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Hepatic malignancies remain a global challenge with an increasing disease burden worldwide. According to an estimate by 2025, more than 1 million people will be affected by it annually (Llovet et al., 2016), GLOBOCAN 2018. IARC). Hepatocellular carcinoma is the most common type of liver cancer representing about 90% of all the cases of hepatic malignancy (Llovet et al., 2021), and according to World Health Organization 2020 record, it is the third leading cause of cancer-related deaths worldwide World Health Organization 2020. Most of the HCC-related mortality occurs in Asian and African countries but the incidences of HCC are on the rise in European countries and the United States. According to the report of the SEER (Surveillance Epidemiology End Results), mortalities related to HCC are on the rise in the United States (McGlynn et al., 2015), and it will become the third leading cause of cancer-related deaths by 2030 (Rahib et al., 2014). Along with viral infection (Hepatitis B Virus-HBV and Hepatitis C Virus-HCV) metabolic diseases such as non-alcoholic steatohepatitis (NASH), diabetes, and obesity are considered key risk factors for HCC development (Global Burden of Disease Liver Cancer et al., 2017; Gupta et al., 2018). The molecular mechanism of HCC pathogenesis varies depending on the genotoxic insults and altered physiological conditions of the body. The advancement of different molecular and biochemical technologies to explore the disease pathogenesis at the cellular level as well as in a systemic way provides plenty of opportunities to explore novel biomarkers of disease progression and identify new therapeutic targets.
Metabolic alterations are considered a hallmark of cancer (Hanahan, 2022). Tian et al., by utilizing in silico and in vitro studies, have shown that patients with higher expression of key metabolic enzymes such as LDHA and CHAC2 exhibit poor survival. However, higher expression of some metabolic enzymes like ADPGK, GOT2, MTHFS, and FDCD was associated with a better prognosis. They have also established the correlation between metabolic alteration and the TP53 mutation rate. In a similar line of studies, Zhou et al., have demonstrated that expression of tyrosine metabolism-related genes (TRGs) mainly: METTL6, GSTZ1, ADH4, ADH1A, and LCMT1 can be utilized as a predictor of HCC patient’s prognosis. Yang et al., have demonstrated the role of HIF2-alpha, a key metabolic regulator, along with VEGF in cellular proliferation and migration of HCC cells in response to insufficient radiofrequency ablation. Angiogenesis plays a very important role in the pathogenesis of several types of cancer including HCC. Tang et al., have shown that expression of angiogenesis-related genes (ARGs) exhibits predictive value in the prognosis of HCC patients. They identified about differential expression of 97 ARGs and further constructed 9 genes-based models to predict the prognosis of HCC. Tang et al., have demonstrated the importance of senescence-related genes in the prognosis of HCC patients. Their study demonstrates that cellular senescence-related genes can be utilized as a prognostic marker as well as a biomarker of therapeutic response. These studies altogether establish the importance of metabolic alterations related to gene expression and angiogenesis in the prognosis of HCC patients.
Epigenetic modifications regulate several aspects of cellular physiology and different disease progression by regulating the gene expression machinery. The role of epigenetic alterations in the pathogenesis of different types of cancers including HCC is well-established but not completely understood. By utilizing the publicly available databases, Wang et al., have identified that genes related to N6-methyladenosine (m6A): B2M and SMOX can serve as prognostic signature and their expression may guide to design of novel therapeutic strategies for HCC patients. In a similar study, Huang et al., have demonstrated a 12 genes-based risk signature model in the prognosis of HCC patients. They have shown that SDC3, NCF2, BTN3A3, and WARS genes can serve as novel prognostic factors for HCC.
Immune therapeutics are revolutionizing cancer treatment, so it’s high time to identify the novel immune modulators of HCC pathogenesis and potential immune therapy targets. Wang et al., have established a correlation between mitophagy-related genes and immune infiltration in a subset of HCC patients. They have shown that a subset of patients exhibiting higher mitophagy-related gene expression show poor prognosis and suppressed immune function. In another study, Qu et al., have shown that M2-like macrophage markers like PAM and LGALS3 expression positively correlate with the sensitivity of simvastatin and ARRY-162. Further, they have predicted ten anticancer drugs with higher sensitivity towards the high-mitophagy gene expression group. Further, Cao et al., have shown that March ligases expression regulates immune cell infiltration in HCC tumors. By utilizing the TCGA data set of liver cancer patients, Wang et al., have shown that genes related to copper metabolism correlate with immune infiltration in HCC. Their finding may be very useful in establishing the immunotherapy response biomarker. Liang et al., have shown that ferroptosis regulator membrane protein SLC7A11 exhibits the highest expression correlation with the immune checkpoint gene PD-L1. They have also established that SLC7A11 can serve as an independent prognostic signature itself for HCC patients. Furthermore, another study by Zhang et al., has shown that ferroptosis-related genes were significantly correlated with tumor immune infiltration and immune checkpoint genes expression. Long et al., have also explored the correlation of immune regulatory genes with HCC patients’ survival. Their study has demonstrated that 5 immune regulatory genes expression has significant predictive importance in HCC patients’ survival. In a review article Si et al., have discussed the importance of IL32 and IL34 expression in HCC pathogenesis and therapeutic targeting.
In general authors of these articles have done molecular characterization of HCC patient samples gene expression, and immune infiltration and studied their impact on the prognosis of HCC patients. Some studies have explored the correlation between gene signatures and therapeutic response along with their prognostic values. The role of metabolic alteration-related genes, angiogenesis-related genes, and genes involved in different types of cell death such as cuproptosis and ferroptosis have been shown to possess prognostic value and correlate well with the different immune phenotypes of HCC tumors. A key limitation of most of the studies is that results are based on purely in silico analysis of publicly available databases, and very limited validation has been done in laboratory conditions. Most of the studies are correlative, so it will be premature to conclude their direct role of a predicted gene signature in HCC pathogenesis. More preclinical and clinical studies are needed to validate these findings.
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The prognostic prediction of hepatocellular carcinoma (HCC) is still challenging. Immune cells play a crucial role in tumor initiation, progression, and drug resistance. However, prognostic value of immune-related genes in HCC remains to be further clarified. In this study, the mRNA expression profiles and corresponding clinical information of HCC patients were downloaded from public databases. Then, we estimated the abundance of immune cells and identified the differentially infiltrated and prognostic immune cells. The weighted gene co-expression network analysis (WGCNA) was performed to identify immune-related genes in TCGA cohort and GEO cohort. The least absolute shrinkage and selection operator (LASSO) Cox regression model was applied to establish a risk-scoring model in the TCGA cohort. HCC patients from the GSE14520 datasets were utilized for risk model validation. Our results found that high level of dendritic cell (DC) infiltration was associated with poor prognosis. Over half of the DC-related genes (58.2%) were robustly differentially expressed between HCC and normal specimens in the TCGA cohort. 17 differentially expressed genes (DEGs) were found to be significantly associated with overall survival (OS) by univariate Cox regression analysis. A 12-gene risk-scoring model was established to evaluate the prognosis of HCC. The high-risk group exhibits significantly lower OS rate of HCC patients than the low-risk group. The risk-scoring model shows benign predictive capacity in both GEO dataset and TCGA dataset. The 12-gene risk-scoring model may independently perform prognostic value for HCC patients. Receiver operating characteristic (ROC) curve analysis of the risk-scoring model in GEO cohort and TCGA cohort performed well in predicting OS. Taken together, the 12-gene risk-scoring model could provide prognostic and potentially predictive information for HCC. SDC3, NCF2, BTN3A3, and WARS were noticed as a novel prognostic factor for HCC.
