noticeable early onset of OC in the Saudi population compared to the United Kingdom for example where, according to Cancer Research UK, 53% of OC cases were diagnosed at 65 and over. Possible reasons associated to genomic, environmental and lifestyle factors deserve to be investigated to explain this early onset phenomenon.

In Kaplan-Meier survival analysis, N-CAD protein expression was significantly associated with DFS (p=0.03). In fact, patients with higher N-CAD expression have approximately twice the recurrence rate at 5-year follow-up time (42% vs. 78% recurrence at 60 months; p < 0.03, log rank, Figure 2). A similar trend was also observed with lower significance for DSS, in which patients with higher N-CAD expression who died more rapidly from the disease compared with their counterparts with low N-CAD expression (Figure 3). In general, the Kaplan-Meier survival curves clearly show that shorter survival and higher recurrence rates were associated with overexpression of the N-CAD protein. These results are consistent with those of Quattrocchi et al., who reported that all patients in their cohort with N-CAD overexpression relapsed by the first year of follow-up time. In the same study, patients with higher E-CAD expression survived shorter than their counterparts with lower N-CAD expression (42). Two important meta-analysis studies using all published data and freely available sources about N-Cadherin showed similar survival outcomes as our results. In fact, they confirmed that N-CAD overexpression is a negative prognosticator of OC (48, 49). When we assessed the freely available KM plotter analysis of TCGA database (https://kmplot.com/analysis/), it appears that this platform did not cover the N-Cadherin protein expression (CDH2) in OC. However, the mRNA data showed that CDH2 gene expression is a good prognosticator of OC (50) (http://kmplot.com/analysis/index.php?p=service). For the protein Atlas database (https://www.proteinatlas.org), the CDH2 protein was not a significant prognosticator in OC possibly due to the heterogeneity of the cohort (51) (https://www.proteinatlas.org/ENSG00000170558-CDH2/pathology).

The survival data indicated that poor disease progression associated with high N-CAD protein expression appears to be either a marker of OC aggressiveness or actively involved in the pathophysiology of disease progression, recurrence, and metastasis. Similar studies in other cancers (breast, lung, bladder, prostate, …) confirmed that overexpression of N-CAD protein was associated with poor treatment outcomes, cell migration, angiogenesis, disease aggressiveness, and metastasis (25–29). Thus, overexpression of N-cadherin in colorectal cancer was significantly associated with poor disease-specific survival and disease-free survival, as well as with many clinicopathological characteristics such as tumor size, lymph node, stage, and grade (52). Similarly, high expression of N-cadherin in bladder cancer was shown to be associated with grade, tumor stage, and poorer recurrence- free survival (53).

Taken together, these results seem to be related to the role of N-CAD in the mesenchymal phenotype, which promotes cell mobility and invasion (31, 54). In fact, several reports have shown that when epithelial tumor cells switch from expressing E-CAD to expressing N-CAD (cadherin switch phenomenon), they acquire the ability to activate Fibroblast Growth Factor Receptor (FGFR) pathways. Our results together with our previous study about E-Cad expression in the same cohort confirmed the cadherin switch (32). In fact, while the E-CAD expression was decreasing at the advanced stages (starting from the EMT and marked by cancer invasion and migration), the N-CAD expression was increasing; and both markers were prognosticators of poor survival outcomes (32). In fact, once N-CAD is overexpressed, it has been shown to affect tumor cell polarity and behavior through its direct interaction with the FGFR, which regulates cancer cell motility and invasion (55, 56). Also, N-CAD was reported to interact with other receptors on tumor cells to promote motility and migration such as Platelet Derived Growth Factor Receptor (PDGFR). This mechanism occurs when the NHERF protein binds the N-CAD with the ß-catenin to the PDGFR to form a complex that drives tumor cells to migrate and motility (56) (Figure 4). These molecular mechanisms of N- CAD protein overexpression, summarized in Figure 4, played a key role in the phenotypic changes of tumor cells that were actively involved in migration to distant metastases. This pro-metastatic role of N-CAD was also confirmed in vitro with epithelial cells engineered to overexpress N-CAD. These cells have been shown to alter their morphology and behavior, adopting a motile phenotype similar to that observed in cells undergoing EMT (57, 58). This pro-metastatic phenotype depends also on the expression of other interacting proteins in addition to N- CAD, as mentioned previously and summarized in Figure 4 (58, 59).




Figure 4 | Schematic illustration of the molecular and cellular events triggered by the N-cadherin switch at EMT. Overexpressed N-cadherin binds and stabilizes FGFR on the cell surface to initiate cell signalling cascades, and to PDGFR to increase cell motility through interactions with ß-catenin.



