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Background

Hepatocellular carcinoma (HCC) is a highly heterogeneous disease, which makes the prognostic prediction challenging. As part of the active cross-talk between the tumor and the host, inflammatory response in the tumor or its microenvironment could affect prognosis. However, the prognostic value of inflammatory response-related genes in HCC remains to be further elucidated.



Methods

In this study, the mRNA expression profiles and corresponding clinical data of HCC patients were downloaded from the public database. The least absolute shrinkage and selection operator Cox analysis was utilized to construct a multigene prognostic signature in the TCGA cohort. HCC patients from the ICGC cohort were used for validation. Kaplan Meier analysis was used to compare the overall survival (OS) between high- and low-risk groups. Univariate and multivariate Cox analyses were applied to determine the independent predictors for OS. Single-sample gene set enrichment analysis was utilized to calculate the immune cell infiltration score and immune related pathway activity. Gene set enrichment analysis was implemented to conduct GO terms and KEGG pathways. The qRT-PCR and immunohistochemistry were utilized to perform the mRNA and protein expression of prognostic genes between HCC tissues and normal liver tissues respectively.



Results

An inflammatory response-related gene signature model was constructed by LASSO Cox regression analysis. Compared with the low-risk group, patients in the high-risk group showed significantly reduced OS. Receiver operating characteristic curve analysis confirmed the predictive capacity of the prognostic gene signature. Multivariate Cox analysis revealed that the risk score was an independent predictor for OS. Functional analysis indicated that immune status was definitely different between two risk groups, and cancer-related pathways were enriched in high-risk group. The risk score was significantly correlated with tumor grade, tumor stage and immune infiltrate types. The expression levels of prognostic genes were significantly correlated with sensitivity of cancer cells to anti-tumor drugs. Furthermore, the expression of prognostic genes showed significant difference between HCC tissues and adjacent non-tumorous tissues in the separate sample cohort.



Conclusion

A novel signature constructed with eight inflammatory response-related genes can be used for prognostic prediction and impact the immune status in HCC. Moreover, inhibition of these genes may be a therapeutic alternative.
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Introduction

Liver cancer is the sixth most commonly diagnosed cancer and the fourth leading cause of cancer death worldwide (1). Hepatocellular carcinoma (HCC) accounts for the majority of primary liver cancer. Etiologies for HCC include chronic infection with hepatitis B virus and hepatitis C virus, alcohol addiction, metabolic liver disease (especially nonalcoholic fatty liver disease) and exposure to dietary toxins such as aflatoxin and aristolochic acid (2). HCC is a complex and heterogeneous disease with a 5-year survival rate of only 14.1% in China due to the high frequency of recurrence (3), usually accompanied by cirrhosis or other related complications that bring great challenges to the prognosis evaluation.

The link between inflammation and cancer is well recognized. Rudolf Welshaw et al. first discovered “lymphatic network infiltration” near the origin of cancer, and pointed out that it plays an active role in the occurrence of cancer (4). The role of inflammation in the occurrence and development of cancer has always been the focus of people’s research (4–7). Inflammation can both promote and inhibit cancers (5, 8). By analyzing the routinely available parameters in the blood, people can explore the relationship of cancer with inflammatory markers. For example, studies confirmed many inflammatory response-related features in the peripheral blood of patients with liver cancer, such as thrombocytosis, leukocytosis, hypoproteinemia and elevated plasma fibrinogen (9). The clinical systemic inflammation markers including medium-granulocyte ratio, platelet-lymphoid ratio and lymphoid-monocyte ratio were evaluated in newly diagnosed and previously untreated HCC, and these markers showed significant prognostic ability for OS independent of previously recognized prognostic factors for HCC (10). The Glasgow prognosis score composed of C-reactive protein and albumin had independent prognostic value for cancer patients (11). More and more studies supported the combination of various acute phase proteins to develop comprehensive prognostic scores for cancers based on inflammation. In addition to serum markers, some inflammatory response-related genes were used to predict the metastatic potential of HCC (12). However, the relationship between inflammatory response-related genes and the prognosis of HCC remains unknown.

In this study, we downloaded the mRNA expression profile and corresponding clinical data of patients with HCC from the public database. Then, we constructed a prognostic signature with differentially expressed genes (DEGs) related to inflammatory response in the TCGA cohort and validated the stability and reliability of the model through the ICGC cohort. Then, we further carried out functional enrichment analysis to explore its potential mechanism. Besides, we analyzed the association between prognostic gene expression and immune infiltrate types. Moreover, we investigated the relationship of prognostic gene expression with tumor stemness and cancer chemoresistance. Finally, the mRNA and protein expression of prognostic genes between HCC tissues and adjacent non-tumorous tissues was validated by laboratory experiments.