Keywords: hepatocellular carcinoma, immune-related gene, overall survival, risk-scoring model, co-expression network construction
INTRODUCTION
Liver cancer is the fourth most commonly diagnosed cancers and sixth in terms of leading cause among the cancer-related deaths in the world (Villanueva, 2019). Hepatocellular carcinoma (HCC), accounting for three-quarters of liver cancer, is considered to be the most prevalent histological type of primary liver cancer (Kim et al., 2016). HCC is attributed to multiple etiologies, including chronic hepatitis virus infection and alcoholic or nonalcoholic fatty liver disease (Yang et al., 2019). Recently, studies found that the tumor microenvironment (TME) is tightly involved with tumor development and progression (Chu and et al., 2019). TME serves a pivotal role in HCC progression, recurrence, and metastasis. The HCC microenvironment includes various cells; among all, immune cells are of paramount importance to not only tumor initiation and progression but also drug resistance (Zhou et al., 2016). The immune cells and their secretory substances may create an environment that exacerbates tumor progression (Zhou et al., 2019).
High-level heterogeneity of HCC adds to the difficulty in predicting prognosis of HCC (Huang et al., 2019). Immune-related parameters have been reported to predict the prognosis of patients with HCC, elucidating that the significance of immune status for determining the outcomes of HCC (Long et al., 2019). The presence of CD8+ Cytotoxic T lymphocytes (CTLs) in HCC tissue is beneficial for better survival situation (Fu et al., 2019). CSF1R expression in macrophages exerts an essential role in the interaction between macrophages and HCC cells (Chen S. et al., 2019). The molecular mechanisms underlying the interaction between hepatoma cells and macrophages may provide a novel vision for the therapeutic strategies of HCC (Tian et al., 2020).
The least absolute shrinkage and selection operator (LASSO) Cox regression analysis was first proposed in 1997 by Tibshirani, and simulations indicated that the LASSO could be more accurate than stepwise selection since LASSO reduces the estimation variance while providing an interpretable final model (Tibshirani, 1997). Except that this prognostic model has a long history, LASSO Cox regression has been widely applied to construct a prognostic model in multiple researches (Zong et al., 2010; Liang et al., 2019; Liu et al., 2019; Wu et al., 2019; Yue et al., 2019; Li et al., 2020; Liang et al., 2020). ImmuCellAI (Immune Cell Abundance Identifier) is a tool to estimate the abundance of 24 immune cells from gene expression dataset, including RNA-Seq and microarray data, and ImmuCellAI result-based model in tumor immune infiltration estimation demonstrates high accuracy and unique function (Miao et al., 2020).
Based on the fact that immune cells have significant value in evaluating the prognosis of various cancers, especially HCC (Zhuang et al., 2020), this study constructs the prognosis model of HCC through identifying immune-related genes co-expressed with immune cells which were associated with the prognosis of HCC. In this study, Immune Cell Abundance Identifier (ImmuCellAI), weighted gene co-expression network analysis (WGCNA), LASSO Cox analysis, receiver operating characteristic (ROC) curve analysis, univariate Cox analysis, and multivariate Cox analysis were applied to identify immune-related genes in the HCC microenvironment and construct a risk-scoring model, which exhibited benign prognostic value in TCGA cohort and GEO cohort. Univariate and multivariate Cox analyses showed our risk-scoring model was the independent prognostic factor for overall survival (OS) in both cohorts. In summary, our risk-scoring model can precisely predict OS for patients with HCC.
MATERIALS AND METHODS
The flow chart of this study is shown in Figure 1.
[image: Figure 1]FIGURE 1 | Flow chart of data collection and analysis.
Data Collection and Preprocessing
The mRNA expression profiles and corresponding clinical data of liver cancer samples in The Cancer Genome Atlas (TCGA) were retrieved from the University of California Santa Cruz Xena (https://xenabrowser.net/datapages/). 424 samples with mRNA expression and clinical data were obtained, including 374 HCC samples and 50 adjacent normal samples. Gene expression data and corresponding clinical information of GSE14520 datasets, totally including 209 patients, were downloaded from the Gene Expression Omnibus (GEO) database. Characteristics of included datasets are shown in Table 1.
TABLE 1 | Clinical characteristics of the HCC patients used in this study.
[image: Table 1]Estimation of Immune Cell Abundance
ImmuCellAI (http://bioinfo.life.hust.edu.cn/web/ImmuCellAI/) is a powerful and unique method for accurately estimating the tumor immune infiltration of 24 immune cell types, especially T-cell properties. Therefore, gene expression profiles of GSE14520 and HCC TCGA cohorts were uploaded to ImmuCellAI to estimate the abundance of immune cells.
Identification of Differentially Infiltrated and Prognostic Immune Cells
The differentially infiltrated immune cells between tumor tissues and adjacent tissues were identified using the “limma” R package in the GSE14520 and HCC TCGA cohorts with a p-value <0.05. A Kaplan–Meier analysis was conducted to identify immune cells significantly associated with overall survival (OS). The patients would be grouped into high expression and low expression according to the median expression of each immune cell while conducting the Kaplan–Meier analysis. Overlapping immune cells with differential infiltration and prognostic value in the GSE14520 and HCC TCGA cohorts were considered as the hub immune cells and subjected to construct a related prognostic model.
Construction of Gene Co-expression Network
Top 25% genes with the largest variance differences were applied to construct weight gene co-expression networks in GSE14520 and HCC TCGA cohort, respectively, via utilizing the “WGCNA” package in R software. The value of soft threshold power was confirmed at the point of the scale-free topology—R^2 exceeding 0.85. Genes with similar expression patterns were distributed to modules via average linkage hierarchical clustering under the circumstances of the minimum size of module, which was set to 30.
Identification of Hub Modules
The correlations between the module eigengenes (MEs) and the differential infiltration levels of immune cells were calculated by Pearson’s correlation test in GSE14520 and HCC TCGA cohort, respectively, in order to identify the module paramountly correlating with the hub immune cell infiltration. p-value <0.05 was set as the cutoff value. Then, intersection of the modules with consistent correlation direction between GSE14520 and HCC TCGA cohorts was applied, and the overlapping genes were run by KEGG pathway enrichment analysis for identifying their potential functions and hub modules. The cutoff criterion was adjusted p-value <0.05. The overlapping genes were considered as hub genes associated with the hub immune cell infiltration.