This study demonstrated a prognostic role of N-CAD in OC, the first to be reported in the Arabic Peninsula. OC patients overexpressing the N-CAD protein had a poor prognosis, as evidenced by higher rates of both OC recurrence and death, as well as its molecular contribution in EMT and distant metastasis; and thus required more frequent and closer follow-up. Further studies with larger patient cohorts are needed to validate these findings, investigate further the role of N-CAD in OC pathophysiology, and explore its role as a potential therapeutic target.
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Background: TEA domain transcription factor 4 (TEAD4) is a member of the transcriptional enhancer factor (TEF) family of transcription factors, which is studied to be linked to the tumorigenesis and progression of various forms of cancers, including lung adenocarcinoma (LUAD). However, the specific function of this gene in the progression of LUAD remains to be explored.
Method: A total of 19 genes related to the Hippo pathway were analyzed to identify the significant genes involved in LUAD progression. The TCGA-LUAD data (n = 585) from public databases were mined, and the differentially expressed genes (DEGs) in patients with the differential level of TEAD4 were identified. The univariate Cox regression, zero LASSO regression coefficients, and multivariate Cox regression were performed to identify the independent prognostic signatures. The immune microenvironment estimation in the two subgroups, including immune cell infiltration, HLA family genes, and immune checkpoint genes, was assessed. The Gene Set Enrichment Analysis (GSEA) and GO were conducted to analyze the functional enrichment of DEGs between the two risk groups. The potential drugs for the high-risk subtypes were forecasted via the mode of action (moa) module of the connectivity map (CMap) database.
Results: TEAD4 was found to be significantly correlated with poor prognosis in LUAD-patients. A total of 102 DEGs in TEAD4-high vs. TEAD4-low groups were identified. Among these DEGs, four genes (CPS1, ANLN, RHOV, and KRT6A) were identified as the independent prognostic signature to conduct the Cox risk model. The immune microenvironment estimation indicated a strong relationship between the high TEAD4 expression and immunotherapeutic resistance. The GSEA and GO showed that pathways, including cell cycle regulation, were enriched in the high-risk group, while immune response-related and metabolism biological processes were enriched in the low-risk group. Several small molecular perturbagens targeting CFTR or PLA2G1B, by the mode of action (moa) modules of the glucocorticoid receptor agonist, cyclooxygenase inhibitor, and NFkB pathway inhibitor, were predicted to be suited for the high-risk subtypes based on the high TEAD4 expression.
Conclusion: The current study revealed TEAD4 is an immune regulation–related predictor of prognosis and a novel therapeutic target for LUAD.
Keywords: lung adenocarcinoma, TEAD4, prognostic signature, immune microenvironment estimation, biomarker
INTRODUCTION
Lung cancer is one of the main causes of cancer-related death and is responsible for approximately 1.8 million deaths each year (Bray et al., 2018; Hoy et al., 2019). Approximately, 85% of these patients had non–small cell lung cancer (NSCLC), and the rest had small cell lung cancer (SCLC) (Sher et al., 2008; Byers and Rudin, 2015; Denisenko et al., 2018). Lung adenocarcinoma (LUAD) is the most common type of non–small cell lung cancer (NSCLC) and comprises approximately 40% of all lung cancer cases (Denisenko et al., 2018). Despite the improvement in current technology and techniques, the overall survival of LUAD has not been significantly improved, and only a fraction of patients benefited from therapies (Yamanashi et al., 2017; Schenk et al., 2021). Therefore, it is urgent to identify and explore more efficient therapeutic targets to further improve its prognosis.
The Hippo signaling pathway is evolutionarily conserved across higher order vertebrates, and by modulating target genes, it regulates multiple bioprocesses, including cell proliferation, survival, differentiation, and fate determination, as well as organ size and tissue homeostasis (Mohajan et al., 2021). Many of these roles are mediated by the transcriptional effectors Yes-associated protein (YAP) and its paralog transcriptional coactivator with the PDZ-binding motif (TAZ), which direct gene expression by control of a family of sequence-specific transcription factors called TEA DNA-binding proteins (TEAD1–4) that mediate proliferation and pro-survival genes (Dey et al., 2020; Masliantsev et al., 2021; Mohajan et al., 2021). Aberration of the Hippo pathway and YAP/TAZ-TEAD activity was recently shown to be linked to carcinogenesis in lung cancer (Huang et al., 2017; Liu et al., 2017; Gu et al., 2020). Overexpression of YAP/TAZ is associated with the development, progression, and poor prognosis of the disease (Mohajan et al., 2021). Therefore, the Hippo pathway is a novel tumor molecular biomarker and potential therapeutic target for LUAD. As one main component of the Hippo pathway, TEAD4 is a transcriptional enhancer–associated domain (TEAD) family protein (Pobbati and Hong, 2013) that plays biological roles by binding with DNA elements via its specific DNA-binding domains or through interaction with transcription coactivators (i.e., YAP/TAZ) by transactivation domains (Zhou et al., 2017; Gu et al., 2020). More recently, TEAD4 has been demonstrated in tumorigenesis and cancer progression, including cancers of the breast (He et al., 2019; Wu Y et al., 2021), prostate (Chen CL et al., 2021), gastric (Shuai et al., 2020), bladder (Wu et al., 2019; Wang J et al., 2021), thyroid (Zhang et al., 2022), and lungs (Zhou et al., 2017; Gu et al., 2020; Hu et al., 2021; Yan et al., 2022). Previous studies have reported that TEAD4 is upregulated in LUAD and is closely related to disease prognosis (Hu et al., 2021). However, the specific molecular mechanism of TEAD4 regulation on the prognosis of LUAD is not understood.
The aim of the present study was to determine whether TEAD4 could serve as a potential predictor of the prognosis of LUAD. We analyzed TCGA-LUAD samples with high and low TEAD4 expressions, constructed a four-gene prognostic signature based on the TEAD4 differential expression, and determined that TEAD4 was an immune regulation-related predictor of prognosis for LUAD.
MATERIALS AND METHODS
Data Acquisition
Gene expression sequencing data (HTSEQ-Counts and HTSEQ-FPKM) and the corresponding annotation of LUAD (n = 585) were acquired from the Genomic Data Commons (GDC) Portal (https://portal.gdc.cancer.gov/) of The Cancer Genome Atlas (TCGA) database (Tomczak et al., 2015). Excluding the data from the same patient, a total of 568 LUAD samples, including 58 normal (nnormal = 58) and 510 LUAD patients (nLUAD = 510), were retained for the following differentially expressed gene (DEG) analysis. For the DEGs in TEAD4-high vs. TEAD4-low groups, the 510 samples of patients were divided into two subtypes according to the median TPM of TEAD4.
The clinical survival data (n = 738) and the phenotype data (n = 877) of TCGA-LUAD–matched patients were acquired from the GDC of the TCGA database. A total of 497 samples (n = 497), which contains both RNA-seq and survival data, were brought into the Cox model. For the nomogram analysis, a total of 383 samples (n = 383) were retained.
Gene Expression Omnibus (GEO) LUAD datasets were acquired and cleared up by the GEOquery R package. The validation sets of the Cox model were performed using GSE13213 (Tomida et al., 2009), GSE30219 (Rousseaux et al., 2013), and GSE31210 (Okayama et al., 2012), which contains 621 samples of LUAD.
Identification of DEGs and the Enrichment Analysis
The DEGs with the threshold of fold change:2 and p-value < 0.05 were identified using HTSEQ-FPKM of TCGA-LUAD by the Deseq 2 R package (Love et al., 2014) and visualized by the ggplot2 R package. Gene Ontology (GO) (Ashburner et al., 2000) and Kyoto Encyclopedia of Genes and Genomes (KEGG) (Ogata et al., 1999) pathway enrichment analysis were conducted by clusterProfiler R package (Yu et al., 2012) and visualized by the ggplot2 R package. The Gene Set Enrichment Analysis (GSEA) (Subramanian et al., 2005) was performed by the WebGestalt online database (http://www.webgestalt.org/).
Establishment and Validation of Prognostic Signature
Based on the TCGA-LUAD dataset (n = 497), univariate Cox regression, LASSO regression, and multivariate Cox regression analyses were used to screen the prognostic genes and establish the prognostic model. The survival R package was used to calculate the association between the expression of each DEG and overall survival (OS), and genes with p-value < 0.05 were retained for the following LASSO regression analysis. Glmnet and survival R package were used for the LASSO regression analysis to screen the significant variables in univariate Cox regression analysis. In order to obtain more accurate independent prognostic factors (prognostic characteristic genes), multivariate Cox regression analysis was used for the final screening. The risk score was calculated as follows: risk score = (exp-gene1*coef-gene1) + (exp-gene2*coef-gene2) + (exp-gene n*coef-gene n). Patients were divided into high- and low-risk groups based on the median of the risk score.
Time-dependent receiver operating characteristic (ROC) curves were used to assess survival predictions, and the Time ROCR package was used to calculate the area under the ROC curve (AUC) value to measure prognosis and predict accuracy. Survcomp R package was used for the C-index analysis. For the nomogram analysis, phenotype data (n = 382) were used and the clinical indexes, including age, gender, race, TNM staging, and stage, were brought into the COX regression analysis. For the external model construction, the risk score of the four independent prognostic signatures was calculated by the survival R package.
TME Estimate Analysis
Stromal score, immune score, ESTIMATE score, and tumor purity score were calculated based on the mRNA expression (HTSEQ-Counts) by an estimate R package (Yoshihara et al., 2013). The significant static analysis was performed by the Wilcoxon rank-sum test.
The gene expression matrix data (HTSEQ-FPKM) were uploaded to CIBERSORT (Newman et al., 2015), and the immune cell infiltration matrix was obtained. ggplot2 R package was used to visualize the distribution of infiltration of 22 types of immune cells in each sample. The significant static analysis was performed by the Wilcoxon rank-sum test.
Correlation Analysis of the Multigene
The correlation analysis of multiple genes was performed by Spearman’s correlation analysis and displayed by pheatmap R package.
Chemotherapeutics Forecast
The chemotherapeutics forecast was performed using the mode of action (moa) module of the connectivity map (CMap, https://clue.io/command).
Statistical Analysis
The statistical analysis was calculated via the Wilcoxon rank-sum test and unpaired t-text. All statistical tests were bilateral. All statistical tests and visualization were performed in R software (version 4.0.2).
RESULTS
High TEAD4 Expression Is Associated With Poor Prognosis in LUAD
We selected 19 Hippo pathway-related genes (Wang et al., 2018) (Supplementary Table S1) and detected their expression levels in LUAD. The results showed that among these 19 genes, 11 (TAOK2, TAOK3, WWC1, SAV1, STK4, MOB1B, LATS1, LATS2, TAP1, TEAD1, and TEAD4) were downregulated in LUAD, while four (STK3, TAZ, TEAD2, and TEAD3) were upregulated in LUAD compared to adjacent normal samples (Figure 1A, Supplementary Table S2). To further evaluate the potential role of these genes in LUAD, the correlation between prognosis and these genes was analyzed, which showed that the expression of TAOK2 was significantly associated with a superior prognosis (Figures 1B, C), while the expressions of STK3, LATS2, and TEAD4 were associated with a poor outcome in LUAD (Figures 1B, D–F, Supplementary Table S3). These results suggest that the Hippo pathway plays an important role in the tumorigenesis and development of LUAD.
[image: Figure 1]FIGURE 1 | TEAD4 is downregulated in LUAD and associated with a poor prognosis. (A) Expression level (TPM) of the Hippo pathway-related genes in LUAD compared to adjacent normal samples. (B) Forest showing the prognosis of the Hippo pathway–related genes in LUAD. (C–F) Relationship between TAOK2 (C), STK3 (D), LATS2 (E), and TEAD4 (F) expressions and OS in LUAD.
Univariate and multivariate regression analyses were performed for the four (TAOK2, STK3, LATS2, and TEAD4) prognosis-related genes, indicating that STK3 (HR (HR.95L, HR.95H) =1.37 (0.96, 1.95), p = 0.077, Supplementary Table S4) and TEAD4 (HR (HR.95L, HR.95H) =1.44 (1.17, 1.77), p = 0.0004, Supplementary Table S4) were independent prognostic signatures. Notably, TEAD4 was found to have a prognostic value. Therefore, we focused on the analysis of TEAD4.
Identification of DEGs Associated With TEAD4 Differential Expression
To explain the molecular mechanism of TEAD4 in LUAD, the patients were divided into subgroups, TEAD4-high expression (TEAD4-high, n = 255) and TEAD4-low expression (TEAD4-low, n = 255), based on the median value, and the differentially expressed genes (DEGs) between the two subgroups were analyzed. A total of 102 DEGs (51 genes were up-regulated and 51 genes were downregulated) were identified in the TEAD4-high vs. TEAD4-low groups (Figures 2A,B, Supplementary Figure S1, Supplementary Table S5). The subsequent Kyoto Encyclopedia of Genes and Genomes (KEGG) and Gene Ontology (GO) results showed that upregulated genes in the TEAD4-high group belonged to pathways of the cell cycle, etc. (Figure 2C), and categories related to organelle fission, nuclear division, and chromosome segregation, etc. (Figure 2D). The downregulated genes in the TEAD4-high group belonged to pathways of pertussis, cytokine–cytokine receptor interaction, phagosome, etc. (Figure 2E), and were involved in bioprocesses of the humoral immune response, respiratory gaseous exchange by the respiratory system, and metabolic process, etc. (Figure 2F). These results demonstrate that the differential expression of this gene may lead to changes in the gene expression, which causes the dysregulation of cellular bioprocesses, including the cell division, immune response, and metabolic process.
[image: Figure 2]FIGURE 2 | Identification of DEGs associated with the TEAD4 differential expression. (A) Volcano plot showing the DEGs in TEAD4-high vs. TEAD4-low groups. (B) Heatmap showing the top 20 up- and top 20 downregulated genes in TEAD4-high vs. TEAD4-low groups. (C) KEGG analysis of upregulated genes in the TEAD4-high group. (D) Enriched GO terms of upregulated genes in the TEAD4-high group. (E) KEGG analysis of downregulated genes in the TEAD4-high group. (F) Enriched GO terms of downregulated genes in the TEAD4-high group.
Establishment of a Prognostic Signature Based on the High TEAD4 Expression in TCGA-LUAD
Among the 102 DEGs, 83 were found to be differentially expressed in LUAD tissues (n = 510) compared to adjacent normal tissues (n = 58) (Supplementary Table S6). These 83 DEGs were used to perform the univariate Cox regression analysis, and 74 genes (p < 0.05, Supplementary Table S7) were identified as prognostic genes. After suffering from zero LASSO regression coefficients, eight genes were identified to perform the multivariate Cox regression analysis (Figures 3A, B, Supplementary Table S8). Finally, four genes, carbamoyl phosphate synthetase 1 (CPS1), anillin actin-binding protein (ANLN), ras homolog family member V (RHOV), and keratin 6A (KRT6A), were identified as independent prognostic factors (Figure 3C, Supplementary Table S9). Based on the median of the risk score calculated by the expressions of these four genes, the 497 patients (patients without information on overall survival were excluded, n497 = n510-n13) were divided into two subtypes of high-risk and low-risk (Figure 3C, Supplementary Table S10). The high-risk subtype had significantly higher mortality rates than the low-risk group (Figure 3C). In addition, the expressions of the four independent prognostic signatures were higher in the high-risk group than in the low-risk subtype (Figure 3C), and the expression of each gene was positively correlated with the others (Figure 3D). Meanwhile, we found that these four signatures were positively correlated with the TEAD4 expression (Figure 3D). These genes, which were all upregulated in LUAD, were highly expressed in the TEAD4-high subgroup (Figure 3E). The four genes and TEAD4 were all significantly and positively associated with the risk score (Figures 3F–J). In addition, TEAD4, ANLN, RHOV, and KRT6A were all associated with the poor prognosis in LUAD (Figures 3K–M), indicating that these prognostic genes are of great significance for the evaluation of the LUAD outcome.
[image: Figure 3]FIGURE 3 | Establishment of the prognostic signature based on the high TEAD4 expression in TCGA-LUAD. (A) Stepwise Cox proportional risk regression model to screen the prognostic genes. (B) LASSO coefficient spectrum of prognostic gene screening. (C) Risk score distribution, survival status of patients, and heatmap of prognostic gene distribution in the training cohort. (D) Correlation analysis of prognostic genes and TEAD4 in LUAD. The circle size represents significance. (E) TPM of the four prognostic genes in LUAD samples with TEAD4-high expressions, LUAD samples with TEAD4-low expressions, and the corresponding adjacent normal samples. The statistical significance was calculated via the Wilcoxon rank-sum test, ***p < 0.001. (F–J) Correlation analysis between the prognostic genes and risk score. (K–M) Relationship between ANLN (K), KRT6A (L), and RHOV (M) expressions and OS in LUAD.
Internal Validation of the Prognostic Signature
We then evaluated the constructed risk model, and the overall survival (OS) analysis showed that the high-risk subtype had a poor prognosis (p =2.74e-07) (Figure 4A). The ROC curve was used to predict the prognosis at 1, 3, and 5 years, which showed that the prediction efficiency of the model was feasible (1-year AUC = 0.73; 3-year AUC = 0.713; 5-year AUC = 0.628) (Figure 4B). The concordance index (C-index) analysis also showed a consistent result (C-index = 0.6733, p = 2.704004e-15). Thereafter, the nomogram was constructed, and the clinical indices (Table 1, n = 382, age, gender, race, NTM staging) were incorporated into the nomogram to predict the OS of patients. The clinical indices of pT_satging and pN_satging were retained for further analysis after Cox regression analysis (Figure 4C). The ROC curve and C-index were used to predict the nomogram model, which showed a feasible result (1-year AUC = 0.673; 3-year AUC = 0.678; 5-year AUC = 0.608, C-index = 0.6763, p = 4.9488e-11) (Figure 4D). Moreover, the results of decision curve analysis (DCA) and calibration analysis of the nomogram predicted probability and also suggested the accuracy of the Cox model (Figures 4E–H).
[image: Figure 4]FIGURE 4 | Internal validation of the prognostic signature. (A) OS of high- and low-risk groups. (B) ROC analyses of the model for 1-, 3-, and 5-years. (C) Nomogram to predict the prognosis of patients with LUAD. (D) ROC analyses of the nomogram model for 1-, 3-, and 5-years. (E) DCA result of the nomogram model. (F–H) The calibration analysis of the nomogram predicted the probability of 1-year survival (F), 3-years survival (G), and 1-year survival (H).
TABLE 1 | Clinical index of LUAD patients used in the Cox model.
[image: Table 1]Validation of the Cox Risk Model With Internal and External Sets
To verify the accuracy of the four prognostic genes in predicting the outcome of LUAD, we selected 250 samples randomly from the 497 samples and re-reconstructed the Cox risk model using the four prognostic genes. We recalculated the risk score and divided the 250 samples into high- (n = 125) and low-risk (n = 125) subgroups, according to the median of the risk score (Figure 5A, Supplementary Table S11). Consistent with the previous results, the high-risk subtype had a higher mortality rate and higher expression levels of the four genes (Figure 5A). In addition, the high-risk subtype had a poor outcome compared to the low-risk subtype (p = 4.063e-04, Figure 5B). The ROC curve and C-index results also showed a feasible result (1-year AUC = 0.776; 3-year AUC = 0.711; 5-year AUC = 0.639, C-index = 0.6914, p = 1.719663e-11) (Figure 5C). Moreover, the clinical indices of pT_satging, pN_satging, and stage were retained for further analysis after Cox regression analysis (n = 243, Supplementary Table S12), and the corresponding ROC curve and C-index showed considerable results (1-year AUC = 0.701; 3-year AUC = 0.67; 5-year AUC = 0.631, C-index = 0.6932, p = 2.873223e-09) (Figure 5D). The DCA and calibration were also performed, and the results showed the high accuracy of the Cox model (Figures 5E–H).
[image: Figure 5]FIGURE 5 | Validation of the Cox model with internal data. (A) Risk score distribution, survival status of patients, and heatmap of prognostic gene distribution in the validation set. (B) OS of high- and low-risk groups. (C) ROC curve of the Cox model for 1, 3, and 5 years. (D) ROC curve of the nomogram model for 1, 3, and 5 years. (E) DCA result of the nomogram model (F–H) Calibration analysis of the nomogram predicted the probability of 1-year survival (F), 3-year survival (G), and 5-year survival (H).
To further validate the Cox model, GEO data sets, including GSE13213 (n = 117), GSE31210 (n = 226), and GSE30219 (n = 278), were acquired to construct the Cox model using the four-gene prognostic signature. In each validation set, patients were stratified into high- and low-risk groups, according to the median of the risk score (Table 2, Supplementary Table S13). The Kaplan–Meier survival analyses showed that patients in the high-risk subtype had significantly worse prognoses in all three validation sets (Supplementary Figures S2A–C). The ROC curve results showed that the AUCs of 1, 3, and 5 years in validation set 1 ranged from 0.71 to 0.95 (Supplementary Figure S2D), the AUCs of 1, 3, and 5 years in validation set 2 ranged from 0.722 to 0.925 (Supplementary Figure S2E), and the AUCs of 1, 3, and 5 years in validation set 3 ranged from 0.679 to 0.749 (Supplementary Figure S2F), which indicated the high accuracy of the model for evaluating prognosis. These demonstrate that the four-gene independent prognostic signature could be a promising factor for LUAD to predict the progression of tumor cells.
TABLE 2 | Information of GEO data sets used in the validation of the Cox model.
[image: Table 2]Tumor Microenvironment Estimation of the Cox Model
Subsequently, the tumor microenvironment (TME) in the two risk subtypes was analyzed, including the stromal score, immune score, ESTIMATE score, and tumor purity. The results showed that the high-risk subtype was featured with a lower stromal score, immune score, and ESTIMATE score (Figures 6A–C), as well as a higher tumor purity (Figure 6D). The subsequent relationship between the TME score and OS was analyzed and showed that high immune and ESTIMATE scores were associated with a good outcome in patients with LUAD (Figures 6F,G), while increased tumor purity was correlated with a poor prognosis (Figure 6H). The stromal score had no significant correlation with the prognosis in LUAD (Figure 6E).
[image: Figure 6]FIGURE 6 | Tumor microenvironment estimation of the Cox model. (A–D) Comparison of the stromal score (A), immune score (B), estimate score (C), and tumor purity (D) in the two risk groups. The statistical significance was calculated via the Wilcoxon rank-sum test. (E–H) The relationship between stromal score (E), immune score (F), estimate score (G), and tumor purity (H) and OS in LUAD.
Infiltrating Proportion of Immune Cells in the Two Risk-Groups
Immune cell infiltration was then analyzed, and the proportion of immune cell infiltration in the TME was first calculated by the CIBERSORT algorithm (Supplementary Table S14). The landscape of immune cells in the LUAD-TME showed great heterogeneity (Figure 7A). Among these, macrophages and T cells were the main groups (Figure 7A). Notably, the high-risk group had a lower proportion of plasma cells, resting memory CD4 T cells, monocytes, resting dendritic cells, and resting mast cells (Figure 7B). Meanwhile, the proportions of CD8 T cells, activated memory CD4 T cells, resting NK cells, M0 macrophages, M1 macrophages, activated dendritic cells, activated mast cells, and neutrophils were higher in the high-risk group (Figure 7B). These results suggest that the two risk groups had a distinct TME, which may alter the oncotherapeutic effect.
[image: Figure 7]FIGURE 7 | Immune cell infiltration analysis of the Cox model. (A) Landscape of immune cell infiltration in the TME of TCGA-LUAD. (B) Comparison of immune cell infiltration in the TME of the two risk groups. The statistical significance was calculated via the Wilcoxon rank-sum test, *p < 0.05, **p < 0.01, and ***p < 0.001.
HLA Family Gene Analysis of the Cox Model
HLA family genes are the most complex and polymorphic genes which contain the most concentrated genes related to immune regulation that are involved in multiple diseases. We analyzed major histocompatibility complex, class I (MHC-I) and major histocompatibility complex, class II (MHC-II) expression between the two risks groups, and the two common HLA genes (Supplementary Table S1). The results showed that five of six MHC-I genes (HLA-A, HLA-B, HLA-C, HLA-E, and HLA-F) and all MHC-II genes were significantly under-expressed in the high-risk group (Figure 8A), indicating a feasible poor antitumor immune response in the high-risk group.
[image: Figure 8]FIGURE 8 | HLA gene expression analysis between the two risk subtypes. (A) HLA family expression analysis in the two risk groups. The statistical significance was calculated via t-test, **p < 0.01 and ***p < 0.001.
Immune Checkpoint Gene Analysis in the Two Risk Subtypes
We then detected immune checkpoint genes, including CD274 (PD-L1), PDCD1 (PD-1), LAG3 (CD223), HAVCR2, CTLA4, PDCD1LG2, SIGLEC15, and TIGIT, in the two risk subtypes (Supplementary Table S1). The results showed that the expression levels of CD274 (PD-L1) and LAG3 (CD223) were higher in the high-risk group than in the low-risk group (Figures 9A,B). Other genes were not different between the two groups (Figures 9C–H). These results suggested that a high TEAD4 expression may predict immune checkpoint activity and reduce the immune checkpoint block (ICB) efficacy, thus promoting tumor cell survival and metastasis.
[image: Figure 9]FIGURE 9 | Immune checkpoint gene analysis in the two risk subtypes. (A–H) Immune checkpoint gene analysis in the two risk groups. The statistical significance was calculated via the Wilcoxon rank-sum test.
Identification and Enrichment Analysis of DEGs Between the Two Risk Subtypes
To analyze the molecular bioprocess of the four prognostic biomarkers, DEGs in the high- vs. low-risk group were further analyzed. The volcano plot showed that with the threshold of fold change = 1.5 and p < 0.05, a total of 106 genes (45 genes were higher and 61 genes were lower in the high-risk group) were differentially expressed between the two groups (Figure 10A, Supplementary Table S15). The subsequent GO analysis showed that these DEGs were cell division regulation-related genes (Figure 10B). The Gene Set Enrichment Analysis (GSEA) result showed that genes enriched in the high-risk group were cell cycle regulation-regulated genes (Figures 10C–G), and genes enriched in the low-risk group were immune response- and metabolism-related genes (Figure 10C). These results were consistent with the DEGs based on the high TEAD4 expression, suggesting that the high TEAD4 expression affects the cell cycle, immune response, and metabolism regulation. Through this regulatory mechanism, the proliferation and invasion capacity of cancer cells were improved. Hence, TEAD4 is a valuable biomarker for the prognostic prediction of patients with LUAD.
[image: Figure 10]FIGURE 10 | Identification and enrichment analysis of DEGs between the two risk-subtypes. (A) Volcano plot showing the DEGs in high-risk vs. low-risk groups. (B) Enriched GO terms of DEGs in the high-risk group. (C) GSEA analysis of DEGs in the high-risk group (D–G) GSEA enrichment with the threshold of FDR<0.05 of DEGs in the high-risk group. NES: normalized enrichment score.
The Small-Molecule Perturbagen Chemotherapeutics Forecast for High-Risk Patients
According to the DEGs in the two risk subtypes, the adjuvant chemotherapeutics for high-risk patients were predicted via the mode of action (moa) module of the CMap database. The results showed that several small-molecule perturbagens (e.g., diflorasone, aloisine, apigenin, and mepacrine), targeting the CF transmembrane conductance regulator (CFTR), phospholipase A2 group IB (PLA2G1B), cell division cycle 25A (CDC25A), chitinase acidic (CHIA), TTK protein kinase (TTK), and forkhead box M1 (FOXM1), were the potential chemotherapeutics for the patients with a higher risk score. We also found that these potential chemotherapeutics may function by the moa of the CDK inhibitor, CFTR channel agonist, cytochrome p450 inhibitor, glucocorticoid receptor agonist, a cyclooxygenase inhibitor, and NFkB pathway inhibitor (Figure 11).
[image: Figure 11]FIGURE 11 | Small-molecule perturbagen chemotherapeutics forecast for high-risk patients based on the DEGs. The chemotherapeutics forecast for the high-risk patients is based on the DEGs.
DISCUSSION
LUAD, one of the most frequently diagnosed cancers, is a heterogeneous disease that is commonly triggered by the alteration of key genes including oncogenes and tumor suppressors (de Sousa and Carvalho, 2018; Gavralidis and Gainor, 2020). A better understanding of the risk genes of LUAD and their specific molecular mechanism will facilitate the prevention and management of LUAD. With the rapid development of molecular biological technology and public databases, increasing numbers of biomarkers associated with the prognosis and diagnosis of LUAD have been acknowledged in recent years. However, few factors are of real clinical value.
This current study reveals an immune regulation-related biomarker, TEAD4, for the prognosis prediction and diagnosis of LUAD. TEAD4 is widely studied as a Hippo signaling pathway-related transcription enhancer factor domain family gene, that interacts with YAP/TAZ to act as a transcription factor (Wu Y et al., 2021). This study first showed that the high TEAD4 expression is associated with the prognosis in LUAD patients. Subsequent analysis determined that TEAD4 was an independent prognostic signature in LUAD. In addition, the DEGs related to the TEAD4 differential expression were involved in pathways of the cell cycle, immune response, and metabolism regulation. Increasing evidence suggests that the dysregulation of the immune response has been widely reported to be linked to antitumor immune escape and associated with poor outcomes in cancers (Gerada and Ryan, 2020). Dysfunction of metabolites and their regulators is emerging as a key factor affecting both cancer progression and therapeutic responses (O'Sullivan et al., 2019; Wu Q et al., 2021; Xia et al., 2021). These results all indicate that LUAD patients with different TEAD4 levels may have distinguishing antitumor abilities and further outcomes. TEAD4 has been reported to be a protumor factor in LUAD, including its functions in promoting cancer cell proliferation, migration, and therapy resistance (Zhang et al., 2018; Gu et al., 2020; Hu et al., 2021; Yan et al., 2022). Our conclusions are consistent with these reports. However, the molecular mechanism of this gene in LUAD has not been systematically studied in previous reports. This study conducted a systematic analysis of a large number of samples that, combined with the clinical risk factors for LUAD, revealed more possible mechanisms of its pro-metastatic effects in LUAD and explained more potential reasons for the poor prognosis caused by its high expression at the macro level. This provides possible research directions for further studies on the anticancer function of this gene, such as metabolic regulation and the relationship between macrophage infiltration and TEAD4 disorder. Our result that TEAD4 is downregulated in LUAD seems to conflict with the prognostic result in our study, but it can be explained by the following possibility. First, during tumorigenesis, a large number of genes are changed at the expression level. The general trend is that oncogenes are activated by upregulation, while tumor suppressors are disrupted in the function (Lee and Muller, 2010). These factors all predispose the development of tumor cells. However, tumor cells live in a complex microenvironment composed of a variety of cells, including immune cells, cancer-associated fibroblasts, cancer stem cells, the extracellular matrix, and blood vessels (Arneth, 2019). Tumor growth is jointly regulated by these multiple cells and their secreted factors, and some protumor genes were not upregulated to limit their unlimited growth. Moreover, there is considerable gene expression heterogeneity in tumors among different populations. The results of RNA sequencing represent the overall expression of genes in all cancer patients but not the specific expression of genes in individuals. In summary, the regulatory role of TEAD4 in LUAD still needs to be further explored, which is of great significance for finding novel potential therapeutic targets for LUAD.
Among the 102 DEGs in TEAD4-high expression subtypes, four genes including CPS1, ANLN, RHOV, and KRT6A, were identified to be independent prognostic signatures after univariate Cox regression, LASSO regression, and multivariate Cox regression. The four genes were all positively correlated with the TEAD4 expression in LUAD, indicating that they were TEAD4-related signatures. The enhanced expression of this four-gene signature represents the populations of high risk. However, this was caused by the high TEAD4 expression. In other words, the high expression of TEAD4 led to a poor outcome partly by improving the four-gene signature expression. This study highlighted the relationship between the overall survival and immune microenvironment estimation of patients and the elevated expression of these genes and indicated that the high expression of TEAD4 predicted the poor outcome and the potential immunotherapeutic resistance by improving the four-gene signature expression. In addition, similar to TEAD4, three of these genes (ANLN, KRT6A, and RHOV) were associated with poor outcomes in LUAD, which were all recognized as oncogenic genes. For instance, ANLN is a well-known oncogene that promotes carcinogenesis and therapeutic resistance in multiple types of cancers, such as LUAD (Long et al., 2018; Xu et al., 2019; Deng et al., 2021), oral cancer (Wang B et al., 2021), colorectal cancer (Liu et al., 2022), breast cancer (Wang et al., 2020; Maryam and Chin, 2021), pancreatic cancer (Wang et al., 2019), and head and neck squamous cell carcinoma (Guo et al., 2021). RHOV has been widely studied to promote LUAD cell growth, metastasis, and therapeutic resistance (Chen H et al., 2021; Zhang et al., 2021). In addition, KRT6A has been shown to participate in tumor proliferation, invasion, EMT, and cancer stem cell transformation in lung cancer (Yang et al., 2020; Zhou J et al., 2021; Che et al., 2021). CPS1 has been reported to be an oncogene that is upregulated and has prognostic significance in LUAD (Wu et al., 2020). Our study here found that CPS1, ANLN, RHOV, and KRT6A were TEAD4-related independent prognostic signatures in LUAD. This finding indicates that the four genes were regulated by TEAD4 or the Hippo pathway, which provides an innovative theoretical basis for further research on the regulatory mechanism of these genes. It also provides more possibilities for studying the anticancer mechanism of these genes. Additionally, our study is the first to combine these four oncogenic genes and divide the LUAD sample into two risk subgroups according to the risk score, calculated by the combination of the expressions of the four genes and the survival of patients. Compared with previous studies on the four genes, the present study focuses more on the analysis of the common prognostic value of the four genes in combination with clinical risk factors. These four genes were innovatively identified as independent risk factors for LUAD to predict prognosis in conjunction with other clinical risk factors and provide a new theoretical basis for the choice of individual treatment for patients. Finally, through systematic analysis of data from different databases, the consistent results confirm the prognostic value of the four-gene signature and further highlight the non-negligible role of these genes in human cancer.
The TME estimation of the two risk subtypes suggests that the high-risk group has higher stromal, immune, and ESTIMATE scores, as well as a lower score of tumor purity. The proportions of plasma cells, resting memory CD4 T cells, monocytes, resting dendritic cells, and resting mast cells were lower in the high-risk group, while the proportions of CD8 T cells, activated memory CD4 T cells, resting NK cells, M0 macrophages, M1 macrophages, activated dendritic cells, activated mast cells, and neutrophils were higher. Tumor-associated macrophages (TAMs) are among the most abundant immune cells in the TME and act to enhance tumor progression and metastasis (Mantovani et al., 2017; Cassetta and Pollard, 2018; Lopez-Yrigoyen et al., 2021). High infiltration of TAMs is associated with poor prognosis in several types of cancer, such as breast cancer, ovarian cancer, bladder cancer, and NSCLC (Yin et al., 2017; Zhao et al., 2017; Kowal et al., 2019; Lopez-Yrigoyen et al., 2021). The microenvironmental stimuli and signals that encounter each specific tissue always induce macrophage polarization. According to the specific inducers, two major macrophage subpopulations, classically activated or inflammatory (M1) and alternatively activated or anti-inflammatory (M2) macrophages, have been identified (M0 macrophages are naïve macrophages without polarization) (Miao et al., 2017; Huang et al., 2019; Kang et al., 2020). Functionally, M1 macrophages have robust antimicrobial and antitumoral activity, by removing pathogens during infection (Shapouri-Moghaddam et al., 2018), while M2 macrophages participate in angiogenesis, immunoregulation, tumor formation, and progression (Shapouri-Moghaddam et al., 2018). The different levels of infiltration of immune cells directly determine the different prognoses of patients.
As another indicator of immune escape, MHC-I and MHC-II molecules were found to be lower in the high-risk subtype than in the low-risk group. Degrading MHC-I is always a cause of immune evasion, a major obstacle for cancer therapy, which has been implicated in resistance to immune checkpoint blockade (ICB) therapy (McGranahan et al., 2017; Rodig et al., 2018; Burr et al., 2019; Yamamoto et al., 2020a; Yamamoto et al., 2020b; Zhou Y et al., 2021; Dhatchinamoorthy et al., 2021). During the process of immune evasion, MHC-I downregulation is one major mechanism to avoid antitumor immunity by reducing recognition by cytotoxic CD8+ T cells, often correlating with poor prognosis (Cornel et al., 2020). In addition to MHC-I and MHC-II, an antigen-presenting complex traditionally associated with professional antigen-presenting cells (APCs) is critical in antitumor immunity (Axelrod et al., 2019). Tumor-specific MHC-II is reported to be associated with superior prognosis, allowing recognition of tumor cells by the immune system, thus playing a role in immunotherapy and improving the response to ICB therapy (Mortara et al., 2006; Forero et al., 2016; Johnson et al., 2016). The downregulated MHC-I and MHC-II molecules in the high-risk subtypes indicate the potential strong immune escape and ICB therapy resistance of the patients in this group.
Moreover, immune checkpoint genes were also detected, and the results showed that CD274 (PD-L1) and LAG3 (CD223) were highly expressed in the high-risk subtype. PD-L1 (Programmed death-ligand 1) is expressed on several types of tumor cells, mediating the tumor-induced immune suppression (immune checkpoint) by binding with the receptor PD-1 (programmed cell death protein 1), which is highly expressed in activated T cells, B cells, dendritic cells, and natural killer cells (Dermani et al., 2019). The binding of PD-L1 to PD-1 on T cells results in the inhibition of cancer cells by destruction by T cells, thus promoting immune escape (Gou et al., 2020). Therefore, PD-L1 or PD-1 monoclonal antibodies have been used for cancer treatment (Bagchi et al., 2021; Carlino et al., 2021; Doroshow et al., 2021). A higher level of PD-L1 predicts a worse outcome in patients. In addition, LAG3 (lymphocyte activation gene 3, CD223) is another kind of inhibitory receptor (IRs) that has been reported to play a negative regulatory role in cancer immunology by interacting with its ligands (Wang M et al., 2021). LAG3 expression is also shown to be positively associated with CD274 (PD-L1) (Wang M et al., 2021). TEAD4 is known as a transcription factor associated with resistance to different therapeutic approaches (Jiao et al., 2017; Yu et al., 2021; Yan et al., 2022). Unfortunately, these studies were not confirmed in patients with LUAD. Our study systematically analyzed the TME in patients with LUAD and demonstrated that a high expression of TEAD4 is associated with a poor anti-tumor immune response, with evidence of a lower immune score and HLA family components and higher levels of immune checkpoint genes in the high-risk subgroups based on the high TEAD4 expression. This not only reinforces previous research but also provides new insights into the mechanisms of this gene involved in therapy resistance. Finally, DEGs between the two risk groups were identified, and the subsequent GO and GSEA showed that cell division and cell cycle regulation-related genes were enriched in the high-risk group, while immune response- and metabolism-related genes were enriched in the low-risk group. This is consistent with TEAD4-high expression-related DEGs, as well as the TME result in the Cox model, further confirming the conclusion in this study.
According to these DEGs, the forecasted adjuvant small-molecule drugs for the high-risk subtype are perturbations targeting CFTR, PLA2G1B, CDC25A, CHIA, TTK, and OXM1 by the moa of the CDK inhibitor, CFTR channel agonist, cytochrome p450 inhibitor, glucocorticoid receptor agonist, cyclooxygenase inhibitor, or NFkB pathway inhibitor. Targeting these pathways may be an efficient therapeutic strategy for patients with high levels of TEAD4. A total of 28 potential small-molecule drugs were predicted based on the specific differentially expressed genes in these populations. This not only provided a novel solution to the low survival of patients with LUAD but also laid a theoretical foundation for further drug research and development.
However, there are several limitations to the present study that should be stated. First, despite the fact that bioinformatic technology is powerful in efficiently understanding biological functions, the underlying mechanisms of these genes in LUAD still need further cellular explorations. Moreover, clinical tissues and paired adjacent normal tissues should be collected to further detect the protein expression level of TEAD4, as well as the related cell cycle and immune response genes in LUAD. Second, as this is a retrospective study, missing data and selection biases were inevitable, and the statistical power might be low. Therefore, further studies with a large sample size are warranted to increase the statistical power. Finally, due to lack of data about immunotherapies, the relationship between the TEAD4 expression and ICB therapy response cannot be investigated. More clinical and demographic characteristics of LUAD patients need to be included in further studies.
In summary, our results suggest that TEAD4 is a novel molecular biomarker for diagnosis and prognosis, predicting overall survival and immune microenvironment estimation in LUAD. However, large prospective studies are warranted, and further experimental validation should be performed to prove the prognostic value of this gene in LUAD.
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Objective: Necroptosis represents a new target for cancer immunotherapy and is considered a form of cell death that overcomes apoptosis resistance and enhances tumor immunogenicity. Herein, we aimed to determine necroptosis subtypes and investigate the roles of necroptosis in pancreatic cancer therapy.
Methods: Based on the expression of prognostic necroptosis genes in pancreatic cancer samples from TCGA and ICGC cohorts, a consensus clustering approach was implemented for robustly identifying necroptosis subtypes. Immunogenic features were evaluated according to immune cell infiltrations, immune checkpoints, HLA molecules, and cancer–immunity cycle. The sensitivity to chemotherapy agents was estimated using the pRRophetic package. A necroptosis-relevant risk model was developed with a multivariate Cox regression analysis.
Results: Five necroptosis subtypes were determined for pancreatic cancer (C1∼C5) with diverse prognosis, immunogenic features, and chemosensitivity. In particular, C4 and C5 presented favorable prognosis and weakened immunogenicity; C2 had high immunogenicity; C1 had undesirable prognosis and high genetic mutations. C5 was the most sensitive to known chemotherapy agents (cisplatin, gemcitabine, docetaxel, and paclitaxel), while C4 displayed resistance to aforementioned agents. The necroptosis-relevant risk model could accurately predict prognosis, immunogenicity, and chemosensitivity.
Conclusion: Our findings provided a conceptual framework for comprehending necroptosis in pancreatic cancer biology. Future work is required for evaluating its relevance in the design of combined therapeutic regimens and guiding the best choice for immuno- and chemotherapy.
Keywords: necroptosis, pancreatic cancer, prognosis, immunogenicity, immunotherapy, chemosensitivity
INTRODUCTION
Pancreatic cancer is one of the most lethal human cancers with an undesirable five-year survival rate < 10% (Yu et al., 2021). In 2018, there were 458,918 newly diagnosed pancreatic cancer cases and 432,242 death cases worldwide (Rawla et al., 2019). Surgical resection is currently the only therapeutic option with curative potential (Zhu et al., 2019a). Nevertheless, when diagnosed, about 80–85% patients have developed an unresectable or metastatic state (Tao et al., 2021). Even for the minority of patients who have the opportunity to receive surgical resection, only 20% can survive for 5 years (Zhu et al., 2020). Adjuvant chemotherapy with FOLFIRINOX (fluorouracil, irinotecan, leucovorin, and oxaliplatin) as a standard treatment option can prolong patients’ long-term outcomes, with a median overall survival of 54.4 months (Park W. et al., 2021). Nevertheless, intrinsic and acquired resistance to chemotherapy is still a thorny issue in pancreatic cancer therapy (Zhu et al., 2019b). At present, a few clinical trials are ongoing to evaluate the efficacy of immunotherapy in pancreatic cancer (O'Hara et al., 2021; Pang et al., 2021; Zhu et al., 2021). Regrettably, none of these trials fail to show satisfying outcomes (Schizas et al., 2020). Hence, it is urgently required to design novel therapeutic regimens specifically targeting pancreatic cancer biology.
Necroptosis is a form of regulated necrotic cell death mainly mediated by receptor-interacting protein kinase 1 (RIPK1), RIPK3, and mixed lineage kinase domain-like (MLKL) protein (Gong et al., 2019). Necroptosis has become a new target for cancer immunotherapy because it is considered a form of cell death overcoming apoptosis resistance that enhances tumor immunogenicity, which is particularly important for the treatment of immune-desert tumors (Tang et al., 2020b). For instance, RIPK3 activation-triggered de-inhibition of tripartite motif protein 28 (TRIM28) in tumor cells results in increased immunostimulatory cytokine production within the tumor microenvironment and thus contributes to robust cytotoxic antitumor immunity (Park H. H. et al., 2021). Previous studies have uncovered the significance of necroptosis in pancreatic cancer. For instance, necroptosis facilitates pancreatic cancer cell migration and invasion through releasing CXCL5 (Ando et al., 2020). The aurora kinase inhibitor CCT137690 triggers necroptosis in pancreatic cancer cells through RIPK1, RIPK3, and MLKL and thus suppresses tumor growth (Xie et al., 2017). Necroptosis-induced CXCL1 and Mincle signaling facilitate macrophage-mediated adaptive immune inhibition and thus enhance pancreatic cancer progression (Seifert et al., 2016). In-depth understanding of necroptosis is crucial for immune surveillance and treatment management.
In our study, we clustered five robust necroptosis subtypes of pancreatic cancer, following the consensus clustering approach based on prognostic necroptosis genes. The five necroptosis subtypes displayed diverse prognosis, immunogenic features, genomic mutations, and chemosensitivity, providing a reference for combined therapeutic regimens and guiding the best choice of patients for immuno- and chemotherapy. Moreover, we developed a necroptosis-relevant risk model for reflecting necroptosis subtypes in clinical practice.
MATERIALS AND METHODS
Collection and Integration of Transcriptomic Data on Pancreatic Cancer
This study retrospectively collected transcriptomic data on pancreatic cancer from public databases after removing normal tissue specimens and specimens without clinical follow-up data, including the Cancer Genome Atlas (TCGA; https://www.cancer.gov/tcga; n = 177) as well as Pancreatic Cancer-Australia (PACA-AU; n = 91) and Pancreatic Cancer-Canada (PACA-CA; n = 234) from the International Cancer Genome Consortium (ICGC; https://www.icgc-argo.org) (Zhang et al., 2019). Due to samples from different platforms, the batch effects were removed utilizing the ComBat function of the sva package (version 3.42.0) (Leek et al., 2012). A principal component analysis (PCA) was conducted to evaluate the data before and after the removal of the batch effects. The follow-up data and clinicopathological characteristics were also collected. Moreover, single-nucleotide variant (SNV) and copy number variation (CNV) data on pancreatic cancer were retrieved from TCGA project. After reviewing the previously published literature, we collected 159 necroptosis genes, as listed in Supplementary Table S1. The GSE21501 cohort containing expression profiling and follow-up information of 101 pancreatic cancer patients was downloaded from the Gene Expression Omnibus (GEO) repository (https://www.ncbi.nlm.nih.gov/gds/), which was used as the external validation cohort (Stratford et al., 2010; Stratford et al., 2017). Supplementary Figure S1 depicted the workflow of our study.
Consensus Clustering Analysis
Univariate Cox regression models were conducted between necroptosis genes and pancreatic cancer survival, and genes with p < 0.05 were determined for a consensus clustering analysis. A consensus clustering approach offers quantitative and visual stability evidence to estimate the number of unsupervised classes within a specified data set. The ConsensusClusterPlus package (version 1.58.0) adopts the consensus clustering approach, comprising consensus matrix, empirical cumulative distribution function (CDF), and delta area plots (Wilkerson and Hayes, 2010). Through implementing the consensus clustering analysis, necroptosis subtypes were clustered based on the expression values of prognostic necroptosis genes across pancreatic cancer specimens. The number of clusters k was set as 2–9, and 80% of the samples were sampled using a re-sampling method. After multiple sampling, stable and reliable unsupervised classes were found in line with the following parameters: re-samplings = 50, proportion of items to sample = 0.8, proportion of features to sample = 1, and distance = “pearson”. PCA was conducted to visualize the difference in expression levels of prognostic necroptosis genes among diverse necroptosis subtypes.
Gene Set Variation Analysis
GSVA, a non-parametric and unsupervised gene set enrichment approach, can estimate the enrichment score of specific pathways or signatures in accordance with transcriptomic profiles (Hänzelmann et al., 2013). The 50 hallmarks of gene sets were retrieved from the Molecular Signatures Database (Liberzon et al., 2015). The activity of each hallmark pathway was quantified using the single-sample gene set enrichment analysis (ssGSEA) function.
Estimation of Tumor Immunogenicity
The relative infiltrations of immune cell populations were estimated with the ssGSEA function derived from the GSVA package (Hänzelmann et al., 2013) on the basis of the expression values of 782 meta-genes (Charoentong et al., 2017) in pancreatic cancer specimens. The mRNA expressions of known immune checkpoints and human leukocyte antigen (HLA) molecules were quantified in each pancreatic cancer specimen.
Cancer–Immunity Cycle
Chen and Mellman proposed a cancer–immunity cycle to evaluate antitumor immune responses, containing seven steps: 1) release of cancer antigens, 2) cancer antigen presentation, 3) priming and activation, 4) trafficking of T cells to tumors, 5) infiltration of T cells into tumors, 6) recognition of cancer cells by T cells, and 7) killing of cancer cells (Karasaki et al., 2017). The levels of each step within the cancer–immunity cycle were quantified using the ssGSEA approach.
Quantification of Known Biological Processes
The gene sets of known biological processes were retrieved from Mariathasan et al. (2018), containing epithelial–mesenchymal transition (EMT1-3), immune checkpoint, antigen processing machinery, CD8 T effector, angiogenesis, pan-fibroblast TGFβ response (pan-F-TBRS), DNA damage repair, FGFR3-related genes, KEGG-discovered histones, Fanconi anemia, cell cycle, cell cycle regulators, DNA replication, nucleotide excision repair, homologous recombination, mismatch repair, and WNT target. The enrichment score of aforementioned biological processes was quantified using the ssGSEA approach.
Chemosensitivity Analysis
The therapeutic responses to known chemotherapy agents (cisplatin, gemcitabine, docetaxel, and paclitaxel) were estimated using the pRRophetic package (Geeleher et al., 2014). Through construction of the ridge regression model on the basis of the Genomics of Drug Sensitivity in Cancer (GDSC) pharmacogenomics database (www.cancerRxgene.org) (Yang et al., 2013) and transcriptomic data, the half-maximal inhibitory concentration (IC50) of each chemotherapeutic agent was calculated across pancreatic cancer specimens.
Analysis of SNV and CNV Data
Utilizing the maftools package (version 2.10.0) (Mayakonda et al., 2018), SNV data were analyzed and visualized on the basis of the mutation annotation format (MAF) of pancreatic cancer. GISTIC2.0 (Mermel et al., 2011) was implemented to analyze copy number amplification and deletion.
Identification of Necroptosis-Relevant Genes
A differential expression analysis was implemented between any two necroptosis subtypes utilizing linear models for the microarray data (limma; version 3.50.0) package (Ritchie et al., 2015). Genes with adjusted p-value<0.05 were screened, and necroptosis-relevant genes were determined following the intersection of differentially expressed genes.
Functional Enrichment Analyses
Utilizing the clusterProfiler package (version 4.2.0) (Yu et al., 2012), a functional enrichment analysis of necroptosis-relevant genes was carried out, comprising Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway enrichment analyses.
Generation of a Necroptosis-Relevant Risk Model
Prognostic necroptosis–relevant genes with p < 0.05 were determined through univariate Cox regression models, which were ranked by using the randomForestSRC package (version 2.14.0), following number of replication = 100, number of step = 5, Monte Carlo iteration number = 100, and genes with relative importance ˃ 0.4. Thereafter, a necroptosis-relevant risk model was generated on the basis of the expression of the most important genes and regression coefficients from a multivariate Cox regression model. Following calculation of the necroptosis-relevant risk score of each pancreatic cancer patient, high- and low-risk groups were separated in accordance with the median value of risk score. Receiver operator characteristic (ROC) curves at 1-, 3-, and 5-year survival were conducted to evaluate the predictive reliability of the necroptosis-relevant risk model in pancreatic cancer survival. Using the GEPIA web tool (http://gepia.cancer-pku.cn/), the expression of genes in the necroptosis-relevant risk model was examined in pancreatic cancer (n = 179) and normal tissues (n = 171).
Construction of a Prognostic Nomogram
In the nomogram, the line length indicates the degree of influence of a specific variable and diverse values of this variable on outcomes. After univariate and multivariate Cox regression models, a nomogram was generated on the basis of independent prognostic factors through the rms package (version 6.2-0), showing the intuitive and effective results of the risk model. Calibration curves were utilized to validate the predictive accuracy of the nomogram-predicted survival probabilities for 1-, 3-, and 5-year survival.
Statistical Analysis
R software (version 3.6.1) was implemented for data processing. Univariate and multivariate Cox regression analyses were conducted, and the hazards ratio (HR) and p-value were calculated to evaluate the correlations of variables with pancreatic cancer survival. Kaplan–Meier curves and log-rank test were depicted for the survival difference between groups. The difference between two groups was compared with student’s t-test or Wilcoxon test, while comparison between three groups was presented through the Kruskal–Wallis test. A correlation analysis was carried out via Pearson’s or Spearman’s test. The C-index was calculated for estimating the prediction performance through the survival package. p < 0.05 indicated statistical significance.
RESULTS
Characterization of Five Necroptosis Subtypes With Diverse Survival Outcomes for Pancreatic Cancer
We retrospectively collected transcriptomic data on pancreatic cancer from TCGA, PACA-AU, and PACA-CA cohorts. The batch effects of integrated data were eliminated for subsequent analyses, which were visualized through PCA (Figures 1A,B). Among 159 necroptosis genes, 18 genes (SPATA2, AIFM1, SLC25A4, BCL2, SPATA2L, TYK2, SMPD1, STAT5B, SLC25A6, USP21, STAT4, VPS4A, RIPK1, PLA2G4C, IL33, CAMK2B, MAPK10, and BAX) were protective factors of pancreatic cancer prognosis, while 14 genes (TNFRSF10B, HSP90AA1, BIRC3, TNFRSF10A, CHMP4C, CASP8, FADD, CAPN2, GLUD1, PYGL, BIRC2, CAPN1, CHMP2B, and IFNA13) were risk factors of prognosis, as depicted in Figure 1C. These prognostic necroptosis genes were utilized for the consensus clustering analysis. When k = 5, pancreatic cancer samples were clearly separated into five clusters (Figure 1D). Figure 1E depicted the CDF when k takes different values, and we found that when k = 5, CDF reached the approximate maximum, indicative of cluster stability. Figure 1F showed the relative change in CDF of k compared to k-1. When k = 6, CDF only slightly decreased, so 5 was the appropriate value of k. Ultimately, five necroptosis subtypes were identified for pancreatic cancer, namely, C1 (n = 187), C2 (n = 135), C3 (n = 121), C4 (n = 21), and C5 (n = 38). PCA also confirmed the reliability of necroptosis subtypes (Figure 1G). The survival analysis demonstrated the remarkable survival difference among necroptosis subtypes (Figure 1H). The C1 subtype had the worst survival outcomes, followed by C3, C2, C4, and C5. Figure 1I depicted the prominent expression difference of prognostic necroptosis genes among diverse subtypes. The accuracy and reliability of necroptosis subtypes were confirmed in the TCGA cohort (Supplementary Figures S2A-F).
[image: Figure 1]FIGURE 1 | Characterization of five necroptosis subtypes with diverse survival outcomes for pancreatic cancer in the integrated TCGA, PACA-AU, and PACA-CA cohorts. (A,B) PCA plots show the data before and after the removal of the batch effects. (C) Forest plots visualize the hazard ratios and p-values of prognostic necroptosis genes for pancreatic cancer patients utilizing univariate Cox regression models. Red, risk factor; blue, protective factor. (D) Based on the expression values of prognostic necroptosis genes, the consensus matrix is shown when k = 5. The rows and columns of the matrix represent samples. The values of the consensus matrix range from 0 (cannot be clustered) to 1 (always clustered) in white to dark blue. (E) Consensus CDF plot when k = 2–9. (F) Delta area plot when k = 2–9. The delta area score (y-axis) indicates the relative change in cluster stability. (G) PCA plots visualize the difference among five necroptosis subtypes, following the expression values of prognostic necroptosis genes across pancreatic cancer specimens. (H) Survival analysis of five necroptosis subtypes. (I) Heatmap visualizes the expression of prognostic necroptosis genes in diverse necroptosis subtypes.
Necroptosis Subtypes With Diverse Immunogenic Features
Further analysis was conducted to uncover the mechanisms underlying five necroptosis subtypes. In Figure 2A, tumorigenic pathways (hedgehog signaling, KRAS, angiogenesis, glycolysis, etc.) were remarkably activated in C1 and C2 subtypes, contributing to an undesirable prognosis. C4 and C5 subtypes presented the relatively high infiltrations of immune cells, while C2 was characterized by low infiltrations of immune cells (Figure 2B). Most immune checkpoints were markedly downregulated in C4 and C5 subtypes, while their upregulations were found in C2 (Figure 2C). Tumors can evade T-cell responses through losing the major histocompatibility complex (MHC)/HLA class I and II molecules (Godfrey et al., 2018). In Figure 2D, we observed the loss of HLA class I and II molecules in C4 and C5. Differently, C2 displayed the prominent activation of HLA molecules, followed by relatively modest expression in C1 and C3. C4 and C5 subtypes presented the relatively low levels of almost all steps within the cancer–immunity cycle in comparison to other subtypes; meanwhile, the C2 subtype had the highest activation of each step (Figure 2E). Similarly, CD8 T effector and antigen processing machinery, immune checkpoint, and stromal activation (EMT1-3) were relatively downregulated in C4 and C5 (Figure 2F); C2 had relatively high levels of immune and stromal activation pathways; and C1–3 presented the enhanced cell cycle progression (cell cycle, cell cycle regulators, DNA replication, etc.). Overall, five necroptosis subtypes had diverse immunogenic features.
[image: Figure 2]FIGURE 2 | Five necroptosis subtypes with diverse immunogenic features. (A) Quantification of the activation levels of known hallmarks of cancer pathways in five necroptosis subtypes. (B) Estimation of the infiltration levels of immune cell populations in diverse necroptosis subtypes. (C,D) Visualization of the mRNA expression of (C) immune checkpoints and (D) HLA molecules across necroptosis subtypes. (E) Comparison of the enrichment scores of all steps within the cancer–immunity cycle among five necroptosis subtypes. (F) Comparison of the enrichment scores of known biological processes in five necroptosis subtypes. *p < 0.05; **p < 0.01; ***p < 0.001; and ****p < 0.0001.
Necroptosis Subtypes With Different Chemosensitivity and Tumor Mutation Features
We compared the sensitivity to known chemotherapy agents (cisplatin, gemcitabine, docetaxel, and paclitaxel) in five necroptosis subtypes. As depicted in Figure 3A, C4 had the highest IC50 values of cisplatin, gemcitabine, docetaxel, and paclitaxel, while C5 presented the lowest IC50 values of aforementioned chemotherapy agents, indicating that C4 presented the highest probability of chemotherapy resistance while C5 was the most sensitive to these chemotherapy agents. We also investigated that C1 and C3 had relatively higher tumor mutation burden (TMB) than other subtypes (Figure 3B). KRAS (53%) and TP53 (53%) were the most frequent mutant genes. The widespread copy number amplification (Figure 3C) and deletion (Figure 3D) occurred in pancreatic cancer specimens. Among five necroptosis subtypes, C2 and C4 had the relatively decreased fractions of genome altered (FGAs), as depicted in Figure 3E. Moreover, we noted the relatively lowered copy number amplification and deletion in C2 and C4 in comparison to other subtypes (Figure 3F). Aforementioned data uncovered the difference in tumor mutations among necroptosis subtypes.
[image: Figure 3]FIGURE 3 | Necroptosis subtypes with different chemosensitivity and tumor mutation features. (A) Comparison of the IC50 values of chemotherapy agents (cisplatin, gemcitabine, docetaxel, and paclitaxel) among five necroptosis subtypes. (B) Waterfall diagram depicts the first 20 mutated genes and TMB (upper of the panel) across necroptosis subtypes. (C,D) Chromosome arms with significant amplification and deletion (q-value <0.25). The focal peak of amplification and deletion is separately visualized. Red indicates copy number amplification, while blue represents copy number deletion. (E) Comparison of the fraction of genome altered (FGA) among necroptosis subtypes. (F) Comparison of the copy number amplification (red) and deletion (green) in five necroptosis subtypes. ****p < 0.0001.
Generation of a Necroptosis-Relevant Risk Model for Pancreatic Cancer Prognosis
Through the intersection of DEGs (adjusted p < 0.05) between any two subtypes, we determined 591 necroptosis-relevant genes (Supplementary Table S2). Their biological significance was further analyzed through GO and KEGG enrichment analyses. In Figure 4A, necroptosis-relevant genes were remarkably linked with regulation of protein localization to the membrane. Moreover, they had prominent associations with tumorigenic pathways (p53 signaling pathway and cell senescence) and immune pathways (Th17 cell differentiation, PD-L1 expression, PD-1 checkpoint pathway in cancer, Th1 and Th2 cell differentiation, etc.), indicative of the critical roles of necroptosis-relevant genes in pancreatic cancer progression (Figure 4B). Among all necroptosis-relevant genes, 207 displayed significant correlations to pancreatic cancer prognosis (Supplementary Table S3). Using the random forest approach, we determined the most important genes with the relative importance > 0.4 (Figures 4C,D). A multivariate Cox regression model was constructed in line with the following formula: risk score = 0.119399555 * MYEOV expression + (−0.258345687) * HDAC4 expression + 0.26238863 * TLDC1 expression + (−0.395042137) * PITPNA +0.175544976 * FNDC3B expression + 0.338675676 * HMGXB4 expression + (−0.150557275) * BAX expression. Following the calculation of the risk score, all patients were separated into high- and low-risk groups (Figure 4E). The high-risk group had more dead patients relative to the low-risk group (Figure 4F). The survival analysis demonstrated the survival advantage of low-risk patients (Figure 4G). The difference in expression of aforementioned genes between groups is visualized in Figure 4H.
[image: Figure 4]FIGURE 4 | Generation of a necroptosis-relevant risk model for pancreatic cancer prognosis. (A,B) GO and KEGG enrichment results of necroptosis-relevant genes. (C,D) Most important necroptosis-relevant genes ordered by the relative importance through the random forest approach. (E,F) Distribution of the risk score and survival status in high- and low-risk groups. (G) Survival analysis of high- and low-risk groups. (H) Heatmap depicts the expression of genes in the necroptosis-relevant risk model between two groups.
Necroptosis-Relevant Risk Model as a Reliable and Independent Prognostic Indicator of Pancreatic Cancer
Uni- and multivariate Cox regression analyses uncovered that age- and necroptosis-relevant risk models were both independently associated with pancreatic cancer survival (Figures 5A,B). AUCs at 1-, 3-, and 5-year survival were separately 0.714, 0.724, and 0.757, indicative of the reliability of the necroptosis-relevant risk model in predicting survival outcomes (Figure 5C). To facilitate the clinical application of the necroptosis-relevant risk model, we generated a nomogram following integration of age (Figure 5D). Calibration curves demonstrated the predictive accuracy of this nomogram in pancreatic cancer survival (Figures 5E–G). In addition, we also performed a stratified analysis and demonstrated that the risk model can serve as an independent prognostic factor without consideration of the impact of age (Supplementary Figures S3A,B).
[image: Figure 5]FIGURE 5 | Necroptosis-relevant risk model as a reliable and independent prognostic indicator of pancreatic cancer. (A,B) Forest plots show the correlations of the necroptosis-relevant risk score, age, and stage with pancreatic cancer prognosis through (A) uni- and (B) multivariate Cox regression models. (C) ROC curves at 1-, 3-, and 5-year survival for the necroptosis-relevant risk score. (D) Generation of an age- and risk score–based prognostic nomogram. (E–G) Calibration curves depict the deviations between nomogram-predicted probabilities of 1-, 3-, and 5-year survival and actual survival outcomes.
Externally Verifying the Necroptosis-Relevant Risk Model
The robustness of the necroptosis-relevant risk model was verified in the GSE21501 cohort. In accordance with the same formula, we computed the necroptosis-relevant risk score of each pancreatic cancer patient in the external cohort (Figure 6A). As expected, high-risk patients had poorer survival outcomes than low-risk patients (Figure 6B). AUCs at 1- and 3-year survival were separately 0.69 and 0.71 (Figure 6C), demonstrating the excellent performance in predicting prognosis. Compared with the existing prognostic models constructed by Chen et al. (2021), Xiao et al. (2022), and Zhang et al. (2022), the necroptosis-relevant risk model had a higher C-index (Figure 6D), indicating the advantage of this model in predicting prognosis. We also examined the expression of genes in the necroptosis-relevant risk model using the GEPIA web tool. BAX, FNDC3B, HDAC4, HMGXB4, MYEOV, and TLDC1 displayed upregulated expressions in pancreatic cancer than normal tissues (Figure 6E).
[image: Figure 6]FIGURE 6 | External verification of the necroptosis-relevant risk model. (A) Distribution of the necroptosis-relevant risk score, survival status, and expression of necroptosis-relevant genes in the GSE21501 cohort. (B,C) Survival analysis and ROC curves in the GSE21501 cohort. (D) Comparison of the C-index of the necroptosis-relevant risk score with known prognostic signatures. (E) Box plots of the expression of necroptosis-relevant genes using the GEPIA web tool. *p < 0.05.
Necroptosis-Relevant Risk Model Correlates With Tumor Immunogenicity for Pancreatic Cancer
Compared with other necroptosis subtypes, C1 presented a relatively higher necroptosis-relevant risk score, followed by C3 (Figure 7A), indicating the heterogeneity in the risk score among diverse necroptosis subtypes. Further analysis was conducted to evaluate the correlations of necroptosis-relevant risk score with tumor immunogenicity. In Figure 7B, as the necroptosis-relevant risk score increased, the infiltrations of immune cells gradually decreased, indicative of the negative correlations of the necroptosis-relevant risk score with immune cell infiltrations. Moreover, we noted that the necroptosis-relevant risk score was negatively linked with the expression of immune checkpoints and HLA molecules (Figures 7C,D). The aforementioned data indicated the role of the necroptosis-relevant risk model in tumor immunogenicity of pancreatic cancer.
[image: Figure 7]FIGURE 7 | Necroptosis-relevant risk model links with tumor immunogenicity for pancreatic cancer. (A) Distribution of the necroptosis-relevant risk score in five necroptosis subtypes. Ns: not significant; **p < 0.01; ***p < 0.001; and ****p < 0.0001. (B) Visualization of the infiltrations of immune cell populations in pancreatic cancer specimens ordered by the necroptosis-relevant risk score. (C,D) Quantification of the mRNA expression of (C) immune checkpoints and (D) HLA molecules in pancreatic cancer specimens ordered by the necroptosis-relevant risk score.
Necroptosis-Relevant Risk Model Links With the Cancer Immunity Cycle and Known Biological Processes
In Figure 8, we noted that the necroptosis-relevant risk score presented a significantly positive correlation to the release of cancer cell antigens but displayed significantly negative correlations to recruiting of B cells, CD4 T cells, dendritic cell, macrophages, T cells, Th17 cells, Treg cells, and killing of cancer cells, indicative of the remarkable interactions of the necroptosis-relevant risk score with the cancer–immunity cycle. Moreover, necroptosis-relevant risk score was negatively linked with CD8 T effector, and angiogenesis but was positively associated with pan-F-TBRS, FGFR3-related genes, EMT2, KEGG discovered histones, Fanconi anemia, cell cycle, cell cycle regulators, DNA replication, DNA damage repair, nucleotide excision repair, homologous recombination, and mismatch repair, indicative of the mechanisms underlying the necroptosis-relevant risk score.
[image: Figure 8]FIGURE 8 | Necroptosis-relevant risk model links with the cancer–immunity cycle and known biological processes in pancreatic cancer. Spearman’s correlation analysis was conducted between the necroptosis-relevant risk score and all steps within the cancer–immunity cycle and known biological processes.
Necroptosis-Relevant Risk Model Correlates With Chemosensitivity of Pancreatic Cancer
Further analysis was conducted to evaluate the correlations between the necroptosis-relevant risk score and chemosensitivity of pancreatic cancer. No remarkable differences of the IC50 values of cisplatin and gemcitabine were noticed between high- and low-risk groups (Figures 9A,B). But the high-risk group presented the prominently reduced IC50 values of docetaxel and paclitaxel relative to the low-risk group (Figures 9C,D). This indicated that high-risk patients were more likely to be sensitive to docetaxel and paclitaxel.
[image: Figure 9]FIGURE 9 | Necroptosis-relevant risk model correlates with the chemosensitivity of pancreatic cancer. Box plots show the IC50 values of (A) cisplatin, (B) gemcitabine, (C) docetaxel, and (D) paclitaxel in high- and low-risk groups.
DISCUSSION
Since there are currently no specific molecular biomarkers for detecting necroptosis, identifying necroptosis usually requires combined detection approaches (Niu et al., 2022). Under transmission electron microscopy, necrotic morphology is identified. Detecting necroptosis by biomarkers mainly focuses on the pivotal molecular events involving necroptosis. Nevertheless, the exact roles of necroptosis in pancreatic cancer remain to be adequately clarified. Herein, we proposed five necroptosis-based molecular subtypes and a necroptosis-relevant risk model for pancreatic cancer through integrated analysis of necroptosis genes, which expanded the understanding of necroptosis in pancreatic cancer biology.
Consensus clustering analysis is beneficial to provide patients with more accurate therapy, referring to a situation where diverse clusters are acquired for a specific dataset and desired for aggregating the clustering results to obtain an in-depth clustering solution (Li et al., 2020). On the basis of the expression values of prognostic necroptosis genes, five necroptosis subtypes were determined for pancreatic cancer, with diverse survival outcomes. C1 subtype had the worst survival outcomes, followed by C3, C2, C4 and C5. Tumorigenic pathways (hedgehog signaling, KRAS, angiogenesis, glycolysis, etc.) were remarkably activated in C1 and C2 subtypes, contributing to unfavorable survival outcomes. The five subtypes presented diverse expression patterns of necroptosis genes. Elucidating the exact regulatory mechanisms of necroptosis can facilitate the development of new therapeutic strategies to overcome apoptosis resistance in pancreatic cancer. Tumors express various MHC molecules, which can be targets for specific cytotoxic T lymphocytes, resulting in them to be immunogenic. Most immune checkpoints and HLA molecules were markedly downregulated in C4 and C5 subtypes while their upregulations were found in the C2 subtype. This indicated that tumors in C4 and C5 with robust T-cell immunosurveillance presented disable antigen presentation to evade immunorecognition. The cancer–immunity cycle contains seven stepwise steps for obtaining an efficient control of tumor growth through the immune system, which is initiated via the release of neo-antigens produced by genomic instability (Huntington et al., 2020). Cancer-associated antigens are captured by dendritic cells, and after dendritic cells migrate to lymph nodes, they trigger and activate tumor-specific cytolytic CD8+ T cells. These effector cells migrate and penetrate the tumor stroma, where they are able to recognize and kill tumor cells. The cytotoxic response mediated by T cells releases new tumor antigens and promotes the cancer immune cycle. In comparison to other subtypes, C4 and C5 had the relatively rate-limiting steps within the cancer immune cycle. Hence, five subtypes possessed diverse immunogenic features and were predictive of immunotherapeutic responses.
Accumulated evidence suggests the links of necroptosis with chemotherapy resistance (Gong et al., 2019). Cisplatin is a crucial agent for treatment of pancreatic cancer patients with BRCA1/2 or PALB2 mutation (Kong et al., 2020). Apoptosis resistance represents a primary obstacle resulting in chemotherapy failure. Bypassing the apoptotic pathway to induce cancer cell death is a promising therapeutic option to overcome this issue (Gong et al., 2019). Necroptosis is an alternative mode of programmed cell death to overcome apoptosis resistance. Experimental evidence shows that cisplatin induces necroptosis with tumor necrosis factor α (TNFα)-dependent and independent pathways (Xu et al., 2017). Moreover, multitargeted kinase inhibitor KW-2449 alleviates cisplatin-induced nephrotoxicity through targeting RIPK1-independent necroptosis (Rui et al., 2021). Combination therapy of CD95L and gemcitabine facilitates RIP1-independent necroptosis in pancreatic cancer cells (Pietkiewicz et al., 2015). Necroptosis can alleviate docetaxel resistance in prostate cancer (Markowitsch et al., 2021) and breast cancer (Mann et al., 2020). Five necroptosis-based molecular subtypes presented diverse sensitivity to chemotherapeutic agents (cisplatin, gemcitabine, docetaxel, and paclitaxel). Among them, the C4 subtype presented the highest probability of chemotherapy resistance while C5 subtype was most sensitive to these chemotherapy agents, indicating that patients with the C5 subtype were most likely to benefit from chemotherapy. Moreover, the necroptosis-relevant risk score can predict the sensitivity to docetaxel and paclitaxel in pancreatic cancer.
A necroptosis-relevant risk model was developed for predicting pancreatic cancer survival and responses to immuno- and chemotherapy, comprising MYEOV, HDAC4, TLDC1, PITPNA, FNDC3B, HMGXB4, and BAX. External validation confirmed that this model was capable of accurately predicting pancreatic cancer patients’ survival outcomes. The genes in the necroptosis-relevant risk model were upregulated in pancreatic cancer in comparison to normal tissues. Previous research has uncovered the significance of aforementioned genes in pancreatic cancer progression. For instance, MYEOV upregulation is linked with undesirable survival outcome of pancreatic cancer (Tang et al., 2020a), which elevates the HES1 expression and triggers pancreatic cancer progression through enhancing SOX9 trans-activity (Liang et al., 2020). HDAC4 correlates with the proliferative capacity and metastases of pancreatic cancer (Cohen et al., 2013). TLDC1 can facilitate proliferation and migration of pancreatic cancer cells (Yuan et al., 2021).
Several limitations should be pointed out in this study. First of all, clinical information retrieved from TCGA and ICGC projects is not complete, especially the therapy, which may assist in comprehending whether necroptosis genes are biomarkers of therapeutic responses. Second, the mechanisms how necroptosis modulate the precise process of pancreatic cancer are indistinct. Third, the necroptosis-relevant risk model is required to verify in large-scale and multicenter clinical cohorts. Despite these limitations, this study does offer a comprehensive overview of necroptosis gene profiling in pancreatic cancer, and aforementioned limitations will be solved if there are sufficient data in our further research.
CONCLUSION
Collectively, we characterized five robust necroptosis subtypes for pancreatic cancer with diverse prognosis, immunogenic features, genomic mutations, and chemosensitivity. Furthermore, we established a necroptosis-relevant risk model for reflecting necroptosis in clinical practice. Our findings offered a reference for combined therapeutic regimens and might guide the optimal selection of patients for immuno- and chemotherapy.
DATA AVAILABILITY STATEMENT
The original contributions presented in the study are included in the article/Supplementary Material, further inquiries can be directed to the corresponding author.
AUTHOR CONTRIBUTIONS
Conception and design: GW and KF. Collection and assembly of data: D-ST, C-SY, JM, and LC. Data analysis and interpretation: KF, D-ST, C-SY, JM, and YL. Manuscript writing: KF, D-ST, and C-SY. Manuscript revision: GW. Final approval of the manuscript: all authors.
FUNDING
This work is funded by the Ningxia Hui Autonomous Region Key Research and Development Project (2021BEG03083), National Nature Scientific Foundation of China (82070657). Applied technology research and development project of Heilongjiang Province (GA20C019). Outstanding youth funds of the first affiliated hospital of Harbin Medical University (HYD2020JQ0006). Research projects of Chinese Research Hospital Association (Y2019FH-DTCC-SB1).
PUBLISHER’S NOTE
All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors, and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.
SUPPLEMENTARY MATERIAL
The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fphar.2022.862502/full#supplementary-material
ABBREVIATIONS
CDF, cumulative distribution function; CNV, copy number variation; EMT, epithelial–mesenchymal transition; GDSC, Genomics of Drug Sensitivity in Cancer; GO, Gene Ontology; GSVA, gene set variation analysis; HLA, human leukocyte antigen; HR, hazards ratio; ICGC, International Cancer Genome Consortium; IC50, half-maximal inhibitory concentration; KEGG, Kyoto Encyclopedia of Genes and Genomes; limma, linear models for microarray data; MAF, mutation annotation format; MLKL, mixed lineage kinase domain-like; PACA-AU, Pancreatic Cancer-Australia; PACA-CA, Pancreatic Cancer-Canada; pan-F-TBRS, pan-fibroblast TGFβ response; PCA, principal component analysis; ROC, receiver operator characteristic; RIPK1, receptor-interacting protein kinase 1; SNV, single-nucleotide variant; ssGSEA, single-sample gene set enrichment analysis; TCGA, The Cancer Genome Atlas; TRIM28, tripartite motif protein 28.
REFERENCE
 Ando, Y., Ohuchida, K., Otsubo, Y., Kibe, S., Takesue, S., Abe, T., et al. (2020). Necroptosis in Pancreatic Cancer Promotes Cancer Cell Migration and Invasion by Release of CXCL5. PLoS One 15 (1), e0228015. doi:10.1371/journal.pone.0228015
 Charoentong, P., Finotello, F., Angelova, M., Mayer, C., Efremova, M., Rieder, D., et al. (2017). Pan-cancer Immunogenomic Analyses Reveal Genotype-Immunophenotype Relationships and Predictors of Response to Checkpoint Blockade. Cell Rep. 18 (1), 248–262. doi:10.1016/j.celrep.2016.12.019
 Chen, H., Zu, F., Zeng, T., Chen, Z., Wei, J., Liu, P., et al. (2021). Prognostic Value and Correlation with Tumor Immune Infiltration of a Novel Metabolism-Related Gene Signature in Pancreatic Cancer. Front. Oncol. 11, 757791. doi:10.3389/fonc.2021.757791
 Cohen, A. L., Piccolo, S. R., Cheng, L., Soldi, R., Han, B., Johnson, W. E., et al. (2013). Genomic Pathway Analysis Reveals that EZH2 and HDAC4 Represent Mutually Exclusive Epigenetic Pathways across Human Cancers. BMC Med. Genomics 6, 35. doi:10.1186/1755-8794-6-35
 Geeleher, P., Cox, N., and Huang, R. S. (2014). pRRophetic: An R Package for Prediction of Clinical Chemotherapeutic Response from Tumor Gene Expression Levels. PLoS One 9 (9), e107468. doi:10.1371/journal.pone.0107468
 Godfrey, D. I., Le Nours, J., Andrews, D. M., Uldrich, A. P., and Rossjohn, J. (2018). Unconventional T Cell Targets for Cancer Immunotherapy. Immunity 48 (3), 453–473. doi:10.1016/j.immuni.2018.03.009
 Gong, Y., Fan, Z., Luo, G., Yang, C., Huang, Q., Fan, K., et al. (2019). The Role of Necroptosis in Cancer Biology and Therapy. Mol. Cancer 18 (1), 100. doi:10.1186/s12943-019-1029-8
 Hänzelmann, S., Castelo, R., and Guinney, J. (2013). GSVA: Gene Set Variation Analysis for Microarray and RNA-Seq Data. BMC Bioinforma. 14, 7. doi:10.1186/1471-2105-14-7
 Huntington, N. D., Cursons, J., and Rautela, J. (2020). The Cancer-Natural Killer Cell Immunity Cycle. Nat. Rev. Cancer 20 (8), 437–454. doi:10.1038/s41568-020-0272-z
 Karasaki, T., Nagayama, K., Kuwano, H., Nitadori, J. I., Sato, M., Anraku, M., et al. (2017). An Immunogram for the Cancer-Immunity Cycle: Towards Personalized Immunotherapy of Lung Cancer. J. Thorac. Oncol. 12 (5), 791–803. doi:10.1016/j.jtho.2017.01.005
 Kong, F., Liu, X., Zhou, Y., Hou, X., He, J., Li, Q., et al. (2020). Downregulation of METTL14 Increases Apoptosis and Autophagy Induced by Cisplatin in Pancreatic Cancer Cells. Int. J. Biochem. Cell Biol. 122, 105731. doi:10.1016/j.biocel.2020.105731
 Leek, J. T., Johnson, W. E., Parker, H. S., Jaffe, A. E., and Storey, J. D. (2012). The Sva Package for Removing Batch Effects and Other Unwanted Variation in High-Throughput Experiments. Bioinformatics 28 (6), 882–883. doi:10.1093/bioinformatics/bts034
 Li, J., Xie, L., Xie, Y., and Wang, F. (2020). Bregmannian Consensus Clustering for Cancer Subtypes Analysis. Comput. Methods Programs Biomed. 189, 105337. doi:10.1016/j.cmpb.2020.105337
 Liang, E., Lu, Y., Shi, Y., Zhou, Q., and Zhi, F. (2020). MYEOV Increases HES1 Expression and Promotes Pancreatic Cancer Progression by Enhancing SOX9 Transactivity. Oncogene 39 (41), 6437–6450. doi:10.1038/s41388-020-01443-4
 Liberzon, A., Birger, C., Thorvaldsdóttir, H., Ghandi, M., Mesirov, J. P., and Tamayo, P. (2015). The Molecular Signatures Database (MSigDB) Hallmark Gene Set Collection. Cell Syst. 1 (6), 417–425. doi:10.1016/j.cels.2015.12.004
 Mann, J., Yang, N., Montpetit, R., Kirschenman, R., Lemieux, H., and Goping, I. S. (2020). BAD Sensitizes Breast Cancer Cells to Docetaxel with Increased Mitotic Arrest and Necroptosis. Sci. Rep. 10 (1), 355. doi:10.1038/s41598-019-57282-1
 Mariathasan, S., Turley, S. J., Nickles, D., Castiglioni, A., Yuen, K., Wang, Y., et al. (2018). TGFβ Attenuates Tumour Response to PD-L1 Blockade by Contributing to Exclusion of T Cells. Nature 554 (7693), 544–548. doi:10.1038/nature25501
 Markowitsch, S. D., Juetter, K. M., Schupp, P., Hauschulte, K., Vakhrusheva, O., Slade, K. S., et al. (2021). Shikonin Reduces Growth of Docetaxel-Resistant Prostate Cancer Cells Mainly through Necroptosis. Cancers (Basel) 13 (4), 882. doi:10.3390/cancers13040882
 Mayakonda, A., Lin, D. C., Assenov, Y., Plass, C., and Koeffler, H. P. (2018). Maftools: Efficient and Comprehensive Analysis of Somatic Variants in Cancer. Genome Res. 28 (11), 1747–1756. doi:10.1101/gr.239244.118
 Mermel, C. H., Schumacher, S. E., Hill, B., Meyerson, M. L., Beroukhim, R., and Getz, G. (2011). GISTIC2.0 Facilitates Sensitive and Confident Localization of the Targets of Focal Somatic Copy-Number Alteration in Human Cancers. Genome Biol. 12 (4), R41. doi:10.1186/gb-2011-12-4-r41
 Niu, X., Chen, L., Li, Y., Hu, Z., and He, F. (2022). Ferroptosis, Necroptosis, and Pyroptosis in the Tumor Microenvironment: Perspectives for Immunotherapy of SCLC. Semin Cancer Biol. S1044-579X(22)00065-7. doi:10.1016/j.semcancer.2022.03.009
 O'Hara, M. H., O'Reilly, E. M., Varadhachary, G., Wolff, R. A., Wainberg, Z. A., Ko, A. H., et al. (2021). CD40 Agonistic Monoclonal Antibody APX005M (Sotigalimab) and Chemotherapy, with or without Nivolumab, for the Treatment of Metastatic Pancreatic Adenocarcinoma: an Open-Label, Multicentre, Phase 1b Study. Lancet Oncol. 22 (1), 118–131. doi:10.1016/s1470-2045(20)30532-5
 Pang, N., Shi, J., Qin, L., Chen, A., Tang, Y., Yang, H., et al. (2021). IL-7 and CCL19-Secreting CAR-T Cell Therapy for Tumors with Positive Glypican-3 or Mesothelin. J. Hematol. Oncol. 14 (1), 118. doi:10.1186/s13045-021-01128-9
 Park, H. H., Kim, H. R., Park, S. Y., Hwang, S. M., Hong, S. M., Park, S., et al. (2021a). RIPK3 Activation Induces TRIM28 Derepression in Cancer Cells and Enhances the Anti-tumor Microenvironment. Mol. Cancer 20 (1), 107. doi:10.1186/s12943-021-01399-3
 Park, W., Chawla, A., and O'Reilly, E. M. (2021b). Pancreatic Cancer: A Review. JAMA 326 (9), 851–862. doi:10.1001/jama.2021.13027
 Pietkiewicz, S., Eils, R., Krammer, P. H., Giese, N., and Lavrik, I. N. (2015). Combinatorial Treatment of CD95L and Gemcitabine in Pancreatic Cancer Cells Induces Apoptotic and RIP1-Mediated Necroptotic Cell Death Network. Exp. Cell Res. 339 (1), 1–9. doi:10.1016/j.yexcr.2015.10.005
 Rawla, P., Sunkara, T., and Gaduputi, V. (2019). Epidemiology of Pancreatic Cancer: Global Trends, Etiology and Risk Factors. World J. Oncol. 10 (1), 10–27. doi:10.14740/wjon1166
 Ritchie, M. E., Phipson, B., Wu, D., Hu, Y., Law, C. W., Shi, W., et al. (2015). Limma Powers Differential Expression Analyses for RNA-Sequencing and Microarray Studies. Nucleic Acids Res. 43 (7), e47. doi:10.1093/nar/gkv007
 Rui, C., Shi, S. N., Ren, W., Qin, X., Zhuang, C., Chen, X., et al. (2021). The Multitargeted Kinase Inhibitor KW-2449 Ameliorates Cisplatin-Induced Nephrotoxicity by Targeting RIPK1-Mediated Necroptosis. Biochem. Pharmacol. 188, 114542. doi:10.1016/j.bcp.2021.114542
 Schizas, D., Charalampakis, N., Kole, C., Economopoulou, P., Koustas, E., Gkotsis, E., et al. (2020). Immunotherapy for Pancreatic Cancer: A 2020 Update. Cancer Treat. Rev. 86, 102016. doi:10.1016/j.ctrv.2020.102016
 Seifert, L., Werba, G., Tiwari, S., Giao Ly, N. N., Alothman, S., Alqunaibit, D., et al. (2016). The Necrosome Promotes Pancreatic Oncogenesis via CXCL1 and Mincle-Induced Immune Suppression. Nature 532 (7598), 245–249. doi:10.1038/nature17403
 Stratford, J. K., Bentrem, D. J., Anderson, J. M., Fan, C., Volmar, K. A., Marron, J. S., et al. (2010). A Six-Gene Signature Predicts Survival of Patients with Localized Pancreatic Ductal Adenocarcinoma. PLoS Med. 7 (7), e1000307. doi:10.1371/journal.pmed.1000307
 Stratford, J. K., Yan, F., Hill, R. A., Major, M. B., Graves, L. M., Der, C. J., et al. (2017). Genetic and Pharmacological Inhibition of TTK Impairs Pancreatic Cancer Cell Line Growth by Inducing Lethal Chromosomal Instability. PLoS One 12 (4), e0174863. doi:10.1371/journal.pone.0174863
 Tang, R., Ji, J., Ding, J., Huang, J., Gong, B., Zhang, X., et al. (2020a). Overexpression of MYEOV Predicting Poor Prognosis in Patients with Pancreatic Ductal Adenocarcinoma. Cell Cycle 19 (13), 1602–1610. doi:10.1080/15384101.2020.1757243
 Tang, R., Xu, J., Zhang, B., Liu, J., Liang, C., Hua, J., et al. (2020b). Ferroptosis, Necroptosis, and Pyroptosis in Anticancer Immunity. J. Hematol. Oncol. 13 (1), 110. doi:10.1186/s13045-020-00946-7
 Tao, J., Yang, G., Zhou, W., Qiu, J., Chen, G., Luo, W., et al. (2021). Targeting Hypoxic Tumor Microenvironment in Pancreatic Cancer. J. Hematol. Oncol. 14 (1), 14. doi:10.1186/s13045-020-01030-w
 Wilkerson, M. D., and Hayes, D. N. (2010). ConsensusClusterPlus: A Class Discovery Tool with Confidence Assessments and Item Tracking. Bioinformatics 26 (12), 1572–1573. doi:10.1093/bioinformatics/btq170
 Xiao, M., Liang, X., Yan, Z., Chen, J., Zhu, Y., Xie, Y., et al. (2022). A DNA-Methylation-Driven Genes Based Prognostic Signature Reveals Immune Microenvironment in Pancreatic Cancer. Front. Immunol. 13, 803962. doi:10.3389/fimmu.2022.803962
 Xie, Y., Zhu, S., Zhong, M., Yang, M., Sun, X., Liu, J., et al. (2017). Inhibition of Aurora Kinase A Induces Necroptosis in Pancreatic Carcinoma. Gastroenterology 153 (5), 1429. doi:10.1053/j.gastro.2017.07.036
 Xu, Y., Ma, H. B., Fang, Y. L., Zhang, Z. R., Shao, J., Hong, M., et al. (2017). Cisplatin-induced Necroptosis in TNFα Dependent and Independent Pathways. Cell Signal. 31, 112–123. doi:10.1016/j.cellsig.2017.01.004
 Yang, W., Soares, J., Greninger, P., Edelman, E. J., Lightfoot, H., Forbes, S., et al. (2013). Genomics of Drug Sensitivity in Cancer (GDSC): A Resource for Therapeutic Biomarker Discovery in Cancer Cells. Nucleic Acids Res. 41 (Database issue), D955–D961. doi:10.1093/nar/gks1111
 Yu, G., Wang, L. G., Han, Y., and He, Q. Y. (2012). clusterProfiler: An R Package for Comparing Biological Themes Among Gene Clusters. Omics 16 (5), 284–287. doi:10.1089/omi.2011.0118
 Yu, S., Zhang, C., and Xie, K. P. (2021). Therapeutic Resistance of Pancreatic Cancer: Roadmap to its Reversal. Biochim. Biophys. Acta Rev. Cancer 1875 (1), 188461. doi:10.1016/j.bbcan.2020.188461
 Yuan, P., Tang, C., Chen, B., Lei, P., Song, J., Xin, G., et al. (2021). miR-32-5p Suppresses the Proliferation and Migration of Pancreatic Adenocarcinoma Cells by Targeting TLDC1. Mol. Med. Rep. 24 (5), 752. doi:10.3892/mmr.2021.12392
 Zhang, J., Bajari, R., Andric, D., Gerthoffert, F., Lepsa, A., Nahal-Bose, H., et al. (2019). The International Cancer Genome Consortium Data Portal. Nat. Biotechnol. 37 (4), 367–369. doi:10.1038/s41587-019-0055-9
 Zhang, J., Liu, Z., Zhang, Z., Tang, R., Zeng, Y., and Chen, P. (2022). Identification of a Glycolysis-Related Gene Signature for Predicting Pancreatic Cancer Survival. J. Gastrointest. Oncol. 13 (1), 380–399. doi:10.21037/jgo-22-17
 Zhu, X., Niu, X., and Ge, C. (2019a). Inhibition of LINC00994 Represses Malignant Behaviors of Pancreatic Cancer Cells: Interacting with miR-765-3p/RUNX2 axis. Cancer Biol. Ther. 20 (6), 799–811. doi:10.1080/15384047.2018.1564566
 Zhu, X., Niu, X., Li, T., Liu, C., Chen, L., and Tan, G. (2019b). Identification of Research Trends Concerning Application of Stent Implantation in the Treatment of Pancreatic Diseases by Quantitative and Biclustering Analysis: a Bibliometric Analysis. PeerJ 7, e7674. doi:10.7717/peerj.7674
 Zhu, X., Kong, Q., Niu, X., Chen, L., and Ge, C. (2020). Mapping Intellectual Structure and Research Performance for the Nanoparticles in Pancreatic Cancer Field. Int. J. Nanomedicine 15, 5503–5516. doi:10.2147/ijn.S253599
 Zhu, X., Cao, Y., Liu, W., Ju, X., Zhao, X., Jiang, L., et al. (2021). Stereotactic Body Radiotherapy Plus Pembrolizumab and Trametinib versus Stereotactic Body Radiotherapy Plus Gemcitabine for Locally Recurrent Pancreatic Cancer after Surgical Resection: An Open-Label, Randomised, Controlled, Phase 2 Trial. Lancet Oncol. 22 (8), 1093–1102. doi:10.1016/s1470-2045(21)00286-2
Conflict of Interest: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.
Copyright © 2022 Fang, Tang, Yan, Ma, Cheng, Li and Wang. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.
		ORIGINAL RESEARCH
published: 03 June 2022
doi: 10.3389/fphar.2022.884090