Methods


Data Collection (TCGA-LIHC Cohort and ICGC (LIRI-JP) Cohort)

RNA sequencing data and corresponding clinical information of 370 patients with liver cancer were downloaded from TCGA website (https://portal.gdc.cancer.gov/repository). RNA sequencing data and clinical information of another 231 tumor samples were obtained from ICGA website (https://dcc.icgc.org/projects/LIRI-JP). These samples were mainly derived from Japanese people infected with hepatitis B virus or hepatitis C virus. The data from TCGA and ICGC were both public, following the data access policy and publication guidelines of TCGA and ICGC. Then, 200 inflammatory response-related genes were found in the Molecular Signatures database and provided in the Supplementary Table 1.



Construction and Validation of a Prognostic Inflammatory Response-Related Gene Signature

DEGs between tumor tissues and non-tumor tissues were identified by “limma” R package with fold change > 2 and a false discovery rate < 0.05 in TCGA cohort. Univariate Cox analysis was used to screen the inflammatory response-related genes with prognostic value, and the P value was adjusted by Benjamini & Hochberg (BH) correction method. LASSO-penalized Cox regression analysis was utilized to construct a prognostic model in order to minimize the risk of overfitting (13, 14). The LASSO algorithm was used to select and shrink variables with “glmnet” R package, so that some regression coefficients were strictly equal to 0, thereby obtaining an interpretable model. The normalized expression matrix of candidate prognostic DEGs was the independent variable in regression, and the dependent variable was the overall survival and status of patients in the TCGA cohort. The tenfold cross-validation was used to determine the penalty parameter (λ) of the prognostic model and was followed the minimum criteria (i.e. the value of λ corresponding to the lowest partial likelihood deviance). The risk scores of patients were calculated according to the expression level of each inflammatory response-related gene and its corresponding regression coefficient. The formula was established as follows: score= esum (each gene’s expression × corresponding coefficient). According to the median risk score, patients were divided into high- and low-risk groups. In terms of expression levels of genes in the constructed model, PCA analysis and t-SNE analysis were performed with “Rtsne” and “ggplot2” R packages to explore the distribution of different groups. The survival analysis was implemented to analyze the OS of high- and low-risk groups using the “survminer” R package. The “survival” R package and “timeROC” R package were carried out to conduct time‐dependent ROC curve analysis in order to evaluate the predictive value of the prognostic signature. Furthermore, univariate and multivariate Cox analyses were performed to explore the independent prognostic value of the 8-gene signature.



Functional Enrichment Analysis

Gene set enrichment analysis (GSEA) was utilized to conduct Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) analyses with GSEA software 4.1 based on the DEGs between the high- and low-risk groups. P value was adjusted by BH method. The infiltration scores of 16 immune cells and the activities of 13 immune-related pathways between the high- and low-risk groups were calculated by single-sample gene set enrichment analysis (ssGSEA) with the “GSVA” R package.



Tumor Microenvironment and Immune Response Analysis

The infiltration levels of immune cells and stromal cells in different tumor tissues were analyzed by immune score and stromal score (15). Spearman correlation was utilized to test the correlation between risk score and those scores. The association between risk score and immune infiltration subtype was tested by 2-way ANOVA analysis. Tumor stem cell features extracted from transcriptome and epigenetics of TCGA tumor samples were used to measure stem cell-like features of tumor (16). The association of tumor stemness with risk score was analyzed by Spearman correlation test.



Chemotherapy Sensitivity Analysis

The NCI-60 database containing 60 different cancer cell lines from 9 different types of tumors was accessed through the CellMiner interface (https://discover.nci.nih.gov/cellminer). Pearson correlation analysis was performed to investigate the association between the prognostic gene expression and drug sensitivity. Correlation analysis was made on the efficacy of 263 drugs approved by FDA or in clinical trials (Supplementary Table 2).



Verification of the mRNA Expression of Prognostic Genes Between HCC Tissues and Adjacent Non-Tumorous Tissues by qRT-PCR

A total of twenty paired HCC and adjacent non-tumorous tissue samples were collected from the First Affiliated Hospital of Wenzhou Medical University. Ethics approval was granted by Human Research Ethics Committee in The First Affiliated Hospital of Wenzhou Medical University. The mRNA expression levels of eight prognostic genes in samples were detected by qRT-PCR method. According to the manufacturer’s instruction, the total RNA of HCC and adjacent normal liver tissue samples was prepared with Trizol reagent (Servicebio). Then, RNA was reverse-transcribed into cDNA using RevertAid First Strand cDNA Synthesis Kit (Thermo). Gene expression was standardized as GAPDH. FastStart Universal SYBR Green Master (Roche) was utilized to quantify the real-time PCR analysis by StepOne (Applied Biosystems). The sequence of primers was shown in Supplementary Table 3. Each RNA sample was performed in triplicate. In order to compare the expression levels of different samples, the relative expression of inflammatory response-related genes was calculated by 2−ΔΔCt method.