Identification of Differentially Expressed and Prognostic Genes
The differentially expressed hub genes between tumor specimens and adjacent specimens were identified using the “limma” R package in the primary cohort with a false discovery rate (FDR) <0.05 in the TCGA primary cohort. Univariate Cox analysis was conducted to identify genes closely associated with OS. The protein–protein interaction network (PPI) for the overlapping prognostic differentially expressed genes (DEGs) was performed by the STRING database (version 11.0). Overlapping genes with the characteristics of differential expression and prognostic value in the TCGA cohort were extracted to construct a prognostic model.
Construction and Validation of the Prognostic Immune Cell–Related Risk-Scoring Model
Based on the expression of overlapping genes with differential expression and prognostic value as well as survival data, the “glmnet” R package was applied for the LASSO Cox regression analysis to further select and shrink predictors. The optimal value of penalty parameter (λ) was determined according to 10 cross-validations. Risk score of each patient was calculated based on the following formula: risk score = esum(each gene’s expression × corresponding coefficient). The median value of the risk score was considered as the cutoff value that categorized the patients into high-risk and low-risk groups. To explore the distribution of different groups, principal component analysis (PCA) and t-distributed stochastic neighbor embedding (t-SNE) were conducted using the “stats” and “Rtsne” R package, respectively. Survival rate between two groups was compared using a Kaplan–Meier survival curve. To evaluate the model’s predictive ability, a time-dependent ROC curve analysis was conducted using “survival ROC” package.
Functional Enrichment Analysis
To explore the biological function associated with the risk, the enrichment analysis of Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) was carried out on the basis of the DEGs between high-risk and low-risk groups, by using the “cluster Profiler” R package (Jiang and et al., 2021). The Benjamini–Hochberg (BH) method was used to adjust the p values.
RESULTS
The Immune Cell Abundance Estimation and Pivotal Immune Cell Identification
The infiltration landscape of immune cells was constructed by ImmuCellAI, and the different abundance of 24 kinds of immune cells between HCC tissues and non-tumor tissues in the TCGA and GEO cohort was analyzed by Wilcoxon test. As shown in Figures 2A,B, majority of immune cells altered significantly in HCC, such as dendritic cells (DCs), macrophage, monocyte, CD4 T cell, natural killer cell, etc. Specific FDR testing results of each immune cell between two groups in both cohorts are provided in Supplementary Table S1. Then we perform the Kaplan–Meier analysis in order to find the immune cell with prognosis value. There are eight immune cells and one immune cell with prognosis value in TCGA and GEO cohort, respectively. After intersection with the differently infiltrated immune cells and the immune cells with prognosis value in both cohorts, we discovered that dendritic cells were the unique immune cells (Figure 2C). The Kaplan–Meier analysis was conducted in above two cohorts, and a high level of DC infiltration was founded robustly associated with poor prognosis (Figures 2D,E). Therefore, DCs were identified as the pivotal immune cells.
[image: Figure 2]FIGURE 2 | Identification of differentially infiltrated and prognostic immune cells. (A) Differentially infiltrated immune cells between HCC tissues and nontumor tissues in the TCGA cohort. (B) Differentially infiltrated immune cells between HCC tissues and nontumor tissues in the GEO cohort. (C) Venn diagram of differentially infiltrated and prognostic immune cells in TCGA cohort and GEO cohort. (D) Kaplan–Meier analysis of DCs in the TCGA cohort (E) Kaplan–Meier analysis of DCs in the GEO cohort.
Construction of Gene Co-expression Network
18,545 genes in TCGA and 13,423 genes in GEO with the most significant expression variance (top 25%) were extracted for subsequent WGCNA. In the TCGA cohort (Figure 3A), in order to ensure a scale-free network, the soft-thresholding power parameter was determined by the lowest power fit scale free index over 0.85, namely, β = 6 (scale-free R2 = 0.85). As for GEO cohort, β = 4 (scale-free R2 = 0.85) was the lowest power fit scale-free index over 0.85 (Figure 3D). Eventually, genes with similar expression patterns were grouped into 10 and 8 co-expression modules with different colors in TCGA and GEO cohort, respectively, via average linkage clustering (Figures 3B,E). In the TCGA cohort (Figure 3C), there was only one module (brown: r = 0.1, p = 0.04) significantly positively correlated with the abundance of DCs. In GEO cohort (Figure 3F), brown module (r = 0.4, p = 1e–09), red module (r = 0.21, p = 0.002), black module (r = 0.24, p = 5e−04), and blue module (r = 0.36, p = 6e−06) were the four modules that had significantly positive correlation with the abundance of DC cell.
[image: Figure 3]FIGURE 3 | Construction of weighted gene co-expression network. (A) Analysis of the scale-free network coefficient R-squared for the soft threshold and the mean connectivity for the soft threshold in the TCGA cohort.(B) A cluster dendrogram of 10 network modules in the TCGA cohort. (C) Heat map of correlation between module eigengenes and DCs in the TCGA cohort. (D) Analysis of the scale-free network coefficient R-squared for the soft threshold and the mean connectivity for the soft threshold in the GEO cohort. (E) A cluster dendrogram of eight network modules in the GEO cohort. (F) Heat map of correlation between module eigengenes and DCs in the GEO cohort.
Identification of Hub Modules
Intersection of the modules with consistent correlation trend across TCGA and GEO cohorts was selected in the aim of identifying hub modules correlated with DC abundance [positive: brown module (TCGA) ∩ brown module (GSE14520), brown module (TCGA) ∩ red module (GSE14520), brown module (TCGA) ∩ black module (GSE14520), and brown module (TCGA) ∩ blue module (GSE14520)]. As shown in Figures 4A–D, there were 146 overlapping genes across brown module (TCGA) and brown module (GSE14520), while almost no overlapping gene in other intersections. KEGG pathway enrichment analysis indicated that the 146 overlapping genes were mainly enriched in immune-related pathways (Figures 4E,F). Therefore, brown modules in TCGA cohort and brown module in GEO cohort were regarded as hub modules correlated with DC infiltration, and their overlapping genes were subjected for the construction of prognostic model.
[image: Figure 4]FIGURE 4 | Identification of hub modules correlated with DCs infiltration. (A) Intersection of the brown module (TCGA) and black module (GSE14520). (B) Intersection of the brown module (TCGA) and red module (GSE14520). (C) Intersection of the brown module (TCGA) and blue module (GSE14520). (D) Intersection of the brown module (TCGA) and brown module (GSE14520). (E) Barplot of KEGG pathway enrichment analysis in the 146 overlapping genes. (F) Bubble plot of KEGG pathway enrichment analysis in the 146 overlapping genes.