[image: image2]
A Novel Exosome-Relevant Molecular Classification Uncovers Distinct Immune Escape Mechanisms and Genomic Alterations in Gastric Cancer
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Objective: Gastric cancer (GC) is a highly heterogeneous malignant carcinoma. This study aimed to conduct an exosome-based classification for assisting personalized therapy for GC.
Methods: Based on the expression profiling of prognostic exosome-related genes, GC patients in The Cancer Genome Atlas (TCGA) cohort were classified using the unsupervised consensus clustering approach, and the reproducibility of this classification was confirmed in the GSE84437 cohort. An exosome-based gene signature was developed via Least Absolute Shrinkage and Selection Operator (LASSO) regression analysis. Immunological features, responses to immune checkpoint inhibitors, and genetic alterations were evaluated via computational methods.
Results: Two exosome-relevant phenotypes (A and B) were clustered, and this classification was independent of immune subtypes and TCGA subtypes. Exosome-relevant phenotype B had a poorer prognosis and an inflamed tumor microenvironment (TME) relative to phenotype A. Patients with phenotype B presented higher responses to the anti-CTLA4 inhibitor. Moreover, phenotype B occurred at a higher frequency of genetic mutation than phenotype A. The exosome-based gene signature (GPX3, RGS2, MATN3, SLC7A2, and SNCG) could independently and accurately predict GC prognosis, which was linked to stromal activation and immunosuppression.
Conclusion: Our findings offer a conceptual frame to further comprehend the roles of exosomes in immune escape mechanisms and genomic alterations of GC. More work is required to evaluate the reference value of exosome-relevant phenotypes for designing immunotherapeutic regimens.
Keywords: gastric cancer, exosomes, immunotherapy, tumor microenvironment, immune escape
INTRODUCTION
Gastric cancer (GC) is one of the most common malignant carcinomas diagnosed globally, seriously jeopardizing human health (Bray et al., 2018). Despite the remarkable progress of therapies, the 5-year overall survival (OS) of advanced patients is merely 20% (Chen Y. et al., 2021). Cisplatin, paclitaxel, 5-fluorouracil, and doxorubicin remain the main chemotherapeutic agents against GC. Nevertheless, chemotherapeutic resistance is a common cause of recurrence and metastases of GC (Lin et al., 2020). Immunotherapy represented by immune checkpoint inhibitors (ICIs) against PD-1/L1 and CTLA-4 presents the durable therapeutic effects for the minority of GC patients; undesirably, most patients cannot respond to it (Shitara et al., 2018; Shitara et al., 2020; Janjigian et al., 2021). Thus, a more effective systemic treatment is urgently required.
Exosomes, a subgroup of extracellular vesicles with 30–150 nm, are secreted by nearly all cell types, which transmit cellular molecular components [protein, DNA, lipid, messenger RNA (mRNA), and non-coding RNA, etc.], thereby promoting cell-to-cell communication (Tang et al., 2021). Tumor progression is regarded as a multistep process, and accumulated evidence has suggested that the tumor microenvironment (TME) in which tumor cells grow and survive also exerts an important role in tumor progression (Zeng et al., 2019). Tumor cells elicit diverse alterations in biological behaviors via directly or indirectly interacting with the TME components (Jiang et al., 2019). Exosomes mediate the communications between the TME and tumor cells. For instance, tumor-associated macrophage-released exosomes facilitate the migration of GC cells through transferring apolipoprotein E (Zheng et al., 2018). Exosomal miR-451 released by GC cells enhances T-helper 17 cell differentiation (Liu F. et al., 2018). Recurrence and metastases are the main obstacles to favorable survival outcomes of GC (Chen D. et al., 2021). Tumor cells break away from the primary cancer nest and enter the circulatory system via blood vessels or lymph vessels, thereby facilitating tumor metastases (Cai et al., 2020). For avoiding the blockage of the extracellular matrix (ECM) and promoting the remodeling of the tumor-friendly TME, tumor cells release biologically active factors to elicit the communications of tumor cells with stromal subsets, thereby creating a favorable condition for cancer metastases (Sathe et al., 2020). Exosomes exert a crucial role in this process via carrying DNA, lipid, or ncRNA (Zhang et al., 2021). For instance, lymph node metastasis-GC cells educate mesenchymal stem cells through exosomal Wnt5a-triggered activation of the YAP pathway (Wang et al., 2021). In addition, exosomes released by tumor cells can hinder the activation of the immune system and the development of immune cells, thereby blocking the immune defense mechanism of tumor cells and eliciting the immune escape mechanism. Moreover, experimental evidence has demonstrated that exosomes participate in the chemotherapeutic resistance of GC (Lin et al., 2020). For instance, exosomes carrying miR-500a-3p trigger cisplatin resistance and stemness through the negative modulation of FBXW7 in GC (Lin et al., 2020). Tumor-associated macrophage-derived exosomal CRNDE attributes to cisplatin resistance in GC (Xin et al., 2021). The molecular subtype classification of GC provides an opportunity for personalized therapy. Thus, it is of significance to comprehensively recognize the exosome-relevant molecular classification in GC. This study conducted two exosome-relevant phenotypes with distinct immune escape mechanisms and genomic alterations in GC.
MATERIALS AND METHODS
Data Acquisition
This study collected three gene expression profile cohorts for GC: TCGA-STAD (n = 350) from TCGA (https://portal.gdc.cancer.gov/), GSE84437 (n = 433) (Yoon et al., 2020), and GSE15459 (n = 192) (Muratani et al., 2014) from the GEO repository (https://www.ncbi.nlm.nih.gov/gds/). RNA-seq data (FPKM value) of TCGA-STAD cohort were downloaded from the Genomic Data Commons (https://portal.gdc.cancer.gov/) using the TCGAbiolinks package (Colaprico et al., 2016). FPKM value was transformed to TPM value. For the GSE84437 cohort on the Illumina platform, the normalized matrix files were directly downloaded. For the GSE15459 on the Affymetrix platform, the raw “CEL” files were downloaded, which were normalized utilizing a robust multi-array averaging approach. For TCGA-STAD cohort, somatic mutation and copy number variation (CNV) profiles were also retrieved. Through reviewing the published literature, we collected 121 exosome-related genes, as listed in Supplementary Table S1.
Unsupervised Consensus Clustering Analysis
The ConsensusClusterPlus package was applied for consistent clustering and determining exosome-relevant phenotypes on the basis of expression profiling of prognostic exosome-related genes derived from univariate Cox regression analysis (p-value < 0.05) (Wilkerson and Hayes, 2010). Through the Euclidean squared distance metric and the K-means clustering approach, GC specimens were classified as k clusters from k = 2 to 9. Approximately 80% of the specimens were chosen at each iteration. Following 100 iterations, the classification results were acquired, which were visualized into the heatmaps of the consensus matrix. The optimal number of clusters was identified in accordance with a cumulative distribution function (CDF) plot and an item tracking plot. The accuracy of this classification was verified through principal-component analysis (PCA). The classification was externally verified in the GSE84437 cohort.
Gene Set Variation Analysis
The GSVA package was used for exploring the potential biological functions and progress variations of each phenotype (Hänzelmann et al., 2013). The Hallmark gene sets were derived from the Molecular Signatures Database (Liberzon et al., 2015).
Evaluation of Immunological Status
The relative abundance of each immune cell component within the TME was quantified via applying the single-sample Gene Set Enrichment Analysis (ssGSEA) approach. The marker gene sets of 28 immune cell types were acquired from Bindea et al. (2013). The immunomodulators that comprised MHCs, receptors, chemokines, and immune-stimulators and immune-inhibitors were curated from the study of Charoentong et al. (2017). Moreover, known immune checkpoints were retrieved from Auslander et al. (2018). Mariathasan et al. established the gene sets of immune (CD8+ T effector, antigen processing machinery) and stromal [pan-fibroblast TGFb response signature (Pan-F-TBRS), epithelial-mesenchymal transition (EMT), and angiogenesis] pathways. Their levels were quantified with the ssGSEA.
Evaluation of Responses to Immune Checkpoint Inhibitors
The Tumor Immune Dysfunction and Exclusion (TIDE) algorithm was applied for predicting the responses to ICIs (Jiang et al., 2018). This computational method was implemented on the basis of two tumor immune escape mechanisms: inducing T-cell dysfunction in tumors with increased infiltration of cytotoxic T lymphocytes (CTLs) and preventing T-cell infiltration in tumors with reduced infiltration of CTLs. The Subclass Mapping (SubMap) approach was applied for evaluating the expression similarity between the groups and the distinct responses to ICIs (Hoshida et al., 2007). Based on the GSEA approach, the degree of commonality between the groups was deduced. Adjusted p-value <0.05 indicated significant similarity between the groups.
Drug Sensitivity Analysis
Using the pRRophetic package (Geeleher et al., 2014), a ridge regression model was built on the basis of the Genomics of Drug Sensitivity in Cancer (GDSC) cell line expression profiles (Yang et al., 2013). The half-maximal inhibitory concentration (IC50) values of compounds were estimated across GC specimens.
Mutational Analysis
Through the maftools package (Mayakonda et al., 2018), somatic variants were analyzed and the overall mutation status was compared between the two phenotypes. Moreover, the top 20 mutated genes were visualized. Through the GISTIC2.0 approach, the recurrently amplified and deleted regions were defined (Mermel et al., 2011).
Differential Expression Analysis
Through the limma package (Ritchie et al., 2015), the significantly altered genes between the phenotypes were identified according to the following threshold: |log2fold change| > 1 and adjusted p-value < 0.05. The p-value from Benjamini–Hochberg correction was adjusted for multiple comparisons by a false discovery rate.
Enrichment Analysis
Gene Ontology (GO) enrichment and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway analysis were conducted via the clusterprofiler package (Yu et al., 2012). With the criteria of adjusted p-value < 0.05, significant GO terms and KEGG pathways were screened. The Gene Set Enrichment Analysis (GSEA) was also carried out (Subramanian et al., 2005). The gene set “c2.cp.kegg.v6.2.symbols.gmt” was chosen as the reference.
Prognostic Signature Construction
The Least Absolute Shrinkage and Selection Operator (LASSO) is a penalized regression analysis that can screen variables from high dimensional data to build risk signatures. Herein, the LASSO analysis was conducted in TCGA cohort to determine the most valuable genes in GC prognosis. The optimal value of the tuning parameter (λ) was identified after a ten-fold cross-verification utilizing the minimum and 1- standard error (SE) criteria. The prognostic signature was built by multivariate Cox regression analysis. On the basis of the signature, the risk score was constructed in line with the following formula: risk score = [image: image]. GC patients were equally classified into high- and low-risk groups in accordance with the median value of the risk score. The prediction accuracy of the signature was evaluated via time-independent receiver operating characteristic (ROC) curves. Moreover, the prognostic value of the signature was externally verified in the GSE15459 cohort.
Nomogram Establishment
Univariate Cox regression analysis on the clinical features and prognostic signature was conducted in TCGA cohort. The significant prognostic factors with p-value < 0.05 were incorporated into the multivariate Cox regression analysis. Through the rms package, the nomogram was built by incorporating factors with prediction significance (p-value < 0.05) from the multivariate analysis. Time-dependent ROC curves were drawn for determining the prediction accuracy of the nomogram. A calibration plot was used for assessing the agreement between the predicted and actual outcomes.
Patients and Specimens
In total, fresh-frozen 20 paired GC and para-carcinoma tissues were acquired with signed informed consent from Xiamen Haicang Hospital. All patients did not receive any treatment before surgery. All procedures involving human specimens gained the approval of the Ethics Committee of Xiamen Haicang Hospital (KY-2020014).
Quantitative Real-Time Polymerase Chain Reaction
Total RNA extraction from tissues was implemented with a Trizol kit in line with the manufacturer’s instructions. Afterward, the extracted RNA was reverse transcribed into cDNA. qRT-PCR was conducted with a LightCycler 480 system (Roche, Germany). The sequences of primers used for qRT-PCR were as follows: GPX3, 5′-GCC​GGG​GAC​AAG​AGA​AGT-3′ (forward) and 5′-GAG​GAC​GTA​TTT​GCC​AGC​AT-3′ (reverse); RGS2, 5′-AAG​ATT​GGA​AGA​CCC​GTT​TGA​G-3′ (forward) and 5′-GCA​AGA​CCA​TAT​TTG​CTG​GCT-3′ (reverse); MATN3, 5′-TCT​CCC​GGA​TAA​TCG​ACA​CTC-3′ (forward) and 5′-CAA​GGG​TGT​GAT​TCG​ACC​CA-3′ (reverse); SLC7A2, 5′-GAC​CTT​TGC​CCG​ATG​TCT​GAT-3′ (forward) and 5′-AGC​AGC​GGC​ATA​ATT​TGG​TGT-3′ (reverse); SNCG, 5′-TGA​GCA​GCG​TCA​ACA​CTG​TG-3′ (forward) and 5′-GAG​GTG​ACC​GCG​ATG​TTC​TC-3′ (reverse); and GAPDH, 5′-CTG​GGC​TAC​ACT​GAG​CAC​C-3′ (forward) and 5′-AAG​TGG​TCG​TTG​AGG​GCA​ATG-3′ (reverse). The relative mRNA expression was calculated with the 2−ΔΔCt method.
Statistical Analysis
All data processing was implemented using R 3.6.1 software. The Kaplan–Meier analysis of OS, disease-free survival (DFS), disease-specific survival (DSS), and progression-free survival (PFS) was conducted and compared with log-rank tests. Student’s t-test and Wilcoxon test were performed to conduct the comparisons of the two groups. Pearson and Spearman correlation tests were applied to evaluate the associations between variables. Through the Gene Set Cancer Analysis web-based analysis platform (Liu CJ. et al., 2018), the frequency of the CNV and somatic mutation of genes was analyzed across pan-cancer. Moreover, the Spearman correlation of drug sensitivity and gene expression was analyzed on the basis of the Cancer Therapeutics Response Portal (CTRP) and the GDSC databases. All statistical p-values were two-sided, with p-value < 0.05 as statistically significant.
RESULTS
Construction of Two Exosome-Relevant Phenotypes in Gastric Cancer
This study collected 121 exosome-related genes from the published literature. Among them, 15 exosome-related genes were significantly linked to OS outcomes of GC patients (Table 1). On the basis of expression profiling of prognostic exosome-related genes, we conducted a consensus clustering analysis in TCGA cohort, in which GC patients were initially classified into different k (k = 2–9) clusters. In accordance with the consensus matrix, CDF, and tracking plot, the optimal cluster was achieved when k = 2 (Figures 1A–D). The two clusters of GC specimens were separated from one another in accordance with PCA (Figure 1E). Therefore, GC specimens were classified into two exosome-relevant phenotypes, namely, exosome-relevant phenotype A (n = 154) and phenotype B (n = 196). Exosome-relevant phenotype A presented a remarkable advantage of OS, DFS, DSS, and PFS outcomes relative to phenotype B (Figures 1F–I). To guarantee the reproducibility and robustness of exosome-relevant phenotypes derived from TCGA cohort, this classification was validated in the GSE84437 cohort. The two phenotypes displayed high consistency with TCGA cohort (Supplementary Figures S1A−F).
TABLE 1 | Prognostic exosome-related genes in GC via the univariate analysis.
[image: Table 1][image: Figure 1]FIGURE 1 | Construction of two exosome-relevant phenotypes with distinct clinical outcomes in GC. (A) Consensus score matrix of GC specimens when k = 2. (B) CDF of the consensus matrix for each k (indicated by colors). (C) Relative alterations in the area under CDF curves. (D) Tracking plot for each k. (E) PCA plot by expression profiling of 15 prognostic exosome-related genes. Each point indicates each specimen, with unique colors representing exosome-relevant phenotypes. (F–I) Kaplan–Meier analysis of (F) OS, (G) DFS, (H) DSS, and (I) PFS in two exosome-relevant phenotypes.
Distinct Immunological Status in Exosome-Related Phenotypes
This study further investigated the specific biological mechanisms and immunological status of each phenotype in TCGA cohort. The heterogeneity in the activation of hallmark pathways was observed in two exosome-related phenotypes. As shown in Figure 2A, most hallmark pathways were activated in exosome-related phenotype B relative to phenotype A, such as inflammatory or immune activation pathways (interferon-gamma response, allograft rejection, IL6-JAK-STAT3 signaling, inflammatory response, IL2-STAT5 signaling, complement, etc.), stromal activation pathways (EMT, angiogenesis, etc.), and tumorigenic pathways (hedgehog signaling, hypoxia, Notch signaling, TGF-beta signaling, etc.). Moreover, exosome-related phenotype B displayed remarkably higher immune cell infiltration within the TME relative to phenotype A (Figure 2B). In Figures 2C,D, most immunomodulatory molecules (chemokines, immuno-inhibitors, immuno-stimulators, MHC, and receptors) displayed a prominently higher expression in exosome-related phenotype B than phenotype A. We also noted that immune checkpoints were markedly upregulated in exosome-related phenotype B relative to phenotype A (Figure 2E). Our ssGSEA results also confirmed the activation of CD8+ T effector, pan-F-TBRS, EMT1-3, and angiogenesis in phenotype B. Overall, exosome-related phenotype B presented an inflamed TME in comparison to phenotype A (Figure 2F). This study applied the submap approach to compare the similarity of the expression profiling between exosome-related phenotypes and 47 melanoma patients who received ICIs. Our results showed that GC patients in exosome-related phenotype B presented higher responses to anti-CTLA4 therapy (Figure 3A).
[image: Figure 2]FIGURE 2 | Distinct immunological status in exosome-related phenotypes. (A) Visualization of the levels of hallmark pathways in exosome-related phenotypes A and B. (B) Differences in the infiltration levels of 28 immune cell types between the phenotypes. (C) Visualization of the expression of immunomodulatory molecules (chemokines, immuno-inhibitors, immuno-stimulators, MHC, and receptors) in the two phenotypes. (D,E) Differences in the expression of (D) chemokines and (E) immune checkpoints between phenotypes. (F) Comparisons of the levels of immune and stromal pathways between phenotypes. ∗p-value < 0.05; ∗∗p-value < 0.01; and ∗∗∗p-value < 0.001.
[image: Figure 3]FIGURE 3 | Responses to ICIs, interplay with immunological and molecular subtypes, drug sensitivity, and genomic alterations in exosome-related phenotypes. (A) Submap analysis of the similarity of the expression profiling between GC patients in TCGA cohort and 47 previous melanoma subjects who received ICIs. (B) Alluvial diagram depicting the interactions between the two exosome-related phenotypes and immunological subtypes. (C) Alluvial diagram depicting the interactions between two exosome-related phenotypes and molecular subtypes of GC. (D) Differences in estimated IC50 values of sorafenib, gefitinib, vinorelbine, and gemcitabine between the exosome-related phenotypes. (E) Mutational frequency of the top 20 genes in two exosome-related phenotypes. Gene symbols are ranked in accordance with the frequency of gene mutation. Each column indicates each specimen and the upper panel indicates TMB. (F–I) Somatic copy number alterations in exosome-related phenotype (F,G) A and (H,I) phenotype B. On the x-axis, focal amplification or deletion is separately represented by red or blue bars. The position of chromosomes is shown along the y-axis. The green line indicates the significance threshold of q < 0.25.
Interplay Between Exosome-Related Phenotypes and Immunological and Molecular Subtypes of Gastric Cancer
We observed the interactions between exosome-related phenotypes and immunological subtypes. In Figure 3B, exosome-related phenotypes spanned five of the six immunological subtypes, including C1-wound healing, C2-interferon (IFN)-γ dominant, C3-inflammatory, C4-lymphocyte depleted, and C6-transforming growth factor-β (TGF-β) dominant subtypes. The relatively equal distribution of exosome-related phenotypes was found in C1 and C2 subtypes. Further observation found that C3 and C6 subtypes were particularly dominant in exosome-related phenotype B, while C4 was enriched in exosome-related phenotype A. Thereafter, we evaluated the interactions between exosome-related phenotypes and molecular subtypes. It was found that exosome-related phenotypes spanned chromosomal instability (CIN), Epstein–Barr virus (EBV), genomic stability (GS), and microsatellite instability (MSI) (Figure 3C). However, there was no substantial heterogeneity in the distribution of exosome-related phenotypes. Further investigation showed that the GS subtype was remarkably dominant in exosome-related phenotype B. Overall, exosome-related phenotypes were linked to immunological and molecular subtypes of GC.
Drug Sensitivity in Exosome-Related Phenotypes
Further analysis was conducted to evaluate the differences in sensitivity to sorafenib, gefitinib, vinorelbine, and gemcitabine between exosome-related phenotypes. As shown in Figure 3D, there were remarkably lower IC50 values of sorafenib and gefitinib in exosome-related phenotype A relative to phenotype B, indicating that GC patients in exosome-related phenotype A were more likely to respond to sorafenib and gefitinib. We also noted that exosome-related phenotype B had significantly lower IC50 values of vinorelbine and gemcitabine in comparison to exosome-related phenotype A, indicating that patients in exosome-related phenotype B presented higher sensitivity to vinorelbine and gemcitabine.
Landscape of Genomic Alterations in Exosome-Related Phenotypes
Somatic mutations in the two exosome-related phenotypes were investigated. There were substantial differences in gene mutations between the phenotypes (Figure 3E). TTN (55.9%), TP53 (49.4%), MUC16 (32.4%), and LRP1B (30.2%) were the most frequently mutated genes. Higher TMB was investigated in exosome-related phenotype A relative to phenotype B. Thereafter, an analysis of CNV was presented in two phenotypes. No substantial difference in copy number-amplification was investigated between the phenotypes, but exosome-related phenotype A displayed a higher frequency of copy number-deletion relative to phenotype B (Figures 3F–I).
Screening Significantly Altered Genes Between Exosome-Related Phenotypes
For finding the genes most correlated to exosome-related phenotypes, we conducted differential expression analysis between two phenotypes. Under the threshold of |log2fold change| > 1 and adjusted p-value < 0.05, 773 significantly altered genes were determined (Figure 4A; Supplementary Table S2). Further observation showed that these significantly altered genes were linked to cell migration, immune or inflammatory response, protein activation (Figure 4B), and extracellular components (Figure 4C). Moreover, the significantly altered genes were correlated to molecular functions of signaling receptor binding, structural molecule activity, antigen binding, extracellular matrix structural constituent, etc. (Figure 4D). It was also found that the significantly altered genes were enriched in tumorigenic pathways such as cell adhesion molecules, focal adhesion, ECM-receptor interaction, and PI3K-Akt and TGF-beta signaling pathways (Figure 4E). For validating the reliability of the KEGG pathway analysis, we conducted the GSEA based on the significantly altered genes. As shown in Figure 4F, the significantly altered genes displayed positive interactions with the B-cell receptor signaling pathway, ECM-receptor interaction, focal adhesion, leukocyte trans-endothelial migration, and Th1 and Th2 cell differentiation, whereas they were negatively linked to base excision repair, DNA replication, homologous recombination, mismatch repair, and nucleotide excision repair (Figure 4G). Thus, the aforementioned significantly altered genes might exert important roles in GC.
[image: Figure 4]FIGURE 4 | Screening significantly altered genes between the exosome-related phenotypes and analysis of their biological implications. (A) Volcano plot for up- and downregulated genes in exosome-related phenotype A when compared with phenotype B. (B–D) Visualization of the top ten (B) biological processes, (C) cellular components, and (D) molecular functions, respectively. (E) Visualization of the top five KEGG pathways enriched by significantly altered genes. (F) GSEA for the signaling pathways positively correlated to significantly altered genes. (G) GSEA for the signaling pathways negatively associated with significantly altered genes.
Construction of the Exosome-Based Gene Signature
The univariate analysis showed that 266 significantly altered genes were significantly linked with GC prognosis (Supplementary Table S3). The LASSO analysis was conducted based on the prognostic significantly altered genes. Through the minimum and 1-SE criteria, five genes (GPX3, RGS2, MATN3, SLC7A2, and SNCG) were chosen to establish the exosome-based gene signature in TCGA cohort (Figures 5A,B). The risk score of each patient was calculated, and all patients were stratified into high- and low-risk groups following the median value (Figure 5C). The high-risk group had more cases with dead status and reduced expression of the aforementioned five genes. For evaluating the prognostic implication of this model, the difference in the OS between the groups was estimated. As shown in Figure 5D, high-risk patients presented a significantly reduced OS than their counterparts in TCGA cohort. Time-independent ROC curves demonstrated that the signature was accurately predictive of GC patients’ OS (Figure 5E). Moreover, the associations between the signature and OS were evaluated via uni- and multivariate analysis. As shown in Figure 5F, the signature, age, and stage were independent risk factors of OS. For examining the robustness of the signature, the prediction performance was tested in the GSE15459 cohort. With the same formula, GC patients were stratified into high- and low-risk groups (Supplementary Figure S2A). Consistent with the outcomes of TCGA cohort, high-risk patients presented a significantly poorer OS than their counterparts (Supplementary Figure S2B), with a high prediction accuracy (Supplementary Figure S2C). For providing clinicians with a quantitative approach for predicting GC patients’ outcomes, the nomogram was built by incorporating the aforementioned independent risk factors (Figure 5G). On the basis of the nomogram, a score was calculated for an individual patient for predicting the 1-, 3-, and 5-year OS. Further observation showed that the exosome-based gene signature contributed to the most risk points in comparison to age and histological staging. Time-independent ROC curves demonstrated that the nomogram presented high accuracy in predicting OS (Figure 5H). The calibration plot showed that the nomogram-predicted OS fit well with the actual outcomes (Figure 5I). Thus, the exosome-based gene signature could optimize risk stratification and accurately predict GC patients’ OS.
[image: Figure 5]FIGURE 5 | Construction of the exosome-based gene signature for GC in TCGA cohort. (A) Partial likelihood deviance in the LASSO regression model via the ten-fold cross verification. The vertical dotted lines represent the optimal values utilizing the minimum and 1-SE criteria. (B) LASSO coefficient profiling. (C) Overview of the risk score distribution (upper), survival status (middle), and expression of genes that made up the signature (lower). (D) Kaplan–Meier curves of OS in TCGA cohort, divided into high- and low-risk groups. (E) Time-independent ROC curves showing the prediction accuracy of this signature. (F) Forest plot showing the associations of risk score and clinical features with OS according to uni- and multivariate Cox regression models. (G) Construction of the nomogram that incorporated the risk score, age, and histological staging. (H) Time-independent ROC curves showing the prediction accuracy of the nomogram. (I) Calibration plot showing the agreement between the nomogram-predicted and actual 1-, 3-, and 5-year outcomes. The x-axis represents the nomogram-predicted OS, and the y-axis represents the actual OS. The ideal performance of the nomogram is shown by the dashed line along the 45°line.
Exosome-Based Gene Signature is Linked to Stromal Activation and Immunosuppression
Further investigation showed that the exosome-based gene signature presented positive interactions with stromal activation pathways, such as focal adhesions, ECM receptor interaction, TGF-beta, and WNT and mTOR signaling pathways (Figure 6A). Moreover, this signature was negatively linked to proteasome, base excision repair, and DNA replication (Figure 6B). As shown in Figure 6C, the exosome-based gene signature was positively correlated to EMT1-3, angiogenesis, and pan-F-TBRS, consistent with the GSEA results. It was also found that this signature displayed a negative association with antigen processing machinery. Immunosuppressive myeloid cells such as MDSC, tumor-associated macrophages, and regulatory T cells displayed significantly higher infiltration in the high-risk group relative to the low-risk group (Figure 6D). Overall, the exosome-based gene signature was linked to stromal activation and immunosuppression in GC.
[image: Figure 6]FIGURE 6 | Exosome-based gene signature is linked to stromal activation and immunosuppression in GC. (A) GSEA showing the signaling pathways positively linked to the exosome-based gene signature. (B) GSEA showing the signaling pathways negatively associated with the signature. (C) Associations of the signature with stromal and immune activation pathways that were quantified by the ssGSEA approach. (D) Comparisons of the relative abundance levels of 28 immune cell types in the high-risk group relative to the low-risk group. ∗p-value < 0.05; ∗∗p-value < 0.01; and ∗∗∗p-value < 0.001.
Landscape of Genetic alterations, Drug Sensitivity, and Immune Cell Infiltration in the Exosome-Based Gene Signature
There were widespread amplifications and deletions of five genes (GPX3, RGS2, MATN3, SLC7A2, and SNCG) across pan-cancer (Figure 7A). Most cancer types had a relatively high mutation frequency of the aforementioned genes (Figure 7B). On the basis of the GDSC and CTRP projects, all of them were remarkably linked to the sensitivity to THZ-2-49, Bosutinib, CGP-082996, XMD8-85, Z-LLNle-CHO, Temsirolimus, AZD6482, BEZ235, Dasatinib, CHIR-99021, EHT 1864 (Figure 7C), BRD9647, pluripotin, compound 23 citrate, avicin D, lovastatin, prochlorperazine, NVP-ADW742, dasatinib, and austocystin D (Figure 7D). Moreover, they presented prominent correlations to the infiltrations of immune cells (activated B cell, activated CD4 T cell, activated CD8 T cell, activated dendritic cell, CD56bright natural killer cell, CD56dim natural killer cell, central memory CD4 T cell, central memory CD8 T cell, effector memory CD4 T cell, effector memory CD8 T cell, eosinophil, gamma delta T cell, immature B cell, macrophage, mast cell, MDSC, memory B cell, monocyte, natural killer cell, natural killer T cell, neutrophil, plasmacytoid dendritic cell, regulatory T cell, T follicular helper cell, type 1 helper cell, type 17 helper cell, and type 2 helper cell) within the TME of GC (Figure 7E). The aforementioned data indicated the implications of GPX3, RGS2, MATN3, SLC7A2, and SNCG in GC.
[image: Figure 7]FIGURE 7 | Landscape of genetic alterations, drug sensitivity, and immune cell infiltration in the exosome-based gene signature. (A) Percentage of CNVs of each gene in the exosome-based gene signature across pan-cancer. (B) Mutation frequencies of each gene in the signature across pan-cancer. (C) Associations of mRNA expression of each gene with sensitivity to small molecular compounds in accordance with the GDSC database. (D) Associations of mRNA expression of each gene with sensitivity to small molecular compounds in accordance with the CTRP database. (E) Associations of mRNA expression of each gene with immune cell infiltration in the TME.
Experimental Verification of Altered Genes From Exosome-Based Phenotypes
To validate altered genes from the exosome-based phenotypes, we collected 20 paired GC and para-carcinoma tissues. Our qRT-PCR results confirmed that GPX3 and RGS2 were significantly downregulated in GC than in para-carcinoma tissues (Figures 8A,B). In addition, MATN3, SLC7A2, and SNCG were significantly upregulated in GC compared with para-carcinoma tissues (Figures 8C–E).
[image: Figure 8]FIGURE 8 | Experimental verification of altered genes from exosome-based phenotypes. (A–E) qRT-PCR for validating the mRNA expression of GPX3, RGS2, MATN3, SLC7A2, and SNCG in 20 paired GC and para-carcinoma tissues. ∗p-value<0.05; ∗∗∗p-value<0.001; and ∗∗∗∗p-value<0.0001.
DISCUSSION
GC is a highly heterogeneous malignant carcinoma and the classification of GC based on molecular subtypes is essential to personalized therapy (Lin et al., 2020). A few subtype systems have been conducted, such as ACRG and TCGA subtypes (Serra et al., 2019). Nevertheless, the exosome-based classification of GC is not well defined. Herein, we conducted the exosome-based classification on the basis of the expression profiling of 15 prognostic exosome-related genes. The reproducibility of this classification was confirmed in the independent cohort. The exosome-relevant phenotypes we proposed were independent of existing classifications (immune subtypes and TCGA subtypes), indicating that this classification deserves in-depth analysis.
Exosome-related phenotype B had poorer OS, DSS, DFS, and PFS relative to phenotype A. Further analysis uncovered that phenotype B displayed the activation of tumorigenic pathways (hedgehog signaling, hypoxia, Notch signaling, TGF-beta signaling, etc.), contributing to an undesirable prognosis. Immunotherapy presents durable antitumor activity against GC therapy. Nevertheless, this therapy still faces many challenges (Shitara et al., 2018; Shitara et al., 2020; Janjigian et al., 2021). It has been realized that TME is of complexity and diversity concerning immunological status (Liu et al., 2020). Thus, the prediction of the responses to ICIs on the basis of the TME cell infiltrations represents an important procedure to enhance the efficacy of current ICIs and to exploit new immunotherapeutic regimens (Zhang et al., 2020). The immune evasion mechanisms exert crucial roles in immunotherapy (Kong et al., 2020). Exosome-related phenotype B displayed the activation of inflammatory or immune activation pathways (interferon-gamma response, allograft rejection, IL6-JAK-STAT3 signaling, inflammatory response, IL2-STAT5 signaling, complement, CD8+ T effector, etc.) and stromal activation pathways (EMT, angiogenesis, etc.). Moreover, exosome-related phenotype B displayed remarkably higher immune cell infiltration within the TME and higher expression of immunomodulatory molecules (chemokines, immuno-inhibitors, immuno-stimulators, MHC, and receptors) and immune checkpoints relative to phenotype A. Thus, exosome-related phenotype B had an inflamed TME. A clinical trial showed the low responses of GC patients to tremelimumab, an anti-CTLA4 inhibitor (Kelly et al., 2020). It was predicted that GC patients with exosome-related phenotype B displayed higher responses to anti-CTLA4 therapy. This also demonstrated that the exosome-related phenotype might be an underlying indicator for predicting the response to ICIs.
Higher somatic mutation and copy number-deletion occurred in exosome-related phenotype B. Despite ICIs being a key discovery in GC treatment, chemotherapy remains an important regimen for postoperative treatment (Qiu et al., 2020). Exosome-related phenotype A had higher sensitivity to sorafenib and gefitinib, while exosome-related phenotype B had higher sensitivity to vinorelbine and gemcitabine. Experimental evidence has demonstrated that exosomes derived from tumor cells can mediate the resistance to sorafenib (Qu et al., 2016), gefitinib (Kang et al., 2018), and gemcitabine (Mikamori et al., 2017). Thus, this classification might predict sensitivity to sorafenib, gefitinib, vinorelbine, and gemcitabine.
We established the exosome-based gene signature (comprising GPX3, RGS2, MATN3, SLC7A2, and SNCG) that was an independent prognostic indicator of GC. Moreover, the nomogram was built by incorporating this exosome-based gene signature and age and histological staging, which provided clinicians with a quantitative approach for predicting GC patients’ outcomes. The signature was linked to stromal activation and immunosuppression of GC. A few limitations should be pointed out in our study. First, our analysis was only focused on exosome-related genes in GC tissues. Second, the possibility of selection bias in this retrospective study cannot be ruled out. Third, GC is a highly heterogeneous malignancy. Two exosome-based phenotypes to predict the responses to ICIs might be inadequate.
CONCLUSION
Collectively, we constructed two exosome-relevant phenotypes in GC based on exosome-related genes, characterized by distinct survival outcomes, immunological status, and drug sensitivity. In addition, we determined and experimentally verified five altered genes (GPX3, RGS2, MATN3, SLC7A2, and SNCG) from exosome-based phenotypes. Based on the aforementioned genes, we established the exosome-based gene signature that could accurately predict patients’ prognosis and was linked to stromal activation and immunosuppression. Altogether, our findings demonstrated the molecular mechanisms underlying exosomes in GC, which could assist us in comprehending the immune infiltration and immune evasion mechanisms in GC. The exosome-based phenotype could be used for stratifying GC patients and identifying patients who might respond to ICIs or chemotherapy.
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Cervical cancer is the fourth most commonly diagnosed cancer worldwide and, in almost all cases is caused by infection with highly oncogenic Human Papillomaviruses (HPVs). On the other hand, inflammation is one of the hallmarks of cancer research. Here, we focused on inflammatory proteins that classify cervical cancer patients by considering individual differences between cancer patients in contrast to conventional treatments. We repurposed anti-inflammatory drugs for therapy of HPV-16 and HPV-18 infected groups, separately. In this study, we employed systems biology approaches to unveil the diagnostic and treatment options from a precision medicine perspective by delineating differential inflammation-associated biomarkers associated with carcinogenesis for both subtypes. We performed a meta-analysis of cervical cancer-associated transcriptomic datasets considering subtype differences of samples and identified the differentially expressed genes (DEGs). Using gene signature reversal on HPV-16 and HPV-18, we performed both signature- and network-based drug reversal to identify anti-inflammatory drug candidates against inflammation-associated nodes. The anti-inflammatory drug candidates were evaluated using molecular docking to determine the potential of physical interactions between the anti-inflammatory drug and inflammation-associated nodes as drug targets. We proposed 4 novels anti-inflammatory drugs (AS-601245, betamethasone, narciclasin, and methylprednisolone) for the treatment of HPV-16, 3 novel drugs for the treatment of HPV-18 (daphnetin, phenylbutazone, and tiaprofenoic acid), and 5 novel drugs (aldosterone, BMS-345541, etodolac, hydrocortisone, and prednisolone) for the treatment of both subtypes. We proposed anti-inflammatory drug candidates that have the potential to be therapeutic agents for the prevention and/or treatment of cervical cancer.
Keywords: inflammation, drug repurposing, anti-inflammatory drugs, cervical cancer, human papillomavirus 16, human papillomavirus 18
INTRODUCTION
According to data collected worldwide in 2018, cervical cancer was the fourth most commonly diagnosed cancer (570,000 cases) and the fourth leading cause of death (311,000 deaths) (Bray et al., 2018). In 2020, cervical cancer caused 13,800 new cases and 4,290 deaths in the United States (Siegel et al., 2020). Infection with highly oncogenic Human Papillomaviruses (HPVs) is encountered in almost all cervical cancers (Ferris et al., 2020). HPV is a small, non-enveloped, circular, double-stranded DNA that belongs to the Papillomaviridae family. More than a hundred HPV types with different oncogenic potential (low-risk and high-risk) have been characterized today (Graham, 2010). Of the 12 high-risk HPV types, HPV16 and HPV18, are the most prevalent HPV types worldwide. Indeed, HPV16 and HPV18 are responsible for up to 70% of cervical cancers worldwide (WHO, 2021).
Vaccines are now being proposed to prevent cervical cancer (Šarenac and Mikov, 2019). Various antineoplastic agents such as cisplatin, carboplatin, ifosfamide, paclitaxel, and topotecan have been proposed to treat cervical cancer. However, these antineoplastic agents were not specific to cervical cancer (Ordikhani et al., 2016). Hence, there is a need for the development of more effective prevention and/or treatment strategies to replace the existing methods.
Drug repurposing means identifying new therapeutic purposes for existing drugs. Due to its high efficiency in terms of time saving and low cost compared to traditional approaches for drug development, the pharmaceutical research industry is showing great interest in drug repurposing (Jarada et al., 2020). The inhibitory effects of several drugs, including metformin (Xia et al., 2020), aspirin (Friel et al., 2015), and acetaminophen (Liu et al., 2014), have been demonstrated in cervical cancer. Computational drug repurposing applications for cervical cancer are limited. Recent studies on computational drug repurposing used docking and molecular dynamics simulations to find potential E6 inhibitors in cervical cancer. They suggested valganciclovir and cytarabine as drug candidates and reported ASK4, a valganciclovir derivative, as a potential E6 inhibitor (Kumar et al., 2020).
Inflammation is often described as a response to invasive pathogen simulations. When the inflammatory response is absent or cannot be controlled, it results in impaired tissue repair or pathology. For these reasons, inflammation is now referred to as the seventh hallmark of cancer. It was known that inflammation following viral infection promotes the development of cancer (Deivendran et al., 2014). Studies in recent years have shown that increased dietary intake of native anti-inflammatory compounds (e.g., curcumin) contributes to the prevention of cancer. Furthermore, persistent infection is essential for cancer development, and anti-inflammatory drugs generally target signaling pathways used by oncogenic viruses to generate persistent infections. Therefore, anti-inflammatory drugs may not only reduce the prevalence of oncogenic cancers and but also support ongoing treatment strategies (Read and Douglas, 2014). Taken together, eliminating inflammation may be a valid strategy for cancer prevention and/or treatment, particularly oncogenic cancers (Rayburn et al., 2009).
Here, we repositioned anti-inflammatory drug candidates targeting inflammation-associated hub proteins using two different drug repositioning strategies to treat cervical cancer in a subtype-specific (HPV16 and HPV18) manner. To this end, we used a multistep computational approach (Figure 1). First, we performed a meta-analysis of cervical cancer-associated transcriptomic datasets by accounting for subtype differences between samples and identifying differentially expressed genes (DEGs). Using gene signature reversal on HPV16 and HPV18, we performed a signature-based repositioning to identify candidate anti-inflammatory drugs. In addition, we employed a network-based drug repurposing approach. We reconstructed protein-protein interaction networks around HPV16- and HPV18-associated DEGs to identify inflammation-associated hubs. The inflammation-associated drug candidates were evaluated using molecular docking to determine the potential of physical interactions between the anti-inflammatory drug and the inflammation-associated hubs as drug targets. Consequently, our computational study proposed anti-inflammatory drug candidates targeting inflammatory proteins of HPV16 and HPV18 subtypes of cervical cancer.
[image: Figure 1]FIGURE 1 | The multi-stage computational approach was employed in the study.
MATERIALS AND METHODS
Selection of Transcriptomic Datasets
Since, our aim was to reveal the appropriate subtype-specific (i.e., HPV16 and HPV18) personalized drugs for cervical cancer, the transcriptomic datasets were evaluated considering the genotypes of the diseased samples. In addition, to avoid undesirable alterations originating from differences in the microarray platforms used, we ensured that the transcriptome datasets were generated using the same platform. With this in mind, we found a total of five transcriptome datasets that corresponded to the HPV16 or HPV18 genotype whose gene expression measurements were performed using the same platform (Affymetrix microarrays). The five transcriptome datasets were as follows: GSE52903 (Medina-Martinez et al., 2014), GSE39001 (Espinosa et al., 2013), GSE9750 (Scotto et al., 2008), GSE7803 (Zhai et al., 2007) and GSE6791 (Pyeon et al., 2007). High-grade squamous lesions were excluded from GSE7803, healthy endocervical tissue samples were excluded from GSE39001, and only cervical cancer samples were included in the GSE6791 datasets to avoid sample heterogeneity. While all five datasets contained samples belonging to the HPV16 genotype, only three datasets (GSE9750, GSE7803 and GSE6791) contained samples of HPV18. Thus, 111 HPV16-positive diseased samples were compared with 61 controls, while 10 HPV18-positive diseased samples were compared with 39 control samples.
Identification of Differentially Expressed Genes and Overrepresentation Analysis
This study used a well-established statistical analysis procedure (Kori et al., 2019) to identify DEGs. Briefly, the raw data (stored in. CEL files) of each dataset was normalized by calculating the Robust Multi-Array Average (RMA) expression measure (Bolstad et al., 2003) as implemented in the Affy package (Gautier et al., 2004) of the R/Bioconductor platform (version 4.0.2) (Huber et al., 2015). DEGs were identified from normalized expression values using the Linear Models for Microarray Data (LIMMA) package (Ritchie et al., 2015). The Benjamini–Hochberg method was used to control false discovery rate (FDR). The adjusted p-value < 0.05 was used as a cut-off to determine the statistical significance of the DEGs. Fold change was used to determine the regulatory pattern of each DEG (i.e., up- or down-regulation), and at least 1.5-fold change was considered statistically significant. Further analyses were performed with DEGs that shared at least three of the five HPV16 datasets, referred to as “HPV16-associated DEGs,” while analyses were performed with DEGs that shared at least two of the three HPV18 datasets, referred to as “HPV18-associated DEGs.” In this way, the analysis performed with DEGs that occurred in at least 60% of all datasets.
Overrepresentation analyses were performed using ConsensusPathDB (Kamburov et al., 2013) to determine pathways hijacked by HPV16- and HPV18-associated DEGs. KEGG database resources provided by ConsensusPathDB were preferred in the analysis. p-values were determined via Fisher’s Exact Test, and FDR was applied to control p-values. For overrepresentation analyses, an adjusted p-value < 0.05 was considered statistically significant.
Signature-Based Drug Repurposing
To reveal the correlations of gene signatures of drugs, the database CLUE (Subramanian et al., 2017) was used. HPV16- and HPV18-associated DEGs were used as queries and analyzed individually. We filtered our DEG data because we have more than 150 genes as queries, and there is a size limit of 10–150 genes in the CLUE database. For this purpose, we ordered the DEGs according to their fold-change and determined the first 150 genes with the lowest fold-change and the 150 genes with the highest fold-change and used them as down-regulated and up-regulated genes as queries, respectively. For a given query set pair, the database CLUE assigns connectivity scores to the perturbations in the form of Kolmogorov-Smirnov statistics and random permutation tests. The connectivity score ranges from −100 to +100, and the negative score indicates an inverse pattern, meaning that genes that were increased as a result of perturbation treatment are genes that were decreased in the query. By default, drugs with -90 connectivity scores were considered significant.
Network-Based Drug Repositioning
A web-based transcriptome-driven drug repositioning application tool, geneXpharma (Turanli et al., 2017), was used for network-based drug repositioning analyses. The tool contains gene-drug interactions (obtained from Drug Gene Interaction Database) and gene-disease libraries. The gene-disease library was created by analyzing 118 different transcriptome datasets (corresponding to different 48 diseases) DEGs. Consequently, this tool provides the association of the drug to a DEG (disease dataset) considering hypergeometric distribution function. The gene-drug association library in geneXpharma contains 50,304 gene-drug interactions involving 4344 genes and 11,939 drugs. In network-based drug repositioning analyses, we used HPV16- and HPV18-associated DEGs individually as queries and identified whether the disease and drug candidates interacted with our DEG query lists. We considered drug candidates significant with a hypergeometric p-value < 0.01.
Determination of Anti-Inflammatory Associated Drugs
Anti-inflammatory drugs were identified through an anatomical therapeutic chemical (ATC) classification system and a literature review. Drugs with ATC codes M01A (anti-inflammatory and anti-rheumatic products, non-steroids), H02AB (corticosteroids for systemic use, plain) and N02BA (salicylic acid and derivatives) were selected as anti-inflammatory drugs and obtained from the DrugBank resource (version 5.1.7) (Wishart et al., 2006). The drugs that also have anti-inflammatory activity and have already been reported in the literature were also included in the study. Thus, a total of 127 anti-inflammatory drugs were found.
Reconstruction and Analysis of Protein-Protein Interaction Networks
The human protein interactome was derived from a previously published study (Cheng et al., 2019) containing 243,603 experimentally confirmed protein-protein interactions (PPIs) among 16,677 unique proteins from five data sources. PPI networks were represented as undirected graphs, with nodes representing proteins and edges representing interactions between proteins. PPI networks were reconstructed individually for HPV16- and HPV18-associated DEGs with their first neighbors and visualized using Cytoscape (v3.5.0) (Shannon et al., 2003). To determine hub proteins (i.e., central proteins), topological analyzes were performed using the Cytohubba plugin (Chin et al., 2014). The degree of a node, representing the number of edges connected to the node, was determined. The top 3% of nodes, ranked by highest degree, were considered hub proteins. The hub proteins that were DEG at the same time were further analyzed.
Determination of Inflammatory Associated Hubs
To identify the inflammation-associated hub DEGs, we first specified proteins previously associated with inflammation. To this end, proteins classified in the inflammatory response process (GO: 0006954) were screened in QuickGO, a web-based tool for searching Gene Ontology annotations (version 2021-01-08) (Binns et al., 2009). In addition, we screened for inflammation-associated proteins using the keyword “inflammation” in the UniProt portal (The UniProt Consortium, 2019). Thus, a total of 1215 inflammation-associated proteins were found. The culminated hubs were integrated with the generated list of inflammation-associated proteins, and inflammation-associated hub DEGs were identified.
Molecular Docking Simulations
The three-dimensional (3D) crystal structure of the target proteins (i.e, inflammation-associated hubs) was taken from Protein Data Bank (PDB) (Berman et al., 2002) when available. The structures of the anti-inflammatory drug candidates were obtained from the PubChem database (Kim et al., 2019). Molecular docking analyses were performed using AutoDock Vina software (Trott and Olson, 2010). In the analyses, previously known binding residues of target proteins were used for docking drug candidates. Binding affinities (kcal/mol) were reported to determine binding significance after molecular docking. In addition, known target protein inhibitors from the literature were sought as positive controls, and molecular docking simulations were also used for these inhibitors.
RESULTS
Identification of Differentially Expressed Genes
As a result of the analysis, thousands of individual DEGs were identified according to the criteria we established (adjusted p-value <0.05 and log2FC >|0.58|). The expression patterns (up- or down-regulation) of the culminated DEGs for five HPV16 transcriptome datasets were numerically almost identical. Namely, a total of 51% of DEGs were up-regulated. In addition, the expression patterns of the culminated DEGs for HPV18 tended to be up-regulated (56%).
The resulting DEGs were comparatively analyzed considering their subtypes (i.e. HPV16 or HPV18). Further analyses were performed for HPV16 DEGs culminating in at least three datasets, referred to as “HPV16-associated DEGs” and for HPV18 DEGs common in at least two datasets, referred to as “HPV18-associated DEGs”. A total of 1289 (525 down- and 764 up-regulated) HPV16-associated DEGs and 1167 (401 down- and 766 up-regulated) HPV18-associated DEGs were identified (Figures 2A,B). In addition, 163 down-regulated and 398 up-regulated genes culminated between the HPV16- and HPV18-associated DEGs (Figure 2C).
[image: Figure 2]FIGURE 2 | The distribution of differentially expressed genes (DEGs) in the cervical cancer transcriptome datasets. (A) The upset plots represent DEGs in the transcriptome datasets that compromised HPV16 cervical cancer samples. (B) The upset plots represent DEGs in the transcriptome datasets that compromised HPV18 cervical cancer samples. (C) The diagrams represent the common DEGs in the HPV16- and HPV18 transcriptome datasets.
Overrepresentation analyses were performed to gain further biological insight into HPV16- and HPV18-associated DEGs. Both HPV16- and HPV18-associated DEGs were enriched in vital processes such as cell cycle, DNA replication, cellular senescence, p53 signaling pathway, and apoptosis. Furthermore, they are associated with infectious and infection-associated disease pathways, including human T-cell leukaemia virus 1 infection, Epstein-Barr virus infection, measles, HPV infection, influenza A, and viral carcinogenesis. In addition to cancer pathways, including colorectal cancer, bladder cancer, breast cancer, gastric cancer, pancreatic cancer, hepatocellular carcinoma, and infections such as hepatitis B/C and Kaposi’s sarcoma-associated herpesvirus infection were specific pathways for HPV16-associated DEGs. HPV18-associated DEGs were specifically enriched with pathways such as focal adhesion, pathogenic E. coli infection, and ECM-receptor interaction (Figures 3A,B).
[image: Figure 3]FIGURE 3 | The pathway overrepresentation analysis of HPV16- and HPV18-associated differentially expressed genes (DEGs). (A) A plot representing overrepresentation analysis of HPV16- associated DEGs. (B) A plot representing overrepresentation analysis of HPV18- associated DEGs.
Drug Repurposing With Two Different Strategies
To investigate the applicability of anti-inflammatory drug therapies specific to subtypes of cervical cancer (HPV16 and HPV18), a drug repurposing analysis was performed using two different strategies (i.e., signature-based and network-based).
First, transcriptomic gene signatures corresponding to HPV16- and HPV18-associated DEGs were used as input to query the CLUE database (Subramanian et al., 2017) to assess drug-induced expression profiles. Drugs with a connectivity score < −90 were considered significant in the following analysis. A total of 79 drug candidates were identified for the HPV16 subtype (Supplementary Table S1). Among them, seven drugs were defined as anti-inflammatory associated drugs when integrated into our list of anti-inflammatory drugs. In addition, by using HPV18-associated DEGs as input, a total of 60 drug candidates were specified (Supplementary Table S2), of which five drugs were available as anti-inflammatory drugs. Ultimately, 3 anti-inflammatory associated drugs (BMS-345541, Celastrol—also known as Triptin - and Simvastatin) were found in two HPV subtypes according to their connectivity score significance. Additionally, 4 (AS -601245, auranofin, narciclasin, and triptolide) and 2 (daphnetin and parthenolide) anti-inflammatory drugs were found to be specific to HPV16 and HPV18 subtypes, respectively (Figure 4A).
[image: Figure 4]FIGURE 4 | The candidate drug targets that were revealed based on two different drug repurposing strategies (i.e. signature based and network based strategy). (A) The bubble plot indicates the drugs that resulted according to the signature-based drug repurposing strategy. (B) The bubble plot indicates the drugs that resulted according to network-based drug repurposing strategy. The drugs colored in black mean that the culminated drugs have not been associated with HPV16 or HPV18 subtypes of cervical cancer previously and novel. The drugs colored in blue, green, and purple means the culminated drugs have been associated with HPV16, HPV18 and with both subtypes of cervical cancer previously.
As a second strategy, the transcriptome-guided drug repositioning tool, geneXpharma (Turanli et al., 2017), was applied to evaluate whether the diseases and drugs interacting with our DEG query list were specific to our studied two HPV subtypes. The tool assigns a hypergeometric p-value to each drug, and drugs with a hypergeometric p-value < 0.01 were accepted as significant in the analysis. As a result, we found a total of 611 different drugs for the HPV 16 subtype (Supplementary Table S3), of which 11 had an anti-inflammatory origin. Moreover, out of 254 drug candidates for the HPV18 subtype (Supplementary Table S4), 9 drug candidates belonged to the anti-inflammatory class. Overall, anti-inflammatory drugs such as aldosterone, etodolac, hydrocortisone, meloxicam and prednisolone culminated into two different subtypes. Betamethasone, diclofenac, esomeprazole, flurbiprofen, methylprednisolone, and rabeprazole specifically induced the only HPV16 subtype, whereas nimesulide, phenylbutazone, sulindac, and tiaprofenic acid specifically induced the only HPV18 subtype (Figure 4B).
Following the two strategies employed, we manually reviewed the listed candidate anti-inflammatory drugs in PubMed to determine if the drugs had been previously associated with cervical cancer. The literature review showed that some drugs have been previously associated with cervical cancer. The drugs auranofin (You et al., 2015), celastrol (Hu et al., 2013), diclofenac (Al-Nimer et al., 2015), esomeprazole (Jumaa et al., 2020), meloxicam (Dyakova et al., 2015), parthenolide (Jeyamohan et al., 2016) and sulindac (Karl et al., 2007) were previously associated with cervical cancer HPV18 subtype. Triptolide (Qin et al., 2018) was associated with the HPV16 subtype, and drugs such as nimesulide (Soriano-Hernandez et al., 2015) and simvastatin (Pan et al., 2020) were previously associated with both cervical cancer subtypes. We considered these results as positive controls for subsequent analyzes. The remaining 6 anti-inflammatory drugs for the HPV16 subtype, 2 anti-inflammatory drugs for the HPV18 subtype, and 5 anti-inflammatory drug candidates for both subtypes were novel candidates. Therefore, they were considered as candidate drugs and analyzed further (Figure 4).
Reconstruction of Protein-Protein Interaction Networks and Discovery of Inflammatory Associated Hubs
The study of diseases using PPI networks contributes to elucidating interrelationships between proteins and is crucial for uncovering new insights into pathogenesis. Since hubs organize the global structure of the network and play a central role, they represent potential drug candidates. In this study, we first reconstructed PPI interactions to uncover target candidates. The reconstructed PPI interaction network around HPV16-associated DEGs consisted of 10360 nodes with 50519 edges, while the interaction network in HPV18-associated DEGs consisted of 12379 nodes with 57331 edges (Figures 5A,B). After reconstructing the interaction network, the degree of nodes in the networks was determined. A total of 257 hubs and 306 hubs that were simultaneously DEG were found for HPV16 and HPV18 subtypes, respectively. The DEG hubs were integrated with the constructed list of inflammation-associated proteins, and it was found that of the 257 hub DEGs, 24 were associated with inflammation and of the 306 hub DEGs, 27 were associated with inflammation (Figures 5C,D). The culminated inflammation-associated hub DEGs were considered as anti-inflammatory drug targets and further analyzed with docking simulations.
[image: Figure 5]FIGURE 5 | The reconstructed protein-protein interaction (PPI) network around the HPV16- and HPV18-associated differentially expressed genes (DEGs) and inflammatory-associated hub DEGs. (A) The reconstructed PPI network around HPV16-associated DEGs (B) The reconstructed PPI network around HPV16-associated DEGs (C) The anti-inflammatory and HPV16 associated hub DEGs which colored according to degree score significance (D) The anti-inflammatory and HPV18 associated hub DEGs which colored according to degree score significance.
Molecular Docking Simulations
Molecular docking simulates the binding affinity of a drug in the 3D structure of a drug target. Overall, we performed molecular docking simulations to evaluate whether the candidate anti-inflammatory drugs target inflammation-associated hub DEGs. To this end, we first screened the 3D structure of inflammation-associated hub DEGs and found the suitable 3D structures for 15 out of 38 targets. In addition, the 3D structure for each drug candidate was determined from the corresponding database and included in the molecular docking simulations. To specify the significance of the docking score, we screened known inhibitors of the 15 targets and used them as positive controls (Supplementary Table S5). Following the literature search, we found inhibitors for 13 of the 15 targets and performed docking simulations for them as well. As a result of the molecular docking simulations, we identified the following drugs AS -601245 (targets CDK2, DHX9, and ELAV1), betamethasone, narciclasin (all 3 drugs target CDK2 and ELAV1), and methylprednisolone (targets CDK2) as HPV16 subtype-specific novel anti-inflammatory drug candidates. The drugs, including daphnetin, phenylbutazone, and tiaprofenoic acid, all targeting the inflammation-associated protein HMGB1, were found to be specific for the HPV18 subtype. Finally, the anti-inflammatory drugs aldosterone (targets AIM2, ESR1 and ICAM1), BMS-345541 (targets ESR1), etodolac (targets ESR1 and LYN), hydrocortisone (targets AIM2, BCL6, ESR1, ICAM1, and LYN), and prednisolone (targets AIM2, BCL6, ESR1, ICAM1, and LYN) yielded significant and novel results for both HPV16 and HPV18 subtypes (Figure 6).