Verification of the Protein Expression of Prognostic Genes Between HCC Tissues and Adjacent Non-Tumorous Tissues by Immunohistochemistry (IHC)

A total of ten paired HCC and adjacent non-tumorous tissue samples were collected from the First Affiliated Hospital of Wenzhou Medical University with permission from the ethics committees of The First Affiliated Hospital of Wenzhou Medical University. The expression levels of eight prognostic genes in ten pairs of HCC and adjacent non-tumorous tissues were validated by IHC experiment. All specimens were fixed with 10% formalin at room temperature, embedded in paraffin and processed into 4 μm serial sections. Briefly, the tissue slices were dewaxed, then hydrated and boiled in 10 mmol/L citrate buffer (pH=6.4) for 10 minutes to recover the antigen. After that, the slices were treated with methanol containing 3% hydrogen peroxide to inactivate the endogenous peroxidase and treated with citric acid buffer (pH=6.0) to obtain optimal antigen recovery. The 1% bovine serum albumin was incubated in phosphate buffer for 30 minutes to block non-specific binding. In addition, the slices were stained with primary antibody and incubated overnight at 4°C. Then, these sections were treated with three 5-min mild washing in phosphate buffer saline, followed by staining with secondary antibody (HRP polymer) at 1:200 for 50 minutes. Diaminobenzidine was applied before being counterstained with hematoxylin. Finally, the samples were sealed, observed and photographed by light microscope. The primary antibodies used in our work were as follows: Anti-ADORA2B antibody (1:200, ER1903-44, HUABIO), Anti-Integrin alpha 5 antibody [JJ08-94] (1:50, ET1701-58, HUABIO), Rabbit Anti-MEP1A/Meprin alpha antibody (1:100, bs-6056R, BIOSS), NOD2 Antibody - N-terminal (1:100, DF12125, Affinity), P2RX4 Polyclonal Antibody (1:100, 13534-1-AP, Proteintech), Anti-RIP2 antibody (1:200, ER1915-87, HUABIO), Anti-SERPINE1 antibody [H9-D5] (1:150, EM1709-36, HUABIO), CAT-1 Polyclonal Antibody (1:100, 14195-1-AP, Proteintech). Primary antibody information was summarized in Supplementary Table 5.



Statistical Analysis

DEGs between tumor tissues and adjacent tissues were compared by WilCoxon test. The Chi-squared test was used to compare the different proportions. The ssGSEA scores of immune cells or immune pathways between high- and low-risk groups were compared by Mann-Whitney test, and the P value was adjusted by BH method. Kaplan-Meier analysis was employed to compare the differences of OS among different groups. Univariate and multivariate Cox analyses were performed to screen the independent predictors for OS. The correlation of prognostic model risk score or prognostic gene expression level with stemness score, stromal score, immune score and drug sensitivity was tested by Spearman or Pearson correlation analysis. R software (Version 3.6.3) with packages venn, igraph, ggplot2, pheatmap, ggpubr, corrplot and survminer was used to create plots. In all statistical results, a two-tailed P value less than 0.05 indicated statistical significance.




Results

The flow chart of this study was shown in Figure 1. The study population consisted of 365 HCC patients from TCGA-LIHC cohort and 231 HCC patients from ICGC (LIRI-JP) cohort. Table 1 summarized the detailed clinical features of these patients.




Figure 1 | Flow chart of data collection, analysis and experiment.




Table 1 | Clinical characteristics of the HCC patients used in this study.




Identification of Prognostic Inflammation-Related DEGs in the TCGA Cohort

There were 44 inflammatory response-related genes differentially expressed in tumor tissues and adjacent non-tumorous tissues. Univariate Cox analysis showed that 14 of them were correlated with OS (Figure 2A). TACR3 was excluded from this analysis because its expression was 0 in more than 350 samples. The 13 inflammatory response-related genes were preserved as prognostic indicators, and the risk ratio of NOD2 gene was 2.07 (95% CI = 1.226-3.495, P = 0.006, Figure 2C). The correlation between these genes was presented in the Figure 2D.




Figure 2 | Identification of the candidate inflammatory response-related genes in the TCGA cohort. (A) Venn diagram to identify DEGs between HCC tissues and adjacent normal tissues. (B) The 13 overlapping genes expression between HCC tissues and adjacent normal tissues. (C) Forest plots showing the results of the association between 13 overlapping gene expression and OS. (D) The correlation network of candidate genes.