Identification of Prognostic DC-Related DEGs in the TCGA Cohort
Among the 146 overlapping genes, 22 genes which were correlated with OS were obtained based on univariate Cox regression analysis (Figure 5A). Over half of the DC-related genes (85/146, 58.219%) were differentially expressed between HCC tissues and normal adjacent tissues, and 17 of them were associated with OS according to the univariate Cox regression analysis (Figure 5B). Among the 17 prognostic DC–related DEGs, 11 were upregulated,, while 6 were downregulated in tumor tissue, which was visualized using a heat map (Figure 5C). According to the univariate Cox regression analysis, all of the 17 genes were significantly associated with the OS of HCC patients, of which 12 indicated poor OS with elevating expression (HR > 1) and five suggested better OS with decreasing expression (HR < 1) (Figure 5D). We discovered that IL7R, HMOX1, NCF2, and DAB2 were the hub genes among these genes through the PPI analysis (Figure 5E). Furthermore, we calculated the correlation of expression level between these genes and found that all the involved genes were positively correlated (Figure 5F).
[image: Figure 5]FIGURE 5 | Identification of the candidate DC-related genes in the TCGA cohort. (A) The results of the univariate Cox regression analysis of 146 overlapping genes. (B) Venn diagram to identify differentially expressed genes between tumor and adjacent normal tissue that were correlated with OS. (C) The heat map of 17 prognostic DC-related DEGs. (D) The results of the univariate Cox regression analysis between gene expression and OS. (E) The PPI network of 17 prognostic DC-related DEGs downloaded from the STRING database. (F) The correlation network of 17 prognostic DC-related DEGs.
Construction of a Prognostic Model in the TCGA Cohort
Through LASSO Cox regression analysis, the genes most contributing to the OS of HCC patients were screened out among the 17 genes mentioned above. According to the optimal value of λ, 12 predictors were finally identified. Then the DC-related prognostic model was constructed based on the following formula: risk score = e(−0.497 * expression level of IL7R+−0.692 * expression level of CD8A+ 0.232 * expression level of CAPG+0.186 * expression level of PLA2G7+−0.252 * expression level of BTN3A3+0.231 * expression level of HMOX1+0.031 * expression level of NCF2+0.246 * expression level of DAB2+0.234 * expression level of SDC3+0.028 * expression level of MMP9+0.909 * expression level of WARS+0.443 * expression level of CTSC). According to the median cutoff value, the patients in the TCGA primary cohort were stratified into a high-risk group (n = 182) or a low-risk group (n = 183) (Figure 6A). PCA and t-SNE analysis revealed that the patients in different risk groups were divided into two directions (Figures 6B,C). As presented in Figure 6D, high-risk patients are more likely to die earlier than low-risk patients. The Kaplan–Meier survival analysis also confirmed that the high-risk group had a significantly poor prognosis (Figure 6E, p < 0.001). The time-dependent ROC curves were utilized to make an evaluation of the performance of the gene signature for predicting OS and the area under the curve (AUC) achieved 0.767 at 1 year, 0.772 at 2 years, and 0.762 at 3 years (Figure 6F).
[image: Figure 6]FIGURE 6 | Prognostic analysis of the 12-gene signature model in the TCGA cohort. (A) The distribution and median value of the risk scores in the TCGA cohort. (B) PCA plot of the TCGA cohort. (C) t-SNE analysis of the TCGA cohort. (D) The distributions of OS status, OS, and risk score in the TCGA cohort. (E) Kaplan–Meier curves for the OS of patients in the high-risk group and low-risk group in the TCGA cohort. (F) AUC of time-dependent ROC curves verified the prognostic performance of the risk score in the TCGA cohort.
Validation of the Prognostic Model in the GEO Cohort
In the aim of testing the robustness of the model constructed by the TCGA cohort, we assessed the risk score of each patient in the GEO cohort with the aforementioned prognostic model. On the basis of the median value, the patients from the GEO cohort were divided into high-risk (n = 104) or low-risk groups (n = 105) (Figure 7A). The patients in the two subgroups were successfully separated confirmed by PCA and t-SNE analysis (Figures 7B,C). Similarly, patients in the high-risk group tended to suffer an earlier death (Figure 7D) and have a significantly shorter survival time than the low-risk group (Figure 7E, p < 0.001). In addition, the AUC of ROC analysis of the model at 1 and 2 years were 0.694 and 0.651, respectively (Figure 7F).
[image: Figure 7]FIGURE 7 | Validation of the 12-gene signature in the GSE14520 cohort. (A) The distribution and median value of the risk scores in the GSE14520 cohort. (B) PCA plot of the GSE14520 cohort. (C)t-SNE analysis of the GSE14520 cohort. (D) The distributions of OS status, OS, and risk score. (E) Kaplan–Meier curves for the OS of patients in the high-risk group and low-risk group. (F) AUC of time-dependent ROC curves in the GSE14520 cohort.
Independent Prognostic Value of the Risk Score
Univariate and multivariate Cox regression analyses were applied to assess whether the risk score was an independent prognostic factor for OS. The risk score had significant relationship with OS both in the TCGA cohort (HR = 3.310, 95% CI = 2.418–4.532, p < 0.001, Figure 8A) and the GEO cohort (HR = 4.765, 95% CI = 2.236–10.155, p < 0.001, Figure 8C) according to univariate Cox regression analysis. As for the multivariate Cox regression analysis where confounding factors were corrected, it indicated similarly that the risk score could serve as an independent predictor for OS (TCGA cohort: HR = 3.031, 95% CI = 2.205–4.165, p < 0.001; GEO cohort: HR = 2.738, 95% CI = 1.214–6.174, p = 0.015; Figures 8B,D).
[image: Figure 8]FIGURE 8 | Results of the univariate and multivariate Cox regression analyses regarding OS in the TCGA derivation cohort and the GSE14520 validation cohort. (A) Univariate Cox regression analyses in the TCGA derivation cohort. (B) Multivariate Cox regression analyses in the TCGA derivation cohort. (C) Univariate Cox regression analyses in the GSE14520 validation cohort. (D) Multivariate Cox regression analyses in the GSE14520 validation cohort.
Functional Analyses in the TCGA and the GEO Cohorts
To clarify the biological functions and pathways correlated with the risk score, the enrichment analysis of GO enrichment and KEGG pathway was implemented based on the DEGs between the high-risk and low-risk groups in TCGA and GEO cohorts. According to GO enrichment analysis, the DEGs between risk groups from the TCGA and GEO cohorts were mainly enriched in metabolic process (Figures 9A,B). KEGG pathway analysis also confirmed that the risk score was associated with various kinds of metabolism pathways (P. adjust <0.05, Figures 10A,B). The overlapped pathways were marked by red rim, and there were 25 overlapped pathways among the 30 KEGG pathways after we compared the functional analyses performed in both cohorts.
[image: Figure 9]FIGURE 9 | Representative results of GO analyses. (A) GO enrichment in the TCGA cohort. (B) GO enrichment in the GSE14520 cohort.