[image: Figure 6]FIGURE 6 | The heatmap indicates the docking scores of the repurposed drugs. Only values with a lower docking score than the drug’s inhibitor are represented. The drugs colored in blue, green, and purple means the culminated drugs have been associated with HPV16, HPV18, HPV16, and 18 subtypes of cervical cancer previously.
DISCUSSION
Cervical cancer is one of the leading causes of death in women, and yet the treatment strategies used have not been adequate and specific for cervical cancer. Therefore, these results clearly demonstrate the need to develop more effective prevention and/or treatment strategies. In this study, we proposed new anti-inflammatory drugs for HPV16 and HPV18 subtypes of cervical cancer that simultaneously target inflammation-associated hub DEGs. In addition, we also found drugs that were already associated with the subtypes we studied, further strengthening our confidence in our observations.
Our approach differs from previous drug repositioning studies. To our knowledge, this was the first study in the literature under three aspects: 1) the repositioned drugs and their targets were all associated with anti-inflammatory agents, 2) the drug repurposing approach was used with two different strategies, and 3) the differences between HPV16 and HPV18 subtypes were considered in the analysis.
Inflammation is linked to cancer and plays an important role in tumor growth and progression through epidemiological studies (Greten and Grivennikov, 2019). As a result, drug repositioning efforts focusing on inflammation and the chemicals involved in the inflammatory process are paying an attention for an effective cancer preventive and treatment method (Turanli et al., 2018). Several clinical investigations have indicated that anti-inflammatory medicines, such as non-steroidal anti-inflammatory drugs (NSAIDs), can disrupt the tumor microenvironment by slowing cell migration, boosting apoptosis, and improving chemosensitivity (Zappavigna et al., 2020). Due to the link between inflammation and cancer, repositioning known anti-inflammatory medicines used in cancer therapy and their mechanisms of action, as well as the usage of novel anti-inflammatory compounds with anticancer efficacy become more promising for the cancers triggered by persistent infections.
As persistent infections and/or chronic inflammation are the main reasons for cancer development, persistent HPV infection with high risk is undoubtedly crucial for cervical cancer progression. In addition to persistent infection, studies have clearly shown that long-term chronic inflammation contributes to the development of cervical cancer (Fernandes et al., 2015). Given all these information, it is reasonable to assume that preventing inflammation may be a beneficial approach to the prevention and/or treatment of cervical cancer.
The main indications for anti-inflammatory drugs are fever, pain, and inflammation. However, many anti-inflammatory drugs have properties similar to neoplastic agents in that they promote apoptosis, inhibit angiogenesis, and enhance the immune response (Wong, 2019). Therefore, the use of anti-inflammatory drugs in cervical cancer is like “killing two birds with one stone.” They have both anti-inflammatory and anti-cancer effects in the treatment of cervical cancer. Therefore, this is the main reason for choosing anti-inflammatory drugs and targets as targets in this study.
According to GLOBOCAN data on cervical cancer, low-income countries have higher mortality and higher incidence (Sung et al., 2021). Cervical cancer is the most common disease among women in developing countries such as Africa, Asia, and South America, which could be due to lack of screening programs, insufficient funding, and inadequate access to health care or even anti-vaccination campaigns. The prevalence of cervical cancer in developed countries has declined thanks to improved health care and widespread availability of preventive HPV vaccines, which is an important step in preventing HPV-related malignancies. On the other hand, prophylactic vaccines have proven useful only in healthy individuals and cannot treat or prevent an infection that has already broken out. Recurrence is possible with current treatments such as surgical resection, radiation, or chemotherapy, which do not specifically target the carcinogenic properties of HPV. In addition, most of these procedures can damage normal tissues and have potential adverse effects, such as bleeding, which can make patients uncomfortable and affect quality of life. This is another reason to focus on HPV-related carcinogenesis, which can be treated with anti-inflammatory drugs that are cheap, easy to obtain, and associated with tolerable side effects (Gomes et al., 2021).
We used gene signature and network-based drug repurposing strategies to identify drug candidates. The typical starting point of both strategies was gene signatures derived from cervical cancer transcriptomic data. When repositioning drugs based on gene signatures, we used the effect of reverse expression of the disease state, as in many studies (Turanli et al., 2019; Beklen et al., 2020). However, we also reconstructed combinations of gene signature and disease state in network-based drug repurposing. We anticipate that by combining both strategies, reliable candidates can be found for further experimental studies.
Although HPV16 and HPV18 are the two viruses responsible for most cases of cervical cancer, they represent different HPV subtypes. The HPV subtypes may have different biological mechanisms and affect cancer progression differently. This natural variability of cancer promotes the development of personalized medicine. The password of personalized medicine stands for the right drug, for the right patient, at the right time, and at the right dose (Sadeè and Dai, 2005). Although the HPV16 and HPV18 is the most encountered subtypes of the cervical cancer we focus on these two subtypes and offer drugs that special for these two subtypes. Besides, we proposed drug candidates that can be useful for both sub-types considering the underdeveloped countries where such HPV typing is not routinely performed. Based on our analysis, we identified promising drug candidates for the treatment of cervical cancer subtypes and proposed candidates for further experimental studies. By integrating transcriptome datasets with 2 different drug repurposing strategies, we identified 4 novel anti-inflammatory HPV16-specific drug candidates (AS -601245, betamethasone, narciclin, and methylciclin) and validated narciclasin and methylprednisolone by in silico analysis. We also identified 3 new HPV18-specific drug candidates (daphnetin, phenylbutazone, and tiaprofenic acid) and 5 drug candidates (aldosterone, BMS-345541, etodolac, hydrocortisone, and prednisolone) for the treatment of both subtypes. These five candidate drugs can be highlighted particularly for underdeveloped countries where cervical cancer is very common and subtyping is not routinely done. We reported valuable data for further experimental and clinical efforts, as the proposed anti-inflammatory drug candidates can be used as therapeutics for the prevention and/or treatment of cervical cancer. The major limitation of the study is the lack of experimental validations of the identified anti-inflammatory drugs on the cervical cancer tissue samples or cell lines. Future in vitro studies need to be performed to investigate the effects of the identified drug candidates on cell viability, proliferation, and migration. Moreover, the mechanism of action of these molecules needs to be studied experimentally to elucidate their effects on important molecular signaling pathways such as cell death and cell replication. In addition, the proposed drug candidates can not only be considered as single agent candidates, but can also be used in combination, so that the effect of combination therapy can also be validated by in vitro studies.
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Objective: Ferroptosis is a type of iron-dependent necrosis related to cancer. Nevertheless, the features of ferroptosis in gastric cancer (GC) remain poorly understood. This study conducted a systematic analysis of ferroptosis regulators in GC.
Methods: We gathered five GC cohorts, namely, TCGA-STAD, GSE84437, GSE62254, GSE26901, and GSE15459. Unsupervised clustering analysis was adopted to cluster GC patients into different ferroptosis subtypes based on ferroptosis regulators. Immune cell infiltration and hallmark pathway activity were estimated via ssGSEA. The ferroptosis index was developed with the PCA computational method. Response to chemotherapy agents and small molecular compounds was inferred via GDSC, CTRP, and PRISM projects. Two anti-PD-1 therapy cohorts were gathered and the potential of FPI in predicting immune response was assessed.
Results: Expression profiles, genetic mutations, DNA methylation, prognostic implications, and drug sensitivity of ferroptosis regulators were characterized in GC. Three ferroptosis subtypes were clustered with distinct prognosis, hallmark pathway activity, and tumor-infiltrating immune cells. Ferroptosis levels were quantified based on the expression of prognostic ferroptosis-related signatures. The significant relationships between FPI and clinicopathological characteristics were observed. Furthermore, high FPI was in relation to poor prognosis, inflamed tumor microenvironment (TME) as well as high sensitivity to chemotherapy agents (docetaxel and cisplatin), and CTRP- and PRISM-derived compounds. Also, FPI acted as a promising predictor of immune response.
Conclusion: Collectively, our findings identified a novel ferroptosis-based subtype classification of GC, and revealed the potential of ferroptosis in forming TME diversity and complexity, and guiding individualized treatment.
Keywords: gastric cancer, ferroptosis, prognosis, tumor microenvironment, immune checkpoint blockade, drug sensitivity
INTRODUCTION
Gastric cancer (GC) represents a major malignant tumor globally, which ranks the fifth in cancer incidence and the third major cause of cancer-relevant deaths (Bray et al., 2018). As estimated, the 5-year survival rate is <20% (Cavatorta et al., 2018). GC exhibits distinct molecular heterogeneity with aggressive behaviors as well as therapy resistance (Yan et al., 2018). The conventional system for predicting survival outcomes, like histological grade and tumor staging, is of difficulty to cover the clinical diversity of GC (Shao et al., 2016). Hence, it is of urgency to discover more effective biomarkers for early diagnosis, therapy, and prognostic evaluation (Wang et al., 2021).
Ferroptosis has been described as an iron-dependent necrosis modulated by lipid peroxidation (Niu et al., 2022). Under the normal condition, polyunsaturated fatty acid is often oxidized by lipoxygenase like 12/15-lipoxygenase but instantly decreased by enzyme GPX4 as well as its cofactor GSH (Lee et al., 2020). Nevertheless, when GPX4 is suppressed or GSH is exhausted, lipid peroxide accumulates in cells, inducing lipid peroxidation-mediated cell deaths, named ferroptosis. Unlike apoptosis or necroptosis, ferroptosis does not depend on caspase or RIPK1 kinase activation. Recently, several studies have proposed the key roles of ferroptosis in modulating tumor development and drug resistance in GC. Stimulation of ferroptosis has been a promising strategy for treating GC (Liu et al., 2021). For instance, cancer-associated fibroblasts secreted micro-522, inhibits ferroptosis, and induces acquired chemotherapy resistance in GC (Zhang et al., 2020). Tanshinone IIA enhances ferroptosis in GC cells via p53-regulated SLC7A11 inactivation (Guan et al., 2020). Micro-375 weakens the stemness of GC cells via inducing ferroptosis (Ni et al., 2021). Nevertheless, the detailed features of ferroptosis in GC remain poorly understood. Herein, our study systematically analyzed ferroptosis regulators and characterized the potential of ferroptosis-based treatment in GC.
MATERIALS AND METHODS
Gastric Cancer Datasets and Preprocessing
Gene expression datasets of GC were systematically searched from the Cancer Genome Atlas (TCGA; https://cancergenome.nih.gov/) and the Gene Expression Omnibus (GEO; https://www.ncbi.nlm.nih.gov/geo/). In total, five GC datasets were gathered, namely, TCGA-STAD (n = 383), GSE84437 (n = 433) (Yoon et al., 2020), GSE62254 (n = 300) (Cristescu et al., 2015; Oh et al., 2018), GSE26901 (n = 109) (Oh et al., 2018), and GSE15459 (n = 192) (Lei et al., 2013). RNA-sequencing (RNA-seq) data of TCGA-STAD were retrieved from the Genomic Data Commons via TCGAbiolink package (Colaprico et al., 2016). RNA-seq data (FPKM value) were converted to TPM, resulting in a higher similarity to microarray data and higher compatibility between samples. The raw microarray data from the GEO repository were generated by Illumina and Affymetrix platforms. The raw data from Illumina were preprocessed with lumi package (Du et al., 2008). The raw data from Affymetrix were adjusted by background and standardized by quartile via Affy package (Gautier et al., 2004). Removal of batch effects was presented with ComBat function of sva package (Leek et al., 2012). Clinical features of all eligible GC datasets are summarized in Supplementary Table S1. The somatic mutation and copy number variation of TCGA-STAD were downloaded from the Genomic Data Commons. In total, 60 ferroptosis regulators were gathered from published research (Supplementary Table S2). RCircos package was implemented to visualize the genomic structure and positional relationships between ferroptosis regulators (Zhang et al., 2013). Somatic mutation in Mutation Annotation Format (MAF) was visualized through maftools package (Mayakonda et al., 2018).
Functional Enrichment Analysis
Kyoto Encyclopedia of Genes and Genomes (KEGG) and Gene ontology (GO) enrichment analyses were carried out via clusterProfiler package (Yu et al., 2012). GO contained three categories: biological process, cellular component, and molecular function. The hallmark gene sets were acquired from the MSigDB database (http://software.broadinstitute.org/gsea/index.jsp) (Liberzon et al., 2015). Gene set variation analysis (GSVA) was carried out to infer the activation of hallmark pathways in GC specimens (Hänzelmann et al., 2013).
Assessment of Drug Sensitivity
The Genomics of Drug Sensitivity in Cancer (GDSC) database (www.cancerRxgene.org) may provide drug sensitivity data from nearly 75,000 experiments that describe responses to 138 anticancer agents across nearly 700 cancer cells (Yang et al., 2013). Spearman correlation analysis was conducted to calculate the correlation between drug sensitivity and ferroptosis regulators.
Tumor Microenvironment Immune-Infiltrating Analysis
Marker genes of infiltrating immune cells were gathered from the study by Bindea et al. (2013). The single sample gene set enrichment analysis (ssGSEA) method was utilized for quantifying the relative abundance of 28 immune cell types in GC specimens with GSVA package based on the reference transcriptomic data (Hänzelmann et al., 2013). The enrichment score was determined to indicate the relative abundance of each tumor-infiltrating immune cell.
Unsupervised Clustering Analysis of Ferroptosis Regulators
Ferroptosis regulators were extracted from the five integrated datasets to identify distinct ferroptosis subtypes modulated by ferroptosis regulators. ConsensuClusterPlus package was implemented to estimate the number of unsupervised classes in the meta-cohort (Wilkerson and Hayes, 2010). The analysis was repeated 50 times to guarantee the reliability of clustering. The accuracy of clustering was verified via the t-distributed stochastic neighbor embedding (t-SNE) method according to the mRNA expression of ferroptosis regulators.
Development of Ferroptosis Index
By adopting limma package, differential expression analysis was presented between three ferroptosis subtypes (Ritchie et al., 2015). Genes with adjusted p < 0.05 were retained, and shared differentially expressed genes (DEGs) were identified through a Venn diagram (Chen and Boutros, 2011). ConsensuClusterPlus package was applied for defining the number of genomic clustering based on the expression of shared DEGs. Univariate cox regression models were established to analyze the correlation between shared DEGs and GC prognosis. FPI was calculated via principal component analysis (PCA) based on the prognostic shared DEGs. Principal components (PC) 1 and 2 were extracted for defining FPI in line with the following formula: FPI = ∑(PC1i + PC2i), where i represented prognostic shared DEGs.
Collection of Known Biological Signatures
This study gathered the gene sets of known biological signatures containing CD8 + T effector, DNA damage repair, pan-fibroblast TGF-β response signature (pan-F-TBRS), antigen-processing machinery, immune checkpoint, epithelial–mesenchymal transition (EMT1-3), FGFR3-related genes, angiogenesis, Fanconi anemia, cell cycle, DNA replication, nucleotide excision repair, homologous recombination, mismatch repair, WNT targets, cell cycle regulators, IFN-γ signatures, APM signaling, base excision repair, microRNAs in cancer, oocyte meiosis, p53 signaling pathway, progesterone-mediated oocyte maturation, proteasome, pyrimidine metabolism, spliceosome, and viral carcinogenesis (Rosenberg et al., 2016; Şenbabaoğlu et al., 2016; Mariathasan et al., 2018). Correlation between FPI score and these biological pathways was analyzed using the Spearman correlation test.
Evaluation of Immune Response
Response to immune checkpoint blockade (ICB) was evaluated via the tumor immune dysfunction and exclusion (TIDE) computational method in line with the study by Hoshida et al. (Jiang et al., 2018). This method was based on two main mechanisms of tumor immune evasion: inducing T-cell dysfunction in tumors with high infiltration levels of cytotoxic T lymphocytes (CTLs) and preventing T-cell infiltration in tumors with low infiltration levels of CTLs.
Collection of ICB Therapy Cohorts
This study gathered two ICB therapy cohorts: metastatic melanoma patients who received anti-PD-1 therapy from GSE78220 cohort (Hugo et al., 2016) and Liu et al. (2019). The mRNA expression data and follow-up information including survival time and therapeutic response [complete response (CR), partial response (PR), stable disease (SD), and progressive disease (PD)] were retrieved.
Sensitivity to Chemotherapeutic Agents
The sensitivity to two chemotherapeutic agents (docetaxel and cisplatin) was predicted in each GC specimen. The half-maximal inhibitory concentration (IC50) was determined utilizing ridge regression analysis through pRRophetic package (Geeleher et al., 2014).
Prediction of Potential Small-Molecular Compounds
This study retrieved drug sensitivity data of human cancer cell lines (CCLs) from the CTRP (https://portals.broadinstitute.org/ctrp) and PRISM (https://depmap.org/portal/prism/) projects. The area under the curves (AUCs) were utilized for evaluating response to each drug. The AUC value was inversely proportional to drug sensitivity. The mRNA expression profiling in the Cancer Cell Line Encyclopedia (CCLE) database (https://portals.broadinstitute.org/ccle/) was employed for CTRP and PRISM analyses (Ghandi et al., 2019).
Statistical Analyses
All statistical analyses were conducted with R (https://www.r-project.org/). Univariate Cox regression analysis was applied to assess the correlation between overall survival and ferroptosis regulators in GC patients with survival package. The Kaplan–Meier survival analysis was carried out utilizing survival and survminer packages. The Spearman correlation test was utilized for inferring the correlation between two parameters. Student’s t and Wilcoxon tests were adopted to compare the differences between two groups, while one-way ANOVA and Kruskal–Wallis tests were conducted to compare the differences between three or more groups. Two-sided p-values < 0.05 were considered statistically significant.
RESULTS
Landscape of Expression, Genetic Mutation, and DNA Methylation of Ferroptosis Regulators in Gastric Cancer
This study gathered 60 ferroptosis regulators and their roles were observed in GC. Figure 1A visualized the genomic position and relationships between ferroptosis regulators. First, we analyzed the mRNA expressional alterations of ferroptosis regulators in 32 normal and 375 GC tissues in the TCGA-STAD dataset. There was the expressional imbalance of ferroptosis regulators and most presented the distinct upregulation in GC compared to normal tissues (Figure 1B). We further ascertained whether the genetic variation affected the expression of ferroptosis regulators in GC. Among 261 GC specimens, we observed that TP53 displayed the highest mutation rate, followed by ACACA and ABCC1 (Figure 1C). Further analysis showed that CNV widely occurred in ferroptosis regulators and amplification was the major mutation type (Figure 1D). The Spearman correlation analysis also confirmed that amplification of CNV exhibited a positive correlation to mRNA expression in ferroptosis regulators across GC (Figure 1E). DNA methylation acts as the main epigenetic modification, which transcriptionally regulates gene expression. Herein, we observed that DNA methylation had negative association to mRNA expression in ferroptosis regulators (Figure 1F). Collectively, our findings were indicative that amplification of CNV and hypermethylation might prominently result in the overexpression of ferroptosis regulators in GC. The TCGA project has revealed four molecular subtypes of GC: Epstein–Barr virus (EBV), microsatellite instability (MSI), genomically stable (GS), and chromosomal instability (CIN) (Sohn et al., 2017). Among the four molecular subtypes, the expression of ferroptosis regulators showed wide heterogeneity (Figure 1G). Most ferroptosis regulators were upregulated in MSI but were downregulated in GS. According to MSI status, GS can be divided into MSI-high (MSI-H), MSI-low (MSI-L), and MSS. We observed that MSI-H tumors displayed the significant up-regulation of most ferroptosis regulators (Figure 1H). Moreover, we compared the expression of ferroptosis regulators in four DNA methylation-based subtypes: CIMP-high (CIMP-H), CIMP-low (CIMP-L), CIMP-EBV, and non-CIMP. As shown in Figure 1I, ferroptosis regulators exhibited relatively high expression in CIMP-L. We visualized the expression of a ferroptosis regulator (HMOX1) across different molecular subtypes (Figures 1J–L). The results showed that HMOX1 exhibited the highest expression in EBV and CIMP-EBV but did not have significant difference among different MSI subtypes.
[image: Figure 1]FIGURE 1 | Landscape of expression, genetic mutation, and DNA methylation of ferroptosis regulators in GC. (A) RCircos plots showing the genomic location and relationships among 60 ferroptosis regulators. (B) Heatmap visualizing the mRNA expression of ferroptosis regulators in 32 normal and 375 GC tissues in the TCGA-STAD dataset. Yellow, upregulation; blue, downregulation. *p < 0.05; ***p < 0.001; ****p < 0.0001. (C) Waterfall diagram for the genetic mutation of ferroptosis regulators across 261 GC specimens. The left indicated the mutation rate of each ferroptosis regulator. Each column represented each sample. Each mutation type was identified by a unique color. The upper indicated mutations per MB in each ferroptosis regulator. (D) Stacked diagram visualizing the frequency of CNV across GC specimens. Red, amplification; blue, deletion. (E) Spearman correlation between mRNA expression and CNV in ferroptosis regulators across GC samples. Red, positive correlation; blue, negative correlation. The size of the bubble was proportional to the correlation coefficient. (F) Spearman correlation between mRNA expression and DNA methylation in ferroptosis regulators across GC samples. Red, positive correlation; blue, negative correlation. The size of the bubble was proportional to the correlation coefficient. (G) Heatmap showing the mRNA expression of ferroptosis regulators among four molecular subtypes: CIN, EBV, GS, and MSI. (H) Heatmap visualizing the expression distribution of ferroptosis regulators among three MSI status-based subtypes: MSI-H, MSI-L, and MSS. (I) Heatmap for the mRNA expression of ferroptosis regulators among four DNA methylation-based subtypes: CIMP-H, CIMP-L, CIMP-EBV, and non-CIMP. (J–L) Distribution of the mRNA expression of HMOX1 across different subtypes, molecular subtypes, MSI status-based subtypes, and DNA methylation-based subtypes.
Biological Function, Prognostic Implication, and Immune Cell Infiltration Correlation of Ferroptosis Regulators in Gastric Cancer
Through clusterProfiler package, we evaluated the pathways involved in ferroptosis regulators. In Figure 2A, arachidonic acid metabolism, cysteine and methionine metabolism, and ferroptosis and glutathione metabolism were mainly enriched by ferroptosis regulators. GO enrichment analysis uncovered that ferroptosis regulators markedly participated in the fatty acid derivative metabolic process, glutathione metabolic process, response to oxidative stress, and sulfur compound metabolic process (Figure 2B). Cellular components including lipid droplet, mitochondrial outer membrane, organelle outer membrane, and outer membrane were primarily regulated by ferroptosis regulators (Figure 2C). In Figure 2D, ferroptosis regulators possessed the molecular functions of coenzyme binding, ligase activity, oxidoreductase activity, and acting on paired donors, with incorporation or reduction of molecular oxygen. Aforementioned data were indicative of the critical biological function of ferroptosis regulators in the occurrence and progression of GC. This study gathered and merged five GC datasets: TCGA-STAD, GSE84437, GSE62254, GSE26901, and GSE15459 (Figure 2E). Batch effects were corrected via ComBat function of sva package (Figure 2F). In the meta-cohort, univariate Cox regression analysis uncovered that 15 ferroptosis regulators, namely, CRYAB, HSPB1, GLS2, GOT1, FANCD2, CHAC1, PTGS2, ALOX15, ACO1, NFS1, CD44, GPX4, TFRC, TP53, and FADS2 exhibited significant correlations to GC prognosis (Figure 2G; Supplementary Figure S1). Drug sensitivity was also estimated in GC specimens via the GDSC database. As shown in the Spearman correlation analysis, ferroptosis regulators were significantly correlated to the sensitivity to NSC-207895, QL-X-138, QL-XII-61, foretinib, MP470, OSI-027, (5Z)-7-oxozeaenol, piperlongumine, phenformin, AZD7762, dabrafenib, PLX4720, SB590885, YK 4-279, bosutinib, cytarabine, PD-0332991, HG-6-64-1, A-770041, saracatinib, erlotinib, gefitinib, RO-3306, AS601245, WH-4-023, XAV939, and dasatinib across GC samples (Figure 2H). Using the ssGSEA method, we inferred the enrichment score of 28 immune cells. As depicted in Figure 2I, ferroptosis regulators displayed distinct associations with TME immune infiltration, indicative of the interactions between ferroptosis and tumor immunity in GC. Among them, high HMOX1 expression was in relation to increased infiltration levels of tumor-infiltrating immune cells across GC (Figure 2J).
[image: Figure 2]FIGURE 2 | Biological function, prognostic implication, and immune cell infiltration correlation of ferroptosis regulators in the GC meta-cohort. (A) KEGG pathways involved in ferroptosis regulators. (B–D) Biological processes, cellular components, and molecular functions enriched by ferroptosis regulators. (E) Integration of the mRNA expression data of five GC datasets: TCGA-STAD, GSE84437, GSE62254, GSE26901, and GSE15459. (F) Removal of batch effects. (G) Forest plot showing the association between ferroptosis regulators and GC prognosis through univariate Cox regression models. (H) Spearman correlation analysis between ferroptosis regulators and drug sensitivity via the GDSC database. Red, positive correlation; blue, negative correlation. The size of the bubble was proportional to the correlation coefficient. (I) Spearman correlation analysis between ferroptosis regulators and tumor-infiltrating immune cells by ssGSEA method. Red, positive correlation; blue, negative correlation. (J) Comparisons of enrichment scores of tumor-infiltrating immune cells in high and low HMOX1 expression GC samples. *p < 0.05; **p < 0.01; and ***p < 0.001.
Establishment of Three Ferroptosis Regulator-Mediated Subtypes With Different Prognosis and Tumor Microenvironment Immune Infiltration
This study applied the ConsensusClusterPlus computational method to classify GC patients in the meta-cohort into three ferroptosis subtypes according to the expression profiling of 60 ferroptosis regulators (Figure 3A). Cumulative distribution function (CDF) was employed to identify the k value at which the distribution reached an approximate maximum that indicated a maximum stability (Figure 3B). Delta area plot showed that when k = 3, the area under the curve only slightly increased (Figure 3C). Furthermore, the item tracking plot showed the consensus clustering of items at different k values (Figure 3D). Collectively, GC patients were clustered into three ferroptosis subtypes with high stability, namely, as ferroptosis subtype A, B, and C. The t-SNE plots confirmed the difference among three ferroptosis subtypes according to the mRNA expression of ferroptosis regulators (Figure 3E). Survival analysis uncovered that ferroptosis subtype B possessed the worst survival outcomes, while ferroptosis subtype C had the significant survival advantage (Figure 3F). In Figure 3G, we observed that most ferroptosis regulators were distinctly downregulated in ferroptosis subtype B. The activity of hallmark pathways was estimated via the ssGSEA computational method. Carcinogenic pathways including KRAS signaling, hypoxia, Notch signaling, and hedgehog signaling were markedly activated in ferroptosis subtype B, indicative of the poor prognosis (Figure 3H). Moreover, stromal activation pathways including epithelial–mesenchymal transition, angiogenesis, and TGF-β signaling, as well as immune activation pathways including allograft rejection, interferon γ response, IL2-STAT5 signaling, complement, inflammatory response, and IL6-JAK-STAT3 signaling displayed significant upregulation in ferroptosis subtype B. Tumor-infiltrating immune cells were then quantified. In Figures 3I,J, we observed that ferroptosis subtype B displayed high infiltration levels of innate immune cells (such as natural killer cells, macrophages, eosinophils, mast cells, MDSCs, and plasmacytoid dendritic cells) and adaptive immune cells (such as effector memory CD4+ T cells, activated B cells, activated CD8+ T cells, effector memory CD8+ T cells, central memory CD8+ T cells, and central memory CD4+ T cells).
[image: Figure 3]FIGURE 3 | Establishment of three ferroptosis regulator-mediated subtypes with different prognosis and TME immune infiltration in the GC meta-cohort. (A) Consensus matrix when k = 3. (B) Empirical CDF plots displaying the consensus distribution corresponding to each k. (C) Delta area diagram visualizing the relative change in area under CDF curve at different k. (D) Item tracking plot showing the consensus clustering of items (in column) at each k value (in row). (E) The t-SNE plots verifying the difference among three ferroptosis subtypes according to the mRNA expression of ferroptosis regulators. (F) Survival analysis for GC patients in three ferroptosis subtypes. (G) Heatmap showing the mRNA expression of ferroptosis regulators in three ferroptosis subtypes. Yellow, up-regulation; blue, down-regulation. (H) Heatmap for the activity of the 50 hallmark pathways in three ferroptosis subtypes. Yellow, up-regulation; blue, down-regulation. (I) Heatmap visualizing the infiltration levels of tumor-infiltrating immune cells in three ferroptosis subtypes. (J) Comparison of the infiltration levels of tumor-infiltrating immune cells in three ferroptosis subtypes. **p < 0.01; ***p < 0.001.
Identification of Three Ferroptosis Genomic Subtypes Characterized by Different Prognosis and Tumor Microenvironment Features
In total, 74 shared DEGs were identified among three ferroptosis subtypes (Figure 4A; Supplementary Table S3). Figure 4B depicts the difference in mRNA expression of these shared DEGs between ferroptosis subtypes. GO annotation analysis uncovered that these shared DEGs were distinctly involved in mediating stromal activation-related processes (like regulation of epithelial cell and epithelial cell proliferation) and immune-relevant processes (like positive regulation of cytokine secretion, regulation of cytokine secretion, and cytokine secretion; Figure 4C). By unsupervised clustering analysis, we established three ferroptosis genomic subtypes across GC patients in the meta-cohort, namely, ferroptosis genomic subtype A–C (Figures 4D–G). In Figure 4H, ferroptosis genomic subtype C exhibited the poorest prognosis, whereas ferroptosis genomic subtype A possessed the most favorable prognosis. Furthermore, we observed that ferroptosis genomic subtype C had the high infiltration levels of innate immune cells (like natural killer cells, macrophages, eosinophils, mast cells, MDSCs, and plasmacytoid dendritic cells; Figure 4I). In Figure 4J, ferroptosis genomic subtype C had the highest expression of immune checkpoints BTLA, CD200, CD200R1, CD28, CD40LG, CD44, CD48, LAIR1, NRP1, PDCD1LG2, TNFRSF14, TNFRSF18, and TNFRSF8; ferroptosis genomic subtype B exhibited the highest expression of CD160, CD27, HHLA2, ICOSLG, KIR3DL1, LGALS9, TMIGD2, TNFSF14, and VTCN1; ferroptosis genomic subtype A displayed the highest expression of CD274, CD276, CD70, CD80, TNFRSF25, TNFRSF9, and TNFSF9.
[image: Figure 4]FIGURE 4 | Identification of three ferroptosis genomic subtypes characterized by different prognosis and TME features in the GC meta-cohort. (A) Shared DEGs between three ferroptosis subtypes. (B) Heatmap showing the mRNA expression of the shared DEGs in each ferroptosis subtype. Yellow, up-regulation; blue, down-regulation. (C) GO annotation results of the shared DEGs. (D) Consensus matrix when k = 3. (E) Empirical CDF plots displaying the consensus distribution corresponding to each k. (F) Delta area diagram visualizing the relative change in area under CDF curve at different k. (G) Item tracking plot showing the consensus clustering of items (in column) at each k value (in row). (H) Survival analysis of GC patients in three ferroptosis genomic subtypes. (I) Comparison of the relative abundance of tumor-infiltrating immune cells among three ferroptosis genomic subtypes. (J) Comparison of the mRNA expression of immune checkpoints among three ferroptosis genomic subtypes. *p < 0.05; **p < 0.01; ***p < 0.001.
Development of Ferroptosis Index Score and Evaluation of Its Relevant Clinical Features
As shown in univariate Cox regression models, 22 shared DEGs were in relation to GC prognosis (Table 1). Using the PCA computational method, we developed an FPI score to quantify ferroptosis subtypes following the expression of the prognosis-related shared DEGs. High FPI was indicative of unfavorable clinical outcomes in comparison to the low FPI score (Figure 5A). Sankey diagram visualized the interactions among ferroptosis subtypes, ferroptosis genomic subtypes, FPI, and survival status (Figure 5B). The clinical implications of FPI were evaluated in depth. In Figure 5C, patients aged <65 years had a higher FPI score than those aged ≥65 years. No significant difference was investigated between female and male patients (Figure 5D). For grade, G3 exhibited the highest FPI score (Figure 5E). Stages II–IV had higher FPI scores than stage I (Figure 5F). These indicated that FPI score might predict the severity of GC. Among four molecular subtypes, GS subtype displayed the highest FPI score (Figure 5G). For MSI status, MSS subtype exhibited the highest FPI score (Figure 5H). Furthermore, among DNA methylation-based subtypes, non-CIMP had the highest FPI score (Figure 5I).
TABLE 1 | Identification of 22 prognosis-related shared DEGs in GC through univariate Cox regression models.
[image: Table 1][image: Figure 5]FIGURE 5 | Development of FPI score and evaluation of its relevant clinical features in the meta-cohort. (A) Survival analysis of GC patients in high and low FPI groups. (B) Sankey diagram showing the interactions among ferroptosis subtypes, ferroptosis genomic subtypes, FPI, and survival status. (C–F) Comparison of FPI score in different clinical features, including age (age<65 years vs. age≥65 years), gender (female vs. male), grade (G1 vs. G2 vs. G3), and stage (stage I vs. stage II vs. stage III vs. stage IV). (G–I) Comparison of the FPI score in different subtypes, including molecular subtypes (MSI, CIN, GS, and EBV), MSI status-based subtypes (MSI-H, MSS, and MSI-L), and DNA methylation-based subtypes (CIMP-H, CIMP-L, CIMP-EBV, and non-CIMP).
Association Between Ferroptosis Index Score and Tumor Immunity
Further analysis uncovered that high FPI samples exhibited high infiltration levels of innate immune cells (such as natural killer cells, macrophages, eosinophils, mast cells, MDSCs, and plasmacytoid dendritic cells) and adaptive immune cells (such as effector memory CD4+ T cells, activated B cells, activated CD8+ T cells, effector memory CD8+ T cells, central memory CD8+ T cells, and central memory CD4+ T cells; Figure 6A). Most immune checkpoints had increased mRNA expression in patients with a high FPI score including CD40LG, CD40, BTLA, CD200R1, TNFSF14, CD27, LAIR1, CD28, HAVCR2, CD86, PDCD1LG2, TNFSF4, CD48, CD44, CD200, and NRP1 (Figure 6B). Meanwhile, HHLA2, LGALS9, TNFRSF14, TNFSF15, KIR3DL1, ICOSLG, and TNFRSF25 were markedly upregulated in low FPI samples. The FPI score was positively correlated to stromal activation pathways including pan-F-TBRS, angiogenesis, and EMT (Figure 6C). Moreover, we observed that the FPI score exhibited negative correlations to DNA damage repair, cell cycle, DNA replication, nucleotide excision repair, homologous recombination, and mismatch repair as well as carcinogenic pathways such as p53 signaling pathway, mismatch in cancer, and viral carcinogenesis.
[image: Figure 6]FIGURE 6 | Association between FPI score and tumor immunity across GC samples. (A) Heatmap visualizing the infiltration levels of tumor-infiltrating immune cells in low and high FPI GC samples. Yellow, high infiltration; blue, low infiltration. (B) Heatmap showing the mRNA expression of immune checkpoints in low and high FPI GC samples. Yellow, high expression; blue, low expression. (C) Association between FPI score and known biological processes and pathways.
Ferroptosis Index Score Serves as a Predictor of Immune Response
Prognostic implications of the FPI score were validated in the TCGA-STAD, GSE84437, GSE26901, and GSE15459 cohorts. Consistently, high FPI score was indicative of more unfavorable survival outcomes than low FPI score in each GC cohort (Figures 7A–D). The TIDE score was determined in each HCC specimen. In comparison to high FPI, a reduced TIDE score was observed in low FPI (Figure 7E), which indicated that low FPI patients were more likely to benefit from immunotherapy. SubMap analysis showed that patients with a high FPI score were more likely to respond to anti-CTLA-4 therapy (Figure 7F). Two anti-PD-1 therapy cohorts were gathered. In the GSE78220 cohort, patients with high FPI exhibited the distinct survival advantage (Figure 7G). Patients with high FPI had higher therapeutic response than those with low FPI (75% vs. 36%; Figure 7H). Similar results were found in the Liu et al. cohort (Figures 7I,J).
[image: Figure 7]FIGURE 7 | FPI score serves as a predictor of immune response. (A–D) Survival analysis of GC patients with high and low FPI scores in the TCGA-STAD, GSE84437, GSE26901, and GSE15459 cohorts. (E) Comparison of the TIDE score in high and low FPI score groups. (F) SubMap analysis estimating the response to anti-CTLA-4 and anti-PD-1 therapy for high and low FPI patients. (G,H) Comparison of survival outcomes and therapeutic response to anti-PD-1 therapy between high and low FPI patients in the GSE78220 cohort. (I,J) Comparison of survival outcomes and therapeutic response to anti-PD-1 therapy between high and low FPI patients in the Liu et al. cohort.
Prediction of Potential Therapeutic Agents Against Gastric Cancer Based on the Ferroptosis Index Score
We further estimated response to chemotherapy agents, docetaxel and cisplatin. As a result, high FPI samples displayed significantly reduced IC50 values of docetaxel and cisplatin compared with low FPI samples (Figures 8A,B), suggesting that high FPI was indicative of higher sensitivity to docetaxel and cisplatin. Furthermore, we predicted six CTRP-derived compounds based on the FPI score, including ML162 (r = −0.54), PI-103 (r = −0.63), tamatinib (r = −0.70), dasatinib (r = −0.60), ML210 (r = −0.51), and SMER-3 (r = −0.48; Figure 8C). As shown in Figure 8D, patients with a high FPI score were more likely to respond to ML162, PI-103, tamatinib, dasatinib, ML210, and SMER-3. Meanwhile, thirteen PRISM-derived compounds were also predicted, containing monensin (r = −0.54), gambogic-acid (r = −0.58), BMS-986020 (r = −0.54), GZD824 (r = −0.36), ponatinib (r = −0.59), dasatinib (r = −0.63), MK-2461 (r = −0.49), romidepsin (r = −0.38), anagrelide (r = −0.59), gilteritinib (r = −0.59), idronoxil (−0.61), YM-155 (−0.35), and lorlatinib (r = −0.81; Figure 8E). Patients with a high FPI score were more likely to benefit from aforementioned compounds (Figure 8F).
[image: Figure 8]FIGURE 8 | Prediction of potential therapeutic agents against GC based on FPI score. (A,B) Comparison of estimated IC50 values of docetaxel and cisplatin in high and low FPI score patients. (C) Spearman correlation analysis between FPI score and six CTRP-derived compounds. (D) Comparison of the estimated AUC value of six CTRP-derived compounds in high and low FPI score patients. (E) Spearman correlation analysis between FPI score and thirteen PRISM-derived compounds. (F) Comparison of estimated AUC value of thirteen PRISM-derived compounds in high and low FPI score patients. ***p < 0.001.
DISCUSSION
Ferroptosis is a type of iron-dependent necrosis (Chen et al., 2021), which displays morphological, biochemical, and genetic difference from other types of cell death (Friedmann Angeli et al., 2019). Emerging evidence suggests the pivotal roles of ferroptosis in GC pathogenesis (Lee et al., 2020). However, most studies focus on a single ferroptosis regulator, and the overall ferroptosis characterization mediated by a variety of ferroptosis regulators remains not comprehensively determined. Identification of the roles of different ferroptosis-based subtypes may contribute to improving our understanding of ferroptosis in forming TME diversity and complexity, and guiding individualized treatment. Hence, our findings provided a systematic analysis of ferroptosis regulators and characterized the implications of ferroptosis in GC.
Five GC cohorts, namely, TCGA-STAD, GSE84437, GSE62254, GSE26901, and GSE15459, were integrated in this study. We collected 60 ferroptosis regulators and most regulators were distinctly upregulated in GC, indicating the activation of ferroptosis in GC. We investigated that the aberrant expression of ferroptosis regulators was mainly modulated by copy number variation and methylation in GC. Most ferroptosis regulators were in relation to GC prognosis, drug sensitivity, and tumor-infiltrating immune cells, revealing their critical roles in GC progression. Based on them, three ferroptosis subtypes were conducted, characterized by different survival outcomes, hallmark pathway activity, and TME features across GC. The establishment of GC ferroptosis subtypes could accurately predict the patients’ clinical outcomes, and TME status. To quantify the ferroptosis level, we developed FPI based on the expression of prognostic ferroptosis-relevant genes. High FPI was indicative of unfavorable clinical outcomes as well as increased grade and stage in GC subjects. This indicated that FPI acted as a reliable tool to assist clinicians in the prediction of GC prognosis as well as to facilitate personalized therapy. GC has pathological and molecular heterogeneity (Qiu et al., 2020). Thus, it is of significance to develop stable prognostic indicators. Our findings indicated that FPI could be applied to comprehensively assess the ferroptosis-based subtypes and their corresponding TME characterization within individual GC patients, and thus guided more effective treatment strategies.
High FPI was in relation to high infiltration levels of innate and adaptive immune cells. Immunotherapy based on ICB has achieved considerable progress; nevertheless, only one-third of patients benefit from ICB (Tang et al., 2020). Ferroptosis induction combined with ICB exhibits synergistically strengthened antitumor activity (Wang et al., 2019). Our results uncovered that FPI might be utilized for predicting response to anti-CTLA4 and anti-PD-1 therapy. This indicated that FPI acted as a promising predictor of immune response. Cisplatin and docetaxel are common chemotherapeutic agents for GC. However, advanced GC patients often acquire resistance to chemotherapy, leading to the median overall survival of only 8–11 months (Zhao et al., 2018). Experimental evidence demonstrates that inducing ferroptosis can overcome resistance to chemotherapy. For instance, ferroptosis induction may alleviate cisplatin resistance in GC through restraining the Nrf2/Keap1/xCT pathway (Fu et al., 2021). SIRT6 silencing may overcome resistance to sorafenib through activating ferroptosis in GC (Cai et al., 2021). Ferroptosis induced by erastin may reverse ABCB1-mediated docetaxel resistance in ovarian cancer (Zhou et al., 2019). Here, high FPI was in relation to the increased sensitivity to cisplatin and docetaxel in GC. Also, six CTRP-derived compounds and thirteen PRISM-derived compounds were predicted for GC patients with high FPI. Hence, the FPI score might be utilized for predicting the therapeutic response of GC patients to chemotherapy. Nevertheless, more experiments are required to verify the clinical efficacy of above compounds against GC.
Nevertheless, our study has certain limitations. First, although ferroptosis-based GC subtypes were verified through multiple datasets and algorithms, more robust experiments are essential for gaining more insights into the underlying mechanisms of different ferroptosis subtypes. Second, independent external datasets and reliable approaches were employed for confirming the FPI score. However, the FPI score was computed and verified on the basis of retrospective data from publicly available datasets. Hence, large-scale prospective clinical cohorts are needed for evaluating its effectiveness and practicability.
CONCLUSION
Taken together, this study carried out a systematic analysis of genomic alterations and expression profiling of ferroptosis regulators in GC. We established three ferroptosis subtypes characterized by different prognosis and tumor-infiltrating immune cells. Moreover, FPI was computed to evaluate the ferroptosis levels according to the expression of prognostic ferroptosis-related signatures. The FPI score was in relation to survival outcomes, hallmark pathways, TME, chemotherapy resistance, and immune response. Our findings highlighted the pivotal roles of ferroptosis as well as the potential of ferroptosis-related therapy in GC. Collectively, the FPI score enabled to comprehensively assess the ferroptosis-based subtypes and characterize TME features for each GC patient, and further guided individualized treatment.
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Objective: Endometriosis is a chronic inflammatory estrogen-dependent disease with the growth of endometrial tissues outside the uterine cavity. Nevertheless, the etiology of endometriosis is still unclear. Integrated bioinformatics analysis was implemented to reveal the molecular mechanisms underlying this disease.
Methods: A total of four gene expression datasets (GSE7305, GSE11691, GSE23339, and GSE25628) were retrieved from the GEO, which were merged into a meta-dataset, followed by the removal of batch effects via the sva package. Weighted gene co-expression network analysis (WGCNA) was implemented, and endometriosis-related genes were screened under normal and endometriosis conditions. Thereafter, characteristic genes were determined via Lasso analysis. The diagnostic performance was estimated via receiver operating characteristic curves, and epigenetic and post-transcriptional modifications were analyzed. Small molecular compounds were predicted. Unsupervised clustering analysis was conducted via non-negative matrix factorization algorithm. The enriched pathways were analyzed via gene set enrichment analysis or GSVA. Immune features were evaluated according to immune-checkpoints, HLA, receptors, chemokines, and immune cells.
Results: In total, four characteristic genes (BGN, AQP1, ELMO1, and DDR2) were determined for endometriosis, all of which exhibited the favorable efficacy in diagnosing endometriosis. Their aberrant levels were modulated by epigenetic and post-transcriptional modifications. In total, 51 potential drugs were predicted against endometriosis. The characteristic genes exhibited remarkable associations with immunological function. Three subtypes were classified across endometriosis, with different mechanisms and immune features.
Conclusion: Our study reveals the characteristic genes and novel molecular subtyping of endometriosis, contributing to the early diagnosis and intervention in endometriosis.
Keywords: endometriosis, characteristic genes, molecular subtypes, diagnosis, immune characteristics
INTRODUCTION
Endometriosis is a chronic inflammatory estrogen-dependent disease caused by functional endometrial tissue that grows outside the uterine cavity (Hung et al., 2021). Typical symptoms involve chronic pelvic pain and abnormal menstruation as well as dyspareunia (Bunis et al., 2021). Endometriosis is frequent among women of childbearing age, with an incidence of about 10% (Symons et al., 2018). About 40–60% of endometriosis cases have dysmenorrhea, while 20–30% have infertility (Bedaiwy, 2022). The present therapies of endometriosis comprise surgery and medicines. Conservative surgery not only enables to remove endometriotic deposits but also enhances the risks of compromising ovarian reserve, which harms other organs as well as imposes postoperative relapse (Hey-Cunningham et al., 2022). Medicines that contain hormonal or nonhormonal therapies depend upon distinct factors (severity of symptoms, willingness to conceive, and comorbidities, etc.) (Brichant et al., 2021). Currently, no drugs are capable of curing endometriosis, and symptoms recur once the drug is discontinued. As a consequence, it is crucial to uncover the aberrant molecular pathways during endometriosis progression as well as determine and develop novel pharmaceuticals for endometriosis.
Endometriotic lesions contain an extremely complex and dynamic environment dominated by inflammation, angiogenesis, and endocrine signaling (Hirakawa et al., 2016). A variety of pathogenic mechanisms result in endometriosis initiation, with much research exploring the reason behind its progression, containing physical factors (uterine tissue injury or scars, residual cell populations in menstrual blood, stem cell populations, and uterine environment, etc.) as well as biochemical factors (angiogenesis, etc.) (Kapoor et al., 2021). It is of importance to probe the key mechanisms responsible for endometriosis. Through illustrating the molecular mechanisms underlying endometriosis, it is of possibility to determine the future candidate pathways for endometriosis therapies. Our study determined characteristic genes of endometriosis via integration of weighted gene co-expression network analysis (WGCNA) and Lasso approaches, as well as classified endometriosis into three distinct subtypes via a non-negative matrix factorization (NMF) clustering approach, assisting to comprehend the mechanisms underlying endometriosis.
MATERIALS AND METHODS
Endometriosis datasets and preprocessing
Human endometriosis gene expression datasets were retrieved from the Gene Expression Omnibus (GEO; https://www.ncbi.nlm.nih.gov/gds/). In total, four available datasets (GSE7305 (10 normal endometrium tissues and 10 diseased endometrium tissues) (Hever et al., 2007), GSE11691 (9 normal endometrium tissues and 9 diseased endometrium tissues) (Hull et al., 2008), GSE23339 (9 normal endometrium tissues and 10 diseased endometrium tissues) (Hawkins et al., 2011), and GSE25628 (6 normal endometrium tissues and 16 diseased endometrium tissues) (Crispi et al., 2013)) were collected. The raw “CEL” files of aforementioned datasets were downloaded, which were adjusted for the background and normalized with affy (Gautier et al., 2004) and simpleaffy (Wilson and Miller, 2005) packages. Thereafter, these datasets were merged into a meta-dataset, and then the batch effects were removed via the sva package (Supplementary Figures S1A,B) (Leek et al., 2012). Additionally, the GSE7846 dataset comprising expression profiling of endometrial endothelial cells from five endometriosis patients and five controls was utilized as an external verification set.
WGCNA
The WGCNA package (Langfelder and Horvath, 2008) was employed for constructing the co-expression networks as well as determining the endometriosis-related modules. Hierarchical clustering analysis was implemented, followed by the removal of outlier specimens. The appropriate soft-thresholding power was computed, and the scale-free networks were built. The co-expression modules were clustered with a dynamic tree-cut approach. The endometriosis-related genes in the modules that were highly correlated to endometriosis were determined. Thereafter, correlation analysis of module membership with gene significance was implemented.
Functional and pathway enrichment analysis
Functional annotation of endometriosis-related genes was implemented via the clusterProfiler package (Yu et al., 2012). p < 0.05 indicated significant enrichment of Gene Ontology and KEGG. Through the GSVA package (Hänzelmann et al., 2013), the enrichment analysis was conducted for ascertaining the difference in pathways among distinct clusters. The gene sets of “c2. cp.kegg.v7.5.1. symbols” and “c5. go.bp.v7.5.1. symbols” were acquired from the Molecular Signatures Database to run GSVA enrichment analysis (Liberzon et al., 2015).
Screening characteristic genes
Through Lasso Cox regression algorithm, over-fitting risk was minimized with the glmnet package. The alteration trajectory of each variable was assessed and 10-fold cross-validated. Thereafter, characteristic genes were determined, which were subjected to the generation of receiver operating characteristic (ROC) curves.
Construction of a nomogram
A predictive nomogram was constructed with the rms package. In the nomogram, each variable corresponded to a score, and the total score was computed through adding the scores for all variables (Chen et al., 2021). A calibration diagram of the nomogram was implemented for depicting the diagnostic value of the nomogram-predicted and virtually observed outcome.
Gene set enrichment analysis
To analyze the biological pathways enriched in high or low level of each characteristic gene, GSEA software was employed with default parameters (Subramanian et al., 2005). The cutoff point of each gene was determined as the median expression value. The most enriched pathways were visualized.
Analysis of epigenetic and post-transcriptional modifications
Associations of DNA methylation and m6A regulators with characteristic genes were evaluated with Pearson correlation tests. MiRNAs with differential expression between normal and diseased endometrium tissues were screened with the false discovery rate (FDR) < 0.05. Thereafter, targeted mRNAs of these miRNAs were then predicted, which were intersected with characteristic genes.
Prediction of potential drugs
Genes with differential expression between normal and diseased endometrium tissues were determined in accordance with |log fold-change| >1 and FDR <0.05 via the limma package (Ritchie et al., 2015). The up- or downregulated genes were uploaded onto the Connectivity Map (Cmap) database (Yang et al., 2013). Scores that ranged from −1 to 1 demonstrated the correlations of compounds with the aforementioned genes. Compounds with scores ≤ −0.75 were considered potential drugs against endometriosis.
Evaluation of immune features
The gene sets of immune-checkpoints, HLA, receptors, and chemokines were collected. Through running CIBERSORT algorithm, the relative proportions of 22 immune compositions were estimated (Newman et al., 2015). On the basis of a gene expression matrix as well as specific gene sets of 22 immune cell compositions, the simulation calculation was implemented 1,000 times. The relative composition ratios of these immune cells across each tissue were computed. Immune and stromal scores of each tissue were computed with the ESTIMATE algorithm (Yoshihara et al., 2013).
Non-negative matrix factorization clustering analysis
Endometriosis-related genes were utilized for NMF clustering analysis, and clusters were determined in the meta-cohort. The k-value where the magnitude of the cophenetic correlation coefficients began to fall was determined as the optimal number of clusters. The heatmaps of endometriosis-related genes and basis component as well as connectivity matrix of NMF in each cluster were evaluated via the NMF package (Pan and Gillis, 2021). Principal component analysis (PCA) was depicted with the ggplot2 package.
Statistical analysis
Statistical analysis was implemented with R version 4.1.0, with two-sided p-value ≤0.05. Student’s t, Wilcoxon, Kruskal–Wallis, or one-way ANOVA test was utilized for estimating the differences of variables between groups. The area under the curve (AUC) values were computed for estimating the predictive power of each characteristic gene. The Spearman or Pearson correlation test was conducted to estimate the relationships between variables.
RESULTS
Co-expression analysis of endometriosis and normal endometrium tissues
Co-expression analysis was implemented in two public datasets: GSE7305 and GSE11691. For the GSE7305 dataset, we first conducted clustering dendrograms of 10 normal endometrium tissues and 10 diseased endometrium tissues, with no outliers (Figure 1A). The weighted value β satisfied a scale-free network (Figure 1B). The seven co-expression modules were merged (Figure 1C), containing blue module (847 genes), brown module (273 genes), red module (129 genes), green module (156 genes), yellow module (231 genes), turquoise module (1,283 genes), and gray module (93 genes). Among them, the turquoise module had the strongest positive association with endometriosis (r = 0.99, p = 9e-18) as well as the strongest negative association with normal endometrium (r = -0.99, p = 9e-18) (Figure 1D). Additionally, the module membership in the turquoise module was strongly linked to gene significance for endometriosis or normal endometrium (Figures 1E,F). Hence, the genes in the turquoise module were identified as endometriosis-related genes in the GSE7305 dataset.
[image: Figure 1]FIGURE 1 | Co-expression analysis in the GSE7305 dataset. (A) Clustering dendrograms of specimens. (B) Determining the weighted value β that satisfied a scale-free network. (C) Co-expression module clustering. Each branch represented each gene, and genes clustered into the same module were assigned the same color. (D) Correlations of modules with normal endometrium and endometriosis conditions. (E,F) Scatter plots for the relationships of module membership in the turquoise module with gene significance for (E) endometriosis or (F) normal endometrium.
For the GSE11691 dataset, no outliers were detected among nine normal endometrium tissues and nine diseased endometrium tissues (Figure 2A). The β-value was set at 3, which satisfied a scale-free network (Figure 2B). Eight co-expression modules were identified (Figure 2C), turquoise module (1,315 genes), red module (111 genes), green module (229 genes), black module (110 genes), pink module (74 genes), brown module (298 genes), blue module (632 genes), and yellow module (251 genes). Among them, the blue module displayed the strongest positive correlation with endometriosis (r = 0.78, p = 1e-04) as well as the strongest negative correlation with normal endometrium (r = −0.78, p = 1e-04) (Figure 2D). As depicted in Figures 2E,F, the module membership in the blue module was strongly associated with gene significance for endometriosis or normal endometrium. Thus, the genes in the blue module were identified as endometriosis-related genes in the GSE11691 dataset.
[image: Figure 2]FIGURE 2 | Co-expression analysis in the GSE11691 dataset. (A) Clustering dendrograms of samples. (B) Identifying β-value that satisfied a scale-free network. (C) Co-expression module clustering. (D) Correlations of modules with normal endometrium and endometriosis conditions. (E,F) Scatter plots for the relationships of module membership in the blue module with gene significance for (E) endometriosis or (F) normal endometrium.
Identification of shared endometriosis-related genes in two datasets
By taking the intersection of endometriosis-related genes in GSE7305 and GSE11691 datasets, we determined 172 shared endometriosis-related genes (Figure 3A, Supplementary Table S1). The shared endometriosis-related genes might mediate tube development, angiogenesis, and endometriosis-related pathways (PI3K-Akt pathway and extracellular matrix (ECM), etc.), demonstrating the crucial functions of the aforementioned genes in endometriosis (Figures 3B–E).
[image: Figure 3]FIGURE 3 | Identification of shared endometriosis-related genes in two datasets. (A) Venn diagram for shared endometriosis-related genes in the GSE7305 and GSE11691 datasets. (B–E) Biological processes, cellular components, molecular functions, and KEGG pathways enriched by shared endometriosis-related genes.
Identification of four characteristic genes in endometriosis
Through Lasso algorithm, four characteristic genes were determined among the shared endometriosis-related genes, containing BGN, AQP1, ELMO1, and DDR2 (Figures 4A,B). In the meta-dataset, their levels were significantly upregulated in endometriosis than normal endometrium tissues (Figure 4C). The AUCs (95%CI) of AQP1, BGN, DDR2, and ELMO1 were 0.96 (1.00–0.89), 0.98 (1.00–0.95), 1.00 (1.00–0.99), and 0.99 (1.00–0.98), respectively, demonstrating that each characteristic gene enabled to diagnose endometriosis accurately and sensitively (Figures 4D–G).
[image: Figure 4]FIGURE 4 | Identification of four characteristic genes and construction of a nomogram scoring system for endometriosis. (A) Lasso regression coefficients. Different colors represented different shared endometriosis-related genes. (B) Cross-verification for tuning the parameter selection. (C) Levels of four characteristic genes in endometriosis and normal endometrium tissues. ****p < 0.0001. (D–G) ROCs of four characteristic genes: AQP1, BGN, DDR2, and ELMO1. (H) Construction of a nomogram incorporating four characteristic genes. (I) Calibration plots showing the relationships between a nomogram and an ideal model in diagnosing endometriosis.