Construction of a Prognostic Model in the TCGA Cohort

The expression profiles of the above 13 genes were analyzed by LASSO-Cox regression analysis, and the prognostic model was established. A marker of eight genes was determined based on the optimal value of λ (Supplementary Figure 1). The risk score was calculated as follows: score = 0.118*expression level of SLC7A1 + 0.114*expression level of RIPK2 + 0.113*expression level of NOD2 + 0.022*expression level of ADORA2B+ 0.058*expression level of MEP1A+ 0.051*expression level of ITGA5 + 0.016*expression level of P2RX4 + 0.018*expression level of SERPINE1. Patients were divided into two groups according to the median cut-off value (Figure 3A). In the TCGA cohort, high-risk group was found to be significantly associated with higher tumor grade and advanced TNM stage (Table 2). PCA analysis and t-SNE analysis showed that patients in different risk groups were distributed in two directions (Figures 3E–F). Besides, the scatter chart indicated that patients with high risk were more likely to die earlier than those with low risk (Figure 3B). Consistently, the Kaplan-Meier curve showed the patients with high risk had a significantly worse OS than their low-risk counterparts (Figure 3I, P<0.001). Time-dependent ROC curves were generated for analysis of survival prediction by the prognostic model, and the area under the curve (AUC) reached 0.685 at 1 year, 0.626 at 2 years, and 0.605 at 3 years (Figure 3J). To explore the relationship between each prognostic gene and prognosis, survival analysis was performed based on the optimal cut-off expression value of each prognostic gene, which indicated that high expression of these genes was all significantly correlated with poor OS (Supplementary Figures 2A–H, P < 0.001). As shown in Supplementary Figure 3, the expression levels of all prognostic genes were higher in tumor tissues compared with adjacent non-tumorous tissues except SERPINE1.




Figure 3 | Prognostic analysis of the 8-gene signature model in the TCGA cohort and ICGC cohort. TCGA cohort (A, B, E, F, I, J), ICGC cohort (C, D, G, H, K, L). (A, C) The median value and distribution of the risk scores. (B, D) The distribution of OS status. (E, G) PCA plot. (F, H) t-SNE analysis. (I, K) Kaplan-Meier curves for OS of patients in the high- and low-risk groups. (J, L) AUC time-dependent ROC curves for OS.




Table 2 | Baseline characteristics of the patients in different risk groups.





Validation of the 8-Gene Signature in the ICGC Cohort

To test the stability of the model constructed from the TCGA cohort, patients in the ICGC cohort were also categorized into high-risk or low-risk groups according to the median value from the TCGA cohort. Similar to the results obtained from the TCGA cohort, PCA and t-SNE analyses confirmed a discrete distribution of patients in the two subgroups (Figures 3G, H). Similarly, patients in the high-risk group were more likely to die earlier (Figure 3D) and had a shorter survival time compared with the low-risk group (Figure 3K). Besides, the AUC of the 8-gene signature was 0.649 at 1 year, 0.646 at 2 years, and 0.681 at 3 years (Figure 3L).



Independent Prognostic Value of the 8-Gene Signature

Univariate and multivariate Cox analyses of variables were employed to determine whether the risk score was an independent prognostic factor for OS. In univariate Cox analysis, the risk scores in both TCGA and ICGC cohorts were significantly correlated with OS (TCGA cohort: HR = 1.906, 95% CI = 1.304-2.786, P < 0.001; ICGC cohort: HR = 2.974, 95% CI = 1.518-5.823, P = 0.001) (Figures 4A, B). After correcting for other confounding factors, multivariate Cox analysis showed that the risk score was still an independent predictor for OS (TCGA cohort: HR = 1.842, 95% CI = 1.257-2.699, P = 0.002; ICGC cohort: HR = 2.716, 95% CI = 1.382-5.338, P = 0.004) (Figures 4C, D). ROC curve analysis showed that the risk score had good predictive accuracy of prognosis, and it combined with tumor stage provided a more accurate prediction in 3-year OS in HCC patients, wherever in TCGA dataset (AUC = 0.705) or in the ICGC dataset (AUC = 0.731) (Figures 4E, F). Therefore, the combination of risk score and clinicopathological features had excellent prognostic value of HCC.




Figure 4 | OS-related factors were screened, and the prognostic accuracy of risk score and clinicopathological factors were compared. TCGA cohort (A, C, E), ICGC cohort (B, D, F). (A, B) OS-related factors were screened by Univariate Cox regression analyses. (C, D) OS-related factors were screened by Multivariate Cox regression analysis. (E, F) Time-dependent ROC curve was used to compare the prognostic accuracy of risk score, tumor stage, and the combination of risk score and tumor stage in 3-year.





Prognostic Model Risk Score and Clinical Features

By analyzing the association of risk score with the clinical characteristics of HCC patients, we showed that the risk score was significantly higher in tumor grade 3-4 (P < 0.001) or tumor stage III-IV (P < 0.01) compared with tumor grade 1-2 or tumor stage I-II (Figures 5C, D). In addition, the same analysis in the ICGC dataset confirmed that the risk score was definitely higher in tumor stage III-IV compared with tumor stage I-II (There was no data about the grade of HCC in the ICGC dataset) (Figure 5G). Furthermore, the results revealed that the expression of prognostic genes was significantly higher in tumor grade 3-4 compared with tumor grade 1-2 except SERPINE1 (P < 0.05, Supplementary Figure 4C). The expression of ADORA2B, SERPINE1 and SLC7A1 was definitely higher in tumor stages III-IV compared with tumor stage I-II (P < 0.05, Supplementary Figure 4D). In addition, the expression of ITGA5 and SLC7A1 was different between age <=60 year and age > 60 year, and the expression of ITGA5, MEP1A, RIPK2 and SLC7A1 were different between female and male (P < 0.05, Supplementary Figures 4A, B).