[image: Figure 10]FIGURE 10 | Representative results of KEGG analyses (A) KEGG pathways in the TCGA cohort. (B) KEGG pathways in the GSE14520 cohort.
DISCUSSION
Our results revealed that high level of DC infiltration was associated with poor prognosis in patients with HCC, and a 12-gene risk-scoring model that was constructed based on the DC-related DEGs performed well in predicting OS in GEO cohort and TCGA cohort.
In this study, we first analyzed the different abundance of immune cells in HCC samples from GEO dataset and TCGA dataset, and then run the survival analysis of the differential immune cells. The results showed that the differential expression of DCs had a significant effect on OS in patients with HCC. The high expression of DCs indicates that the prognosis of patients with liver cancer is worse. Patients with high DC expression show worse prognosis than patients with low DC expression in HCC. DCs are regarded as crucial regulators of T-cell responses and involved in pathology via activating T cells and B cells (Hancock and et al., 2014; van Uden et al., 2019). Plasmacytoid dendritic cells (pDCs) have been documented in multiple primary and metastatic human cancers (Vermi et al., 2011). Infiltration by pDC of breast tumor correlates with dissemination and relapse, suggesting pDC contributes to the progression of breast cancer (Treilleux et al., 2004). On the contrary, depletion of pDC inhibits progression and bone metastasis of the breast cancer (Sawant et al., 2012). The administration of DCs has been applied to treat certain human neoplasms, such as melanoma and breast cancer (Luo et al., 2014). Zhou et al. (2019) revealed that intratumoral infiltration by pDCs has a predictive role for poor prognosis in patients with HCC.
In this study, the genes that co-expressed with DCs in GEO dataset and TCGA dataset were constructed by WGCNA. We found that the genes of black module, blue module, red module, and brown module in the GEO dataset were significantly correlated with DCs, and the genes of brown module in TCGA dataset were significantly correlated with DC. When the four significant DC-correlated modules of GEO dataset and the significant DC-correlated module of TCGA dataset were intersected, respectively, 146 genes were extracted as the fundamental genes that co-expressed with DCs, and these genes were analyzed by KEGG enrichment analysis. Since the genes co-expressed with DCs are positively correlated, and the high expression of DC predicts poor prognosis in patients with HCC, it is speculated that these 146 genes may also be closely related to the prognosis of patients with HCC. The enrichment pathways were mainly related to human T-cell leukemia virus-1 infection, phagosome, Th1 and Th2 cell differentiation, natural killer cell–mediated cytotoxicity, and leukocyte transendothelial migration, enhancing the reliability of these genes.
Through merging the univariable Cox regression analysis of 146 genes and differential gene expression analysis of 146 genes, we identified 17 genes retrieved as potential prognostic factors for constructing prognosis model. Afterward, LASSO Cox regression analysis was performed for constructing the risk-scoring model, and 12 genes (IL7R, CD8A, CAPG, PLA2G7, BTN3A3, HMOX1, NCF2, DAB2, SDC3, MMP9, WARS, and CTSC) with significant differential expression were selected. The risk-scoring model has favorable predictive validity in both GEO dataset and TCGA dataset. The 12-gene risk-scoring model may be a valuable prognostic factor for HCC patients. The high-risk group exhibits remarkably lower OS rate of HCC patients than the low-risk group. The AUC values of the risk-scoring model in GEO cohort and TCGA cohort showed benign performance in predicting short-term survival (1–2 years). Univariate and multivariate Cox analyses in the two cohorts together suggested that the 12-gene risk-scoring model performed a better prognostic value than other factors such as Barcelona Clinic Liver Cancer staging and TNM stages.
IL7R, whose expression was decreased in HCC, was considered to be a link to dedifferentiation of HCC and the top 50 predictor genes (Midorikawa et al., 2002). In our study, IL7R also downregulated in HCC samples and could be considered as a protective factor for HCC. CD8A was identified as one of the top 10 hub genes by bioinformatics analysis (Zhang and et al., 2017). CD8A showed significant positive correlation with most immune checkpoint–coding genes which closely related to the prognosis of HCC (Xu et al., 2020). We found the expression of CD8A was decreased in HCC samples and suggested better prognosis for HCC patients. CAPG, which could be detected in the cytoplasm of normal liver tissue and HCC specimens, might contribute to tumor motility and cancer-associated mortality and be regarded as a prognostic or diagnostic biomarker for metastatic HCC (Tsai et al., 2018). Although CAPG expression levels of normal tissues and tumor tissue without venous invasion were identical, its expression markedly upregulated in tumor tissue with vascular invasion compared to those without vascular invasion (Kimura et al., 2013). PLA2G7, as one of the secreted phospholipases A2, might provide potential HCC serological markers due to its strong upregulation in over half of HCC specimens (Smith et al., 2003). BTN3A3 has not been reported as its role of HCC. However, BTN3A3 was considered as a tumor suppressor gene, which could promote cellular apoptosis of nonsmall cell lung cancer (Jeon et al., 2016). Besides, high level of BTN3A3 expression was correlated with better disease-free survival (DFS) and OS of gastric cancer patients (Pan et al., 2019). HMOX1 is the inducible isoform of the rate-limiting enzyme in heme degradation (Gueron et al., 2009). HMOX1 was involved in invasion and metastasis of multiple cancers. HMOX1 suppress breast cancer invasion through inhibiting the expression of matrixmetalloproteinase-9 (MMP9) (Lin et al., 2008). It was proved to be a prognostic factor for HCC patients with hepatectomy (Yeh et al., 2018). HMOX1 might inhibit the proliferation and metastasis of HCC by regulating the miR-30 days/miR-107 level (Zou et al., 2016). Hence, the downregulation of HMOX1 found in this study was fitted with the results of current researches. At present, research on the relationship between NCF2 and HCC was still absent. NCF2 potentially provided pathological diagnostics and prognostic value of cervix carcinogenesis (Lomnytska et al., 2011). Furthermore, upregulation of NCF2 could promote gastric cancer, angiogenesis, and metastasis (Zhang et al., 2018). Disabled homolog 2 (DAB2), as a member of the disable gene family, has been proven to function as a tumor suppressor that plays an crucial role in the occurrence and progression of various tumors (Albertsen et al., 1996), including colorectal cancer (Kleeff et al., 2002) and epithelial ovarian cancer (Mok et al., 1998). Besides, DAB2 is highly expressed in tumor-infiltrating tumor-associated macrophages (Marigo et al., 2020). DAB2 may attenuate the miR-106b promotion effect on HCC cell proliferation and migration. Downregulation of DAB2IP is associated with poor prognosis in HCC patients, which represents that DAB2IP is a considerable marker for progression of HCC (Zhang et al., 2012; Chen Y. et al., 2019). Until recently, SDC3, as one of the hypoxia-related gene, along with other 13 genes was found to be a potential prognostic biomarker for breast cancer (Wang et al., 2020). Zong et al. (2010) found that overexpression of SDC1 inhibits the proliferation of mesenchymal tumor cells. In this study, we revealed that the expression of SDC3 was downregulated in HCC patients. Matrix metalloproteinases (MMPs), an important proteolytic event in the invasion and migration of tumors, is associated with the degradation of the extracellular matrix (Bonnans et al., 2014). As one of fundamental member of MMPs family, MMP9 significantly contributed to the progression of multiple tumors in the context of overexpression (Yan et al., 2018; Dai et al., 2019; Zhou et al., 2019). Liu et al. (2020) identified that M2 macrophages promoted HCC cells invasion and metastasis through upregulating MMP9 expression, which suggested elevating MMP9 expression was correlated with immune related cells in TME. WARS, as an aminoacyl-tRNA synthetase and inhibitor of angiogenesis, encodes the human cytoplasmic tryptophanyl-tRNA synthetase (TrpRS) and participates in protein synthesis and RNA transcription as well as translation (Tsai et al., 2017). Low expression of TrpRS in tumor tissue was associated with worse outcomes in patients with colorectal cancer and pancreatic cancer (Ghanipour et al., 2009; Paley et al., 2011). Cathepsin B(CTSB) might be associated with the growth and metastasis of HCC as an oncogene and serve as a valuable prognostic marker for HCC patients (Ruan and et al., 2016; Zhang et al., 2020). Evidence supported that overexpression of CTSB predicted poor prognosis of numerous cancer patients, including HCC patients (Ruan and et al., 2016).