Construction of a nomogram scoring system to diagnose endometriosis
Considering the convenience clinical utility, a nomogram incorporating all characteristic genes was constructed to diagnose endometriosis (Figure 4H). Calibration plots showed that the proposed nomogram exhibited the similar performance in comparison to an ideal model (Figure 4I), demonstrating the excellent predictive accuracy in endometriosis diagnosis.
Verification of levels and diagnostic efficacy of characteristic genes in endometriosis
The GSE23339 and GSE25628 datasets were employed for further verifying the levels and diagnostic efficacy of four characteristic genes in endometriosis. In the two datasets, higher levels of BGN, AQP1, ELMO1, and DDR2 were confirmed in endometriosis than normal endometrium tissues (Figures 5A,B). In the GSE23339 dataset, the AUCs (95%CI) of AQP1, BGN, DDR2, and ELMO1 were 0.81 (1.00–0.57), 0.97 (1.00–0.89), 0.69 (0.94–0.44), and 0.88 (1.00–0.70), respectively (Figures 5C–F). Meanwhile, in the GSE25628 dataset, the AUCs (95%CI) of BGN, AQP1, ELMO1, and DDR2 were 0.90 (1.00–0.69), 0.85 (1.00–0.68), 0.81 (1.00–0.62), and 0.81 (1.00–0.59), respectively (Figures 5G–J). Additionally, in the GSE7846 external verification set, the AUCs (95%CI) of the aforementioned characteristic genes were 0.68 (1.00–0.27), 0.68 (1.00–0.27), 0.84 (1.00–0.52), and 0.52 (0.97–0.07), respectively (Figures 5K–N). Following verifications, the four characteristic genes exhibited the well performance in diagnosing endometriosis.
[image: Figure 5]FIGURE 5 | Verification of levels and diagnostic efficacy of characteristic genes in endometriosis. (A,B) Levels of four characteristic genes in endometriosis and normal endometrium tissues in GSE23339 and GSE25628 datasets. *p < 0.05; **p < 0.01; and ***p < 0.001. (C–F) ROCs of four characteristic genes: AQP1, BGN, DDR2, and ELMO1 in the GSE23339 dataset. (G–J) ROCs of four characteristic genes in the GSE25628 dataset. (K–N) ROCs of four characteristic genes in the GSE7846 external verification set.
Signaling pathways involved in characteristic genes
Through GSEA, signaling pathways involved in characteristic genes were analyzed. A low AQP1 level was linked to oocyte meiosis, cell cycle, base excision repair, and ubiquitin-mediated proteolysis (Figure 6A), and its high level was linked to VEGF signaling pathway, PPAR signaling pathway, complement and coagulation cascades, and systemic lupus erythematosus (Figure 6B). Homologous recombination, DNA replication, cell cycle, mismatch repair, base excision repair, oocyte meiosis, and p53 signaling pathway were correlated to the low BGN level (Figure 6C). Additionally, a high DDR2 level was associated with PPAR signaling pathway, VEGF signaling pathway, systemic lupus erythematosus, complement and coagulation cascades, and vascular smooth muscle contraction (Figure 6D), while its low expression was in relation to aminoacyl tRNA biosynthesis, oocyte meiosis, cell cycle, and p53 signaling pathway (Figure 6E). Also, VEGF signaling pathway, viral myocarditis, and PPAR signaling pathway were enriched in the high ELMO1 level (Figure 6F), while base excision repair, homologous recombination, endometrial cancer, oocyte meiosis, cell cycle, and O-glycan biosynthesis were enriched in the low ELMO1 level (Figure 6G). Altogether, characteristic genes might exert crucial roles in endometriosis through mediating the aforementioned signaling pathways.
[image: Figure 6]FIGURE 6 | Signaling pathways and epigenetic and post-transcriptional modifications of characteristic genes and potential small compounds for endometriosis. (A–H) Signaling pathways significantly enriched by high or low levels of four characteristic genes: (A,B) AQP1, (C) BGN, (D,E) DDR2, and (F,G) ELMO1. (H) Regulatory network of miRNAs and characteristic genes. (I,J) Correlations of characteristic genes with (I) DNA and (J) m6A methylation regulators. (K) Shared mechanisms of action of small molecular inhibitors.
Post-transcriptional and epigenetic modifications of characteristic genes
At the post-transcriptional level, AQP1 was mainly regulated by hsa-miR-133a-3p, hsa-miR-133b, and hsa-miR-1306-5p; ELMO1 was modulated by hsa-miR-182-5p, hsa-miR-216a-3p, hsa-miR-218-5p, hsa-miR-1-3p, hsa-miR-128-3p, hsa-miR-145-5p, hsa-miR-206, hsa-miR-30e-5p, hsa-miR-613, hsa-miR-1271-5p, hsa-miR-3681-3p, and hsa-miR-5195-3p; and DDR2 was targeted by hsa-miR-28-3p (Figure 6H). The epigenetic modifications of characteristic genes were evaluated through calculating the associations of characteristic genes with DNA and m6A methylation regulators. As illustrated in Figure 6I, the characteristic genes were negatively linked to DNA methylation regulators DNMT3B, DNMT1, MBD2, MBD4, NTHL1, and TDG but positively linked to MECP2. Moreover, there were negative relationships of characteristic genes with m6A methylation regulators WTAP, RBM15B, YTHDF1, and YTHDF2 (Figure 6J). The aforementioned evidences demonstrated that the characteristic genes were modulated by post-transcriptional and epigenetic modifications in endometriosis.
Prediction of potential drugs against endometriosis
In total, 413 genes with upregulation and 334 genes with downregulation were determined in endometriosis than normal endometrium (Supplementary Table S2). With scores ≤ −0.75, 51 drugs against endometriosis were determined (Table 1). Figure 6K depicted the shared mechanisms of action. For instance, ABT-751, flubendazole, and vinorelbine shared tubulin inhibitor.
TABLE 1 | Potential drugs against endometriosis with scores ≤ −0.75.
[image: Table 1]Differences in immune features between endometriosis and normal endometrium
Immune features were evaluated in accordance with the levels of immune-checkpoints, HLAs, receptors, and chemokines as well as the abundance levels of immune cells. Most immune-checkpoints, HLAs, receptors, and chemokines displayed increased levels in endometriosis compared with normal endometrium tissues (Figures 7A–D). Utilizing the CIBERSORT algorithm, we estimated the relative proportions of 22 immune compositions across endometriosis and normal endometrium tissues, with macrophages occupying the highest proportion (Figure 7E). Figure 7F illustrated the tight interplay between these immune compositions, especially the macrophages were linked to most immune compositions. Moreover, most immune cells exhibited higher abundance levels in endometriosis than in normal endometrium tissues (Figure 7G).
[image: Figure 7]FIGURE 7 | Differences in immune features between endometriosis and normal endometrium. (A–D) Heatmaps of the levels of (A) immune-checkpoints, (B) HLAs, (C) receptors, and (D) chemokines in endometriosis and normal endometrium tissues. (E) Fractions of 22 immune cell types across endometriosis and normal endometrium tissues. (F) Associations between immune cell types. (G) Abundance levels of immune cell types in endometriosis and normal endometrium tissues. *p < 0.05; **p < 0.01; ***p < 0.001; and ****p < 0.0001.
Associations of characteristic genes with immune features in endometriosis
Further analysis indicated that four characteristic genes: AQP1, BGN, DDR2, and ELMO1 exhibited positive correlations with most immune-checkpoints, HLAs, receptors, and chemokines (Figures 8A–D). Additionally, these characteristic genes were significantly linked with immune cell compositions, especially macrophages, NK cells activated, and follicular helper T cells (Figures 8E–H).
[image: Figure 8]FIGURE 8 | Associations of characteristic genes with immune features in endometriosis. (A–D) Heatmaps for the relationships of characteristic genes with (A) immune-checkpoints, (B) HLAs, (C) receptors, and (D) chemokines. (E–H) Correlations between characteristic genes: AQP1, BGN, DDR2, and ELMO1 and immune cell compositions.
Development of three subtypes for endometriosis
Utilizing the NMF algorithm, we classified endometriosis samples in the meta-dataset on the basis of endometriosis-related genes. Following cophenetic coefficients, k = 3 was determined as the optimal clustering number (Figure 9A). Figure 9B showed the NMF matrix when k = 3, containing 13 samples in C1, 16 samples in C2, and 7 samples in C3. The expression patterns of endometriosis-related genes were visualized in Figure 9C. PCA further complemented the distinction among three subtypes at transcription levels (Figure 9D). Additionally, four characteristic genes: BGN and ELMO1 levels were the highest in C3, followed by C2 and C1 (Figure 9E); no significant differences in AQP1 and DDR2 were detected among three subtypes.
[image: Figure 9]FIGURE 9 | Development of three subtypes for endometriosis. (A) Cophenetic coefficients of the NMF clustering number from 2 to 7. (B) NMF matrix heatmap when k = 3. (C) Heatmaps of the expression patterns of endometriosis-related genes across three subtypes. (D) PCA of endometriosis-related genes. (E) Levels of four characteristic genes across three subtypes. *p < 0.05.
Differences in signaling pathways and immune features across three subtypes
To uncover the signaling pathways underlying three subtypes, we evaluated the differences in signaling pathways among them. Upregulated pathways were as follows: ribosome, butanoate metabolism, drug metabolism cytochrome P450, valine, leucine, and isoleucine degradation, propanoate metabolism, spliceosome, metabolism of xenobiotics by cytochrome P450, and glycosaminoglycan biosynthesis heparan sulfate in C1 subtype; cell cycle, proteasome, basal cell carcinoma, and Wnt signaling pathway in C2 subtype; lysosome, allograft rejection, systemic lupus erythematosus, graft versus host disease, intestinal immune network for IgA production, hematopoietic cell lineage, leishmania infection, type I diabetes mellitus, autoimmune thyroid disease, and chemokine signaling pathway in C3 (Figure 10A). Downregulated pathways were as follows: graft versus host disease, intestinal immune network for IgA production, primary immunodeficiency, asthma, allograft rejection, autoimmune thyroid disease, natural killer cell-mediated cytotoxicity, type I diabetes mellitus, and lysosome in C1; complement and coagulation cascades, and drug metabolism cytochrome P450 in C2; ribosome, spliceosome, cell cycle, RNA polymerase, DNA replication, Parkinson’s disease, base excision repair, butanoate metabolism, glycosaminoglycan biosynthesis chondroitin sulfate, and Huntington’s disease in C3 (Figure 10B). C3 exhibited the highest of immune-checkpoint levels, immune cell infiltrations, and immune and stromal scores, followed by C2 and C1 (Figure 10C). Additionally, the levels of most chemokines, HLAs, and receptors were the highest in C3 along with C2 and C1 (Figures 10D–F). The aforementioned evidence demonstrated the differences in signaling pathways and immune features across three subtypes.
[image: Figure 10]FIGURE 10 | Differences in signaling pathways and immune features across three subtypes. (A) Upregulated pathways in each subtype. (B) Downregulated pathways in each subtype. (C) Heatmaps of immune-checkpoint levels, immune cell infiltrations, and immune and stromal scores across three subtypes. (D–F) Differences in (D) chemokines, (E) HLAs, and (F) receptors among three subtypes. *p < 0.05; **p < 0.01; and ***p < 0.001.
DISCUSSION
WGCNA is a system biology approach applied to describe gene association patterns between various samples, which can be applied to identify gene sets with highly coordinated changes, and to determine candidate organisms based on the interconnectivity of gene sets and the association between gene sets and phenotypes, thereby identifying marker genes or therapeutic targets. Through integrating GSE7305 and GSE11691 datasets, we determined 172 endometriosis-related genes utilizing WGCNA algorithm. Previously, endometriosis-related genes were determined utilizing the differential expression approach (Wang et al., 2021). Compared with only focusing on differentially expressed genes, WGCNA may use the information of thousands of genes with the greatest variations to identify gene sets of interest and implement significant association analysis with phenotypes (Wu et al., 2021). One is to make full use of the information, and the other is to convert the association between thousands of genes and phenotypes into associations between several gene sets and phenotypes, eliminating the problem of multiple hypothesis testing and correction. The endometriosis-related genes were linked to tube development, angiogenesis, and endometriosis-related pathways (PI3K-Akt pathway and ECM, etc.). Evidence proposes that angiogenesis, PI3K-Akt pathway, and ECM contribute to growth and progression of endometriotic cells within ectopic sites (Hung et al., 2021), demonstrating the crucial functions of the endometriosis-related genes in endometriosis.
Through the Lasso approach, we determined four characteristic genes among endometriosis-related genes, containing BGN, AQP1, ELMO1 and DDR2. All of them exhibited upregulated levels in endometriosis compared with normal endometrium tissues, which were modulated by post-transcriptional and epigenetic modifications. ROCs demonstrated that each characteristic gene enabled to diagnose endometriosis accurately and sensitively. Previously, upregulated BGN associated with estrogen metabolism and action in endometriosis was confirmed through immunohistochemical staining (Vouk et al., 2011). Suppression of AQP1 alleviates adhesion and angiogenesis of ectopic endometrial cells for murine endometriosis models via activation of the Wnt pathway (Shu et al., 2019). ELMO1 enables to increase the activity of extracellular matrix proteins as well as reduce cell adhesions to ECM (Shimazaki et al., 2006). Histological evidence demonstrates that endometriosis contributes to the increased incidence of ovarian cancer (Hermens et al., 2021). ELMO1 (Wang et al., 2014) and DDR2 (Jeong et al., 2021) have been demonstrated to mediate ovarian cancer progression. Altogether, the four characteristic genes we proposed might improve the early diagnosis as well as management of endometriosis cases.
In total, 51 drugs against endometriosis were determined. Among them, ABT-751, flubendazole, and vinorelbine shared tubulin inhibitor. The novel discovered small molecule compounds might exert a significant effect on the treatment of endometriosis. Endometriosis is a chronic neuroinflammatory disorder. Endometriosis exhibited increased levels of most immune-checkpoints, HLAs, receptors, and chemokines as well as enhanced infiltrations of most immune compositions compared with normal endometrium tissues (Peng et al., 2021). Consistent with the previous research, macrophages occupy the highest ratio among 22 immune cell components (Zhong et al., 2021). Recently, M2 macrophage-associated genes have been determined in endometriosis, reflecting the impact of M2 macrophages on the etiology of endometriosis (Cui et al., 2021). The four characteristic genes were positively correlated with most immune-checkpoints, HLAs, receptors, and chemokines as well as significantly linked with immune cell compositions, especially macrophages, NK cells activated, and follicular helper T cells, demonstrating that these characteristic genes might mediate immunological function during endometriosis progression. Determining the molecular subtypes of endometriosis is of importance for personalized treatment. With the NMF algorithm, we classified endometriosis as three subtypes that were linked to distinct signaling pathways and immune features.
The aforementioned findings might be beneficial for probing the pathogenesis of endometriosis as well as providing the foundation to determine novel biomarkers and subtypes for endometriosis. We believe that our findings will assist future research endeavors in the direction.
CONCLUSION
Altogether, our research determined four characteristic genes (BGN, AQP1, ELMO1, and DDR2) with the favorable efficacy in diagnosing endometriosis. The characteristic genes were remarkably linked with immunological functions, and their aberrant levels were modulated by epigenetic and post-transcriptional modifications. Additionally, endometriosis was classified into three subtypes, with different mechanisms and immune features. The aforementioned findings might contribute to the early diagnosis and intervention in endometriosis.
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Prostate cancer (PRAD) is a common and fatal malignancy. It is difficult to manage clinically due to drug resistance and poor prognosis, thus creating an urgent need for novel therapeutic targets and prognostic biomarkers. Although G protein-coupled receptors (GPCRs) have been most attractive for drug development, there have been lack of an exhaustive assessment on GPCRs in PRAD like their molecular features, prognostic and therapeutic values. To close this gap, we herein systematically investigate multi-omics profiling for GPCRs in the primary PRAD by analyzing somatic mutations, somatic copy-number alterations (SCNAs), DNA methylation and mRNA expression. GPCRs exhibit low expression levels and mutation frequencies while SCNAs are more prevalent. 46 and 255 disease-related GPCRs are identified by the mRNA expression and DNA methylation analysis, respectively, complementing information lack in the genome analysis. In addition, the genomic alterations do not exhibit an observable correlation with the GPCR expression, reflecting the complex regulatory processes from DNA to RNA. Conversely, a tight association is observed between the DNA methylation and mRNA expression. The virtual screening and molecular dynamics simulation further identify four potential drugs in repositioning to PRAD. The combination of 3 clinical characteristics and 26 GPCR molecular features revealed by the transcriptome and genome exhibit good performance in predicting progression-free survival in patients with the primary PRAD, providing candidates as new biomarkers. These observations from the multi-omics analysis on GPCRs provide new insights into the underlying mechanism of primary PRAD and potential of GPCRs in developing therapeutic strategies on PRAD.
Keywords: G protein-coupled receptors, prostate cancer, multi-omics, virtual screening, prognostic model
INTRODUCTION
Prostate cancer (PRAD) is the second commonly diagnosed cancer and leading cause of mortality in men worldwide. 248,530 new cases were reported in 2021, resulting in approximately 3.4 thousand deaths (Siegel et al., 2021). With the popularity of early prostate specific antigen (PSA) screening, increasing cases are being detected (Force, 2018). When PRAD is diagnosed, difficult clinical decision is generally faced by both clinicians and patients, as it is very difficult to predict whether a patient will progress to aggressive and metastatic disease. Currently, screening, diagnosis and prognosis of PRAD are heavily dependent on clinical characteristics like age, tumor stage and Gleason score, while these indicators cannot well distinguish individuals with different survival outcomes at the beginning of the disease, leading to either over- or under-treatment of these patients (Cooperberg et al., 2010; Klotz et al., 2014). Therefore, it is highly desired to find new biomarkers to complement existing clinical tools for diagnostic, prognostic and disease monitoring such that improve risk stratification of the PRAD patients and develop effective and precise therapeutic targets. A global analysis of multi-omics data provides a potential solution for gaining insight into the underlying mechanisms of disease development, which can better stratify patients and uncovers new therapeutic targets.
G protein-coupled receptors (GPCRs), with a seven-transmembrane domain structure, an extracellular amino terminus and an intracellular carboxyl terminus, are the largest and most diverse protein family of cell surface receptors in many species, accounting for ∼4% of the encoded human genome (Pierce et al., 2002; Fredriksson et al., 2003). As key transducers of signals from the extracellular milieu to the inside of the cell, GPCRs can regulate a vast array of fundamental biological processes, including cellular growth and metabolism, hormone regulation, sensory perception, and alterations in neuronal activity. Consequently, their aberrant activity or expression also leads to many common diseases and disorders, for example, diabetes, Alzheimer disease, depression, and heart failure (Hauser et al., 2017; Raimondi et al., 2019). The critical roles of GPCRs in numerous physiological functions drive them to be the largest family of drug targets (Hauser et al., 2017). However, this family has not typically been a major focus for oncology drug discovery and only a handful of GPCRs were approved to be targets of anti-cancer drugs (Innamorati et al., 2011; Nieto Gutierrez and McDonald, 2018; Wu et al., 2019), although their oncogenic potential has been known for more than 30 years. The first study linking a GPCR to tumorigenic activity was reported by Young et al. (1986). Recently, increasing evidences indicated that GPCRs can contribute to many facets of tumorigenesis, including angiogenesis, immune evasion, growth, and apoptosis of tumor cells (Nieto Gutierrez and McDonald, 2018; Wang et al., 2019; Wu et al., 2019; Kaushik et al., 2020). In addition, functional roles of certain GPCR members in cancers are gradually being appreciated. For example, GPR30 is overexpressed in a variety of malignances including PRAD (Siegfried et al., 2009; Chan et al., 2010; Chevalier et al., 2012), and its overexpression has been reported to be involved in lower survival rates in patients with endometrial or ovarian cancer, and an elevated risk of developing metastases in patients with breast cancer (Filardo et al., 2006; Smith et al., 2007; Albanito et al., 2008; Pandey et al., 2009; Du et al., 2012; Zhu et al., 2017). The knockdown of GPRC6A in PC3 cells was reported to significantly decrease tumor metastatic efficiency and invasiveness while increased expression of GPRC6A would enhance ERK and EMT signaling (Liu et al., 2016). Abnormalities in Formylpeptide receptor-2 could induce autonomous migration and proliferation of colon cancer cells (Xiang et al., 2016). GPR18 was revealed to involve in inhibiting apoptosis and increasing the survival rate of melanoma cells (Qin et al., 2011). Activation of S1P2R could mediate inhibition of glioblastoma cell viability (Malchinkhuu et al., 2008). Malignant cells use chemokine receptors to migrate to distant sites of ligand expression, for example, CCR7 and CCR10 were demonstrated to participate in metastatic homing of cancer cells and cell growth (Balkwill, 2004; O'Hayre et al., 2008). These findings clearly show potential of GPCR as novel targets in the cancer treatment. Thus, targeting GPCRs to mediate signaling pathways is currently considered as a promising strategy for drug discovery of the cancers (Sriram and Insel, 2018; Chaudhary and Kim, 2021).
Although the correlation of GPCRs with oncology has been confirmed by growing studies, previous works mainly focused on a few members of GPCRs. Consequently, some receptors were well studied due to their well-known importance while others were ignored. In addition, Insel P.A. et al. indicated that many GPCRs are not well understood and findings derived from specific GPCRs may not be applicable to all, or even most GPCRs (Insel et al., 2019). Unfortunately, it has been lacked of an unbiased and comprehensive study on the molecular characteristics, prognostic potential, and biological functions for the entire GPCR family in PRAD. To close this gap, we analyze multi-omics data from gene expression, somatic mutation, somatic copy-number alterations (SCNAs) and DNA methylation of patients with primary PRAD to 1) provide a global landscape of aberrations in GPCRs at genomic, epigenetic, and transcriptomic levels; 2) probe impact of upstream features on the mRNA expression; 3) identify receptors that may be served as potential targets for primary PRAD therapy in order to find some drug candidates by molecular dynamics simulation and virtual screening; 4) develop a prognostic model for primary PRAD based on the features derived from the multi-omics analysis. Collectively, we provide the first comprehensive multi-omics analysis for GPCRs in the primary PRAD, which offer insights into therapeutic targets and prognostic value of the GPCR family.
RESULTS AND DISCUSSION
mRNA expression of GPCRs in primary PRAD
As accepted, disease-related genes could be identified by comparing the expression level of genes in normal and tumor tissues (Maiga et al., 2016; Insel et al., 2019; Sriram et al., 2019). Thus, in order to provide a comprehensive evaluation of GPCRs expression in primary PRAD, we first integrated RNA-seq data of 767 GPCR members in normal and tumor tissues using TOIL GTEx and TCGA RNA-seq datasets from UCSC Xena (Goldman et al., 2020). Supplementary Table S1 lists the detailed information about the 767 GPCRs. It can be seen that 228 GPCRs are highly expressed, judged from their median expressions in tumor samples≥10 TPM. However, most of the family (n = 461, 60.10%) are expressed at extremely low levels, which are barely detectable in PRAD tumor samples due to their median expressions less than 1 TPM.
We further extracted mRNA-seq data from 495 primary prostate tumor samples and 151 normal samples to do a comparison, through which a total of 46 differentially expressed GPCRs (DEGpcrs, FDR <0.05 and |log2 Fold Change| > 2) were identified. 24 and 22 genes are significantly over- and under-expressed in primary prostate tumors, respectively (vide Supplementary Table S2 and Figure 1A). The aberrant expression of certain DEGpcrs and their involvement in cancer were reported in previous works. For example, OR51E1, OR51E2 and GPR160, which are highly expressed (>10 TPM) and significantly upregulated in our analysis, were reported to have antitumor potential for PRAD in previous studies. Specifically, OR51E1 and OR51E2 were reported to suppress proliferation and promote cell death in LNCaP cells (Xu et al., 2000; Weng et al., 2005; Rodriguez et al., 2014; Pronin and Slepak, 2021), thus being considered as prostate-specific GPCRs. A much higher level of GPR160 expression was observed in human prostate cancer cells than that seen in normal prostate tissue and cells, and its knockdown was found to induce apoptosis and cell cycle arrest (Zhou et al., 2016; Guo et al., 2021). Moreover, it is noteworthy that downregulated LHCGR is already targeted by Goserelin and Buserelin for the treatment of prostate and breast cancer, and its transcriptional mis-regulation was reported to be closely related with other solid tumors (Tomera et al., 2001; Kirby et al., 2009; Doroszko et al., 2019; Zhong et al., 2019; Lorenzen et al., 2020). In addition, 11 of the 46 DEGpcrs identified are served as targets of approved drugs, e.g., AGTR1 is commonly used as a target for hypertension drugs like Valsartan, Olmesartan and Losartan (Siragy et al., 2002; Warner and Jarvis, 2002; Azizi et al., 2004). ADRB3 is a target for the asthma treatment Salmeterol (Hoffmann et al., 2004), and PTH1R is targeted by the osteoporosis drugs like Teriparatide and Abaloparatide (Hattersley et al., 2016; Jolette et al., 2017). Combining our findings from PRAD, it is reasonable to assume that these drugs have the potential to be repurposed for treatment of oncology.
[image: Figure 1]FIGURE 1 | Differentially expressed GPCRs (DEGpcrs) between 495 primary prostate tumor samples and 151 normal samples. (A) Volcano plot showing the DEGpcrs. Red and blue dots represent the significantly up- and downregulated genes, respectively. (B) Barplot showing subfamily distribution of the DEGpcrs. (C) G protein linkage of all the 767 GPCRs (right), the 293 GPCRs expressed in both prostate tumor and normal samples (middle), and the 46 DEGpcrs (left).
Next, we analyzed the distribution of DEGpcrs in different receptor subfamilies and the results are shown in Figure 1B, also seeing Supplementary Table S1 for more details. GPCRs with significant over-expression in PRAD come from five subfamilies while the under-expressed receptors are mainly distributed across four subfamilies. In brief, Class A and Olfactory Receptors include both over- and under-expressed GPCRs, whereas Class D and Other 7TM proteins do not express differentially between the tumor and normal tissues. Then, we used a Fisher’s exact test to do a class enrichment analysis and the result shows that the under-expressed GPCRs in primary PRAD are significantly enriched in Class B (Fisher’s exact test, p = 0.0005) and Olfactory Receptor (Fisher’s exact test, p = 0.0280), while the other subfamilies do not exhibit significant enrichment (Figure 1B). These observations indicate that certain GPCR subfamilies (e.g., Class B and Olfactory Receptor) are more prone to be dysregulated in PRAD.
To gain functional insights into the dysregulated GPCRs, we first performed a Pearson correlation analysis based on the expression data from 495 primary PRAD patients in TCGA. The result shows that 109 other protein-coding genes present significant and positive correlations with the expression of 5 DEGpcrs (namely, FAD8, GPRP, GPR160, and NPY4R, Supplementary Table S3). Then, Metascape (Zhou et al., 2019), a free gene annotation web tool, was employed to conduct pathway enrichment analysis of the 114 genes. As reflected by Supplementary Figure S1A, they are significantly enriched in some cancer-related biological processes, including DNA repair, VEGFA-VEGFR2 signaling pathway, Global Genome Nucleotide Excision Repair (GG-NER), and transcriptional misregulation. Notably, two entries significantly enriched in DisGeNET (low grade prostatic intraepithelial neoplasia and prostatic intraepithelial neoplasia) both exhibit correlations with PRAD, as evidenced by Supplementary Figure S1B. Taken together, the 5 DEGpcrs and their co-expressed genes are indeed involved in cancer-related biological processes, implying their important roles in the PRAD development and progression.
In addition, to in depth comprehend the GPCR role in physiology and disease, we further grouped GPCRs in terms of their coupling preferences to different types of G-proteins (Supplementary Table S1), as it is well-known that the involvement of G proteins as intermediate transducers plays a critical role in GPCR signaling (Southan et al., 2016). As shown in Figure 1C, of the 293 GPCRs expressed in both prostate tumor and normal samples (with median expression in tumors >0.1 TPM), most (132 GPCRs) have unknown G-protein linkages. More GPCRs in the rest couple to Gi/o (96 GPCRs) with respect to the other G proteins, followed by Gq/11 (57 GPCRs) (Figure 1C). This observation is in line with a previous pan-cancer analysis that GPCRs expressed in both tissues and tumors most frequently couple to Gi/o and Gq/11 (Sriram et al., 2019). Also, the Gi/o-GPCRs were revealed to be particularly important in breast cancer (Lyu et al., 2021). Our observation further supports that Gi/o- and Gq/11-coupled GPCRs signals may play an important role in the cancer development and progression, thus targeting the shared signaling pathways may be beneficial to the treatment for PRAD. However, the preference is not obvious for the coupling of 46 DEGpcrs to Gi/o and Gq/11. Of the 46 DEGpcrs, 7 are coupled to Gi/o, five are coupled to Gq/11, 6 are coupled to Gs, 2 are coupled to both Gi/o and Gq/11, and 26 have unknown G protein linkage. Certainly, these findings are only derived from the analysis of primary prostate tumor samples and limited information about G protein linkages, and thus more efforts are required to further reveal the roles of GPCRs coupling with different G proteins in the future.
Somatic mutations of GPCRs in primary PRAD
Many thousands of mutations occur during tumorigenesis, but only a few are able to confer selective growth advantage to cancer cells, which are critical to their tumorigenic capacity. Thus, identification of “cancer driver genes” is import to develop efficient cancer detection and therapeutic approaches (Stratton et al., 2009; Stratton Michael, 2011; Martínez-Jiménez et al., 2020). To this end, we first analyzed publicly available somatic variant calls in mutation annotation format (MAF) files of primary PRAD (n = 484) from the TCGA. It was found that approximately 57.02% of tumor samples (276 out of 484) present at least one GPCR mutation. Consequently, a total of 660 somatic mutations in GPCRs are identified, including single nucleotide variants (SNVs) and small insertions and deletions (InDels). Figure 2A shows the summary of the GPCRs mutated in the 276 primary PRAD tumor samples, in which missense mutations exhibit the highest proportion among all the mutation types. At base substitution level, transitions were found to be more common than transversions, with the C > T mutation occurring predominantly. However, GPCRs exhibit a pretty low mutation frequency, with only 2.39 mutations each sample on average. Figure 2A further shows the top 10 mutated GPCRs whose mutation frequencies are lower than 4%. The most frequently mutated ADGRB3 occurs in only 3.62% (10/276) of the samples. These observations indicate that the low mutation frequency of GPCRs likely has contributed to the limited use of GPCR-targeted drugs as cancer therapeutics (Xu et al., 2000; Insel et al., 2018; Sriram et al., 2019).
[image: Figure 2]FIGURE 2 | Statistics of GPCR Mutations. (A) A landscape of the GPCRs mutated in 276 primary prostate tumor samples generated by Maftools visualization module. (B) Boxplots of the expression levels of SSTR1 (left) between the SSTR1 mutated and unmutated groups, and OR51D1 (right), an example of a gene that is dysregulated between the mutated and unmutated tumor samples of the other GPCR.
Subsequently, we used the MutSigCV algorithm to identify 13 significantly mutated GPCRs (SMGpcrs, p value <0.05) in tumor samples (Lawrence et al., 2013). Supplementary Table S4 summarizes their names, p values of significance and mutation frequencies. As expected, the mutation frequency of these SMGpcrs is pretty low, consistent with a previous study on the identification of oncogenic drivers (Armenia et al., 2018), which indicated that the incidence of SMGs in prostate cancer follows a long-tailed distribution with many genes mutated in less than 3% of cases. However, these mutations still probably affect a large number of patients due to the high incidence of PRAD (Armenia et al., 2018). Therefore, we may conjecture that the GPCR mutations revealed are still useful for understanding the PRAD mechanisms, although they are unlikely to stand out on a genome-wide scale due to their low frequency. In fact, many SMGpcrs identified were reported to participate in various cancer-related processes. For example, multiple mutations in metabotropic glutamate receptor 1 (GRM1) gene have been implicated in various tumors including PRAD, which are associated with altered protein function, downstream pathways, migration, and angiogenesis, thus contributing to tumorigenic progression (Koochekpour et al., 2012; Esseltine et al., 2013; Ali et al., 2014; Shah et al., 2019). Abnormal expression of CNR1 has been observed in prior studies and was found to be correlated with the severity and prognosis of tumors like hepatocellular carcinoma, ovarian cancer, and PRAD (Chung et al., 2009; Messalli et al., 2014; Mukhopadhyay et al., 2015; Liu et al., 2020), but there are conflicting publications regarding the role of the cannabinoid receptor in tumor proliferation (Hart et al., 2004; Pisanti et al., 2013), for example, some groups indicated that the cannabinoid receptor exerts antitumor effects (Ramer and Hinz, 2016; Wilkie et al., 2016) while others suggested its tumor-promoting effect (McKallip et al., 2005). In addition, 8 of the 13 SMGpcrs are the olfactory receptors (ORs). Unfortunately, little attention has been paid to other potential of this receptor family besides olfaction, thus there has been very limited information for functional roles of many ectopically expressed ORs. However, in the past decade, studies bloomed linking the ectopically expressed ORs to cancer initiation, development and progression (Chen et al., 2018; Maßberg and Hatt, 2018). Certainly, the GPCR’s mutation rates of <5% is only derived from the data of 484 primary prostate tumor samples, thus more tumor samples should be needed to further confirm the prevalence and functional role of GPCR mutations in the future. In addition, to gain insight into the impact of these mutations on the GPCR activity, we further examine whether they are clustered on the hot spots of the related GPCRs. Herein, we focused on the 13 significantly mutated GPCRs (SMGpcrs). It was observed that three mutations (S1169L, P1079S, R981C) occur at the C-terminus of GRM1, which is a member of the metabotropic glutamate receptor (mGluR) family. As revealed, mGluRs can dimerize and bind to a variety of downstream transducers while their intracellular C-termini domains are the main targets (Enz, 2007). Thereby, the intracellular C-terminus of mGluRs is critical for designing drugs that interfere with specific protein-protein interactions (Enz, 2012). P341L mutation of HTR1E occurs in the conserved NPxxY motif. As recorded in the Uniprot database (2021), the NPxxY motif plays important role in the ligand-induced GPCR conformation change and signaling. The M461V mutation was observed to occur at the C-term in CB1R while a recent report highlighted the importance of the CB1R C-terminal domain in polarized trafficking and surface expression in cultured neurons (Fletcher-Jones et al., 2019). Unfortunately, the GPCR database has no record for the other 10 significantly mutated GPCRs and we do not find information regarding their structures and hotspots from literature. Therefore, we cannot estimate whether these mutations will impact the activities or functions of GPCRs. However, the observations from the three significantly mutated GPCRs suggest that these mutations indeed play important roles in the GPCR function. We hope that these results will attract more attention to these understudied GPCRs in the future.
Wnt signaling is one of the key cascades regulating development and stemness, which is closely associated with cancer (Zhan et al., 2017). The high frequency of WNT pathway mutations in many different cancers underscores the importance of this signaling in carcinogenesis. Therefore, besides the frequency statistics on the cancer driver genes, we also focused on the GPCR mutations involving the WNT pathway in the primary PRAD. As shown in Supplementary Figure S2, the WNT pathway carries nine GPCRs with somatic mutations (seven FZD genes and two LGR genes), implicating their oncogenic-related functions.
To investigate the potential impact of the somatic mutations on the gene expression, we integrated the gene expression data and the mutation one from 481 primary PRAD patients, and selected 50 GPCRs that mutate in at least three samples. Nearly half (43.47%, 20 out of 46) of the DEGpcrs don’t harbor any mutation. Only CNR1 is identified by MutSigCV to be a SMGpcr and is significantly downregulated in the tumor samples, implying its potential tumor suppressive effect. Using a Fisher’s exact test, we evaluated whether the expression of a specific GPCR is significantly higher in the mutated samples than those lacking mutations. The result shows that none of the 50 mutated GPCRs displays significant enrichment in the highly expressed groups. In addition, we divided the tumor samples into two groups according to the presence or absence of mutations of a specific GPCR gene, and performed differential expression analysis using a Wilcoxon test. Only SSTR1 was found to be highly expressed in its mutated samples (Figure 2B). The above observations indicate that GPCR mutation is largely independent of their expression level and dysregulations.
Although the direct correlation between the mutation status of GPCRs and their mRNA expression is not significant, are their expressions associated with the mutation status of other genes? It is found that the mRNA expression levels of 39 DEGpcrs exhibit significant differences between the mutated and not mutated groups of the other genes. As shown in Figure 2B, OR51D1 is significantly over-expressed in samples with mutations of ADGRE2, ADGRL3, GABBR2, OR4P4, OR5W2, and OR6K2. However, the correlation is not observed in its own mutant subgroups, as evidenced by Figure 2B and Supplementary Table S5. Based on all the aforementioned findings, it is reasonable to speculate that certain GPCRs are not significantly differentially expressed in PRAD tumors due to their own mutations, yet present to some extent correlations with somatic mutations in other GPCR genes. Certainly, the number of mutant samples involved in this study is limited, and additional large-scale studies are needed to validate these findings.
Somatic copy number alterations of GPCRs in primary PRAD
SCNA is another molecular feature on the genomic level, which may cause the genome copy number of the affected cells to deviate from the normal diploid state such that affecting the stability of the genome and promoting the development of tumor cells (Albertson et al., 2003). Thus, we also analyzed SCNAs. The result shows that SCNAs occur extensively in primary prostate tumors. A total of 738 amplified and 634 deleted GPCRs were identified in 500 tumor samples, with a median of 27 amplifications (range 0–347) and 37 deletions (range 0–382) per tumor sample. The frequency distribution of samples with GPCR SCNAs is shown in Figure 3A. It can be seen that heterozygous SCNAs of GPCR genes are more common than homozygous SCNA events, which is consistent with a previous study on the GPCR SCNA events in pan-cancer (Sriram et al., 2019). Most GPCRs have a low frequency of SCNAs, as the SCNA of 571 GPCR genes occurs in 10% or less of tumor samples. However, there are still some GPCRs presenting frequent SCNAs, for example, the most frequently deleted ADRA1A and amplified FZD6 occur in 52.20 and 26.80% of the tumor samples analyzed, respectively.
[image: Figure 3]FIGURE 3 | SCNAs of GPCRs in PRAD. (A) The number of heterozygous/homozygous deletions, and low-/high-level amplifications for all GPCRs. (B) Scatter plot of recurrent amplifications and deletions in 500 primary prostate tumor samples. (C) Box plots showing the expression of the significantly deleted and amplified GPCRs between the tumor and normal samples. (D) Distribution of Pearson’s correlation coefficients between the GPCR expression and its linear SCNA values.
It was proposed that amplified and deleted GPCRs may have potential as biomarkers (Vang Nielsen et al., 2008; Sriram et al., 2019). Thus, we utilized GISTIC2.0 to detect significantly recurrent SCNA events of GPCRs (Mermel et al., 2011), and 52 significantly altered regions (q value <0.25) were identified. Figure 3B shows the identity and frequency of these significant GPCR SCNAs. The 23 amplified peak regions encompass 4 GPCRs on the chromosomes 3q and 17p, while recurrent arm-level amplifications also occur in the 2 chromosome arms. The 29 deleted peak regions harbor 10 GPCRs, three of which are on chromosomes 13q and 18p that show recurrent arm-level deletions. Therefore, the significant amplifications of ADCYAP1R1, CRHR2, GPR160, and GHRHR, and the deletions of GALR1, MC4R, and HTR2A are possibly attributed to their corresponding recurrent arm-level SCNAs.
By assessing the expression of GPCRs with the above recurrent focal SCNA events, we further explored the power of SCNAs in explaining why the expression levels of DEGpcrs are significantly dysregulated in cancers. The results reveal that among the four amplified GPCRs, only GPR160 is over-expressed in primary prostate tumor samples, while the other two (CRHR2 and ADGYAP1R1) are significantly under-expressed. Except for ADGRD, the expressions of the 9 deleted GPCRs don’t show statistically significant differences between the tumor and normal samples. These observations indicate that the expression of GPCRs could not be inferred from their copy number variant status. Except for GPR160 and ADGRD1, SCNA alone does not generally predict the direction and extent of expressional dysregulation in prostate tumors compared to normal tissues (Figure 3C).
To further test the correlation between SCNA and mRNA expression of GPCRs, we extracted 491 primary PRAD patients with both mRNA and CNV data available and calculated their Pearson correlation coefficients. 611 of 736 GPCRs with both SCNA and mRNA data do not present significant correlations between the two features. Even though significant correlations were observed in the other 125 GPCRs, the associations are generally weak with most correlation coefficients below 0.3. Only 7 pairs exhibit correlation coefficients in the range of 0.3–0.5, as evidenced by Figure 3D. These observations indicate that no direct correlation exists between SCNA and mRNA expression for most GPCRs. Moreover, we further evaluated the GPCR mRNA expression between different PRAD groups classified by the SCNA status of the specific gene. Similarly, no significant differential expression was observed, further confirming that there is usually lack of the significant correlation between SCNA and mRNA expression of GPCRs.
DNA methylation alterations of GPCRs in primary PRAD
Besides somatic mutations and SCNAs, epigenetic changes also contribute to tumorigenesis (Villanueva et al., 2020). DNA methylation is the most widely studied epigenetic mechanism, and its alteration generally results in malignant tumors mainly by means of DNA hyper- or hypomethylation (Pan et al., 2018). Thus, we extracted DNA methylation data from 50 PRAD patients with matched control and tumor samples to conduct a comparative analysis. Statistically significant methylation changes (|Δβ| > 0.2 and adjusted p-value < 0.05) were observed in 504 regions of 252 GPCR genes, in which 243 differentially methylated positions (DMPs) are hypermethylated and 261 DMPs are hypomethylated in the primary prostate tumor samples, as reflected by Supplementary Table S6. Considering the fact that there are different methylation characteristics and functions among different genomic regions, we divided these 504 DMPs into 170 hypermethylated DMPs and 217 hypomethylated DMPs in the promoter region, 64 hypermethylated DMPs and 34 hypomethylated DMPs in the gene body, and 9 hypermethylated DMPs and 10 hypomethylated DMPs in the 3′UTR (Figure 4A, left). As shown in Figure 4A, 214 of the 252 significantly differentially methylated GPCRs (DMGpcrs) only appear in one region, 34 genes in at least 2 regions, and only 4 genes (GPR26, GPRC5C, GRM1 and OPRM1) in all the 3 regions. The observations imply that the DNA methylation is region-specific in PRAD and certain genomic regions may be more susceptible to changes than others, for example, the promoter region that involves in the most frequent methylation changes. In fact, the promoter region has been a focus of attention in DNA methylation studies and its methylation level is considered to be closely related with cancer development (Saghafinia et al., 2018).
[image: Figure 4]FIGURE 4 | Differential methylation of GPCRs in the 491 PRAD patients. (A) Bar plot and Upset showing the number of DMGpcrs. (B) Bar plots and scatter plots showing the number and identity of DMEGs, respectively.
It is well known that DNA methylation can control gene expression without incurring any change to the genomic sequence; epigenetic changes could inappropriately cause transcriptional dysregulation, causing various diseases, including cancer (Anastasiadi et al., 2018). We hence explored the relationship between DNA methylation and mRNA expression of GPCRs. It has been reported that treating methylation sites and their located genes as single units may minimize noise from unrelated methylations and gene expression (Guo et al., 2019). Therefore, we preliminarily explored the relationship between dysregulated expression and aberrant methylation of GPCRs in different regions by coupling the DEGpcrs and DMGpcrs as single units. As a result, a total of 16 differentially methylated and expressed GPCRs (DMEGpcrs) were identified, which fall into 4 classes: HypoDown, HypoUp, HyperDown and HyperUp (Supplementary Table S7). HyperDown is the most common within promoter regions (5/13, Figure 4B), suggesting that this region causes gene silencing mainly through abnormal methylation, and oncogenes and therapeutic markers have established based on such association (e.g., CDKN2A (The Cancer Genome Atlas Research Network, 2012) and BRCA1 (Cancer Genome Atlas Research Network, 2011)); the Gene body region is dominated by HypoDown (3/6, Figure 4B), while only HypoDown and HyperUp are present in the 3′UTR region (Figure 4B), indicating that the aberration of DNA methylation and expression in the gene body and 3′UTR regions usually exhibit a consistent direction. The analysis above revealed the relationship between aberrant DNA methylation and expression preliminary.
To have a more accurate picture of the association between gene expression and DNA methylation, we conducted a correlation analysis on GPCRs from 494 primary PRAD patients having both two data types. Gene expression is often negatively associated with DNA methylation within promoter regions, but positively associated with DNA methylation in gene bodies. Specifically, among the 19 mRNA - methylation pairs in the promoter regions, 14 pairs show significantly negative correlation with Pearson r < 0, while in the gene bodies, 7/10 significant correlated pairs present Pearson r > 0. For example, the expression of GPR26 is negatively correlated with the methylation level of cg04549162 and cg11893763 (Pearson r < −0.15), which locate around 200 kb upstream of GPR26. In contrast, the expression of GPR26 presents positive correlation with the methylation of cg25912428 (Pearson r = 0.2359) locating in the gene body. The observation indicates that the overexpression of GPR26 in primary prostate tumors is probably due to its hypermethylation in promoter and hypomethylation in gene body. In fact, the positive and negative correlations have been widely reported, i.e., hypermethylation of CpG sites in promoters typically leads to transcriptional silencing, whereas hypomethylation of CpG sites in a gene body frequently results in an increase in gene expression (Shen and Laird, 2013; Sun et al., 2018). In addition, we identified a new regulatory region, the 3′UTR, with a significant positive correlation between the level methylation and expression, such as GPR26 - cg13557752, RGR - cg14856914, SSTR1 - cg04265797, and SSTR1 - cg04573550 (Supplementary Figure S3). All the observations indicate that the alteration in expression might be due to the degree of DNA methylation, and the correlation between them is highly relied on where the DNA methylation occurs: the abnormal decrease of GPCR mRNA expression in primary PRAD is likely a result of hypermethylation in promoters and hypomethylation in gene body and 3′UTR regions. In summary, our correlation analysis provides insights into regulatory relationships between DNA methylation and expression of GPCRs in PRAD.
Identification of GPCRs as potential therapeutic targets for drug repurposing
Characterizing the genome, epigenome, transcriptome and their interactions is vital for our understanding of cancer behavior, not only for deepening insights into cancer-related processes but also for future disease treatment and drug development. Based on the above multi-omics analysis, we identified significantly altered GPCR members in primary PRAD. Drug development targeting such receptors should be helpful for the development of effective anticancer therapies. To this end, we selected GPR160 and CRHR2 which significantly altered at the multi-omics layers as representatives to conduct structure-based virtual screening, which is a powerful and widely used computational approach for the identification of lead compounds (Zhao et al., 2021).
GPR160 belongs to the class A GPCR subfamily and was de-orphanized recently (Yosten et al., 2020). As outlined above, GPR160 is significantly amplified and hypermethylated in the promoter region (TSS1500 and 5′UTR), along with upregulated gene expression. Therefore, GPR160 may be a promising drug target for the treatment of PRAD. Previous experimental studies have fully revealed the involvement of GPR160 in PRAD, including its expression dysregulation at both mRNA and protein levels, and the authors further demonstrated that the knockdown of GPR160 resulted in cancer cell apoptosis and growth arrest (Zhou et al., 2016; Guo et al., 2021). Therefore, GPR160 may be a promising drug target for the treatment of PRAD. However, there has not been available crystal structure for GPR160. Thus, we used the GPR160 structure (Q9UJ42) predicted by AlphaFold at http://alphafold. Ebi. ac.uk (Varadi et al., 2021). As known, AlphaFold is a deep learning-based approach recently developed, showing remarkable success in predicting the protein structure. Then, Fpocket algorithm [86] was used to identify its ligand binding pockets, leading to ten pockets. The top scoring pocket consisting of 22 residues was selected for the subsequent virtual screening to 1615 FDA-approved drugs from ZINC (Irwin and Shoichet, 2005), which is a free database of purchasable compounds for ligand discovery and virtual screening. To obtain the stable protein-ligand complex structure, we further used 100 ns MD simulation on the top eight hits (Supplementary Table S8) of the docking result. As evidenced by RMSDs of GPR160 in Supplementary Figure S4A, all the eight systems achieve equilibriums. To obtain reliable evaluation on the binding affinity between GPR160 and the eight ligands screened, MM-GBSA was used to calculate the ligand-receptor binding free energy for the eight systems and the result is listed in Supplementary Table S8. Despite the strongest affinity of Trypan Blue to GPR160, it is not further considered as a candidate in this study due to the fact that Trypan Blue generally acts as stain and has no any reports involving the disease treatments. Here, we focused on Cinacalcet (−23.68 kcal/mol) and Irinotecan (−20.43 kcal/mol), which also show strong binding affinities to GPR160 (vide Table 1). As shown in Figure 5A, the two ligands present diverse interactions with GPR160, for example, the binding of Cinacalcet to GPR160 is mainly attributed to hydrogen bonding with SER236, LYS243 and CYS296, π-π bonding with PHE240, and halogen bonding with ILE239. The tight binding of Irinotecan to GPR160 is due to hydrogen bonding with HIS229 and SER236, π-σ bonding with THR233, amide-π interacting with CYS296, and π-alkyl bonding with ILE239. Additionally, existing studies suggested the anticancer potential of the two drugs. Cinacalcet, which is approved by FDA to treat secondary hyperparathyroidism (Nemeth et al., 1998), has shown therapeutic application for hepatocellular carcinoma (Zheng et al., 2021), and has been reported to reduces neuroblastoma tumor growth in preclinical models (Masvidal et al., 2017). Irinotecan as a camptothecin-derived drug that is the first approval for cancer treatment has contributed to the treatment of multiple cancers worldwide, including advanced colon cancer, non-small cell lung cancer, and cervical cancer (Hsiang and Liu, 1988; Bailly, 2019). The existing reports support that Cinacalcet and Irinotecan may be promising candidates for the treatment of PRAD, also confirming the reliability of our results from the virtual screening and the molecular dynamics simulation.
TABLE 1 | Binding energies, derived from MM/GBSA calculation, of the top two compounds selected in virtual screening for GPR160 and CRHR2 respectively.
[image: Table 1][image: Figure 5]FIGURE 5 | The predicted binding modes of the ligands with (A) GPR160 and (B) CRHR2 at the ligand binding pocket (dashed box). Different ligands are represented by different colored sticks, salmon: Irinotecan, yellow: Cinacalcet, orange: Simeprevir, and cyan: Glecaprevir.
The analysis above already indicates that CRHR2 is significantly amplified, hypermethylated in the promoter region (TSS200 and TSS1500) and under-expressed. CRHR2, belonging to class B1 GPCRs, is best known as regulators of the stress response in the central nervous system. Although there have been seldomly reports about CRHR2 in cancer, its role in tumor formation and angiogenesis is becoming increasingly studied. For example, low or absent CRHR2 expression was found in exocrine ductal pancreatic carcinomas, PRAD and non-small cell lung cancer, in line with our findings. It was reported that expression loss of CRHR2 may contribute to prostate tumorigenesis, progression and neoangiogenesis (Reubi et al., 2003; Tezval et al., 2009). In addition, recent studies indicated that hypermethylation of CRHR2 may be responsible for lowered tissue expression of this protein (Kasprzak and Adamek, 2020). Overall, CRHR2 has been found to be dysregulated in expression and methylation in multiple cancers, and involved in angiogenesis and tumor progression, implying that it may be served as potential therapeutic targets in cancer. Thus, we selected the cryo-EM structure of CRNR2 co-crystallized with Urocortin 1 from human (PDB Identifier: 6PBI) (Bentley et al., 2020), and select its amino acid residues within 4 Å of the ligand binding site in 6PBI as the binding pocket for virtual screening. Similarly, we conducted 100-ns MD simulation on 8 complex systems with the top hits in the docking score and calculate their MM/GBSA energies. Glecaprevir (−47.39 kcal/mol) and Simeprevir (−44.87 kcal/mol) present the strongest binding affinity (vide Table 1), implying their potential as promising drugs to CRHR2. Figure 5B shows the predicted binding modes for the two drugs with CRHR2. Similarly, the strong binding affinities are also attributed to the diverse interactions between the two drugs and CRHR2, as reflected by Figure 5B. Glecaprevir, which has been used as the hepatitis C virus (HCV) NS3/4A protease inhibitor (Lamb, 2017), is proposed to have antitumor potential for the first time in our work report. Simeprevir, originally served as a hepatitis C antiviral agent, was recently repurposed as an effective anti-cancer agent that simultaneously inhibits two important pathways known to be involved in both tumorigenesis and treatment resistance (Park et al., 2017; Kattan et al., 2021). These previous observations also to some extent support our predictions.
However, it is noted that we screened the four high-affinity drugs for the potential targets (GPR160 and CRHR2) and evaluated the anticancer potential only by means of the computational way. As known, the docking and structure-based virtual screening aim to predict the binding mode of a ligand and its affinity to the target protein, but cannot distinguish its efficacy like agonists or antagonists or inverse agonists (Ballante et al., 2021), which need further experimental evaluation like functional assays. In addition, our screening to the potential ligands is based on the classic pharmacological dogma “one drug-one target”. Although the dogma has been dominant in drug discovery for decades, it has been recognized that inhibition of a single target is often not sufficient to generate optimal therapeutic benefit for the disease that displays polygenicity (e.g., cancer, psychiatric diseases) or involves complex biological signaling networks and feedback loops (Palve et al., 2021). In the case, multitargeted drugs and drug combinations may represent valuable complements, which are emerging as new paradigms in drug discovery (Anighoro et al., 2014; Palve et al., 2021).
Prognostic value of GPCRs in primary PRAD
GPCRs that exhibit abnormalities at the multi-omics layers should provide clues for the prognosis development, besides their value in the drug discovery. Thus, we further investigated the correlation between the abnormal molecular characteristics of GPCRs and the prognosis of PRAD patients, through which GPCR molecular features significantly associated with prognosis can be identified on one side and we also hope to build an accurate prognostic model on the other side. As some clinical features like age and tumor stage were reported to influence the prognosis of patients as well (Li et al., 2021), they were taken into account to construct the prognostic model. Supplementary Table S9 shows available clinical features collected. The univariable analysis reveals that some clinical features, gene expression and SCNA status of some GPCRs are significantly associated with PFI (p < 0.05). However, none of the GPCR methylation and somatic mutations reaches the statistical significance, which is different from the observations in some previous survival analyses on other genes and cancers. For example, EGFR and TP53 mutations are accepted as prognostic factors in advanced non-small cell lung cancer (Jiao et al., 2018). MUC16 mutations were found to be associated with improved outcome in patients with gastric cancer (Zeng et al., 2020). Several biomarkers based on DNA methylation changes have been identified in colorectal cancer (Gutierrez et al., 2021). In order to reduce the influence of collinearity among genes in identifying the prognostic predictors and to build a more accurate prediction model, we further performed a stepwise multivariate Cox regression analysis on the training set (n = 184) by including features significantly associated with prognosis derived from the above univariate analysis. Finally, the prognostic model is obtained by using 3 clinical features, mRNA expression of 19 GPCRs, and SCNA of 7 GPCRs, in which 13 features with HR < 1 are considered as protection factors, and 16 features with HR > 1 are risk factors. Supplementary Figure S5 lists the 29 predictors in detail. On the basis of the risk prognostic model, the risk score of each sample can be obtained. Kaplan-Meier curve in Figure 6 shows that the samples in the high-risk group exhibit worse PFI than those in the low-risk one, indicating the prognostic signature of risk score is effective (training set: log rank p = 4.12e-5, HR = 64; test set: log rank p = 0.023, HR = 3.6). In order to compare the sensitivity and specificity of the risk score on the prognosis of patients with primary PRAD, time-dependent receiver operating characteristics (ROC) analysis was also performed, and the areas under the ROC curves (AUC) in the training set at 1, 3, and 5 years are 0.974, 0.966, and 0.933, respectively (Figure 6C). For the testing set, they are 0.87, 0.66, and 0.71, respectively (Figure 6D). Collectively, the 29 features involving the abnormal mRNA expression and copy number variants of GPCRs may serve as potential biomarkers to predict primary PRAD prognosis. Combined with the observations from the omics analysis above, it suggests that the features significantly associated with disease at the single-omics level may not serve as effective prognostic markers. For example, some GPCRs mutated significantly are not associated with the prognosis, possibly due to the fact that cancer is a disease involving multi-omics dysregulations like genetic alterations, differential DNA methylations and transcriptomic disorders. Thus, the features found at a single omic layer may be altered by subsequent regulation or modification. Thus, the combination of the multi-omics data leads to more accurate predictions, suggesting that survival prediction in oncology would likely benefit from multi-omics analysis.
[image: Figure 6]FIGURE 6 | The diagnostic performance of the prognostic model. (A,B) Kaplan–Meier survival analysis showing PFI differences between the high-risk (red) and low-risk (blue) groups in the training set (A) and test set (B). (C,D) The ROC curve showing the AUC value of the risk model in the training set (C) and testing set (D).