Figure 5 | The risk score in different groups divided by clinical characteristics. TCGA cohort (A–D), ICGC cohort (E–F). (A, E) Age. (B, F) Gender. (C) Tumor grade. (D, G) Tumor stage.





Immune Status and Tumor Microenvironment Analysis

In order to further explore the correlation between risk score and immune status, the enrichment scores of different immune cell subpopulations, related functions and pathways were quantified by ssGSEA. We found that the contents of the antigen presentation process in the TCGA cohort, including aDCs, iDCs, pDCs, APC co-inhibition, APC co-stimulation, HLA and MHC class I, were significantly elevated in the high-risk group (all adjusted P < 0.05, Figures 6A, C). In addition, compared with the low-risk group, the fractions of Tfh cells, Treg cells, Th1 cells, Th2 cells, T cell co-stimulation and T cell co-inhibition were higher in high-risk group, indicating the differences in T cell regulation between high- and low-risk groups. Furthermore, the scores of CCR, check-point, macrophages, neutrophils and inflammation-promoting activity were higher in the high-risk group, while the activity of type II IFN response score was just the opposite (adjusted P < 0.05). The results of comparisons in the ICGC cohort were similar to those in the TCGA between the two risk groups (adjusted P < 0.05, Figures 6B, D).




Figure 6 | Immune status between different risk groups and the association between risk score and tumor microenvironment. TCGA cohort (A, C), ICGC cohort (B, D). (A, B) The scores of 16 immune cells and (C, D) 13 immune-related functions were showed in boxplots. (E) Comparison of the risk score in different immune infiltration subtypes. (D) The relationship between risk score and RNAss, DNAss, Stromal Score and Immune Score. P values were showed as: ns, not significant; *P < 0.05; **P < 0.01; ***P < 0.001.



To understand how risk score was associated with immune components, we tested the correlation between risk score and immune infiltrates. Six types of immune infiltrates were identified in human tumors, which corresponded from tumor promoting to tumor suppressing respectively (17), namely C1 (wound healing), C2 (INF-γ dominant), C3 (inflammatory), C4 (lymphocyte depleted), C5 (immunologically quiet) and C6 (TGF-β dominant) [29]. No patient sample belonged to C5 immune subtype in HCC and only 1 sample belonged to C6 immune subtype, so C5 and C6 immune subtypes were not included in the study. We analyzed the immune infiltration of HCC in TCGA-HCC data and correlated it with risk score, and the results showed that high risk score was significantly associated with C1, while low risk score was significantly associated with C4 (Figure 6E). As shown in Supplementary Figure 5, except for NOD2, the high expression of prognostic genes was significantly associated with C1. On the contrary, the expression of all prognostic genes was definitely associated with C4.

PD-1/PD-L1 and PD-1/PD-L2 pathways are key regulators in cancer immune evasion. The expression levels of immune checkpoints including PD-L1 and PD-L2 are important indicators for individualized immunotherapy. As expected, the expression levels of PD-L1 and PD-L2 were significantly higher in the high-risk group compared with the low-risk group (Figures 7A, B) and the expression levels of these immune checkpoints showed a positive correlation with the risk score (Figures 7E, F). In terms of tumor drug resistance genes, high-risk group had higher expression of MRP1 and MRP3 compared with low-risk group (Figures 7C, D). Furthermore, the expression of MRP1 and MRP3 was significantly positively correlated with risk score (Figures 7G, H).




Figure 7 | The comparison of the expression levels of PD-L1, PD-L2, MRP1 and MRP3 between different risk groups and correlation analysis between risk score and the expression levels of PD-L1, PD-L2, MRP1 and MRP3. (A, E) PD-L1. (B, F) PD-L2. (C, G) MRP1. (D, H) MRP3.



Tumor stemness can be measured by RNA stemness score (RNAss) based on mRNA expression and DNA stemness score based on DNA methylation pattern (DNAss) (18). Stromal score and immune score were used to estimate tumor immune microenvironment. The correlation analysis was performed to explore whether the risk score was associated with tumor stem cells and the immune microenvironment, and the results indicated that the risk score was not significantly associated with DNAss and RNAss, but significantly positively correlated with immune score (P < 0.001) (Figure 6F). Besides, the correlation between prognostic gene expression and tumor stem cells was analyzed, and the results showed that ITGA5 and SCL7A1 were significantly negatively correlated with RNAss and DNAss. MEP1A and P2RX4 were significantly positively correlated with RNAss (Supplementary Figure 6). Since stromal cells were the important components of the tumor microenvironment, especially in HCC, we further investigated the correlation between immune microenvironment and prognostic gene expression. We found that ITGA5, NOD2, SERPINE2 and SLC7A1 were positively correlated with the stromal score of HCC, suggesting that ITGA5, NOD2, SERPINE2 and SLC7A1 were expressed in the stroma of HCC tissues. In addition, ITGA5, NOD2, P2RX4, RIPK2, SERPINE1 and SLC7A1 were all significantly positively correlated with the immune score, which measured the presence of infiltrating immune cells.