Taken together, the 12-gene risk-scoring model may be a valuable prognostic factor for HCC patients. Among the 12-gene risk-scoring model, SDC3, NCF2, BTN3A3, and WARS have never been reported as the prognostic factor for HCC. Although the prognostic model associated with the 12 genes has not been reported previously and they could be considered as a valuable prognostic method for HCC, this study has several limitations. First, the raw data on HCC that we downloaded from GEO dataset was limited and incomplete. Second, the long-term survival predictive value of the 12-gene risk-scoring model was obscured.
CONCLUSION
Our finding revealed that the 12-gene risk-scoring model could serve as a potential prognostic prediction for HCC. SDC3, NCF2, BTN3A3, and WARS were noticed as a novel prognostic factor for HCC.
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GLOSSARY
HCC: hepatocellular carcinoma
HBV: hepatitis B virus
TME: tumor microenvironment
CTLs: cytotoxic T lymphocytes
LASSO: absolute shrinkage and selection operator
ROC: receiver operating characteristic
PCA: principal component analysis
t-SNE: t-Distributed Stochastic Neighbor Embedding
OS: Overall survival
GEO: Gene Expression Omnibus
TCGA: The Cancer Genome Atlas
ImmuCellAI: Immune Cell Abundance Identifier
MEs: module eigengenes
FDR: false discovery rate false discovery rate
BH: Benjamini & Hochberg
PPI: protein–protein interaction network
WGCNA: Weighted gene co-expression network analysis
KEGG: Kyoto Encyclopedia of Genes and Genomes
FDR: false discovery rate false discovery rate
DEGs: differentially expressed genes
BP: biological process
CC: cellular component
MF: molecular function
DCs: dendritic cells
pDCs: plasmacytoid dendritic cells
AUC: area under the curve
DFS: disease free survival
HR: hazard ratio
CI: confidence interval
IL7R: interleukin 7 receptor
CD8A: CD8a molecule
CAPG: gelsolin-like capping actin protein
PLA2G7: phospholipase A2 group VII
BTN3A3: butyrophilin subfamily 3 member A
HMOX1: heme oxygenase 1
NCF2: neutrophil cytosolic factor 2
DAB2: disabled homolog 2
DAB2IP: DOC-2/DAB2 interactive protein gene
SDC3: syndecan 3MMPs:Matrix metalloproteinases
MMP9: matrixmetalloproteinase-9
TrpRS: tryptophanyl-tRNA synthetase
CTSC: cathepsin C.
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Background: Hepatocellular carcinoma (HCC) is a tumor with high morbidity and high mortality worldwide. DNA methylation, one of the most common epigenetic changes, might serve a vital regulatory role in cancer.
Methods: To identify categories based on DNA methylation data, consensus clustering was employed. The risk signature was yielded by systematic bioinformatics analyses based on the remarkably methylated CpG sites of cluster 1. Kaplan–Meier analysis, variable regression analysis, and ROC curve analysis were further conducted to validate the prognosis predictive ability of risk signature. Gene set enrichment analysis (GSEA) was performed for functional annotation. To uncover the context of tumor immune microenvironment (TIME) of HCC, we employed the ssGSEA algorithm and CIBERSORT method and performed TIMER database exploration and single-cell RNA sequencing analysis. Additionally, quantitative real-time polymerase chain reaction was employed to determine the LRRC41 expression and preliminarily explore the latent role of LRRC41 in prognostic prediction. Finally, mutation data were analyzed by employing the “maftools” package to delineate the tumor mutation burden (TMB).
Results: HCC samples were assigned into seven subtypes with different overall survival and methylation levels based on 5′-cytosine-phosphate-guanine-3′ (CpG) sites. The risk prognostic signature including two candidate genes (LRRC41 and KIAA1429) exhibited robust prognostic predictive accuracy, which was validated in the external testing cohort. Then, the risk score was significantly correlated with the TIME and immune checkpoint blockade (ICB)–related genes. Besides, a prognostic nomogram based on the risk score and clinical stage presented powerful prognostic ability. Additionally, LRRC41 with prognostic value was corroborated to be closely associated with TIME characterization in both expression and methylation levels. Subsequently, the correlation regulatory network uncovered the potential targets of LRRC41 and KIAA1429. Finally, the methylation level of KIAA1429 was correlated with gene mutation status.
Conclusion: In summary, this is the first to identify HCC samples into distinct clusters according to DNA methylation and yield the CpG-based prognostic signature and quantitative nomogram to precisely predict prognosis. And the pivotal player of DNA methylation of genes in the TIME and TMB status was explored, contributing to clinical decision-making and personalized prognosis monitoring of HCC.