CONCLUSION
In the work, we offer the first comprehensive landscape of multi-omics features of the GPCR family in the primary PRAD using an unbiased (-ome) approach. Several important observations are obtained:
1) GPCRs exhibit low expression levels and mutation frequencies, which should contribute to less focus on GPCRs in oncology. However, the mRNA expression and DNA methylation analysis identify 46 and 255 disease-related GPCRs, respectively, complementing information lack in the genome analysis.
2) The associations between distinct omics layers are found to be different. Most receptors don’t exhibit a significant correlation between the genome and transcriptome while a tight association is observed between the transcriptome and epigenome of GPCRs, confirming the complex regulatory mechanism from DNA to RNA.
3) Four drugs (Cinacalcet, Irinotecan, Glecaprevir, and Simeprevir) targeting GPR 160 and CRHR2, which show significant alterations at different levels, are identified as potential candidates to reposition for prostate cancer by the virtual screening and molecular dynamic simulations.
4) The combination of 3 clinical characteristics and 26 GPCR molecular features identified by the transcriptome and genome exhibit good performance in predicting progression-free survival in patients with the primary PRAD, thus providing new potential biomarkers for the clinical decision.
In a whole, these observations on the GPCR family at the genomic, epigenomic, and transcriptomic levels provide new insights for understanding the mechanism of the primary PRAD, theoretically revealing the therapeutic and prognostic potential of GPCRs in PRAD. In addition, our result further confirms that the analysis of just one omics level generally provides a biased and incomplete snapshot in the complex disease progression, most probably missing some key cancer drivers. Thus, the integrated analysis considering multi-omics is beneficial to the development of new therapeutic strategies and prognostic markers. However, it is noted that our data from the public databases (TCGA and GTEX) were generated from whole blood or specific tissue samples, thus cannot capture the complex heterogeneity of single cells or the regulatory relationships between them. Recently, single-cell technologies are advancing. It is likely to generate omic data on single cells from different tissue types of interest in the future such that can accelerate new and more refined analyses.
MATERIALS AND METHODS
Data collection
Integrating data from the IUPHAR/BPS Guide to PHARMACOLOGY (GtoPdb, www.guidetopharmacology.org) (Alexander et al., 2019) and previous reports (Alexander et al., 2011;; Maiga et al., 2016, we compiled an annotation file of 766 GPCRs, including endogenous GPCRs (response to endogenous agonists), taste andolfactory members. We then manually check this list in NCBI Gene database, and full details of the receptor family are provided in Supplementary Table S1.
To comprehensively characterize the GPCR family in patients with primary PRAD, we collected genomic, transcriptomic and epigenomic data from publicly available databases, including The Cancer Genome Atlas (TCGA) and the Genotype-Tissue Expression (GTEx). Specifically, we downloaded both the mutation annotation format (MAF) files and SCNA data from GDC Data Portal (RRID:SCR_014514, https://portal.gdc.cancer.gov/). The RNA expression data generated by TCGA (Chang et al., 2013) and GTEx (Lonsdale et al., 2013) was obtained from the UCSC Toil RNA-seq recompute data hub (accessed on 13 December 2020) (Vivian et al., 2017) and the DNA methylation profiles came from the TCGA Hub—PRAD, both of which are stored at UCSC Genome Browser (RRID:SCR_005780, https://genome.ucsc.edu) (Goldman et al., 2020). In addition, the clinical information was retrieved from TCGA, UCSC Xena and Broad GDAC Firehose (https://gdac.broadinstitute.org/), which is listed in Supplementary Table S9.
mRNA expression analysis
Firstly, we applied the “DESeq2” package with the threshold of |log2 fold-change| > 2 and adjusted p-value < 0.05 to select DEGpcrs in the primary prostate tumor samples compared with non-tumor ones (Love et al., 2014). Then, the class enrichment analysis was carried out for the over-or under-expressed group, using the R fisher. test function. Finally, the “corrplot” package was used to calculate Pearson correlation of the tumor gene expression between DEGpcrs and other protein-coding genes. Then, genes with a p value <0.05 were identified to perform enrichment analysis by the Metascape web-based portal (http://metascape.org) (Zhou et al., 2019).
Somatic mutation analysis
Maftools (Mayakonda et al., 2018), which is already implemented as a R package, was applied to annotate, analyze and visualize the GPCR mutations from the MAF file of primary PRAD. The definition of SMGpcrs in tumor samples was performed by running the MutSigCV software with default parameters (Lawrence et al., 2013). Genes with p < 0.05 were considered to be significantly mutated.
Somatic copy number alteration analysis
SCNAs of primary PRAD patients were analyzed by the GISTIC2 algorithm (Mermel et al., 2011), which is freely available as a module on the GenePattern web server at https://cloud.genepattern.org/gp/pages/index.jsf. The parameters were set as follows: “-refgene: Human_Hg38.UCSC.add_miR.160920. refgene.mat, -ta (-td): 0.25, focal length cutoff: 0.70, -genegistic: yes, -conf: 0.9, -qvt: 0.25, -broad: yes, -armpeel: yes”.
DNA methylation analysis
Differences in DNA methylation levels between the primary prostate tumor samples and the non-tumor ones were quantified using the ChAMP package (RRID:SCR_012891) (Morris et al., 2014). We determined DMPs with a threshold of |delta β-value| > 0.2 and adjusted p-value < 0.05. DMPs were subsequently classified into different regions based on annotation from ChAMP: TSS1500, TSS200, Body, 1stExon, 3′UTR, and 5′UTR.
Drug screening
There has been lack of a crystal structure for GPR160. BLASTP search and alignment did not identify a template with high sequence similarity. Thus, the predicted structure Q9UJ42 by AlphaFold was used for subsequent docking analysis (Varadi et al., 2021). Then, the potential binding region of GPR160 is identified by using Fpocket (Le Guilloux et al., 2009) that is a well-known pocket detection package based on the alpha sphere theory. As for CRHR2, the cryoelectronic microscopy structure of UCN1-bound CRF2R with the stimulatory G protein was obtained from GPCRdb (Kooistra et al., 2021) (https://gpcrdb.org/structure/refined/6PB1), and amino acids located at the vicinity of 4 Å from the ligand are considered as main binding residues. Thereafter, crystallographic ligands, stimulatory G protein and water molecules were excluded from the crystal structures. Polar hydrogens were then added to each protein by using Autodock tools (Morris et al., 2009). To achieve the goal of drug repurposing, a library of 1615 FDA-approved drugs obtained from the ZINC database, which is a free database of purchasable compounds for ligand discovery and virtual screening, were used for screening ligands (Irwin and Shoichet, 2005). Prior to docking studies, the proteins and small molecules were all saved into pdbqt format in preparation.
The virtual screening tasks were carried out by using AutoDock Vina, a freely available structure-based virtual screening docking program (Trott and Olson, 2010) with “exhaustiveness = 20, energy_range = 10, num_modes = 100” and other parameters being set to default. Based on the docking score, we selected the top eight hits of each receptor for molecular dynamics (MD) simulation. Membrane systems were constructed using the CHARMM-GUI Membrane Builder (Jo et al., 2009). Each system was simulated for 100 ns using AMBER16 (Case et al., 2016). In addition, we used molecular mechanics/generalized Born surface area (MM/GBSA) implemented in Amber16 to calculate the binding free energy of each complex, based on the last 20 ns equilibrium trajectory (Kollman et al., 2000).
Survival analysis
In order to assess the prognostic value of each variable in PRAD, the univariate Cox analysis was adopted, in which the molecular and clinical characteristics were considered. The molecular characteristics involve important features at the somatic mutation and SCNA, DNA methylation levels and mRNA expression of GPCRs. To develop a prognostic model and evaluate its performance, we divided the cohort into a training set (60% of samples, n = 184) and a test set (40%, n = 122), in which the samples were proportionally allocated from each PFI type without replacement. Then, the significant features with p-value < 0.05 in the univariate Cox analysis were collected to perform a stepwise multiple Cox regression analysis on the training set. A patient’s risk score for PFI can be obtained by a linear combination of the regression coefficient derived from the multivariate analysis and the value of each significant variable, through which we could stratify patients into “high-risk” and “low-risk” groups. The PFI distribution of each group was described by the Kaplan-Meier curves and statistical significance was calculated using the log rank test. The predictive performance of the prognostic model was evaluated by c-index and ROC curves. Survival analysis and corresponding visualization were performed by using the R package “survival”, “survminer”, and “timeROC” (Blanche et al., 2013).
Statistical analysis
For the correlation analyses between the gene expression and other molecular profiles, the following methods were used: 1) for continuous variables, including relative linear copy number values and DNA methylation levels, Pearson correlation was performed; 2) for categorical variables, the samples were divided into two groups based on a specific attribute (e.g., whether the specific GPCR was mutated), and then the non-parametric Mann-Whitney U test was performed to test the significant difference. p < 0.05 was considered statistically significant.
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Lung adenocarcinoma (LUAD) is the most ordinary histological subtype of lung cancer, and regulatory cell death is an attractive target for cancer therapy. Recent reports suggested that cuproptosis is a novel copper-dependent modulated form of cell death dependent on mitochondrial respiration. However, the role of cuproptosis-related genes (CRGs) in the LUAD process is unclear. In the current study, we found that DLD, LIAS, PDHB, DLAT and LIPA1 in 10 differentially expressed CRGs were central genes. GO and KEGG enrichment results showed that these 10 CRGs were mainly enriched in acetyl-CoA biosynthetic process, mitochondrial matrix, citrate cycle (TCA cycle) and pyruvate metabolism. Furthermore, we constructed a prognostic gene signature model based on the six prognostic CRGs, which demonstrated good predictive potential. Excitedly, we found that these six prognostic CRGs were significantly associated with most immune cell types, with DLD being the most significant (19 types). Significant correlations were noted between some prognostic CRGs and tumor mutation burden and microsatellite instability. Clinical correlation analysis showed that DLD was related to the pathological stage, T stage, and M stage of patients with LUAD. Lastly, we constructed the lncRNA UCA1/miR-1-3p/DLD axis that may play a key role in the progression of LUAD and screened nine active components of traditional Chinese medicine (TCM) that may regulate DLD. Further, in vitro cell experiments and molecular docking were used to verify this. In conclusion, we analyzed the potential value of CRGs in the progression of LUAD, constructed the potential regulatory axis of ceRNA, and obtained the targeted regulatory TCM active ingredients through comprehensive bioinformatics combined with experimental validation strategies. This work not only provides new insights into the treatment of LUAD but also includes a basis for the development of new immunotherapy drugs that target cuproptosis.
Keywords: lung adenocarcinoma, cuproptosis, prognostic signature, DLD, ceRNA, ingredients
INTRODUCTION
Lung cancer is a serious threat to human health all over the world (Wang et al., 2018). Lung adenocarcinoma (LUAD), as the most common histological subtype of lung cancer, has a significantly increasing incidence compared with squamous cell carcinoma, large cell carcinoma, and small cell carcinoma (Meza et al., 2015; Ruiz-Cordero and Devine, 2020). The pathogenesis of LUAD is still not completely clear, and it is mostly due to a combination of lifestyle, environment, genetics, and other factors (Akhtar and Bansal, 2017). Currently, the most common treatments for LUAD include surgery, radiotherapy, drug therapy, and chemotherapy (Wu et al., 2021). Although early CT screening enables early detection and treatment of some patients with LUAD, the effect and prognosis of conventional treatment are not satisfactory due to the special invasiveness and drug resistance of LUAD (Rosell et al., 2020; Toki et al., 2020). In addition, there is an urgent need to identify and screen new prognostic markers and targeted drugs for LUAD in the face of many poor outcomes in patients with LUAD.
Recently, a new cell death pathway termed cuproptosis was found in addition to conventional cell death, such as apoptosis, pyroptosis, and ferroptosis (Tsvetkov et al., 2022). As a common trace metal element, copper plays an important role in maintaining multiple physiological functions of the human body, such as electron transfer, mitochondrial function, and the activities of various enzymes (Vetchý, 2018). Recent studies have shown that excess copper directly binds to lipoacylated proteins by mediating the tricarboxylic acid cycle and targets its upregulated factors, namely, the gene FDX1 that encodes the enzyme that reduces Cu2+ to Cu1+; excess copper also promotes the abnormal oligomerization of lipoacylated proteins, reduces protein lipoacylation, and reduces the level of Fe-S cluster proteins, resulting in copper-dependent cell death (Tsvetkov et al., 2019; Tsvetkov et al., 2022). The presence of copper ion carriers and glutathione consumption can promote copper-mediated cell death, whereas the presence of copper chelates can alleviate death to some extent. Studies have shown that after pulse treatment with copper ion carrier elesclomol, metabolites related to the tricarboxylic acid (TCA) cycle, such as citrate, cis-monucinic acid, and guanosine diphosphate, show time-dependent maladjustment. Moreover, if SLC31A1 is overexpressed in ABC-1 cells, the sensitivity of cells to copper is enhanced, resulting in cell copper death (Tsvetkov et al., 2022). Therefore, we can explore new therapeutic strategies for LUAD from the mechanism of cuproptosis to overcome the defects of traditional therapy.
The rapid development of multi-omics technology, artificial intelligence, and big data provides a powerful means to explore the development of tumors and potential therapeutic markers (Chakraborty et al., 2018; Hristova and Chan, 2019). Traditional Chinese medicine (TCM) has played an important role in tumor prevention and treatment, and the search for potential anti-tumor active ingredients in TCM has attracted the attention of scholars (Wang et al., 2021). This study aimed to elucidate the expression and prognostic significance of CRGs (cuproptosis-related factors) in LUAD through a comprehensive bioinformatics strategy, identify the potential regulatory axis of ceRNA of CRGs, and screen their targeted regulatory TCM active ingredients. In conclusion, this work can provide a sufficient basis to determine the prognostic value of CRGs in LUAD and develop cuproptosis-targeting modulators for the prevention and treatment of LUAD.
MATERIALS AND METHODS
Data collection and pretreatment
TCGA LUAD and GTEx corresponding normal tissue data were obtained. RNAseq data in TCGA and GTEx TPM format were processed by the Toil processes (Vivian et al., 2017) at UCSC XENA. The data included TCGA paracancer samples (59 cases), TCGA tumor tissue (515 cases), and GTEx normal samples (288 cases). RNAseq data in level 3 HTSeq-FPKM format from the TCGA LUAD project were obtained. Before further analysis, we converted the RNAseq data in fragments per kilobase per million (FPKM) formats to transcripts per million reads (TPM) format and log2 conversion.
Acquisition, differential expression, gene mutation, and correlation analyses of CRGs
Ten CRGs, namely, FDX1, LIAS, LIPT1, DLD, DLAT, PDHA1, PDHB, MTF1, GLS, and CDKN2A, were obtained through an original research paper published in Science (Tsvetkov et al., 2022). R software (version 3.6.3) and Mann-Whitney U test (Wilcoxon rank-sum test) were further used to identify the differential expression of CRGs in LUAD and normal lung tissues. The Gene Set Cancer Analysis (GSCA) database (http://bioinfo.life.hust.edu.cn/GSCA/#/) was used to analyze the gene mutation of the 10 CRGs. We then constructed a protein-protein interaction (PPI) network of the 10 CRGs using the STRING database (https://cn.string-db.org/) and Cytoscape software (version 3.7.1).
Enrichment analysis of gene ontology and kyoto encyclopedia of genes and genomes pathways
Gene ontology (GO) included biological processes (BP), cell composition (CC), and molecular function (MF) categories. The Kyoto encyclopedia of genes and genomes (KEGG) pathways were generated from the org. hs.eg.db package (version 3.10.0, for ID conversion), clusterprofiler package (version 3.14.3, for enrichment analysis) and ggplot2 (version 3.3.3, for visualization) packages in R software. The species was set as Homo sapiens, and p. adjust<0.1 and qvalue<0.2 were selected as screening conditions to obtain the main enrichment functions and pathways.
Construction of cuproptosis-related prognostic gene signature model
Survminer package [version 0.4.9] (for visualization) and survival package [version 3.2–10] (for statistical analysis of survival data) in R software (version 3.6.3) were used to determine the 10 CRGs in predicting overall survival (OS) in LUAD, and p < 0.05 was considered statistically significant. Then we selected the CRGs with significant prognostic value for subsequent prognostic model construction. And the model formula is: risk score = Gene 1 expression value × α 1 + Gene 2 expression value × α 2 +... + Gene n expression value × α n. Where α is the regression coefficient calculated by the LASSO Cox regression analysis. Finally, The CRG prognostic model was constructed by LASSO Cox regression analysis, and the OS time difference between the two subgroups (low-risk subgroup and high-risk subgroup) was compared by Kaplan-Meier survival analysis. The prediction accuracy and risk score of each cuproptosis-related prognostic gene were compared by time ROC analysis. All the above analyses were performed by R software, and p < 0.05 was considered to be statistically significant.
Analysis of immune invasion, tumor mutation burden, microsatellite instability, and drug sensitivity
The ssGSEA (GSVA embedded algorithm) (Hänzelmann et al., 2013) was used as the immune infiltration algorithm to analyze the correlation between the expression level of cuproptosis-related prognostic genes and the immune infiltration degree of 24 immune cell types (Bindea et al., 2013) and the enrichment score. Spearman correlation was used to analyze the relationship between cuproptosis-related prognostic genes and tumor mutation burden (TMB) and microsatellite instability (MSI) scores, and p < 0.05 was considered to be statistically significant. In addition, the GSCA database (http://bioinfo.life.hust.edu.cn/GSCA/#/) was used to analyze the drug sensitivity of cuproptosis-related prognostic genes.
DLD expression verification and construction of ceRNA regulatory network
The human protein map (HPA) database (https://www.proteinatlas.org/) was used to validate the protein expression levels of DLD in normal lung tissue and LUAD. The StarBase database was used to predict DLD-relevant miRNA targets. Then, Mann-Whitney U test and Kaplan-Meier analysis were used to evaluate the expression and prognostic value of DLD related miRNAs in LUAD, and p < 0.05 were considered to be statistically significant. Then, we selected the miRNAs with significant differences as the research objects. Furthermore, the LncBase database and StarBase database were used to predict the lncRNA targets associated with miRNA. Subsequently, we adopted the same methods (Mann-Whitney U test and Kaplan-Meier analysis) to analyze the expression and prognostic value of these lncRNAs in the TCGA LUAD data set, and p < 0.05 was considered to be statistically significant. Finally, we determined and constructed a DLD related ceRNA regulatory network.
Screening of TCM candidate effective ingredients for targeting the regulation of DLD
The CTD database (http://ctdbase.org/) was used to screen potential TCM chemical constituents targeting DLD, and Chemdraw (version 20.0) was used to map their structures.
In vitro cell experiments validation
Normal lung epithelial cells (BEAS-2B) (Shanghai Zhong Qiao Xin Zhou Biotechnology Co., Ltd., Shanghai, China) and LUAD cell lines (H1299 and A549) (Hunan Fenghui Biotechnology Co., Ltd.) were maintained with DMEM (Gibco, ThermoFisher Scientific, Waltham, United States) containing 10% FBS (Gibco, ThermoFisher Scientific, Waltham, United States) and antibiotics and RPMI-1640 (Gibco, ThermoFisher Scientific, Waltham, United States) containing 10% FBS and antibiotics in 5% CO2 at 37°C, respectively. When the cell density reached more than 80%, it was used for subsequent experimental detection. According to the previous description (Wang et al., 2018), RNA was extracted and separated and their expression levels were detected by using RT-qPCR assays. The GAPDH was used as an endogenous control of lncRNA UCA1 and DLD, the U6 was used as an endogenous control of miR-1-3p, and the primers of lncRNA UCA1, miR-1-3p, DLD were shown in Supplementary Table S1. The experiment was repeated three times, and the data were expressed as mean ± standard deviation (SD). GraphPad Prism software (version 9.0, CA, United States) was used for statistical analysis, and ANOVA was used for comparison between multiple groups. p < 0.05 was considered statistically significant.
Molecular docking verification
The 3D structures of nine potential active ingredients (resveratrol, genistein, aristolochic acid I, cannabidiol, epigallocatechin gallate, fructose, phlorizin, quercetin, and triptonide) were downloaded from PubChem database (https://pubchem.ncbi.nlm.nih.gov/). The 3D structure of DLD was downloaded from the PDB protein database (http://www.rcsb.org/pdb/home/home. do). Further, the protein was dehydrated and ligand extracted with PyMOL software. Then, Autodock software was used to conduct molecular simulation docking for the nine potential active ingredients and DLD, and the binding strength of DLD and the nine active ingredients was evaluated according to the docking binding energy.
RESULTS
Analysis of GRP expression, gene mutation, and PPI in LUAD
We first used the TCGA GTEx-LUAD dataset to evaluate the expression of the 10 GRPs in LUAD and normal lung tissues, and the results showed that the mRNA levels of all 10 GRPs were changed in unpaired samples. Compared with the normal lung tissue, the expression levels of FDX1, LIAS, LIPT1, DLD, DLAT, PDHB, and CDKN2A in LUAD were upregulated, whereas the expression levels of PDHA1, MTF1, and GLS were downregulated (Figure 1A). We further analyzed the gene mutations of GRPs in LUAD, and the results revealed that all the 10 GRPs had gene mutations in LUAD samples, among which CDKN2A was the gene with the highest mutation rate, followed by DLD and GLS (Figure 1B). A missense mutation was the most common variation classification, SNP was the most common variant type, and C>A was listed as the top-class SNV (Figure 1C). Further classifying the mutations as transitions (Ti) and transversions (Tv), we found that Ti was generated at a higher frequency than Tv in the whole gene (Figure 1D). In addition, we constructed a PPI network of the 10 GRPs through the STRING database (Supplementary Figure S1) and found that DLD, LIAS, PDHB, DLAT, and LIPA1 were the central genes via Cytoscape (Figure 1E).
[image: Figure 1]FIGURE 1 | Expression difference and gene mutation of CRGs in LUAD. (A) Expression differences of 10 CRGs in LUAD and normal lung tissues. *, p < 0.05; ***, p < 0.001. (B,C) Gene mutation and classification of 10 CRGs in LUAD. (D) Transition (Ti) and transversion (Tv) classification of the SNVs of 10 CRGs in LUAD. (E) Interactive network of CRGs; the darker the color is, the larger the circle is, indicating that it belongs to the central target in the whole network.
GO and KEGG enrichment analyses of GRPs
To elucidate the potential function of these GRPs, we subsequently performed GO and KEGG pathway analyses of the 10 CRGs. The results showed that these 10 CRGs were mainly enriched in the acetyl-CoA biosynthetic process from pyruvate (GO:0006086), acetyl-CoA biosynthetic process (GO:0006085), mitochondrial matrix (GO:0005759), oxidoreductase complex (GO:1990204), oxidoreductase activity (GO:0016903), and metal cluster binding (GO:0051540) in GO functional analysis (Figure 2A). KEGG pathway analysis showed that the 10 CRGs participated in the citrate cycle (TCA cycle; hsa00020), pyruvate metabolism (hsa00620), glycolysis/gluconeogenesis (hsa00010), carbon metabolism (hsa01200), and central carbon metabolism in cancer (hsa05230) (Figure 2B). Furthermore, we found that four CRGs, namely, DLD, PDHA1, PDHB, and DLAT, had the highest degree values in the abovementioned enriched pathways and functions (Figures 2C,D).
[image: Figure 2]FIGURE 2 | GO and KEGG enrichment analyses of 10 CRGs in LUAD. (A) Bubble plot of GO enrichment results of 10 CRGs in LUAD. (B) Bubble plot of KEGG enrichment results of 10 CRGs in LUAD. (C) Interactive network of GO entries and CRGs. (D) Interactive network of KEGG entries and CRGs.
Construction of cuproptosis-related prognostic gene signature model
To construct the cuproptosis-related prognostic gene signature model, we conducted univariate Cox regression analysis to evaluate the prognostic value of these 10 differentially expressed CRGs. As shown in Figures 4A–J, we found that six CRGs were associated with the prognosis of patients, namely, GLS (Figure 3A), CDKN2A (Figure 3B), PDHA1 (Figure 3C), MTF1 (Figure 3E), LIPT1 (Figure 3H), and DLD (Figure 3J). On the basis of the six prognostic CRGs, we further constructed a cuproptosis-related prognostic gene signature model using LASSO Cox regression analysis. The risk score=(−0.3021)*LIPT1+(0.3259)*DLD+(0.2209)*PDHA1+(−0.1147)*MTF1+(−0.0294)*GLS+(0.0386)*CDKN2A. Figures 4A,B show the prognostic characteristic coefficients and partial likelihood bias of prognostic characteristics in patients with LUAD. Subsequently, we divided all patients with LUAD into low-risk and high-risk subgroups based on the risk score. Figure 4C shows the risk score, survival status, and expression of patients with LUAD. OS curve analysis showed that patients had a higher risk of death and a shorter survival time (p = 0.00705, median time = 3.4 vs. 4.5 years) with the increase in risk score (Figure 4D). ROC curves of risk models at different times were further analyzed, and the results showed that the areas under the ROC curve at 1, 3, and 5 years were 0.638, 0.57, and 0.543, respectively (Figure 4E).
[image: Figure 3]FIGURE 3 | Prognostic value of 10 CRGs in LUAD. The OS curves of GLS (A), CDKN2A (B), PDHA1 (C), DLAT (D), MTF1 (E), LIAS (F), FDX1 (G), LIPT1 (H), PDHB (I), and DLD (J) in patients with LUAD in the low and high expression groups.
[image: Figure 4]FIGURE 4 | Construction of a prognostic signature model of CRGs in LUAD. (A) LASSO coefficients of the six prognostic CRGs. (B) PLD of the six prognostic CRGs. (C) Distribution of risk score, survival status, and expression of the six prognostic CRGs. (D) OS curve of patients with LUAD in the low and high expression groups. (E) 1-, 3-, and 5-year ROC prediction curves for patients with LUAD.
Correlation analysis of immune infiltration
We evaluated the correlation between the expression of prognostic CRGs (including LIPT1, DLD, PDHA1, MTF1, GLS, and CDKN2A) and the immune infiltration of 24 different immune cell types in LUAD. The results showed that LIPT1 expression was positively correlated with T helper cells. It was negatively correlated with NK CD56bright cells, NK CD56dim cells, Tem, pDC, neutrophils, NK cells, and Th2 cells (Figure 5A). DLD was positively correlated with Th2 cells, Tgd, T helper cells, and Tcm. By contrast, it was negatively correlated with TFH, B cells, CD8 T cells, pDC, NK CD56bright cells, NK cells, iDC, cytotoxic cells, DC, T cells, Th1 cells, mast cells, Treg, and eosinophils (Figure 5B). PDHA1 was positively correlated with Th2 cells and NK CD56bright cells, but it was negatively correlated with neutrophils, Th1 cells, macrophages, iDC, T cells, mast cells, cytotoxic cells, B cells, DC, pDC, eosinophils, CD8 T cells, and Tem (Figure 5C). MTF1 was positively correlated with Tcm, T helper cells, NK cells, Tem, eosinophils, neutrophils, and macrophages, but it was negatively correlated with CD8 T cells, pDC, and cytotoxic cells (Figure 5D). GLS was positively correlated with macrophages, Th1 cells, iDC, DC, Tem, T helper cells, T cells, TFH, eosinophils, aDC, Tcm, mast cells, NK cells, pDC, and Treg, but it was negatively correlated with NK CD56bright cells (Figure 5E). CDKN2A was positively correlated with Th2 cells, TReg, NK CD56dim cells, Th1 cells, cytotoxic cells, aDC, and Tgd, but it was negatively correlated with eosinophils, mast cells, and Th17 cells (Figure 5F). Further analysis showed that the enrichment types (p < 0.05) of LIPT1, DLD, PDHA1, MTF1, GLS, and CDKN2A in these 24 different immune cell types were 9 (Figure 6A), 19 (Figure 6B), 15 (Figure 6C), 8 (Figure 6D), 15 (Figure 6E), and 5 (Figure 6F), respectively. DLD was the most common, followed by PDHA1 and GLS. In conclusion, our results demonstrated a significant association between prognostic CRGs and lung tumor immune infiltration, and DLD was significantly enriched in most immune cell types.
[image: Figure 5]FIGURE 5 | Correlation between the six prognostic CRGs and immune infiltration in LUAD. The correlation between LIPT1 (A), DLD (B), PDHA1 (C), MTF1 (D), GLS (E), CDKN2A (F), and the degree of immune infiltration of 24 immune cell types in patients with LUAD.
[image: Figure 6]FIGURE 6 | Enrichment scores of the six prognostic CRGs in 24 immune cell types in LUAD. The six prognostic CRGs were LIPT1 (A), DLD (B), PDHA1 (C), MTF1 (D), GLS (E), and CDKN2A (F).
TMB, MSI, and drug sensitivity analyses
To explore whether these six CRGs can also be used as biomarkers for drug screening, we subsequently analyzed the correlation between CRGs and TMB and MSI in LUAD. The results showed that DLD (Figure 7A) and CDKN2A (Figure 7B) were positively correlated with TMB, whereas GLS (Figure 7C), LIPT1 (Figure 7D), MTF1 (Figure 7E), and PDHA1 (Figure 7F) were not significantly correlated with TMB. In MSI analysis, only PDHA1 (Figure 7G) was found to be significantly positively correlated with MSI, whereas LIPT1 (Figure 7H), DLD (Figure 7I), MTF1 (Figure 7J), GLS (Figure 7K), and CDKN2A (Fig. 7L) were not significantly correlated with MSI. We further analyzed the relationship between the expression of the six CRGs and existing drugs. Drug sensitivity analysis showed that the expression of CDKN2A, DLD, LIPT1, and MTF1 was negatively correlated with most drugs in the GSCA database (Supplementary Figure S2).
[image: Figure 7]FIGURE 7 | Correlation analysis of the six CRGs with TMB and MSI in LUAD. (A–F) Correlation between the six CRGs and TMB in LUAD. (G–L) Correlation between the six CRGs and MSI in LUAD.
Clinical correlation analysis
We further evaluated the relationship between the expression levels of these six CRGs and different clinical parameters of patients with LUAD, and the results showed that DLD expression was related to the pathological stages (Stage Ⅰ, Stage Ⅲ, and Stage Ⅳ; Figure 8A), T stages (T1 and T3; Figure 8B), M stages (M0 and M1; Figure 8C), gender (Figure 8D), and OS (Figure 8F) of patients with LUAD, but it was not related to the changes in age (Figure 8E), smoke (Figure 8G), and race (Figure 8H). GLS expression was correlated with gender (Figure 8D) and OS (Figure 8F) but not with other factors. PDHA1 was only related to OS (Figure 8F). LIPT1 was only associated with race (Back or African American and White) (Figure 8H). MTF1 and CDKN2A were not clinically relevant (Figures 8A–H). These results fully proved that DLD may play an important role in the development of LUAD.
[image: Figure 8]FIGURE 8 | Association analysis of the six CRGs and different clinical parameters in patients with LUAD. The different clinical factors included pathologic stage (A), T stage (B), M stage (C), gender (D), age (E), OS event (F), smoker (G), and race (H).
Construction of the ceRNA regulatory network
On the basis of the above screening results, we selected the most important pivotal gene DLD as the object of further study to fully explore its potential ceRNA network in the regulation of LUAD. We first verified the protein expression level of DLD using the HPA database, and the results showed that DLD was highly expressed in the tissues of patients with LUAD (Figure 9A). We predicted 10 potential miRNA targets of DLD using the StarBase database (Figure 9B) and evaluated the expression of these 10 miRNAs in LUAD samples. The results showed significant differences in the expression of six miRNAs in LUAD, namely, hsa-miR-29b-3p, hsa-miR-1-3p, hsa-miR-206, hsa-miR-320a, hsa-miR-320b, and hsa-miR-320d. Among them, hsa-miR-1-3p and hsa-miR-206 were significantly downregulated in LUAD (Figure 9C). Therefore, we further evaluated the prognostic value of these two miRNAs and found that only the expression of hsa-miR-1-3p was related to the prognosis of patients with LUAD, suggesting that patients with LUAD and high expression of miR-1-3p had a higher survival probability than their counterparts (Figure 9D). Therefore, miR-1-3p was considered the most promising miRNA target for DLD. In addition, 27 lncRNA targets related to miR-1-3p were predicted by the StarBase and LncBase databases (Figures 9E,F). Similarly, we detected the expression of these 27 lncRNAs in LUAD, and the results showed that 18 lncRNAs were expressed differently in LUAD. In particular, AC007996.1, AC021092.1, AC078846.1, CCDC18-AS1, HOTAIR, MIAT, MIR4453HG, and UCA1 were highly expressed in LUAD (Supplementary Figure S3). Further prognostic analysis showed that only UCA1 was significantly associated with the prognosis of patients with LUAD, and this result suggested that patients with LUAD and high UCA1 expression had a lower survival probability than their counterparts (Figure 9G, Supplementary Figure S4). Therefore, the lncRNA UCA1/miR-1-3p/DLD axis might play a key role in the progression of LUAD.
[image: Figure 9]FIGURE 9 | Construction of the ceRNA regulatory axis. (A) Differential expression of DLD protein in LUAD and normal lung tissues (HPA). (B) Ten miRNAs associated with DLD. (C) Differential expression of the 10 miRNAs in LUAD and normal lung tissues. ns, p ≥ 0.05; *, p < 0.05; ***, p < 0.001. (D) OS curves of DLD in patients with LUAD in the low and high expression groups. (E) Identification of 20 lncRNAs by the Starbase and lncbasev3 databases. (F) The 27 miRNAs associated with miR-1-3p. (G) OS curves of UCA1 in patients with LUAD in the low and high expression groups.
Screening of TCM active ingredients targeting DLD
To search for the potential TCM active components acting on cuproptosis prognosis-related gene DLD, we obtained nine chemical components of TCM that may be related to cuproptosis prognosis-related gene DLD by screening the CTD database. Figure 10 shows the nine active ingredients of TCM, namely, resveratrol, genistein, aristolochic acid I, cannabidiol, epigallocatechin gallate, fructose, phlorizin, quercetin, and triptonide.
[image: Figure 10]FIGURE 10 | Active ingredients of traditional Chinese medicine with a potential effect on DLD.
Experimental verification
To confirm the roles of lncRNA UCA1, miR-1-3p and DLD in LUAD, we further verified their differential expressions in normal lung epithelial cells (BEAS-2B) and different lung adenocarcinoma cell lines (A549 and H1299) by in vitro cell experiments. And the results showed that lncRNA UCA1 and DLD were significantly overexpressed in A549 and H1299 cell lines, and underexpressed in BEAS-2B cell lines, while miR-1-3p showed an opposite trend (Figure 11A). The above in vitro cell validation results were consistent with our bioinformatics prediction results. Meanwhile, we also verified the binding energy of these nine potential TCM chemical components to DLD by molecular docking technology, and the results were shown in Table 1. It is generally believed that the lower the binding energy of the ligand to the receptor, the greater the possibility of interaction between the ligand and the receptor. Our results showed that the binding energy of the nine predicted TCM active ingredients and DLD were all less than -5 kcal/mol, which fully proved the potential interaction between them. The molecular docking modes were shown in Figure 11B.
[image: Figure 11]FIGURE 11 | Validation of In vitro cell experiment and molecular docking. (A) The differential expression of lncRNA UCA1, miR-1-3p and DLD in normal lung epithelial cells (BEAS-2B) and different LUAD cell lines (A549 and H1299) were detected by in vitro cell experiments. **, p < 0.01. (B) The interaction between nine TCM active components and DLD protein was simulated by molecular docking.
TABLE 1 | The binding energy of nine TCM active components to DLD by molecular docking.
[image: Table 1]DISCUSSION
We first clarified the expression of 10 GRPs in LUAD, and the results showed that the mRNA levels of these 10 GRPs were significantly different. Among them, seven GRPs, namely, FDX1, LIAS, LIPT1, DLD, DLAT, PDHB, and CDKN2A, were upregulated in LUAD. Three GRPs, namely, PDHA1, MTF1, and GLS, were downregulated in LUAD. Cancer is a collection of diseases characterized by abnormal and uncontrolled cell growth caused by genetic mutations. These mutations are called “drivers” after they drive tumorigenesis, and their form of mutation affects the homeostasis of a range of cell key functions (Martínez-Jiménez et al., 2020). Therefore, we conducted mutation analysis, and the results showed that CDKN2A was the gene with the highest mutation rate, followed by DLD and GLS. PPI networks are composed of proteins interacting with one another to participate in biological signal transmission, gene expression regulation, energy and substance metabolism, cell cycle regulation, and other life processes (Athanasios et al., 2017). By studying the interaction network between proteins, we can discover the core regulatory genes. Therefore, we analyzed the PPI network relationship among these 10 CRGs and found that DLD, LIAS, PDHB, DLAT, and LIPA1 were the core genes.
Through functional enrichment analysis, we found that these 10 CRGs were mainly involved in the citrate cycle (TCA cycle), pyruvate metabolism, glycolysis/gluconeogenesis, carbon metabolism, and other pathways. Some studies found that human non-small-cell lung cancers (NSCLCs) oxidize glucose in the TCA cycle (Faubert et al., 2017). Breast cancer cells rely on nutritional pyruvate to drive collagen-based remodeling of the extracellular matrix in lung metastases. Inhibition of pyruvate metabolism impairs collagen hydroxylation, thereby impairing the growth of breast cancer-derived lung metastases (Elia et al., 2019).
In addition, studies have found that increased metabolic reprogramming and glycolysis levels are associated with tumor progression (Li et al., 2022). Recent studies have shown that glycolysis/gluconeogenesis and carbon metabolism have been proven to be involved in the occurrence and development of lung cancer cells (He et al., 2022; Li et al., 2022). The tumor metabolic microenvironment plays an important role in tumor occurrence, development, invasion, and metastasis (García-Cañaveras et al., 2019; Dey et al., 2021). By analyzing these pathways, we found that these pathways are mostly related to the tumor metabolic microenvironment. Therefore, targeting tumor metabolism is of great significance for tumor immunity and tumor therapy.
In addition, we performed a prognostic analysis of the 10 CRGs and further constructed prognostic gene signature models based on these six prognostic CRGs (including GLS, CDKN2A, PDHA1, MTF1, LIPT1, and DLD) via LASSO Cox regression analysis. Previous studies have confirmed the prognostic value of ferroptosis-related genes (Gao et al., 2021), PANoptosis-related genes (Wang et al., 2022), and glycolytic-related genes (Zhang L et al., 2019) in LUAD. Surprisingly, the prognostic signature model of CRGs that we constructed demonstrated good potential in predicting the prognosis of patients with LUAD. This work is the first to evaluate the prognostic value of CRGs in LUAD, which provides more options for the prognostic analysis of LUAD. Environmental and metabolic pressure in the tumor microenvironment (TME) can play a key role in shaping tumor development by influencing matrix and immune cell composition, TME composition, and activation (Abou Khouzam et al., 2020). Therefore, we evaluated the relationship between these six CRGs’ prognostic label genes and immune infiltration, and we found that DLD was significantly correlated with most immune cell types, followed by PDHA1 and GLS. DLD, as a mitochondrial protein, plays an important role in energy metabolism in eukaryotes. It is involved in at least five multi-enzyme complexes and is a necessary component for the complex to complete the reaction. In addition, DLD, as a flavin protein oxidoreductase, accepts proton and electron-catalyzed disulfide bond formation with FAD as a co-group (Dai et al., 2019). Studies have confirmed that DLD is closely related to ferroptosis induced by cystine deprivation or import inhibition, and DLD inhibition can reduce lipid peroxidation and ferrous iron accumulation, thereby inhibiting ferroptosis suppression (Shin et al., 2020). Pyruvate dehydrogenase complex (PDC) plays a central role in carbohydrate metabolism, linking cytoplasmic glycolysis to the mitochondrial TCA cycle, and these regulatory serine residues in PDHA1 are structurally critical to enzyme activity (Echeverri Ruiz et al., 2021). In addition, PDHA1 is related to metabolic reprogramming in tumor diseases, such as esophageal cancer and gastric cancer (Liu et al., 2018; Liu L et al., 2019). Glutaminase (GLS) is a key enzyme involved in regulating glutamine metabolism and is reported to also play a crucial role in cancer development (Zhang J et al., 2019). These findings strongly suggest that CRGs may play an important role in LUAD. In particular, DLD is closely related not only to the prognosis of patients with LUAD but also to many immune cell types, which needs to be further verified by in vitro and in vivo experiments. We also constructed a DLD-related ceRNA regulatory network and identified the lncRNA UCA1/miR-1-3p/DLD axis. Previous studies have confirmed that lncRNA urothelial carcinoma-associated 1 (UCA1) is abnormally expressed in many cancers and has been confirmed as an oncogene (Huang et al., 2019; Yao et al., 2019; Yang et al., 2021). UCA1 promotes LUAD progression and cisplatin resistance, which may be a potential diagnostic marker and therapeutic target for patients with LUAD (Liu X et al., 2019; Fu et al., 2021). MiR-1-3p has been identified as a tumor suppressor in a variety of human cancers, including lung cancer (Jiao et al., 2018; Zhang H et al., 2019). Some studies have found that miR-1-3p expression in LUAD is decreased, whereas overexpressed miR-1-3p inhibits the proliferation, migration, and invasion of cancer cells (Miao et al., 2021). Excitedly, Differential expression of lncRNA UCA1, miR-1-3p and DLD in normal lung epithelial cells and LUAD cell lines was detected by RT-qPCR, and the results showed that lncRNA UCA1 and DLD were significantly overexpressed in LUAD cell lines, while miR-1-3p was on the contrary, and the above results further prove the accuracy of our bioinformatics results. In summary, these findings strongly suggested that the lncRNA UCA1/miR-1-3p/DLD axis may play an important role in the progression of LUAD.
Chinese herbal medicine is an important resource for discovering innovative medicines (Luo et al., 2019). The discovery of artemisinin further demonstrates the importance of TCM in innovative drug discovery (Ma et al., 2018). Therefore, we further screened the potential chemical components of TCM for the targeted regulation of DLD and performed molecular docking verification. As a result, we found nine potential TCM chemical components, namely, resveratrol, genistein, aristolochic acid I, cannabidiol, epigallocatechin gallate, fructose, phlorizin, quercetin, and triptonide. The molecular docking experiment results showed that all the nine potential TCM active ingredients had good binding activity to DLD, which further indicated that these ingredients may play an important role in the regulation of lncRNA UCA1/miR-1-3p/DLD axis. A large number of preclinical studies have shown that cannabidiol is an effective anticancer agent, whether used alone or in combination with other cannabinoids, chemotherapy, and radiation therapy (Seltzer et al., 2020). Resveratrol is a polyphenol compound originally isolated from the root of Veratrum grandiflorum. At present, a large number of studies have confirmed that resveratrol can inhibit the growth of LUAD cells, which can inhibit the expression of COX-2, arrest the cell cycle in the S phase, inhibit cell DNA synthesis, and inhibit the proliferation of A549 cells (Li et al., 2018; Li et al., 2019). At the same time, resveratrol can induce apoptosis and autophagy of lung adenocarcinoma cells by up-regulating the P53 level (Fan et al., 2020). When used in combination with gemcitabine (GEM), resveratrol has synergistic anticancer effects (Qin et al., 2020). Genistein exists in various plants for human and animal consumption, and it can inhibit the proliferation and induce apoptosis of A549 cells (Zhang et al., 2018). Moreover, genistein can downregulate lipid biosynthesis and inhibit the proliferation of human lung adenocarcinoma H460 cells (Hess and Igal, 2011). Cannabidiol can reduce Nrf-2 by targeting TRPV2 (transient receptor potential vanilloid-2), promote the production of reactive oxygen species (ROS), and inhibit the growth and metastasis of cisplatin-resistant NSCLC (Misri et al., 2022). Epigallocatechin gallate has been shown to induce the apoptosis of A549 cells by modulating ROS-mediated Nrf2/Keap1 signaling (Velavan et al., 2018). Quercetin can delay the development of LUAD and increase non-neoplastic weight gain in tumor oxidative stress mice (Albrecht et al., 2020). Other studies have found that quercetin nanoparticles can significantly reduce the viability of A549 cells, promote cell apoptosis, arrest the cell cycle in the G0/G1 phase, and reverse the drug resistance of A549 cells in vitro (Sun et al., 2020). In summary, these potential TCM chemicals may be an effective strategy for the treatment and improvement of the prognosis of LUAD. However, whether these potential active ingredients exert such effects by regulating DLD needs to be further verified by gene interference and other technologies.
In conclusion, we used a comprehensive bioinformatics strategy to elucidate the expression and prognosis of CRGs in LUAD. In addition, we constructed a cuproptosis-related prognostic gene signature model and found that DLD was most closely related to the prognosis and clinical and immune infiltration of LUAD. More importantly, we discovered a new potential ceRNA axis that regulates the LUAD process and identified the TCM active components that may regulate DLD. Interestingly, our experimental validation also preliminarily confirmed this bioinformatics screening result. This work provides a strong basis to interpret the prognostic value of CRGs and discover new therapeutic strategies. However, our study had some limitations. The validation of a prognostic signature related to CRGs should be further verified by more databases such as GEO, and future work should involve clinical samples, cell experiments, or animal experiments to verify our results.
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Objective: Accumulated evidence highlights the biological significance of oxidative stress in tumorigenicity and progression of colorectal cancer (CRC). Our study aimed to establish a reliable oxidative stress-related signature to predict patients’ clinical outcomes and therapeutic responses.
Methods: Transcriptome profiles and clinical features of CRC patients were retrospectively analyzed from public datasets. LASSO analysis was used to construct an oxidative stress-related signature to predict overall survival, disease-free survival, disease-specific survival, and progression-free survival. Additionally, antitumor immunity, drug sensitivity, signaling pathways, and molecular subtypes were analyzed between different risk subsets through TIP, CIBERSORT, oncoPredict, etc. approaches. The genes in the signature were experimentally verified in the human colorectal mucosal cell line (FHC) along with CRC cell lines (SW-480 and HCT-116) through RT-qPCR or Western blot.
Results: An oxidative stress-related signature was established, composed of ACOX1, CPT2, NAT2, NRG1, PPARGC1A, CDKN2A, CRYAB, NGFR, and UCN. The signature displayed an excellent capacity for survival prediction and was linked to worse clinicopathological features. Moreover, the signature correlated with antitumor immunity, drug sensitivity, and CRC-related pathways. Among molecular subtypes, the CSC subtype had the highest risk score. Experiments demonstrated that CDKN2A and UCN were up-regulated and ACOX1, CPT2, NAT2, NRG1, PPARGC1A, CRYAB, and NGFR were down-regulated in CRC than normal cells. In H2O2-induced CRC cells, their expression was notably altered.
Conclusion: Altogether, our findings constructed an oxidative stress-related signature that can predict survival outcomes and therapeutic response in CRC patients, thus potentially assisting prognosis prediction and adjuvant therapy decisions.
Keywords: colorectal cancer, oxidative stress, prognosis, antitumor immunity, drug sensitivity
INTRODUCTION
Modulation of redox homeostasis is essential for maintaining normal cellular function and ensuring cell survival. Tumor cells are characterized by high levels of oxidative stress that is a state of imbalance between oxidation and antioxidation (Donohoe et al., 2019). Accumulated evidence suggests that oxidative stress exhibits dual roles in tumor progression (Yang and Chen, 2021). Reactive oxygen species (ROS) exhibits antitumor effects by heightening tumor cell apoptosis, necrosis, and ferroptosis and strengthening the immune surveillance capacity of immune cells (Gorrini et al., 2013). Instead, ROS promotes tumor progression via triggering DNA damage and genomic changes, activating proliferation- and epithelial–mesenchymal transition-related pathways, and remodeling the tumor microenvironment for tumor invasion and metastases (Falone et al., 2019).
Colorectal cancer (CRC) remains the third most diagnosed cancer (10.0%), and the second leading cause of cancer death (9.4%) worldwide, according to GLOBOCAN 2020 estimates (Sung et al., 2021). Approximately 50% of patients die from tumor metastases (Li et al., 2022). Currently, systemic treatment options comprise adjuvant and neoadjuvant chemotherapy, and therapeutic antibodies directed against growth factor receptors (Berlin et al., 2022). Nevertheless, 30–40% of patients relapse despite treatment. A reasonable and effective signature for prognostic assessment of CRC patients is required. Oxidative stress can induce genetic instability and alter cellular processes, leading to CRC (Wei et al., 2021). In a large CRC patient cohort, higher reactive oxygen metabolites exhibit a strong association with more undesirable survival outcomes (Boakye et al., 2020). Cancer cells adapt to chemotherapy-induced oxidative stress using rapidly elevated cellular antioxidant programs, and adaptation of oxidative defense results in therapeutic resistance, a primary barrier to successful cancer treatment (Čipak Gašparović et al., 2021). For instance, SIRT3-mediated SOD2 and PGC-1α trigger chemoresistance in CRC cells (Paku et al., 2021). Moreover, up-regulated NOX-2 and Nrf-2 facilitate 5-fluorouracil resistance of CRC cells (Waghela et al., 2021). Given the crucial roles of oxidative stress in the progression and therapeutic resistance of CRC, this study attempted to construct a reliable oxidative stress-related signature to predict patients’ clinical outcomes and therapeutic responses.
MATERIALS AND METHODS
CRC datasets
Transcriptome profiling (RNA-seq) of colon adenocarcinoma (COAD) and rectum adenocarcinoma (READ) was performed, and normal tissue samples were extracted from The Cancer Genome Atlas (TCGA) via the Genomic Data Commons (GDC). The raw counts were standardized to count-per-million (CPM) using the edgeR package (Robinson et al., 2010). The threshold was set to 1 to retain genes greater than 1 in 2 or more samples. The copy number variation (CNV) data (masked copy number segment) and somatic mutation data (Varscan2) of CRC samples were downloaded from TCGA. Microarrays of CRC patients in GSE12945 (Staub et al., 2009), GSE39582 (Marisa et al., 2013), and GSE103479 (Allen et al., 2018) were acquired from the Gene Expression Omnibus (GEO). Microarray data were corrected for background and normalized through the robust multichip average (RMA) method. Missing data were imputed through the K-nearest neighbor method.
Identification of differentially expressed oxidative stress-related genes
Differentially expressed genes between CRC and normal tissues were screened based on the criteria of |log2fold-change|≥1 and adjusted p ≤ 0.05 utilizing the edgeR package. Adjusted p was calculated through the Bonferroni and Hochberg method. In total, 1,399 oxidative stress-related genes were extracted from the GeneCards according to relevance score≥7 (Supplementary Table S1). Afterward, differentially expressed oxidative stress-related genes were intersected.
Prognostic model construction
Univariate cox regression models were established to determine survival-related differentially expressed oxidative stress-related genes with p < 0.05. Through the least absolute shrinkage and selection operator method (LASSO), a prognosis gene signature was developed with the glmnet package (Friedman et al., 2010). The risk score was computed by the expression of candidate genes along with their coefficients. TCGA CRC samples were randomly assigned to the training set along with the testing set at 1:1 ratio (Liu et al., 2020). In each set, the median risk score was set as the cut-off value of low- and high-risk subsets.
Survival analysis
Kaplan–Meier curves along with the log-rank test were conducted on oxidative stress-relevant gene signature and patients’ overall survival (OS), disease-free survival (DFS), disease-specific survival (DSS), and progression-free survival (PFS) based on the clinical data. Uni- and multivariate Cox regression models were established on the gene signature, and clinical parameters and OS with the survival package. Through the survival-ROC package, receiver operator characteristic curves (ROCs) were drawn, followed by the area under the curve (AUC) value.
Quantification of immune cell infiltration
Immune cell infiltrations were estimated across CRC tissues through Cell Type Identification by Estimating Relative Subsets of RNA Transcripts (CIBERSORT), a deconvolution approach proposed by Newman et al. (2015). The LM22 gene set was set as the reference set. This analysis was repeated 1,000 times, with p < 0.05 as the filtering condition.
Cancer immunity cycle
The cancer immunity cycle containing seven steps reflects the antitumor immunity as previously described (Chen and Mellman, 2013). The enrichment score of these steps was quantified via the TIP approach (Xu et al., 2018).
Analysis of CNV and mutation data
On the basis of the recurrently altered regions derived from the Genomic Identification of Significant Targets in Cancer (GISTIC 2.0) algorithm (Mermel et al., 2011), significant focal regions of gain and loss were identified and scored (G-score). The parameter thresholds were set as gain or loss length>0.1 and p < 0.05. Somatic mutation data were analyzed with the maftools package (version 2.6.0) (Mayakonda et al., 2018).
Drug sensitivity analysis
Drug Sensitivity data were acquired from the Genomics of Drug Sensitivity in Cancer (GDSC) database (www.cancerRxgene.org) (Yang et al., 2013). IC50 values were estimated with the oncoPredict package (Maeser et al., 2021).
Gene set enrichment analysis
GSEA was carried out through the Java platform (Subramanian et al., 2005). Gene sets of Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) were obtained from the Molecular Signatures Database (Liberzon et al., 2015). Terms with FDR<0.05 after 1,000 permutations were significantly enriched.
Cell culture and treatment
Human colorectal mucosal cell lines (FHC) and CRC cell lines (SW-480 and HCT-116) were maintained in DMEM with 10% fetal bovine serum, 100 U/ml penicillin, and 100 μg/ml streptomycin in a 37°C humidified incubator with 5% CO2. To induce oxidative stress, the cells were administrated H2O2 in the medium, which was changed daily.
RT-qPCR
RNA extraction was performed using the TRIzol reagent (Invitrogen, United States) and DNase I, followed by reverse transcription into complementary DNAs (cDNAs) utilizing the Superscript Reverse Transcriptase Kit (Thermo Fisher, United States). RT-qPCR was implemented with the Super SYBR Green Kit (BIO-RAD, United States) using the ABI7300 RT-qPCR system (Applied Biosystems, United States). The primer pairs included ACOX1, 5ʹ-TAA​CTT​CCT​CAC​TCG​AAG​CCA-3ʹ (forward), 5ʹ-AGT​TCC​ATG​ACC​CAT​CTC​TGT​C-3ʹ (reverse); CDKN2A, 5ʹ-GAT​CCA​GGT​GGG​TAG​AAG​GTC-3ʹ (forward), 5ʹ-CCC​CTG​CAA​ACT​TCG​TCC​T-3ʹ (reverse); CPT2, 5ʹ-CAT​ACA​AGC​TAC​ATT​TCG​GGA​CC-3ʹ (forward), 5ʹ-AGC​CCG​GAG​TGT​CTT​CAG​AA-3ʹ (reverse); CRYAB, 5ʹ-CCT​GAG​TCC​CTT​CTA​CCT​TCG-3ʹ (forward), 5ʹ-CAC​ATC​TCC​CAA​CAC​CTT​AAC​TT-3ʹ (reverse); NAT2, 5ʹ-ACC​TGG​ACC​AAA​TCA​GGA​GAG-3ʹ (forward), 5ʹ-TGT​TCG​AGG​TTC​AAG​CGT​AAA​T-3ʹ (reverse); NGFR, 5ʹ-CCT​ACG​GCT​ACT​ACC​AGG​ATG-3ʹ (forward), 5ʹ-CAC​ACG​GTG​TTC​TGC​TTG​T-3ʹ (reverse); NRG1, 5ʹ-CGG​TGT​CCA​TGC​CTT​CCA​T-3ʹ (forward), 5ʹ-GTG​TCA​CGA​GAA​GTA​GAG​GTC​T-3ʹ (reverse); PPARGC1A, 5ʹ-TCT​GAG​TCT​GTA​TGG​AGT​GAC​AT-3ʹ (forward), 5ʹ-CCA​AGT​CGT​TCA​CAT​CTA​GTT​CA-3ʹ (reverse); UCN, 5ʹ-CAA​CCC​TTC​TCT​GTC​CAT​TGA​C-3ʹ (forward), 5ʹ-CGA​GTC​GAA​TAT​GAT​GCG​GTT​C-3ʹ (reverse); and GAPDH, 5ʹ-ACA​ACT​TTG​GTA​TCG​TGG​AAG​G-3ʹ (forward), 5ʹ-GCC​ATC​ACG​CCA​CAG​TTT​C-3ʹ (reverse). With GAPDH as an internal control, the relative expression was quantified using the 2−ΔΔCt method.
Western blot
Protein was extracted from cells using RIPA lysis buffer, and protein concentration was assessed using the Bradford protein assay kit (Keygen, China). Protein samples were subjected to 8 or 12% SDS-PAGE gels and transferred onto PVDF membranes, followed by incubation with the primary antibody of ACOX1 (1/1,000; ab184032), CDKN2A (1/1,000; ab270058), CPT2 (1/3,000; ab181114), CRYAB (1/1,000; ab281561), NAT2 (1/5,000; ab194114), NGFR (1/10,000; ab52987), NRG1 (1/1,000; ab191139), PPARGC1A (1/1,000; ab188102), UCN (1/1,000; ab231050), or GAPDH (1/1,000; ab125247) at 4°C. The next day, the membrane was incubated with horseradish peroxidase-linked secondary antibodies at room temperature for 1 h. Protein bands were developed using the ECL reagent (Tanon, China), and gray values were quantified via ImageJ software.
Statistical analysis
Statistical analysis was generated through R 3.6.1. Statistical difference between groups was computed with unpaired Student’s t-test, Wilcoxon test, Kruskal–Wallis test, or one-way analysis of variance. Two-tailed p < 0.05 was set as statistical difference.
RESULTS
Development of an oxidative stress-related gene signature for CRC
In total, there were 1,918 up-regulated genes and 2,081 down-regulated genes in 638 CRC versus 51 normal tissues (Figures 1A–C). The detailed information is listed in Supplementary Table S2. From the GeneCards, we extracted 1,399 oxidative stress-related genes. After taking the intersection, 387 differentially expressed oxidative stress-related genes were finally identified (Figure 1D). Among them, 53 genes were significantly correlated with CRC prognosis (Supplementary Table S3). Afterward, candidate genes with regression coefficient≠0 were used for constructing an oxidative stress-related gene signature using the LASSO algorithm (Figures 1E,F). The risk score was computed according to (-0.00277909287793242) * ACOX1 expression + 0.0280830167034478 * CDKN2A expression + (-0.163084055105811) * CPT2 expression + 0.0548399857226341 * CRYAB expression + (-0.0107247779354099) * NAT2 expression + 0.0267977941327448 * NGFR expression + (-0.160185818265943) * NRG1 expression + (-0.00515077740891848) * PPARGC1A expression + 0.10199017424903 * UCN expression. For CRC prognosis, ACOX1, CPT2, NAT2, NRG1, and PPARGC1A were protective factors, and CDKN2A, CRYAB, NGFR, and UCN were risk factors (Figure 1G). Figure 1H visualizes the expression of the aforementioned genes across CRC samples.
[image: Figure 1]FIGURE 1 | Development of an oxidative stress-related gene signature for CRC. (A) Volcano plot of the DEGs between CRC and normal tissues in the TCGA-COAD cohort. Red, up-regulated genes; blue, down-regulated genes. (B,C) Heatmaps of up- and down-regulated DEGs in CRC versus normal tissues in the TCGA-COAD cohort. (D) Venn plot of the DEGs and oxidative stress-related genes. (E) Identification of the optimal coefficients of oxidative stress-related genes according to the optimal lambda. X-axis is the log lambda; Y-axis is the coefficient of each variable. (F) Optimal partial likelihood deviance along with the optimal lambda. (G) Forest plot of the univariate cox-regression results of the oxidative stress-relevant genes within the LASSO model. (H) Expression of aforementioned genes among CRC samples. N = 597.
The oxidative stress-related gene signature accurately predicts CRC prognosis
TCGA patients (N = 597) were randomly allocated into the training set (N = 298) and testing set (N = 299) at 1:1 ratio. Table 1 lists the patients’ clinicopathological characteristics in the total, training along with testing sets. According to the median value, CRC cases were allocated into the high- or low-risk subsets (Figure 2A), with relatively more dead and recurred/progressed cases in the high-risk subset (Figures 2B,C). The OS outcomes of the high-risk subset were significantly decreased in comparison to those of the low-risk subset in the training set (Figure 2D) and the testing set (Figure 2E) along with the total set (Figure 2F). ROCs under 4-, 5-, and 6-year OS of the training set (Figure 2G), the testing set (Figure 2H) along with the total set (Figure 2I) demonstrated the excellent performance of the oxidative stress-related gene signature in predicting CRC prognosis.
TABLE 1 | Clinical characteristics of CRC patients in the total, training, and testing sets.