Biological Function and Pathway Analyses

The GSEA was used to perform GO function and KEGG pathway enrichment analyses between the high- and low-risk groups. GO function enrichment analysis revealed that regulation of cell cycle phase transition was significantly enriched in the high-risk group (Figure 8A, Supplementary Figure 7). Besides, 20 KEGG pathways were enriched in the high-risk group with a false discovery rate < 0.05 (Figure 8B, Supplementary Figure 8). The results revealed that some pathways related to cancer process such as Cell Cycle, JAK-STAT, MAPK, NOTCH, P53 and WNT were enriched. In addition, the KEGG pathways also included the Chemotaxis, Fc-γ receptor mediated phagocytosis, T cell receptor and Toll-like receptor, which were correlative with inflammatory response. Similar to the results of KEGG, GSEA using TCGA data of the Hallmarks gene sets indicated that NOTCH, P53, IL2-Stat5-Signaling, IL6-Jak-Stat3-Signaling and Inflammatory Response pathways were statistically significant programs (Figure 8C, Supplementary Figure 9).




Figure 8 | Gene set enrichment analysis of Biological functions and pathways. (A) GO, Gene Ontology. (B) KEGG, Kyoto Encyclopedia of Genes and Genomes. (C) Hallmark gene set.





Prognostic Gene Expression and Cancer Cell Sensitivity to Chemotherapy

We investigated the expression of prognostic genes in NCI-60 cell lines and analyzed the relationship between their expression levels and drug sensitivity. The results showed that all prognostic genes were correlative to some chemotherapy drug sensitivity (P < 0.01) (Figure 9). For example, increased expression of ADORA2B, SLC7A1, ITGA5, RIPK2 and P2RX4 was associated with increased drug resistance of cancer cells to Ixazomib citrate, Homoharringtonine, Erlotinib, Tamoxifen, Elesclomol, LDK-378, Pipobroman, Decitabine, eribulin mesylate, ponatinib, carfilzomib, etc. On the contrary, increased expression of NOD2 and MEP1A was associated with increased drug sensitivity of cancer cells to a number of chemotherapy drugs such as Oxaliplatin, Nelfinavir, Entinostat, Tegafur, Benzimate and Paclitaxel. Interestingly, increased expression of SERPINE1 was associated with increased drug sensitivity of cancer cells to Lenvatinib, which was approved by the FDA as the first-line treatment for unresectable HCC in 2018.




Figure 9 | Scatter plot of relationship between prognostic gene expression and drug sensitivity. (A) ADORA2B. (B) ITGA5. (C) MEP1A. (D)NOD2. (E) P2RX4. (F) RIPK2. (G) SERPINE1. (H) SLC7A1.





Verification of the Prognostic Gene Expression Between HCC Tissues and Adjacent Non-Tumorous Tissues by qRT-PCR and IHC

To validate the different expression of the eight prognostic genes (ADORA2B, MEP1A, P2RX4, SERPINE1, ITGA5, NOD2, RIPK2 and SLC7A1) between HCC tissues and adjacent non-tumorous tissues, qRT-PCR and IHC were implemented to analyze the mRNA and protein expression respectively. The results of qRT-PCR showed that prognostic genes except SERPINE1 were highly expressed in HCC tissues compared with adjacent non-tumorous tissues (Figure 10A, P < 0.001). IHC staining showed the same results as qRT-PCR (Figure 10B, P < 0.01). The validation results were consistent with RNA sequencing expression of eight prognostic genes in the TCGA dataset (Supplementary Figure 3).




Figure 10 | Experiment confirmed the difference of the prognostic gene expression between HCC and adjacent non-tumor tissues. (A) The mRNA expression analysis by qRT-RCR. (B) The protein expression analysis by IHC.