Keywords: DNA methylation sites, hepatocellular carcinoma, prognosis, tumor immune environment, immune checkpoint blockade, tumor mutation burden
INTRODUCTION
As one of the aggressive malignancies, hepatocellular carcinoma (HCC) is characterized by high morbidity rate and low survival rate in the world (Bray et al., 2018; Forner et al., 2018; Yang et al., 2019). And tumor stages at diagnosis significantly affected the prognosis of HCC patients (Liu et al., 2016). The clinicopathological staging and treatment system—the Barcelona Clinic Liver Cancer (BCLC) algorithm—was the most extensively applied classification method for patients with HCC (Faria et al., 2014; Couri and Pillai, 2019). Given HCC was of high heterogeneity, patients exhibited distinct clinical outcomes of treatment and different survival times even in the same stage (Miao et al., 2014; Forner et al., 2018; Zhang et al., 2019). Owing to higher precision and less side effects, immune checkpoint blockade (ICB) therapy has brought much benefit to various patients in a wide range of tumors. Approximately one-fifth of patients responded to ICB treatment according to preclinical trial results, suggesting immune checkpoint inhibitor administration may be a potential treatment for HCC patients (Cheng et al., 2019). Besides, the contrasting outcome of immune checkpoint blockade (ICB) therapy in distinct population and multiple malignant tumors has focused light on the characterization of tumor immune microenvironment (TIME) (El-Khoueiry et al., 2017). The complexity of the tumor immune microenvironment may be a pivotal player in tumor immune evasion and responses to clinical treatment of HCC (Finkin et al., 2015; Hackl et al., 2016). Anson M. et al. pointed out that type I NKT cells presented enrichment in HCC and played a protective role against tumors (Anson et al., 2012). Not only infiltrating CD4+ CTLs but also circulating CD4+ CTLs were independent predictive indicators of OS and DFS in patients with HCC (Fu et al., 2013). Therefore, further exploration of HCC biological mechanisms and underlying molecular processes, with also the discovery of vital novel indicators for prognosis prediction and outcome of clinical therapy, is the task of top priority.
DNA methylation, a well-characterized genetic alteration, refers to the transfer of the methylated group of S-adenosyl-L-methionine (SAM) to the pyrimidine ring of cytosine residues on DNA (Jaenisch and Bird, 2003; Jin and Liu, 2018; Pfeifer, 2018). The methylation process often occurs in the cytosine of 5′-cytosine-phosphate-guanine-3′ (CpG) structure and is mediated by DNA methyltransferase (DNMT) (Moore et al., 2013). DNA hypermethylation can repress the targeted gene expression level, further mediating the transcriptional regulation of biological processes including DNA repair, cell cycles, and tumor progression, suggesting its crucial player in accelerating malignancies (Lea et al., 2018; Luo et al., 2018; Pfeifer, 2018; Eyvazi et al., 2020). Abnormal methylation changes (i.e., anti-tumor oncogene hypermethylation and oncogene hypomethylation) are regarded as important events in tumorigenesis (Huang et al., 2011; Lambert et al., 2011; Yang et al., 2017). Published researches pointed out that hypomethylation of CpG may result in the initiation of oncogene; meanwhile, CpG dinucleotide hypermethylation can cause anti-oncogene silencing (Antequera and Bird, 1993). Many studies have supported strong evidence to support that the clinical utility, such as early diagnostic indicators or prognostic predictive biomarkers, of these changes in multiple cancers (Fu, 2015; Klutstein et al., 2016; Pfeifer, 2018; Ebrahimi et al., 2020). For HCC, Villanueva A et al. developed a methylation-based risk signature to precisely predict the prognosis of HCC patients (Villanueva et al., 2015). Based on three CpGs, Qiu J et al. generated a methylation risk signature to accurately predict recurrence in early-stage HCC patients (Qiu et al., 2017). Hence, it is of significant and encouraging value for prognostic prediction and clinical intervention of patients with HCC to yield an efficient signature on the basis of differential DNA methylation.
Researches focusing on the correlation of DNA methylation with diagnosis and prognosis of HCC have been extensively explored (Villanueva et al., 2015; Xu et al., 2017); however, systematic analysis to establish a robust and novel prognostic signature that could predict prognosis and outcome was rarely reported.
Herein, to facilitate identifying promising subtypes to precisely subdivide HCC patients, we addressed the HCC classification system via screening prognostic subtypes on the basis of methylation data of HCC cases. Furthermore, we analyzed DNA methylation profiles of HCC patients from the TCGA databank, in order to filter the prognostic methylation biomolecular factors and generate the risk signature and prognostic nomogram, contributing to new insight into the TIME context and immunotherapy outcome of HCC. Besides, our risk signature may provide guidance for doctors to perform prognosis estimation and individualized clinical intervention, realizing further precision treatment to enhance therapeutic efficacy accordingly.
METHODS
Data Selection and Preprocessing
Transcript data from 378 HCC patients were downloaded from the TCGA database (https://portal.gdc.cancer.gov/). After excluding cases without complete information, clinical profiles of 240 patients were downloaded and are shown in Supplementary Table S1. DNA methylation information was obtained from the UCSC Cancer Browser (https://xena.ucsc.edu/). 430 DNA methylation data and annotation files were downloaded from the Illumina Human Methylation 450 platform (https://xenabrowser.net/datapages/?dataset=TCGA-LIHC.methylation450.tsv&host=https%3A%2F%2Fgdc.xenahubs.net&removeHub=https%3A%2F%2Fxena.treehouse.gi.ucsc.edu%3A443) for further study. The threshold for rejection of the CpG sites is given below: The site was missing in more than 70% of the samples; it was located in the sex chromosomes and single-nucleotide polymorphisms; CpGs above 2 kb upstream to 0.5 kb downstream; and cross-reactive genome CpG sites (Chen et al., 2013). Ultimately, we employed 226 HCC samples with both expression matrix and methylation data for further analysis. We obtained fragments per thousand base million (FPKM) of HCC patients from the TCGA database and converted the FPKM value to the transcript per million (TPM) value. The LIRI-JP dataset including 260 HCC samples from the ICGC database was employed as the external validation group. The corresponding expression profiling information and the clinical data (Supplementary Table S2) were downloaded from the ICGC database (https://dcc.icgc.org). Four categories of somatic mutation data of HCC samples were obtained from The Cancer Genome Atlas (TCGA) portal. We singled out the mutation files that were obtained through the “SomaticSniper variant aggregation and masking” platform for subsequent analysis. We prepared the Mutation Annotation Format (MAF) of somatic variants and implemented the “maftools” (Mayakonda et al., 2018) R package.
Determination of Classification Features for Methylation Sites
In order to classify prognostic-related HCC molecular subtypes, the methylation level of each CpG site, age, gender, clinicopathological stage, tumor status (T, M, and N), and survival data were employed to construct univariate Cox proportional risk regression models. Supplementary Table S3 presents 610 significant CpG sites (p < 0.05). Then, these significant sites were introduced into multivariate Cox proportional risk regression models. Finally, we selected the CpG sites that were still significant as the classification features (p < 0.05, Supplementary Table S4) that can significantly affect the prognosis of HCC patients.
Identification of Prognostic Methylation Subtypes Using Consensus Clustering
In order to define the HCC subgroups based on the most variable methylated CpG sites (Supplementary Table S5), consensus clustering was conducted using the ConcensusClusterPlus R package (Wilkerson and Hayes, 2010). Each case we collated was partitioned into k groups on the basis of a user-specified clustering algorithm (k-means). This process was repeated for a user-specified number of repetitions, offering a method of establishing consensus values and estimating the stability of the established clustering. Pairwise consensus values, referring to “the proportion of clustering runs in which two subjects gathered together,” were calculated and stored in a consensus matrix for each k. The final results from agglomerative hierarchical consensus clustering based on one-Pearson correlation distances were also divided into k groups. The exported graphs contained the consensus matrices, consensus cumulative distribution function (CDF) plot, delta area plot, and tracking plot. We determined the k value if there were a low relative change in the area under the CDF curve, relatively high conformity in the clusters, and a low variation coefficient. The pheatmap package in R was used to create the heatmap (Diao et al., 2018).