[image: Table 1][image: Figure 2]FIGURE 2 | Oxidative stress-related gene signature accurately predicts CRC prognosis. (A) Distribution of the risk score derived from the oxidative stress-related gene signature in TCGA CRC patients. The vertical dotted line represents the median value. Red dots, high-risk samples; blue dots, low-risk samples. (B) Scatter plots of alive (blue) and dead (red) cases along the increasing risk score. (C) Scatter plots of disease-free (blue) and recurred/progressed (red) cases along the increasing risk score. (D–F) Kaplan–Meier OS for high- and low-risk subsets within the (D) training set, (E) the testing set, along with (F) the total set. (G–I) ROCs under 4-, 5- and 6-year survival for the (G) training set, (H) the testing set, along with (I) the total set. (J) Comparison of the expression of two master regulators of oxidative stress (NRF2 and KEAP1) in normal versus CRC tissues. (K) Comparison of the expression of NRF2 and KEAP1 in r high- and low-risk subsets. ***p < 0.001. Total set: N = 597; training set: N = 298; testing set: N = 299.
We also measured the expression of two master regulators of oxidative stress (NRF2 and KEAP1). Compared with normal tissues, up-regulated KEAP1 and down-regulated NRF2 were found in CRC tissues at the transcriptional level (Figure 2J), indicating the enhanced oxidative stress during CRC development. Additionally, we observed the difference in NRF2 and KEAP1 between high- and low-risk subsets. As shown in Figure 2K, the high-risk subset presented higher KEAP1 expression and lower NRF2 expression in comparison to the low-risk subset, demonstrating the heterogeneity in oxidative stress between high- and low-risk CRC patients.
The oxidative stress-related gene signature correlates to clinical characteristics of CRC
Distribution of the risk score derived from the oxidative stress-related gene signature was analyzed across different clinical characteristics. With the increasing TNM and pathological stage, the risk score was dramatically higher (Figures 3A–D). Additionally, the risk score was positively correlated to the lymph node (Figure 3E). Compared with microsatellite-stable (MSS), microsatellite unstable-low (MSI-L) had a significantly higher risk score (Figure 3F). Overall, the oxidative stress-related gene signature was correlated to a more serious pathological status.
[image: Figure 3]FIGURE 3 | Oxidative stress-related gene signature correlates to clinical characteristics and serves as an independent prognostic factor in TCGA CRC. (A–D) Distribution of the risk score derived from the oxidative stress-related gene signature across (A) T, (B) N, (C) M, and (D) pathological stage. (E) Scatter plot of the correlation between the risk score and lymph node. (F) Distribution of the risk score across different microsatellite status. (G,H) Forest plots of the uni- and multivariate Cox regression results. *p < 0.05; **p < 0.01; ***p < 0.001. N = 597.
The oxidative stress-related gene signature acts as an independent prognostic factor of CRC patients
Uni- and multivariate Cox regression models demonstrated that the risk score acted as an independent risk factor of CRC survival (Figures 3G,H). CRC patients were stratified by the T stage (T1–2 and T3–4), N stage (N0 and N1–2), M stage (M0 and M1), pathological stage (stage I–II and stage III–IV), or sex (female and male). In each subgroup, OS (Figures 4A–J), DFS (Supplementary Figures 1A–J), DSS (Supplementary Figure S2A–J), and PFS (Supplementary Figure S3A–J) of the high-risk subset were dramatically decreased in comparison with those of the low-risk subset. Hence, this oxidative stress-relevant gene signature was independent of other clinical characteristics in predicting CRC patients’ prognosis.
[image: Figure 4]FIGURE 4 | Oxidative stress-related gene signature is independent of other clinical features in predicting CRC patients’ prognosis. (A–J) Subgroup analysis for the OS difference between high- and low-risk subsets in each subgroup stratified by (A,B) T (T1–2 and T3–4), (C,D) N (N0 and N1–2), (E,F) M (M0 and M1), (G,H) pathological stage (stage I–II, stage III–IV), or (I,J) sex (female and male) in the TCGA dataset. N = 597.
External verification of the oxidative stress-related gene signature
To prove the robustness of the oxidative stress-related gene signature, this study included three independent cohorts. The same formula was used for computing the risk score. Both in the GSE103479 and GSE39582 cohorts, the high-risk subset exhibited worse OS than the low-risk subset, with relatively high AUCs at 4-, 5- and 6-year survival (Figures 5A–D). As the N stage (Figures 5E,F), M stage (Figure 5G), and pathological stage (Figures 5H,I) worsened, the risk score gradually increased. The aforementioned data demonstrated that the signature exhibited excellent robustness on distinct platforms.
[image: Figure 5]FIGURE 5 | External verification of the oxidative stress-related gene signature. (A,B) Survival analysis and ROCs under 4-, 5-, and 6-year survival in the GSE103479 dataset. (C,D) Survival analysis and ROCs under 4-, 5-, and 6-year survival in the GSE39582 dataset. (E,F) Risk score across the N stage in the (E) GSE103479 and (F) GSE12945 datasets. (G) Risk score across the M stage from the GSE39582 dataset. (H,I) Risk score across the pathological stage in the GSE103479 and GSE39582 datasets. *p < 0.05; **p < 0.01; ***p < 0.001. GSE103479: N = 156; GSE39582: N = 562; GSE12945: N = 62.
The oxidative stress-related gene signature correlates to antitumor immunity of CRC
Through the CIBERSORT approach, we estimated the immune cell infiltration across CRC specimens (Figures 6A,B). Activated dendritic cells, activated mast cells, monocytes, neutrophils, resting NK cells, plasma cells, activated memory T-cell CD4, and resting memory T-cell CD4 were significantly lower in the high-risk subset than those in the low-risk subset (Figures 6C,D). Meanwhile, M0 macrophages, activated NK cells, T-cell CD8, T-cell follicular helper, and T-cell regulatory (Tregs) exhibited elevated infiltration in the high-risk subset. The expression of immune checkpoints (BTLA, CD274, CEACAM1, IDO1, LGALS3, and PVR) exhibited down-regulation in the high-risk subset (Figure 6E). Additionally, immunomodulators (IL6R, ICOS, CCR3, CCL20, CCR6, CXCL6, TNFSF13, TNFRSF17, CXCL3, CCL11, CXCL2, CXCL1, HHLA2, and CCL28) were down-regulated in the high-risk subset (Figure 6F). Meanwhile, higher CX3CL1 and TNFSF14 expressions were found in the high-risk subset than in the low-risk subset. High activity of priming and activation, recruitment of CD4 T cells, dendritic cells, T cells, and Th1 cells; infiltration of immune cells into tumors; and recognition of cancer cells by T cells were found in high-risk subset compared to the low-risk subset (Figure 6G). In contrast, B-cell recruitment, eosinophil recruitment, MDSC recruitment, neutrophil recruitment, Th2 cell recruitment, and Treg cell recruitment showed lower activity in high-risk subset than the low-risk subset. Overall, the oxidative stress-related gene signature was correlated to antitumor immunity of CRC.
[image: Figure 6]FIGURE 6 | Oxidative stress-related gene signature correlates to the antitumor immunity of CRC. (A) Relative percent of the infiltration levels of immune cells across TCGA CRC. (B) Correlations between different immune cell populations. (C,D) Comparison of the infiltration of immune cells between subsets. (E) Comparison of immune checkpoints between subsets. (F) Difference in the expression of immunomodulators between subsets. (G) Difference in the activity of cancer immunity cycle between subsets. *p < 0.05; **p < 0.01; ***p < 0.001. N = 597.
Difference in CNV and mutation between high- and low-risk subsets
For the CNV data, we used GISTIC 2.0 to determine 24 amplified fragments and 44 deleted fragments in the high-risk subset (Figures 7A,B). Meanwhile, 28 amplified fragments and 40 deleted fragments were identified in the low-risk subset (Figures 7C–G). Compared with the high-risk subset, higher mutated frequencies of APC, FAT4, and OBSCN occurred in the low-risk subset (Figures 7H–K). In contrast, TP53, TTN, KRAS, SYNE1, MUC16, PIK3CA, and RYR2 had higher mutated frequencies in the high-risk subset. Additionally, mutated TP53 was significantly correlated to high-risk CRC (Figure 7L).
[image: Figure 7]FIGURE 7 | Differences in CNV and mutation between high- and low-risk subsets. (A–D) Copy number gains and deletions identified in (A,B) high- and (C,D) low-risk subsets by GISTIC 2.0. X-axis represents the CNV fractions on each chromosome, and y-axis represents the chromosome number. The mutation location on the chromosome is marked on the right side. Red and blue represent the significantly amplified and deleted regions, respectively. (E–G) Significant gains and deletions of copy number in high- and low-risk subsets. (H,I) Landscape of mutations in high- and low-risk subsets. (J,K) Difference in the frequencies of the top 10 mutated genes between subsets. (L) Forest plot of the correlation between mutated genes and high-risk. N = 597.
Difference in drug sensitivity between high- and low-risk subsets
Drug sensitivity was analyzed between high- and low-risk subsets. The top 50 drugs were as follows: AZD3759, erlotinib, gallibiscoquinazole, zoledronate, OF.1, carmustine, nelarabine, GSK591, sinularin, TAF1, cyclophosphamide, gefitinib, fulvestrant, picolinici acid, temozolomide, IAP, LY2109761, EPZ5676, savolitinib, LGK974, AZD1208, MIRA.1, EPZ004777, AGI.5198, GSK343, LCL161, IRAK4, BIBR.1532, VE821, IWP.2, MK.8776, PFI3, crizotinib, dihydrorotenone, PD173074, VSP34, CDK9, dinaciclib, YK.4.279, VE.822, I.BRD9, LJI308, AZD5991, ABT737, GDC0810, fludarabine, GSK2578215A, Wee1.Inhibitor, P22077, and CZC24832 (Figure 8A).
[image: Figure 8]FIGURE 8 | Oxidative stress-related gene signature is linked to drug sensitivity, signaling pathways, and molecular subtypes of CRC. (A) Difference in sensitivity to the top 50 drugs between high- and low-risk subsets. (B–E) Difference in biological processes, cellular component, molecular function, and KEGG pathways between subsets. (F) Difference in the risk score among molecular subtypes. ***p < 0.001. N = 597.
Difference in signaling pathways and molecular subtypes between high- and low-risk subsets
Molecular mechanisms involved in the oxidative stress-related gene signature were further explored. The risk score was significantly correlated with biological processes (keratinization, serotonin receptor signaling pathway, cytosolic calcium ion concentration, ARP 2/3 complex-mediated actin nucleation, positive regulation of transcription of the notch receptor target, and mitotic G2 DNA damage checkpoint; Figure 8B); cellular components of keratin filament, T-cell receptor complex, intermediate filament, condensed nuclear chromosome kinetochore, pericentriolar material, and WASH complex (Figure 8C); molecular functions of neuropeptide hormone activity, G protein-coupled serotonin receptor activity, structural constituent of eye lens, proline-rich region binding, ribosomal small subunit binding, and RNA polymerase II CTD heptapeptide repeat kinase activity (Figure 8D); KEGG pathways of olfactory transduction, asthma, microRNAs in cancer, homologous recombination, Hippo signaling pathway-multiple species, and protein export (Figure 8E). Additionally, there was a remarkable difference in the risk score among different molecular subtypes (CIN, CSC, dMMR, and KRASm) of CRC (Figure 8F). Particularly, the CSC subtype had the highest risk score.
Experimental verification of the genes within the oxidative stress-relevant gene signature
The genes in the signature were verified in the human colorectal mucosal cell line (FHC) along with CRC cell lines (SW-480 and HCT-116) through RT-qPCR or Western blot. CDKN2A and UCN were up-regulated and ACOX1, CPT2, NAT2, NRG1, PPARGC1A, CRYAB, and NGFR were down-regulated in CRC than normal cells (Figures 9A–C). Next, we further validated the relationships between the genes in the signature and oxidative stress. After exposure to H2O2, their expression was measured in SW-480 and HCT-116 cells. Higher expression of ACOX1, CPT2, NAT2, NRG1, PPARGC1A, CRYAB, and NGFR as well as lower expression of CDKN2A and UCN were observed in H2O2-induced CRC cells (Figures 9D–F), indicating the relevance of oxidative stress during CRC development.
[image: Figure 9]FIGURE 9 | Experimental verification of the genes from the oxidative stress-relevant gene signature. (A–C) RT-qPCR and Western blot for the expression of ACOX1, CPT2, NAT2, NRG1, PPARGC1A, CDKN2A, CRYAB, NGFR, and UCN in FHC, SW-480, and HCT-116 cells. (D–F) RT-qPCR and Western blot for their expression in H2O2-induced SW-480 and HCT-116 cells. *p < 0.05; **p < 0.01; ***p < 0.001; ****p < 0.0001. N = 3.
DISCUSSION
Oxidative stress-related signatures have been established in acute myeloid leukemia (Dong et al., 2021), melanoma (Yang et al., 2021), clear-cell renal cell carcinoma (Wu Y. et al., 2021a), gastric cancer (Wu Z. et al., 2021b), head and neck squamous cell carcinoma (Wang and Zhou, 2021), glioma (Lu et al., 2021), and bladder cancer (Zhang et al., 2022). Alterations in redox status accompanied by increased production of ROS have been implicated in CRC (Lee et al., 2021). Nevertheless, so far, no oxidative stress-related model has been proposed for CRC. Considering the fact that oxidative stress is a complex process involving different genes, in the present study, we proposed an oxidative stress-related gene signature composed of ACOX1, CPT2, NAT2, NRG1, PPARGC1A, CDKN2A, CRYAB, NGFR, and UCN to predict CRC patients’ clinical outcomes with the LASSO approach.
Reliable markers in predicting immunotherapeutic responses of CRC patients are still insufficient in clinical practice (Chen L. et al., 2021b). Dual suppression of endoplasmic reticulum stress and oxidation stress may manipulate macrophage polarization following hypoxia to enhance immunotherapeutic sensitivity (Jiang et al., 2021). SENP7 can sense oxidative stress to maintain metabolic fitness and antitumor effects of CD8+ T cells (Wu et al., 2022). Moreover, altered tumor metabolism via CD4+ T cells results in TNF-α-dependent intensified oxidative stress and tumor cell deaths (Habtetsion et al., 2018). The oxidative stress-related gene signature was correlated with the antitumor immunity of CRC, indicating that this signature might enable prediction of the immunotherapeutic response (Liu et al., 2020). Genomic alterations and CNVs were compared between high- and low-risk subsets. Particularly, the high-risk subset was remarkably linked to more aggressive molecular alteration: mutated TP53 that triggers enhanced proliferative capacity via consuming oxygen and producing abnormal vasculature during the early stage of cancer development. There were remarkable differences in drug sensitivity between high- and low-risk subsets. Additionally, the risk score was linked to CRC-related pathways, such as mitotic G2 DNA damage checkpoint, microRNAs in cancer, and Hippo signaling pathway.
Our experimental studies demonstrated that CDKN2A and UCN were up-regulated and ACOX1, CPT2, NAT2, NRG1, PPARGC1A, CRYAB, and NGFR were down-regulated in CRC cells (SW-480 and HCT-116) compared with human colorectal mucosal cells (FHC). In H2O2-induced CRC cells, their expression was remarkably altered. Butyrate-induced colonocyte differentiation determines CDKN2A as a prognostic biomarker of CRC recurrence (Dasgupta et al., 2019). Patients who have tumor chromosomal CDKN2A deletion are prone to immunotherapeutic resistance (Horn et al., 2018). ACOX1 may attenuate the migration and invasion of CRC cells (Sun et al., 2017). Down-regulated CPT2 induces stemness and oxaliplatin resistance in CRC through the ROS/Wnt/β-catenin-triggered glycolytic metabolism (Li et al., 2021). Additionally, its down-regulation heightens proliferation and weakens apoptosis via p53 signaling in CRC (Liu et al., 2022). NAT2 down-regulation is also found in CRC, which correlates to CRC patients’ metastasis and survival (Zhu et al., 2021). CRYAB correlates to clinical outcomes and immunocyte infiltrations in CRC (Deng et al., 2021). NGFR improves the chemosensitivity of CRC cells by strengthening the apoptotic and autophagic effects of 5-fluorouracil by activating S100A9 (Chen H. et al., 2021a). Combining previous evidence, the genes in the oxidative stress-related signature play essential roles in CRC progression.
Our analysis is a retrospective study, resulting in unavoidable limitations. As many datasets as possible were included, so sampling bias from tumor heterogeneity and different platforms can only be decreased, but not completely removed. Although we experimentally validated the genes from the oxidative stress-relevant gene signature, more experimental studies are needed for clarifying the functional significance of oxidative stress in CRC.
CONCLUSION
In summary, this study proposed an oxidative stress-related signature composed of ACOX1, CPT2, NAT2, NRG1, PPARGC1A, CDKN2A, CRYAB, NGFR, and UCN to predict clinical outcomes and therapeutic responses of CRC patients, which provided valuable information for understanding the functional roles of oxidative stress in CRC development, assisting prognosis prediction and guiding adjuvant therapy (especially small molecular compounds and immunotherapy), thereby facilitating precision oncology of CRC.
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Despite improvements in cancer patient outcomes seen in the past decade, tumor resistance to therapy remains a major impediment to achieving durable clinical responses. Intratumoral heterogeneity related to genetic, epigenetic, transcriptomic, proteomic, and metabolic differences between individual cancer cells has emerged as a driver of therapeutic resistance. This cell to cell heterogeneity can be assessed using single cell profiling technologies that enable the identification of tumor cell clones that exhibit similar defining features like specific mutations or patterns of DNA methylation. Single cell profiling of tumors before and after treatment can generate new insights into the cancer cell characteristics that confer therapeutic resistance by identifying intrinsically resistant sub-populations that survive treatment and by describing new cellular features that emerge post-treatment due to tumor cell evolution. Integrative, single cell analytical approaches have already proven advantageous in studies characterizing treatment-resistant clones in cancers where pre- and post-treatment patient samples are readily available, such as leukemia. In contrast, little is known about other cancer subtypes like pediatric high grade glioma, a class of heterogeneous, malignant brain tumors in children that rapidly develop resistance to multiple therapeutic modalities, including chemotherapy, immunotherapy, and radiation. Leveraging single cell multi-omic technologies to analyze naïve and therapy-resistant glioma may lead to the discovery of novel strategies to overcome treatment resistance in brain tumors with dismal clinical outcomes. In this review, we explore the potential for single cell multi-omic analyses to reveal mechanisms of glioma resistance to therapy and discuss opportunities to apply these approaches to improve long-term therapeutic response in pediatric high grade glioma and other brain tumors with limited treatment options.
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INTRODUCTION
High grade glioma (HGG) are aggressive and highly malignant tumors of the central nervous system (Wen and Kesari, 2008; Cohen, 2022) and little progress has been made in improving clinical outcomes for these patients in the past 40 years. Survival rates are low in both pediatric and adult HGG, and certain subtypes of pediatric HGG (pHGG), like diffuse midline glioma (DMG), are almost universally lethal (Jones et al., 2017; Ostrom et al., 2019). Our poor understanding of which processes and pathways drive pHGG malignancy and response to therapy has impeded efforts to develop effective treatments for pHGG and other brain tumors. Pan-cancer analyses suggest the presence of up to 1,000-fold fewer mutations in pediatric tumors compared to adult tumors arising in the same tissue (ICGC PedBrain-Seq Project et al., 2018; Ma et al., 2018), and certain driver mutations, including genetic aberrations in epigenetic regulators like histone H3 point mutations (H3K27M and H3G34 R/V), are observed more frequently in pediatric glioma compared to adult brain tumors (Khuong-Quang et al., 2012; Schwartzentruber et al., 2012; Wu et al., 2012; Fontebasso et al., 2013; Wiestler et al., 2013; Mackay et al., 2017). The divergent genetic profile of pHGG tumors suggests that focused studies aimed at identifying mediators of therapeutic response specific to pediatric cohorts have the potential to inform personalized strategies to improve clinical outcomes.
The abysmal survival rate seen in adult HGG is often attributed to these tumors exhibiting stem cell-like phenotypes associated with poor response to radiation, temozolomide (TMZ) and other therapies (Bao et al., 2006; Liu et al., 2006; Chen et al., 2012; Alexander et al., 2020; Petralia et al., 2020; Syafruddin et al., 2021; Wang et al., 2021). Despite potential roles for rare tumor sub-populations in treatment resistance, most efforts to characterize glioma response to therapy rely on either limited tumor gene panels or bulk sequencing to compare tumor samples from different patients (intertumoral heterogeneity) rather than addressing cell to cell variation within individual tumors (intratumoral heterogeneity) (Allen et al., 2017; Mueller et al., 2019; Nejo et al., 2019; Petralia et al., 2020; Wang et al., 2021). Recent single cell analyses highlight the strikingly heterogeneous nature of glioma tumors and have enabled the profiling of glioma stem and progenitor like cells, the analysis of lineage diversity among tumor cells, including mesenchymal, oligodendroglial, and astrocytic sub-populations (Sottoriva et al., 2013; Darmanis et al., 2017; Filbin et al., 2018; Yuan et al., 2018; Neftel et al., 2019; Zhai et al., 2020; Guilhamon et al., 2021; Abdelfattah et al., 2022; Curry et al., 2023; Khan et al., 2023). It is also possible that the stem cell-like and therapy-resistant properties of HGG are conferred by a relatively small number of tumor cells, which cannot be easily detected or fully characterized by bulk sequencing (Bao et al., 2006; Liu et al., 2006; Chen et al., 2012; Alexander et al., 2020). Further single cell analyses highlight spatial differences in HGG cell phenotypes within different tumor regions (Sottoriva et al., 2013; Darmanis et al., 2017; Comba et al., 2021) and identify diverse tumor-associated immune cells suggesting that heterogeneity in the local tumor microenvironment may also play a key role in treatment resistance. Similarly applying single cell analyses to pediatric HGG before and after treatment has the potential to generate a more comprehensive view of the unique cellular composition of pediatric gliomas and their dynamic responses to therapy.
Because of technological limitations, most initial attempts at using single cell technologies to dissect glioma heterogeneity have profiled only one layer of biological regulation in isolation, such as cell to cell variation in transcription through single cell RNA sequencing (scRNAseq). Since cellular heterogeneity can occur at the level of the genome, epigenome, transcriptome, proteome, and metabolome, these unidimensional datasets may impart an incomplete or skewed understanding of the underlying factors driving heterogeneity (Comba et al., 2021). New technologies now make it possible to conduct single cell multi-omic analyses to track several molecular features simultaneously allowing researchers to systematically examine the interplay between different sources of heterogeneity and their roles in determining therapeutic response (Vandereyken et al., 2023). In this review, we explore the potential for single cell multi-omic approaches to revolutionize our understanding of how pHGG and other cancers develop treatment resistance and address some of the challenges inherent to applying these technologies towards the development of strategies to improve clinical outcomes in glioma.
TREATMENT STRATEGIES FOR PEDIATRIC HIGH GRADE GLIOMA
pHGG is a rare and aggressive form of brain cancer that primarily affects children and adolescents (Ostrom et al., 2022). The discovery of clinically relevant biomarkers through in DNA and RNA sequencing, methylome, and proteomic profiling have led to the recognition of different pHGG subtypes, which are detailed in the 2021 World Health Organization central nervous system tumor classification system (Louis et al., 2021). The importance of establishing prognostic biomarkers for these tumors is exemplified by the diffuse subtypes of pHGG, which may present with similar histological and anatomical features but can exhibit striking differences in their molecular and genetic alterations (Table 1). Fully understanding these distinct molecular and genetic characteristics can then allow clinicians to tailor treatment strategies for pHGG patients based on their tumor subtype (Rallis et al., 2022).
TABLE 1 | Genetic and molecular characteristics of WHO 2021 classification of pediatric-type diffuse high grade glioma.
[image: Table 1]Current treatment paradigms for pHGG may vary based on patient age and tumor subtype, but they often include combinations of radiation, chemotherapy, surgery, immunotherapy, and targeted small molecules (Table 2). For some pHGG subtypes, like H3K27-altered tumors and other gliomas with invasive growth patterns, surgical resection is nearly impossible due to risks related to the anatomical locations and the diffuse growth patterns of these tumors (Wang and Jiang, 2013; Jones et al., 2017; Vitanza and Monje, 2019). Radiation is standard of care for pHGG but is ultimately palliative and has minimal impact on overall survival (Mandell et al., 1999; Tauziede-Espariat et al., 2019). Radiotherapy is associated with variable responses in pHGG and can lead to neurocognitive defects especially in very young patients, only increases overall survival in diffuse midline glioma by ∼3 months (Langmoen et al., 1991), and had no significant effect on overall survival for patients diagnosed with H3G34-altered tumors in one recent study (Crowell et al., 2022). Chemotherapy is also rarely effective on its own and leads to variable clinical responses in different in by pHGG subtypes. Treatment with chemotherapy is associated with slightly increased overall survival in infantile and pediatric HGG patients, but exclusively when gross surgical resection was achieved (Wisoff et al., 1998; Wolff et al., 2010). In contrast, multiple studies report that neither TMZ-based nor non-TMZ-based chemotherapy are sufficient to provide a survival benefit for pediatric HGG patients (Spostol et al., 1989; Finlay et al., 1995; Cohen et al., 2011; Jones et al., 2017) and combinations of high dose chemotherapy and radiation similarly did not improve clinical outcomes midline and brainstem tumors or in H3G34-altered tumors (Jenkin et al., 1987; Spostol et al., 1989; Hargrave et al., 2006; Crowell et al., 2022).
TABLE 2 | Major therapeutic modalities used to treat pediatric high grade glioma.
[image: Table 2]Improved molecular and genetic profiling of pHGG tumors and research in pre-clinical models has led to the discovery of multiple targeted therapies, including both small molecule inhibitors of various enzymes and immunotherapeutic approaches. Targeted small molecule inhibitors for pHGG treatment include: chromatin-targeting drugs like the histone deacetylase inhibitors vorinostat and panobinostat (Fouladi et al., 2010; Jones et al., 2017; Galanis et al., 2018; Puduvalli et al., 2020); the DRD2 antagonist/CLPP agonist ONC201 (Arrillaga-Romany et al., 2017; Chi et al., 2019); kinase inhibitors like dasatinib, crizotinib, and trametinib (Miklja et al., 2020; Gibson et al., 2021; Izquierdo et al., 2022); and mTOR inhibitors like everolimus (Miklja et al., 2020; DeWire et al., 2022). While some of these inhibitors may temporarily improve symptoms and can lead to short-term stable disease in some patients, many of these clinical trials are ongoing and limited in scope, so it is not yet clear whether durable clinical responses will be possible.
More recently, immunotherapeutic approaches using oncolytic viruses, cancer vaccines, and autologous T cell therapy have shown promise in animal models and are under investigation in the clinic. Specifically, clinical trials assessing pHGG patient response to CAR-T cells directed against various tumor antigens, including GD2, B7-H3, and HER2, have led to improved symptoms or stable disease in some patients but have yet to improve overall survival (Ahmed et al., 2017; Vitanza et al., 2021b; Haydar et al., 2021; Majzner et al., 2022). Early phase clinical trials using oncolytic viruses, immune checkpoint inhibitors, and cancer vaccines to target pHGG and enhance tumor immunogenicity are similarly in progress, but it remains uncertain whether these interventions will result in a significant response in larger numbers of patients (Fried et al., 2018; Van Gool et al., 2020; Gallego Perez-Larraya et al., 2022; Ghajar-Rahimi et al., 2022).
In addition to the adverse side effects that can accompany each of these treatment modalities, another factor to consider when developing new therapies is that treatment failure in pHGG commonly occurs due to intrinsic or acquired resistance to therapy (Vanan and Eisenstat, 2014; Kline et al., 2018). Overcoming treatment resistance therefore poses a key challenge to improving clinical outcomes in aggressive and highly heterogeneous cancers like pHGG and will require a better understanding of how resistance to therapy develops in patients. Since subpopulations of brain tumor cells vary in their sensitivity to treatment (Bao et al., 2006; Liu et al., 2006; Chen et al., 2012; Alexander et al., 2020), efforts to elucidate resistance mechanisms in pHGG that rely solely on bulk sample analysis methods or that only focus on a single aspect of tumor cell biology may lose important information regarding changes in sub-clonal tumor cell phenotypes and the tumor microenvironment following treatment. Single cell, multi-omic techniques provide an opportunity to separately profile tumor, normal brain cell, and immune populations (Vandereyken et al., 2023), to characterize dynamic changes to the glioma cellular landscape that occur in response to treatment when applied to pHGG patient samples.
SINGLE CELL MULTI-OMIC PROFILING OF GLIOMA
Differences between the genome, epigenome, transcriptome, proteome, and metabolome of individual tumor cells in a single patient can all contribute to intratumoral heterogeneity associated with therapeutic resistance (Mazor et al., 2016; Marusyk et al., 2020; Santiago et al., 2020). Variable mutation profiles between cells within the same tumor, chromatin dysregulation leading to stem cell-like behaviors in tumor cell sub-populations, neoplastic transcriptional states specific to individual tumor cells, erratic post-translational modifications, and unique metabolic dependencies are all examples of intratumoral differences in cell phenotypes that might influence tumor sensitivity to therapy. Despite the capacity of single cell profiling to reveal mechanisms of tumor heterogeneity and therapeutic resistance, the application of single cell multi-omic analyses to pediatric glioma is rare. As a result, the role of intratumoral heterogeneity in driving pediatric glioma progression and response to treatment is poorly understood. Multi-omic analyses at single-cell resolution can address this knowledge gap by generating more comprehensive profiles of pHGG intratumoral heterogeneity (Figure 1).
[image: Figure 1]FIGURE 1 | Single cell multi-omic approaches to phenotyping glioma cells. Applying multi-omic techniques to single cells isolated from patient tumors enables simultaneous profiling of different aspects of tumor cell biology in the same cells. Three examples of these types of techniques and the tumor cell phenotypes they characterize are shown: scM&T-seq profiles DNA methylation and gene expression; DAb-seq profiles genomic alterations and cell surface protein expression; and CITE-seq profiles gene expression and cell surface protein expression. Linking multiple phenotypes in individual glioma cells from patient samples through single cell multi-omic approaches like those depicted above has the potential to improve our understanding of intratumoral heterogeneity in glioma and provide insights into the molecular mechanisms driving glioma development and progression.
Multiple techniques are now available for targeted “omic” profiling of the major subtypes of biological molecules at a single cell resolution (Table 3). Many of these single cell analyses can be performed either as stand-alone assays or in combination with each other to generate multi-omic datasets to describe multiple phenotypic features within single cells, such as through simultaneous analysis of both transcriptomic and epigenetic profiles. For example, combined scRNAseq and single cell ATACseq (scATACseq) has been applied to characterize both single cell transcriptomes and chromatin accessibility patterns in adult spinal ependymoma demonstrating dynamic changes to the landscape of tumor-immune interactions associated with tumor progression (Zhang et al., 2021). The application of both scRNAseq and scATACseq has also recently identified multiple progenitor-like glioma cell subtypes acting cooperatively to maintain tumor growth in adult glioma (Wang et al., 2019), and revealed the complex cellular architectures of different medulloblastoma subtypes (Li et al., 2021).
TABLE 3 | A brief summary of single cell profiling techniques to assess intratumoral heterogeneity.
[image: Table 3]Various research groups have also sought to understand the relationship between genetic mutations, DNA methylation and heterogeneous gene expression profiles in glioma patient samples. For example, studies integrating scRNAseq and DNA methylation profiling have uncovered correlations between DNA methylation patterns and gene expression associated with the expression of glial differentiation genes and response to environmental stress (Chaligne et al., 2021; Johnson et al., 2021). An additional study similarly integrated DNA methylation and scRNAseq datasets to identify METTL7B as a potential prognostic marker in glioma associated with an immune-suppressive tumor microenvironment (Chen et al., 2021). Further studies have integrated bulk DNA sequencing and scRNAseq data to track lineage hierarchies and to infer transcriptional signatures associated with distinct glioma sub-populations including stem and progenitor-like cells (Muller et al., 2016; Filbin et al., 2018). Finally, combined genetic profiling, scRNAseq, and metabolic analysis in glioblastoma multiforme has identified new functional subgroups differing in their neurodevelopmental and metabolic profiles that may be targetable in the clinic (Garofano et al., 2021). Together, these studies demonstrate the promise of layering multiple single cell analysis techniques to resolve tumor cell features and to identify functionally significant tumor subpopulations driving resistance.
The benefits of using sequencing-based single cell profiling techniques include the generation of extensive amounts of data on large numbers of cells and the ability to simultaneously profile tumor cells, infiltrating immune cells, and normal cells within the same sample. However, one downside of using many single cell sequencing-based techniques is that these analyses usually require cell dissociation as an early step in their sample processing protocols. This need for sample dissociation results in a loss of spatial information regarding the cellular organization of brain tumors, such as local interactions between glioma cells, neurons, normal glia, and immune cells, which may mediate tumor cell phenotypes. For instance, previous studies reveal that glioma stem and progenitor-like cells reside in the perivascular niche in contact with endothelial cells (Calabrese et al., 2007; Charles et al., 2010) and demonstrate extensive spatial heterogeneity in both the abundance and types of immune cells across different regions of brain tumors (Abdelfattah et al., 2022). Conducting spatial profiling of tumor markers through either low throughput (immunohistochemistry, immunocytochemistry, RNA in situ analysis) or high throughput (spatial scRNAseq) can therefore complement single cell data from disassociated samples to reveal the regional heterogeneity, and local interactions between, cell types of interest in patient tumors (Figure 2).
[image: Figure 2]FIGURE 2 | Spatial, single cell profiling of glioma patient tumors. A wide variety of cell types are found in the tumor microenvironment of glioma, including immune cells, different subtypes of tumor cells, and normal brain cells. The interactions between these cells result in tumor cell behavior changes that can be accounted for through spatial, single cell omic profiling techniques. Spatial analyses like MERFISH, imaging mass cytometry, and SpaceM allow the effect of cell to cell interactions on tumor, immune, and normal cell phenotypes to be visualized.
CURRENT KNOWLEDGE OF INTRATUMORAL HETEROGENEITY IN PEDIATRIC HIGH GRADE GLIOMA
Previous studies have applied single cell multi-omic technologies to characterize intratumoral heterogeneity in glioma, but most reports thus far have focused on adult samples rather than pediatric brain tumors (Table 4). Although a subset of potential therapeutic targets implicated by studies analyzing adult glioma may be relevant to pediatric brain tumors, substantial differences exist in the genetics and molecular features of pHGG (Table 1) that may result in unique mechanisms of therapeutic resistance in pediatric patients (Jones et al., 2012; Sturm et al., 2017; Gestrich et al., 2021; Lehmann et al., 2022). One major difference is that driver mutations in chromatin regulators, including histone H3 point mutations are common in pHGG but not in adult HGG (Khuong-Quang et al., 2012; Schwartzentruber et al., 2012; Wu et al., 2012; Fontebasso et al., 2013; Wiestler et al., 2013; Mackay et al., 2017). The unique biology of pediatric brain tumors may limit the relevance of single cell data from adult samples as a basis to develop therapeutic strategies for childhood glioma and warrants further investigation into the drivers of therapeutic resistance in pHGG.
TABLE 4 | Selected single cell sequencing datasets from pediatric and adult high grade glioma patient samples.
[image: Table 4]pHGG are not only genetically and molecularly distinct from adult pHGG, but also exhibit a high degree of intra- and intertumoral heterogeneity. Sequencing studies analyzing either multiple brain regions or comparing diagnostic and recurrent tumors taken from individual pHGG patients reveal spatially and temporally heterogeneous DNA mutations even among samples acquired from the same patient affecting genes, such as ATM, PPM1D, BCOR, ATRX, MYC, and KMT5B (Hoffman et al., 2016; Nikbakht et al., 2016; Salloum et al., 2017; Vinci et al., 2018). pHGG also exhibit heterogeneity in the presence of copy number variations in PDGFRA and other genes regulating oncogenic signaling and the cell cycle (Bax et al., 2010; Paugh et al., 2011; Koschmann et al., 2016), and cell to cell variation in epigenetic regulation reflected by differences in histone post-translational modifications and DNA methylation in pHGG (Sturm et al., 2012; Mackay et al., 2017; Castel et al., 2018; Huang et al., 2018). Finally, scRNAseq and histological analyses of both pediatric and adult brain tumors reveal heterogeneous cell phenotypes, including stem and progenitor-like cells as well as neuronal, glial, and mesenchymal subpopulations (Hemmati et al., 2003; Monje et al., 2011; Filbin et al., 2018; Jessa et al., 2019; Vladoiu et al., 2019). Together, these findings suggest that heterogeneity in DNA mutations, epigenetic regulation, transcriptional outputs, and differing tumor microenvironments all have the potential to remodel the cellular landscape of pHGG to promote therapeutic resistance.
Heterogeneity in pHGG can be driven by intrinsic factors like genomic instability and cancer stem cell differentiation as well as in response to extrinsic factors in the tumor microenvironment like tumor-immune cell interactions and drug treatment (Santiago et al., 2020; Kaminska et al., 2021). Multi-omic single cell analyses may therefore identify pathways of previously unknown significance in the development of therapeutic resistance. Single cell multi-omic profiling of brain tumor patient samples have begun to define the complex cellular landscape of adult glioma as it relates to disease biology (Table 4). Recent single cell multi-omic profiling studies have identified salient features of glioma biology, including distinct tumor-immune interactions associated with malignancy and disease progression, correlations between genetic and epigenetic features of tumor cells, novel sub-cellular populations and mechanisms of glioma cell plasticity, and putative therapeutic targets (Wang et al., 2019; Chaligne et al., 2021; Chen et al., 2021; Garofano et al., 2021; Johnson et al., 2021; Zhang et al., 2021). Studies that integrate separate single cell and bulk multi-omic datasets have similarly identified novel regulators, prognostic biomarkers of adult glioma subtypes (Neftel et al., 2019; Wu et al., 2020; Chen et al., 2021). These analyses demonstrate the value of applying single cell, multi-omic profiling as a strategy to reveal hidden complexity in adult gliomas that may soon be applied to pHGG.
In addition to the tumor cell intrinsic factors that drive intratumoral heterogeneity, dynamic changes in tumor composition can occur because of interactions between glioma and immune cells in the surrounding microenvironment (Turner and Reis-Filho, 2012; McGranahan and Swanton, 2017). For example, a single cell transcriptome profiling study in pediatric ependymoma patient samples recently found that neural stem cell-like tumor subclones in relapsed patient samples exhibit increased immune cell crosstalk (Wu et al., 2022). Single cell analysis to reveal dynamic interactions between tumor cells and immune cells may also reveal mechanisms of resistance to immunotherapy and potential targets to enhance pHGG immune targeting. For example, a recent study of pHGG tumors exposed to CAR-T cell therapy using both bulk an single cell profiling revealed heterogeneous CAR-T cell phenotypes and identified cytokines and TGFβ signaling molecules as potential mediators of CAR-T treatment efficacy (Vitanza et al., 2021a; Majzner et al., 2022). Another recent single cell profiling study revealed additional immunosuppressive factors produced by tumor-associated macrophages that might be targeted to enhance therapeutic responses (Abdelfattah et al., 2022).
Intrinsic differences between tumor cells can also set the stage for further, potentially more unpredictable consequences of tumor-tumor cell interactions where clones displaying different phenotypes may have suppressive, protective, or stimulatory effects on each other (Santiago et al., 2020). An example of this behavior comes from a recent paper showing that cells located in distinct anatomical features of glioblastoma multiforme tumors display diverging patterns of gene and protein expression allowing individual tumor cells to influence each other’s behaviors to drive tumor progression and escape from the effects of therapy (Lam et al., 2022). Spatial differences in tumor cell heterogeneity may also influence the activity endogenous immune cells and the efficacy immune cell-based therapies (Liu et al., 2021). Using single cell multi-omic profiling techniques that preserve spatial information in patient samples can therefore provide further insights into the drivers of intratumoral heterogeneity in solid tumors and the effects of a changing tumor microenvironment on treatment response. Despite the valuable knowledge provided by these types of analyses, very little spatial profiling has been done in pHGG. Increasing our knowledge of regional tumor heterogeneity, such as between primary and metastatic tumors invading other brain regions and the spine is particularly needed to understand the diffuse nature of certain subtypes, like DMG which are highly invasive and spread into multiple brain regions (Nikbakht et al., 2016).
These sometimes unpredictable drivers of intratumoral heterogeneity arising from various cell to cell interactions within the tumor microenvironment are perhaps best summarized by the aphorism “the whole is greater than the sum of the parts.” An alternative to bulk analyses is to apply single cell multi-omic analyses to matched glioma patient samples taken before and after treatment to examine the changes in tumor cell phenotypes that occur in response to different forms of therapy (Figure 3). Through well-designed longitudinal studies, it may also be possible to correlate these multi-omic single cell datasets with clinical outcomes as a first step in identifying specific cell populations that escape tumor response or to discover biomarkers of tumor evolution that might predict therapeutic resistance. Analyzing treatment-associated changes in intratumoral heterogeneity in this way will allow researchers to move beyond merely taking the sum of the parts to instead obtain multi-dimensional datasets providing a much more comprehensive view of the pathways and processes underlying therapeutic resistance in brain tumors.
[image: Figure 3]FIGURE 3 | Intratumoral profiling of therapeutic responses in glioma patient tumors with single cell multi-omics. Glioma tumor samples collected from patients before and after treatment can be profiled using single cell multi-omic techniques to identify tumor cell phenotypes associated with successful therapeutic targeting by looking for tumor cell subtypes that are present in pre-treatment samples but that are absent in post-treatment samples. In contrast, resistant tumor cell subtypes will be present in both the pre-treatment and post-treatment sample while newly evolved or adapted tumor cell phenotypes that result in acquired resistance will be seen only in the post-treatment sample. The information yielded from these single cell profiling experiments for tumor cell phenotypes like DNA mutations, gene expression, and cell surface proteins can thus provide a deeper understanding into the clonal composition changes that drive glioma patient responses to different treatment modalities.
PROFILING TREATMENT-ASSOCIATED CHANGES IN THE INTRATUMORAL HETEROGENEITY IN HIGH GRADE GLIOMA
Standard of care for pHGG consists of radiation often combined with chemotherapy and experimental therapeutics (Fangusaro, 2009; Jones et al., 2012; Adamski et al., 2014; Bredlau and Korones, 2014). Many of these treatments have adverse consequences, including cognitive deficits, endocrine disorders, and vasculopathies, and none of these therapeutic strategies are curative (Armstrong et al., 2004; Merchant et al., 2009; Mueller et al., 2013). pHGG tumors frequently exhibit both intrinsic and acquired resistance to therapy (Vanan and Eisenstat, 2014; Kline et al., 2018) and numerous studies suggest that subpopulations of brain tumor cells vary in their sensitivity to treatment (Bao et al., 2006; Liu et al., 2006; Chen et al., 2012; Alexander et al., 2020). Neither the defining characteristics of treatment-resistant glioma cell sub-populations, nor the underlying pathways regulating spatio-temporal heterogeneity and dynamic response to therapy are fully delineated in pediatric glioma. Our limited knowledge of which genes and pathways drive pediatric glioma heterogeneity and therapeutic resistance represents a key knowledge gap, which has hindered efforts to develop effective treatments to overcome therapeutic resistance in pHGG.
Variable tumor cell phenotypes and mutation profiles can result in different sensitivity to therapy within the same tumor, and the selective pressure applied during treatment can lead to tumor cell adaption and evolution resulting in tumor escape from therapeutic response (Raynaud et al., 2018; Marusyk et al., 2020; Santiago et al., 2020; Touat et al., 2020). Studies comparing matched patient samples collected before and after treatment are more common in cancers like melanoma and leukemia that are more amenable to sample collection compared to central nervous system tumors, and single cell multi-omic profiling of matched samples from these cancers demonstrate that tumor cell evolution correlates with disease relapse and unfavorable treatment outcomes (Gaiti et al., 2019; Granja et al., 2019; Morita et al., 2020). Similar research comparing naïve and treated brain tumor samples has identified features of treatment-resistant glioma either through either bulk or single cell analyses, including potential targets for future therapies, factors that influence the tumor microenvironment, and genomic alterations contributing to malignant progression in different brain tumor subtypes (Barthel et al., 2019; Mueller et al., 2019; Nejo et al., 2019; Petralia et al., 2020). The diverse and impactful findings of these studies emphasize how new technological approaches to profiling intratumoral heterogeneity can provide insight into glioma biology and reveal novel strategies for therapeutic targeting.
Intratumoral heterogeneity observed in pHGG prior to treatment may also result in poor therapeutic response due to the presence of intrinsically resistant tumor cell subpopulations. For example, stem- and progenitor-like glioma cells sometimes known as glioma stem cells or brain tumor initiating cells (Zhou et al., 2021), have been implicated in adult glioma therapeutic response (Bao et al., 2006; Liu et al., 2006; Chen et al., 2012). Recent advances in single cell multi-omic profiling have provided researchers with new tools to decipher roles for rare tumor stem cells in treatment resistance and sensitivity. For example, one study integrated scRNAseq and mass cytometry data from adult glioma samples to identify surface markers used in the isolation of CD9+/CD133+ progenitor cells, which were then shown to be less sensitive to TMZ treatment and more proliferative in intracranial xenografts (Couturier et al., 2020). Another study applied scRNAseq to similarly describe a glioma stem cell subpopulation that was enriched after radiation treatment in a mouse model (Alexander et al., 2020). Additional studies have similarly identified stem cell-like subpopulations in pHGG (Monje et al., 2011; Chen et al., 2012; Filbin et al., 2018), but the role of glioma stem cells in mediating pediatric glioma phenotypes and response to therapy has not yet been thoroughly studied. However, there is some evidence that glioma stem cells may play a role in pHGG recurrence after therapy (Hoffman et al., 2019). Further studies applying single cell multi-omic analyses to pHGG patient tumors before and after therapy may help unravel potential roles for cancer stem cells and other glioma cell sub-populations in both intrinsic and acquired resistance.
VALIDATING RESULTS FROM MULTI-OMIC SINGLE CELL DATASETS USING MOUSE MODELS
A limitation of many single cell profiling studies is that these analyses generate correlative data, and the functional relevance of many molecular markers and cell sub-populations revealed by these analyses can remain elusive. Single cell analyses of mouse models of pHGG may also provide valuable insights into the underlying causes of tumor heterogeneity and reveal mechanisms of treatment resistance. Pairing patient tumor molecular profiling data with results from functional biological assays in cell culture and animal models is one strategy for experimentally determining the mechanisms of tumor heterogeneity and treatment resistance. For example, recent studies have sought to analyze differences in gene expression and chromatin accessibility in isolated adult glioma stem cell clones varying in their proliferation, differentiation, and sensitivity to TMZ to identify gene regulatory signatures associated with these aggressive tumor cell phenotypes (Meyer et al., 2015; Guilhamon et al., 2021). By subsequently comparing these gene and chromatin signatures to single cell datasets from patient tumors, the authors then provided evidence that freshly dissociated tumors contain cells exhibiting similar characteristics to the aggressive clones profiled in the laboratory, highlighting the potential significance of these phenotypes. Another study performed both molecular profiling and drug screening in newly established primary cell culture models derived from patient tumor samples collected in an ongoing clinical trial to identify the mechanism of resistance by which DMG tumors evade MEK inhibitors (Izquierdo et al., 2022). In this study, MEK inhibitor resistance occurred through the development of de novo mutations that might serve as therapeutic targets in a combination treatment strategy to ablate the resistant tumor cells. This approach combining molecular profiling and functional drug testing has the potential to identify other promising therapies if applied to additional treatment modalities, particularly if the functional studies are accompanied by single cell multi-omic profiling of pre- and post-treatment pHGG patient samples.
Comparative single cell profiling of patient samples and mouse models also has the potential to yield significant insights into therapeutic resistance and the roles of tumor-immune cell interactions in glioma treatment response. Of note, a recent comparative single cell multi-omic study in adult glioblastoma found conserved changes in tumor-associated immune cell responses to therapy between mouse models and patient tumors, suggesting that animal studies have the potential to accurately recapitulate certain aspects of patient tumor microenvironment (Pombo Antunes et al., 2021). Given that glioblastoma driver mutations are known to influence the immune composition of the tumor microenvironment in adult HGG (Garcia-Fabiani et al., 2021), additional comparative studies using single cell multi-omic techniques to analyze recently developed immunocompetent models of pHGG may therefore provide insight into the effects of patient tumor subtype on therapy resistance due to immunosuppressive or immunostimulatory states (Chen and Hambardzumyan, 2018; Patel et al., 2020; Tomita et al., 2022). Together, these studies emphasize how combining data from multi-omic single cell profiling of patient samples and results obtained from preclinical model systems may help researchers to better understand the significance of specific molecular profiles on glioma cell behaviors like drug resistance or response to immunotherapy.
CHALLENGES AND CONCLUSION
A practical concern regarding the use of multi-omic single cell sequencing approaches to study glioma disease mechanisms is that these experiments generate massive data outputs requiring complex analysis pipelines and extensive resources for data storage. In contrast, single cell profiling by non-sequencing approaches may be more cost-effective and can potentially preserve tissue structures to provide an additional layer of information about the tumor microenvironment and cell to cell interactions (Figure 2). Low-throughput and non-sequencing based approaches, like immunohistochemistry and DNA fluorescence in situ hybridization (FISH), can offer much faster, cheaper, and readily interpretable assessments of tumor heterogeneity while still assaying large numbers of cells. However, the information provided will be more biased than sequencing-based single cell profiling since non-sequencing techniques rely on a relatively small number of probes or antibodies, which may result in more limited findings from exploratory studies (Kashyap et al., 2022).
Given the wide range of single cell profiling techniques (Table 1), the high cost associated with sequencing-based single cell analyses, and the limited availability of pHGG patient samples, selecting among potential methods for single cell profiling requires careful consideration. For example, some single cell profiling techniques can be performed on fixed tissue, while others require fresh or frozen specimens. Appropriate single cell profiling methodologies must also be selected according to the treatment modalities in question. Single cell analyses that conserve spatial information may be particularly useful for characterizing glioma responses to immunotherapy because these methods enable the visualization of tumor-immune interactions (Marusyk et al., 2020). Since immunotherapy is beginning to show some promising results in early stage clinical trials for pHGG (Majzner et al., 2022), profiling pre- and post-treatment patient tumor samples using spatial, single cell multi-omic techniques may be especially relevant to ongoing efforts to improve immunotherapeutic approaches for pHGG treatment.
Single cell multi-omic datasets can also be expensive to generate and require processing through complex analytical pipelines before the results can be interpreted. The types of bioinformatic analyses and mathematical modeling that are applied to single cell multi-omic datasets are a key determinant of the quality of information obtained from these experiments. Unfortunately, bioinformatic analysis protocols for single cell datasets are not yet standardized across different research studies. Depending on the pipelines used, in-depth analyses of multiple aspects of intratumoral heterogeneity can be made from the shared properties identified between single cell multi-omic datasets or even extracted from individual single cell omic profiling experiments, such as by detecting somatic mutations or multi-cellular programs from scRNAseq data (Vu et al., 2019; Welch et al., 2019; Jerby-Arnon and Regev, 2022). Separate analyses using mathematical modeling of treatment efficacy can then take this intratumoral heterogeneity into account in simulations aimed at predicting determinants of patient responses to therapy (Rockne and Scott, 2019). However, bioinformatic analyses and mathematical modeling have their own limitations and may also provide an incomplete or inaccurate understanding of how tumor heterogeneity contributes to therapy resistance. Further, integrating single cell datasets generated from separate experiments or even from different studies through meta-analyses may also yield important findings despite the inability to examine different “omics” datasets in the same cells.
Perhaps the most daunting challenge limiting current studies applying single cell multi-omic analyses to naïve and treatment-resistant brain tumors is the ability of researchers to access paired tumor samples across the time course of a patient’s treatment. Matched single cell analyses in non-responding or relapsed patients either during surgical resection procedures or from rapid autopsies may provide a viable strategy to study the development of therapeutic resistance that arises from intratumoral heterogeneity in glioma. Using pre-treatment patient biopsies to generate organoid, explant, and gliomasphere cultures or patient-derived orthotopic xenograft mice can also allow for pre-treatment and post-treatment responses to be assessed without requiring multiple rounds of brain tumor sample collection from a single patient (Hubert et al., 2016; Jacob et al., 2020; LeBlanc et al., 2022; Sundar et al., 2022). However, these in vitro and in vivo patient-derived glioma models may not accurately reflect the effects of the intratumoral heterogeneity and the tumor microenvironment on treatment resistance. Primary patient samples collected before and after treatment are therefore better suited for use in single cell multi-omic studies even though paired patient brain tumor sample collection can prove challenging. Despite these limitations, the recent introduction of lower-cost sequencing technology coupled with the rising use of machine learning to assist with data processing and interpretation have made single cell multi-omic profiling easier than ever and greatly improved its potential to yield clinically significant data when applied to patient samples.
FUTURE DIRECTIONS FOR ASSESSING INTRATUMORAL HETEROGENEITY IN GLIOMA
Resistance to therapies, such as radiation, chemotherapy, targeted therapeutics, and immunotherapy, is a key challenge to improving clinical outcomes in aggressive and highly heterogeneous cancers like pHGG, which have no effective treatment options despite decades of research. The development of therapeutic resistance in these tumors is a multifaceted process that may be attributed to: 1) the expansion of subclonal populations showing intrinsic resistance; 2) the emergence of altered tumor cell phenotypes as these cells adapt or evolve upon exposure to therapy and escape killing; and 3) dynamic changes to the tumor microenvironment, including the interactions between brain tumor cells and normal neurons, glia, and tumor-associated immune cells. Before the advent of single cell technologies, previous research into the molecular underpinnings of therapeutic resistance relied on bulk approaches that assessed molecular changes induced by treatment at low resolution and averaged across large numbers of cells without the ability to separately profile tumor, non-tumor, and immune populations. In this review, we have highlighted how sophisticated, new technologies now enable researchers to layer multi-dimensional datasets to simultaneously profile genetic, epigenetic, transcriptomic, and proteomic aberrations at a single cell level to describe dynamic changes to the glioma cellular landscape in response to treatment.
Most of the existing single cell multi-omic analyses of glioma published thus far have focused on either determining how tumor cell phenotypes diverge from normal tissue or on sub-classifying tumors into different molecular subgroups. Applying single cell multi-omic profiling to pre- and post-treatment pHGG tumors has the potential to reveal the consequences of various therapies on tumor composition and to identify markers of treatment susceptibility and resistance. These types of analyses are expected to generate data that can be applied to ultimately improve patient outcomes in several ways: by identifying novel treatment strategies and combination therapies to target the mechanisms by which glioma escapes therapy, by predicting the outcomes of different treatment modalities in a patient-specific manner that accounts for heterogeneity in therapeutic responses between cells in the same tumor, and by assessing how tumor-immune interactions affect response to therapy and resistance. Obtaining a more holistic view of the complex interplay between diverse tumor cell populations and their environment through multi-omic single cell analyses provides an opportunity to revolutionize therapeutic approaches to cancer treatment and make precision oncology practice more precise.
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<50 67 (57%)
>50 49 (42%)
Missing 1(1%)
Tumor size
1-5.cm 25 (21%)
6-10 cm 30 (26%)
>10cm 57 (49%)
Missing 5 (4%)
Histological subtype
Serous 50 (43%)
Mucinous 28 (24%)
Other types 35 (30%)
Missing 4 (3%)
Tumor grade
low grade (WD) 15 (13%)
Intermediate 19 (16%)
High grade (PD) 63 (54%)
Missing 20 (17%)
Lympho-vascular invasion
Negative 54 (46%)
Positive 39 (33%)
Missing 24 (21%)
Tumor necrosis
Negative 57 (49%)
Positive 45 (38%)
Missing 15 (13%)
BMI
<23 8 (7%)
23-26 28 (24%)
>26 52 (44%)
Missing 29 (25%)
Age of menarche
<13 19 (16%)
>13 67 (57%)
Missing 31 (27%)
Tumor stage
Low stage (1,1l 41 (35%)
High stage (1Il,IV) 66 (56%)
Missing 10 (9%)
Recurrence status
None 51 (44%)
Yes 36 (31%)
Missing 30 (25%)