Discussion

With the establishment of next-generation sequencing technology and the beginning of the era of precision medicine, various treatments for HCC have been developed. However, we are often unable to make early diagnosis and predict the therapeutic effect of HCC due to the small number of useful biomarkers. Previous studies indicated that novel serum biomarkers including circulating tumor cells, circulating nucleic acids (19), and the combination of retinol and retinal panel (20) have excellent accuracy of HCC prognosis. In addition, inflammatory response-related serum biomarkers such as medium-granulocyte ratio, platelet-lymphoid ratio and lymphoid-monocyte ratio also have a good performance in predicting prognosis of HCC (10). However, the inflammatory response-related gene signature as prognostic marker for HCC has not been reported. Previous studies indicated that ferroptosis-related gene signature, immune-related gene signature, energy metabolism-related gene signature, m6A-related gene signature and hypoxia-related gene signature predict 3-year OS for HCC with AUC at 0.668, 0.663, 0.69, 0.647 and 0.685 (21–25), respectively, which were similar to our research. In addition to good predictive performance for HCC prognosis, the inflammatory response-related gene signature constructed in our study demonstrates more advantages compared with gene signatures above. For example, it can distinguish immune checkpoints genes and tumor drug resistance genes to a high-expression group and a low-expression group, and risk score has been proved to be correlated with many chemotherapeutic drugs resistance. A recent study pointed out that mSEPT9 as a prognostic marker of HCC has remarkable predictive effect for prognosis in HCC (AUC = 0.85) (26). The methylation level of SEPT9 gene was detected by methylation specific PCR (MS-PCR). MS-PCR can only detect a few methylation sites in the gene sequence. However, the gene methylation sites are widely distributed in the DNA sequence, so there is a certain deviation in the methylation level of the whole gene when the MS-PCR results are used to represent the methylation level of the whole gene. However, in our study, the expression levels of genes in prognostic signature were determined by high-throughput sequencing, a frequently used technique that could provide accurate results.

In this study, we systematically analyzed the expression of 200 inflammatory response-related genes in HCC tissues and their relationship with OS. Forty-four DEGs were screened out from the TCGA cohort. Univariate Cox analysis showed that 14 of DEGs were associated with OS. A prognostic model integrating 8 inflammatory response-related genes was constructed by LASSO regression analysis and validated in the ICGC cohort. According to the median risk score, patients were divided into high- and low-risk groups. We found that high-risk group was significantly correlated with higher tumor grade, advanced TNM stage and shorter OS period. Independent prognostic analysis showed that risk score was an independent predictor for OS.

The prognostic model established in this study consisted of 8 inflammatory response-related genes (ADORA2B, ITGA5, MEP1A, NOD2, P2RX4, RIPK2, SERPINE1 and SLC7A1). These genes were all upregulated in HCC tumor tissues and associated with poor prognosis except SERPINE1. ADORA2B is an adenosine A2B receptor, which was reported to play an important role in tumorigenesis and development by regulating immune system and modulating proliferation, differentiation and apoptosis of parenchymal cells (27). Sorafenib combined with adenosine A receptor blocker significantly reduced the progression of hepatoma in mice (28). Integrin family including ITGA5, expressed by tumor and tumor-related host cells, mediates a variety of cellular effects, leading to tumor progression and metastasis (29). MEP1A has been explored as a prognostic marker for patients with HCC, especially early HCC, and it may play an important role in the progression of HCC by promoting migration and invasion of cancer cells (30). P2X4 receptor may be closely related to the downstream inflammatory process by activation of oxidative stress, inflammasome, and immune modulation for continuous cancer progression (31). Arun Asif et al. demonstrated that increased RIPK2 activity leads to the activation of NF-κB, which up-regulates the proliferation, invasion, metastasis and anti-apoptosis of cancer cells (32). By inhibiting proteolytic activity and promoting angiogenesis, increased expression of SERPINE1 in colon cancer models may lead to the spread of malignant tumors (33), and high expression of SERPINE1 is a poor prognostic indicator of breast cancer (34). However, contrary to expectations, SERPINE1 had lower expression in HCC tumor tissues than adjacent normal tissues in TCGA dataset. It seemed to contradict the result that the high expression of SERPINE1 in cancer indicates poor survival, which may be explained by the following reason that SERPINE1 serves as different roles in tumor and normal tissues. Compared with HCC, the relatively high expression of SERPINE1 in normal liver tissue is essential for maintaining cell growth. On the contrary, high expression of SERPINE1 acts as tumor promoter in tumor tissues due to interact with some tumorigenic factors, resulting in poor prognosis. But its idiographic action mechanism remains to be addressed.

To gain more insight into the relationship between risk score and immune components, we studied the role of risk score in immune infiltration type. Interestingly, we showed that high risk score was significantly correlated with C1, while low risk score was definitely associated with C4, indicating that C1 promotes the occurrence and development of tumor and C4 is a good protective factor. This discovery was consistent with the results of previous studies, because high cytotoxicity can inhibit the occurrence and development of tumor (17). In terms of the association between risk score and clinical characteristics, high risk score was significantly associated with tumor grade 3-4 or tumor stage III-IV, which indicated that high risk score is definitely related with poor prognosis.

However, whether these genes affect the prognosis of HCC patients by inflammatory response remains to be elucidated, because there were few studies on these genes. Based on the GSEA analysis, tumor-related signal pathways such as JAK-STAT, MAPK, p53 and NOTCH were significantly enriched, and continuous activation of these pathways has been confirmed to be linked with HCC, which would be new therapeutic targets (35–38). Inflammation-related signal pathways such as Chemotaxis, Fc-γ receptor-mediated phagocytosis, T cell receptor, Toll-like receptor, IL2-Stat5-Signaling, IL6-Jak-Stat3-Signalling and Inflammatory Response pathways were significantly enriched in the high-risk group, which further validated that the inflammatory response has a close connection with tumor procession. Besides, high-risk group had higher fractions of macrophages, neutrophils and Treg cells. Previous studies have demonstrated that the increase of tumor-associated macrophages (39, 40), neutrophils (39) and Treg cells (39, 41) is associated with poor prognosis in patients with HCC due to their role in immune invasion. Cancer immunotherapies that target immune checkpoints such as anti-PD-L1 antibodies have shown clinical activity in various cancer types (42). Increased immune checkpoint suppresses the anti-tumor immune response of T cells by increasing the expression of PD-1 and CTLA4 receptors, and research on immune checkpoint inhibitors has made significant progress in the treatment of HCC (43). In our study, the score of immune checkpoints in the high-risk group was higher compared with the low-risk group and risk score was positively correlated with the expression of PD-L1 and PD-L2. Therefore, the prognostic model can predict the expression level of immune checkpoints and have the potential to guide immunotherapy decisions. In addition, the high risk score was related to the impairment of activity of type II IFN response, which plays an important role in tumor immune surveillance, stimulating anti-tumor immunity and promoting tumor elimination (44–49). Moreover, increased activities of Tfh cells, Treg cells, Th1 cells, Th2 cells, T cell co-stimulation and T cell co-inhibition in the high-risk group indicated that immune regulatory function in the high-risk group is disturbed. Therefore, it is reasonable to assume that anti-tumor immunity of the high-risk group is attenuated, which may be an important reason for its poor prognosis.

At present, cancer biology is constantly changing from a “cancer cell-centered” view to a more inclusive concept, in which cancer cells are placed in a network of stromal cells made up of fibroblasts, vascular cells and inflammatory immune cells. These cells make up the tumor microenvironment (5). Cancer stem cell-like cells (CSCs) can be derived from different sources, including long-lived stem cells, progenitor cells or converting from non-stem cells through dedifferentiation (18). CSCs promote tumor progression due to their ability of self-renewal and invasion, which is the main cause of treatment induced drug resistance (50–52). The correlation between prognostic gene expression and tumor stem cell score suggested that ITGA5 and SLC7A1 may have a tumor inhibitory effect, because they were negatively correlated with tumor stemness based on DNAss and RNAss. However, this conclusion is contrary to the role of ITGA5 in tumors (53–55), which may be because ITGA5 plays the opposite role through different pathways. It is possible that ITGA5 inhibits differentiation of tumor stem cells but promotes tumor proliferation and invasion, of which the specific mechanism is worthy of further study. According to ESTIMATE algorithm, the prognostic gene expression was also correlated with stromal score and immune score to some extent. There was a strong correlation between ITGA5, NOD2, SERPINE1, SLC7A1 and stromal score, suggesting that they may be secreted by stromal cells or participate in stroma related activities. And the positive correlation between ITGA5, NOD2, P2RX4, RIPK2, SLC7A1 and immune score indicated that the tumor tissue in the high-risk group is highly infiltrated by immune cells, which is consistent with risk score.

Using NCI-60 cell lines data, we found that increased expression of some prognostic genes was associated with increased drug resistance for a number of FDA approved chemotherapy drugs, such as Tamoxifen, Lxazomib citrate, Pipobroman, Homoharringtonine and Decitabine. Of course, various prognostic genes were also associated with increased drug sensitivity of a few drugs. For instance, increased expression of SERPINE1 was associated with sensitivity of cancer cells to Lenvatinib, which was approved by the FDA as the first-line treatment for unresectable HCC in 2018. The MRP family comprises 13 members, among which MRP1 to MRP9 are the main transporters indicated to result in multidrug resistance by extruding anticancer drugs out of tumor cells (56). Hence, the correlation between risk score and drug resistance genes including MRP1 and MRP3 suggested that targeting tumor drug resistance genes appears to have a therapeutic potential for high-risk patients. These data demonstrated that some prognostic genes can be used as therapeutic targets to overcome drug resistance or adjuvant drug sensitivity.



Conclusion

To sum up, our study defined a new prognostic signature consisting of eight inflammatory response-related genes. The signature was proved to be independently associated with OS in TCGC cohort and ICGC validation cohort, and was confirmed to be valuable in functional analysis, tumor microenvironment and drug sensitivity, providing insight for predicting the prognosis of HCC. The specific potential mechanism between inflammatory response-related genes and tumor immunity in HCC remains unclear, which is worthy of further study. Taken together, our work will go a long way towards revealing their role in tumorigenesis, particularly in the areas of immune response, tumor microenvironment and drug resistance, which is essential for the development of personalized cancer therapies.
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