Cytoplasmic N-cadherin Protein Expression patterns: N (%)

Low Expression (0, 1+)

26 (39%)
24 (49%)

12(48%)
13 (43%)

23 (41%)

26 (52%)
9 (32%)

12 (34%)

7 (47%)
5 (26%)
33 (52%)
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8(31%)
25 (56%)

1 (18%)
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36 (54%)
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High Expression (2+, 3+)
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22 (61%)

p-value
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0.05

0.05

0.35

0.01

0.43

0.002

0.77

0.71

Red p-values are statistically significant.
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Shared DEGs

FHL1
MYH11
DES

c7
MFAP4
MAMDC2
ACTG2
SPON1
TMEM125
TPKA
SMPD3
HNF4G
TMPRSS2
CYBRD1
IL33
MMRN1
DDC
PDK4
WFDC1
LIPF
TYRP1
TPSAB1

HR

1.092087
1.07675
1.071609
1.085066
1.094248
1.090156
1.091419
1.116166
0.918597
0.908395
0.819972
0.911258
0.941752
1.148231
1.099016
1.110902
0.952129
1.123587
1.078939
0.966674
1.078591
1.083159

Low 95% CI

1.041977
1.037586
1.038122
1.041192
1.040893
1.031244
1.048324
1.056533
0.854042
0.854178
0.753313
0.851557
0.890433
1.074373
1.033994
1.034905
0.907629
1.064525
1.001167
0.941203
1.013015
1.026209

High 95% CI

1.144606
1.117393
1.106175
1.130789
1.150339
1.152433
1.136287
1.179165
0.988033
0.966052
0.892528
0.975145
0.996028
1.227167
1.168126
1.19248
0.998811
1.185927
1.162753
0.992834
1.148412
1.14327

P

0.000237
9.16E-05
1.96E-05
0.000106
0.000413
0.002324
2.08E-05
8.74E-05
0.022384
0.002214
4.47E-06
0.007188
0.035801
4.61E-05
0.002411
0.003627
0.04457
2.34E-05
0.046534
0.012851
0.018078
0.003746
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Score 1D Name Description

BRD-K15402119 Huperzine-a Acetylcholinesterase inhibitor
BRD-K35687265 ON-01910 PLK inhibitor
BRD-K13927029 Retinol Retinoid receptor ligand
BRD-K05926469 Lenalidomide Antineoplastic
BRD-K20152659 Gamma-homolinolenic-acid Cholesterol inhibitor
BRD-K64785675 TG100-115 666

BRD-A69636825 Diltiazem Calcium channel blocker
BRD-A74771556 Nikkomycin Chitin inhibitor
BRD-A84174393 Meloxicam Cyclooxygenase inhibitor
BRD-K29733039 Deforolimus MTOR inhibitor
BRD-K22631935 Neurodazine Neurogenesis of non-pluripotent C2C12 myoblast inducer
BRD-A51393488 Noscapine Bradykinin receptor antagonist
BRD-K48427617 U-0124 MEK inhibitor
BRD-K91696562 Orantinib FGER inhibitor
BRD-A36267905 Buphenine Adrenergic receptor agonist
BRD-K91623615 ABT-751 Tubulin inhibitor
BRD-A44551378 LEM-A12 EGFR inhibitor
BRD-K86003836 Flubendazole Tubulin inhibitor
BRD-K98426715 Tubacin HDAC inhibitor
BRD-K47659338 EMD-386088 Serotonin receptor agonist
BRD-K19416115 Sitagliptin Dipeptidyl peptidase inhibitor
BRD-K33453211 Levocabastine Histamine receptor antagonist
BRD-K14550461 Doxercalciferol Vitamin D receptor agonist
BRD-AG8631409 Evodiamine ATPase inhibitor
BRD-A62057054 MDL-11939 Serotonin receptor antagonist
BRD-A18043272 Phensuximide Succinimide antiepileptic
BRD-K57546357 Prunetin Breast cancer resistance protein inhibitor
BRD-M30523314 Vinorelbine Tubulin inhibitor
BRD-K55420858 Mirin MRE11A exonuclease inhibitor
BRD-K26997899 SA-792574 Microtubule inhibitor
BRD-K18895904 Olanzapine Dopamine receptor antagonist
BRD-K54256913 MK-1775 WEE] kinase inhibitor
BRD-K20285085 Fostamatinib SYK inhibitor
BRD-K40213712 SAL-1 Adenosine receptor antagonist
BRD-A00267231 Hemado Adenosine receptor agonist
BRD-K90382497 GW-843682X PLK inhibitor
BRD-K06878038 Deferiprone Chelating agent
BRD-A04756508 Norgestimate Progesterone receptor agonist
BRD-K29582115 Ziprasidone Dopamine receptor antagonist
BRD-A67438293 Treprostinil Prostacyclin analog
BRD-K99451608 Lopinavir HIV protease inhibitor
BRD-A74667430 Etodolac Cyclooxygenase inhibitor
BRD-K81376179 TCS-359 FLT3 inhibitor
BRD-K67847053 Guanabenz Adrenergic receptor agonist
BRD-K27141178 $B-203186 Serotonin receptor antagonist
BRD-A32836748 Leu-enkephalin Opioid receptor agonist
BRD-K53123955 Niridazole Phosphofructokinase inhibitor
BRD-K51318897 Fenbendazole Tubulin inhibitor
BRD-K11158509 Tyrphostin-B44 EGER inhibitor
BRD-K86465814 HO-013 PPAR receptor agonist

BRD-K36324071 NE-449 Purinergic receptor antagonist
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Exosome-related gene

CP
CYP11A1
RHO
ABCBS
ADCYAP1
MRPL4
ADRA1B
CD82
POSTN
HTR7
CYP19A1
DUSP1
ABCCY
HRNR
DOK7

Hazard ratio

1.345545
1.473560
4.395776
2.313005
1511357
0.198812
1.736174
0.386935
2.154474
1.798705
1.993157
3.428910
1.411726
4.134901
0.668056

Lower 95% CI

1.058641
1.030760
1.357214
1.434912
1.126606
0.054168
1.261456
0.161835
1.158856
1.116122
1.347986
1520732
1.050760
1.015019
0.501564

Upper 95% CI

1.710204
2.106583
1423714
3.728447
2027505
0.729698
2.389539
0925132
4.005467
2.898735
2947118
7.731423
1.896693
16.84442
0.889813

p-value

0.015279
0.033494
0.013536
0.000577
0.005865
0.014893
0.000711
0.032766
0.015268
0.015901
0.000547
0.002973
0.022103
0.047618
0.005812
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Variable Total set (N = 597) Training Testing

set (N = 298) set (N = 299)
Age 6607 + 127 66.52 + 12.36 6561 +13.03
Status (n, %)
Alive 472 (79.06) 233 (78.19) 239 (79.93)
Dead 125 (20.94) 65 (21.81) 60 (20.07)
Sex (n, %)
Male 322 (53.94) 169 (56.71) 153 (51.17)
Female 275 (46.06) 129 (43.29) 146 (48.83)
T stage (n, %)
T1 20 (335) 9 (3.02) 11 (3.68)
T2 103 (17.25) 55 (18.46) 48 (16.05)
T3 408 (68.34) 200 (67.11) 208 (69.57)
T4 64 (10.72) 33 (1.07) 31 (10.37)
Ti 1(0.17) 1(034) 00
Unknown 1(0.17) 0(0) 1(0.33)
N stage (n, %)
NO 337 (56.45) 180 (60.4) 157 (52.51)
N1 147 (24.62) 63 (21.14) 84 (28.09)
N2 110 (1843) 55 (18.46) 55 (18.39)
Unknown 3(05) 0(0) 3
M stage (n, %)
Mo 443 (742) 220 (73.83) 223 (74.58)
M1 84 (14.07) 41 (13.76) 43 (14.38)
Unknown 70 (11.73) 37 (1242) 33 (11.04)
Pathologic stage (n, %)
Stage T 103 (17.25) 55 (18.46) 48 (16.05)
Stage 11 217 (36.35) 117 (39.26) 100 (33.4)
Stage 11T 175 (2931) 77 (25.84) 98 (32.78)
Stage IV 87 (14.57) 43 (1443) 44 (14.72)

Unknown 15 (2.51) 6 (201) 9 (3.01)
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Characteristic

n (dead/alive)
Age, n (%)

Gender, n (%)

N stage, (%)

M stage, n (%)

T stage, n (%)

Pathologic stage, n (%)

Level

265
<65
Male
Female
NO
N1
N2
N3
NX
MO
M1
MX
Ll
T2
]
T4
™
Stage |
Stage Il
Stage ll
Stage V
N/A

Overall

382 (149/233)
213 (65.76%)
169 (44.24%)
170 (44.50%)
212 (55.50%)
249 (65.18%)
65 (17.01%)
56 (14.65%)
1(0.26%)
11 (2.90%)
241 (63.08%)
21 (5.49%)
120 (31.43%)
132 (34.55%)
196 (51.30%)
40 (10.47%)
13 (3.40%)
1(0.28%)
209 (54.71%)
87 (22.77%)
59 (15.44%)
21 (5.49%)
6 (1.59%)

High-risk

194 (92/102)
103 (53.09%)
91 (46.91%)
89 (45.87%)
105 (54.13%)
124 (63.91%)
35 (18.04%)
31 (15.97%)
1(0.51%)
3 (1.57%)
122 (62.88%)
10 (5.15%)
62 (31.97%)
65 (33.50%)
96 (49.48%)
24 (12.37%)
8 (4.12%)
1(0.53%)
96 (49.48%)
55 (28.35%)
31 (15.97%)
10 (5.15%)
2 (1.05%)

Low-risk

188 (67/131)
110 (58.51%)
78 (41.49%)
81 (43.08%)
107 (56.92%)
125 (66.48%)
30 (15.96%)
25 (13.29%)
00
8(4.27%)
119 (63.29%)
11 (5.85%)
58 (30.84%)
67 (35.63%)
100 (53.19%)
16 (8.51%)
5 (2.67%)
0(0%)
113 (60.10%)
32 (17.02%)
28 (14.89%)
11 (5.85%)
4(2.14)
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Validation Set GEO accession Platform Overall (1/0) High-risk (1/0) Low-risk (1/0)

Set 1 GSE13213 GPL6480 117 (49/68) 58 (33/25) 59 (16/43)
Set 2 GSE31210 GPL570 226 (35/191) 113 (29/84) 113 (6/107)
Set 3 GSE30219 GPL570 278 (188/90) 139 (111/28) 139 (77/62)
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Tumor subtype

Molecular
features/
genetic
alterations

Anatomical
location

Histological markers

Age at
diagnosis

Survival

EEENES

Diffuse midline
glioma, H3 K27-
altered

Diffuse hemispheric
glioma, H3 G34-
mutant

Diffuse pediatric-
type high-grade
glioma, H3-wildtype
and IDH-wildtype

Infant-type
hemispheric glioma

H3K27
TPS3

ACVRI
PDGERA
EGER

EZHIP
H3G34

TPS3

ATRX
IDH-wildtype
H3-wildtype
PDGERA
MYCN

EGFR

NTRK family
ALK

ROS

MET

brainstem, spinal
cord, pons, medulla,
and thalamus

supratentorial tumors,
mainly in temporal

and parietal lobes

supratentorial tumors
(~85%),
brainstem (~15%)

intra-axial tumor

OLIG2+, H3K27me3 loss,
TP53 (variable), ATRX
(variable)

GFAP*, OLIG2, ATRX",
TP53 (variable), MKI67

(high)

necrosis, microvasculature
proliferation,

H3K27me3 retained, GFAP*,
OLIG2"

OLIG2+, GFAP+,
H3K27me3 retained

7-8 years

15 years

2-18 years

<1 year

9-11 months

14-18 months

14-44 months

S-year overall
survival of
50%-60%

Schwartzentruber et al. (2012),
Wau et al. (2012), Castel et al.
(2015), Cooney et al. (2017)

Schwartzentruber et al. (2012),
Wu et al. (2012), Korshunov
etal. (2016), Lim et al. (2021),
Crowell et al. (2022), Gianno
etal. (2022)

Korshunov et al. (2017),
Tauziede-Espariat et al. (2019),
Gianno et al. (2022)

Dauffier et al. (1999), Guerreiro
Stucklin et al. (2019), Ceglie
etal. (2020), Clarke et al. (2020),
Gianno et al. (2022)
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