Correlation Between the Subtypes and Prognosis or Clinical Characteristics in HCC
To explore the overall survival of HCC patients whose subgroups were defined from DNA methylation information, we employed the “survival” package (Huang et al., 2017; Li et al., 2019; Xiong et al., 2019), and the results are illustrated in Kaplan–Meier plots. The log-rank test was used to identify the significant differences among different clusters. To determine the distinction in categorical profiles as the clinical variables among different subtypes, the chi-squared test was analyzed. All tests were two-sided with a significance level of 0.05.
Functional Annotation and Enrichment Analysis
To further reveal the CpG site–related gene expression pattern in the standpoint of fundamental biology, Kyoto Encyclopedia of Genes and Genomes (KEGG) and gene ontology (GO) enrichment analyses on CpG site–related genes significantly affected prognosis. We employed gene set enrichment analysis (GSEA) to explore underlying mechanisms correlated with the prognostic signature. The gene sets of “c2. cp.kegg.v7.2. symbols.gmt [Curated]” from the Molecular Signatures Database were analyzed through gene set enrichment analysis (GSEA) (Subramanian et al., 2005) with a Java program (http://software.broadinstitute.org/gsea/index.jsp).
Identification of Prognostic Risk Signature
Two hundred twenty-six HCC samples were randomly divided into the discovery and validation groups at the ratio of 1:1 for integrated analysis utilizing the “caret” package. Both discovery and validation groups were required to meet the following criteria (Forner et al., 2018): samples were randomly assigned to discovery and validation cohorts (Bray et al., 2018) and the clinical characteristics of subjects in these groups were similar (Supplementary Table S6). The validation group with 112 cases and the whole cohort were used to validate results obtained from the discovery set. The TCGA cohort was randomly classified into discovery and validation groups again to demonstrate the repeatability of the risk model. The detailed clinical variables of samples are recorded in Supplementary Table S7. The “survival” package with coxph function was employed to create a Cox proportional hazards model based on the combination of expression profiles for remarkably methylated CpG sites corresponding to genes in cluster 1 (Supplementary Table S8) and follow-up data (Zhang, 2016; Bhattacharjee et al., 2020). The candidate methylation-related genes significantly affect prognosis (p < 0.05), which were identified by employing a univariate proportional hazards model of the expression level of seven methylation-related genes. Next, the risk coefficient of each gene was obtained by performing the LASSO regression algorithm with the “glment” package after the deletion of highly correlated genes. Finally, two genes were selected and introduced into a prognostic predictive signature in HCC. The risk score of each patient was calculated by the following equation: risk score = sum of risk coefficients * methylation-related gene expression level.
Validation of Prognostic Risk Signature
Each patient obtained the risk score according to the above formula together with their clinical data. Based on the median risk score, patients were classified into low/high‐risk subgroups for further study. Kaplan–Meier survival curves were analyzed to compare prognosis of different subgroups. We then performed the time-dependent receiver-operating characteristic (ROC) curve analysis to assess the prognostic value, which was achieved by comparing the specificity and sensitivity in predicting prognosis on the basis of the risk score. Furthermore, multivariate Cox regression was employed to demonstrate the risk score was an independent prognostic indicator for HCC patients. The predictive performance of the as-constructed risk signature was then confirmed in the validation group (n = 112) and combined cohort. Additionally, the ICGC cohort was employed as an external validation group to facilitate extensive application. Each test was two-sided, and p < 0.05 was deemed statistically significant.
Construction of Prognostic Nomogram
To comprehensively assess the prognosis predictive ability of risk signature, stage, gender, age, and WHO grade for one/two/three-year OS, time-dependent receiver-operating characteristic (ROC) curves were performed to calculate the area under the curve (AUC) values (Blanche et al., 2013). To contribute to a quantitative manner predicting the overall survival of patients with HCC, we established a nomogram containing the risk score and other clinical variables to estimate one‐, two‐, and three‐year overall survival possibility. Subsequently, we analyzed the calibration curve that shows the prognostic value of the as-constructed nomogram.
Landscape of Tumor Immune Environment
To better identify the difference of TIME characteristics between different subgroups, we performed several analyses as follows. Firstly, the “GSEABase” R package with regard to 29 immunity-related signatures was used to further reveal distinction of TIME characterization between different subgroups. Then, the R package “CIBERSORT” was performed to calculate 22 immune cell subpopulations in HCC. Subsequently, immune infiltration information consists of every specimen’s immune cell fraction (i.e., B cells, CD4+ T cells, CD8+ T cells, dendritic cells, macrophages, and neutrophils) downloaded from tumor immune estimation resource (TIMER) (https://cistrome.shinyapps.io/timer/).
Immunotherapeutic Significance of Prognostic Signature and LRRC41
Referring to existing studies, it was found that the expression level of immune checkpoint blockade–related key genes might be correlated with the clinical outcome of immune checkpoint inhibitor blockade treatment42. Herein, we employed six key genes of immune checkpoint blockade therapy: programmed death ligand 1 (PD‐L1, also known as CD274), programmed death 1 (PD‐1, also known as PDCD1), programmed death ligand 2 (PD‐L2, also known as PDCD1LG2), T‐cell immunoglobulin domain and mucin domain–containing molecule‐3 (TIM‐3, also known as HAVCR2), indoleamine 2,3‐dioxygenase 1 (IDO1), and cytotoxic T‐lymphocyte antigen 4 (CTLA‐4) in HCC (43–45). To elucidate the potential player of the as-constructed risk signature in ICB treatment of HCC, we correlated the prognostic signature and the expression level of six immune checkpoint blockade key genes (i.e., IDO1, CTLA-4, HAVCR2, CD274, PDCD1, and PDCD1LG2). Subsequently, we systematically determined the expression value of 47 immune checkpoint blockade–related genes (i.e., PDCD1) between patients from different subgroups to investigate the potential role of the risk score in ICB treatment.
Analysis of the Distribution of LRRC41 in HCC by Single-Cell RNA Sequencing
To further explore the role of LRRC41 in TIME, we employed single-cell transcriptome sequencing data from GSE140228 (Zhang et al., 2019), which are the transcriptome data of CD45+ immune cells made by the Zemin Zhang team for HCC patients. The researchers uploaded the hepatic carcinoma single-cell RNA sequencing data of the study to an interactive website (http://cancer-pku.cn:3838/HCC/) to facilitate the researcher’s in-depth exploration of related fields. Herein, we use 10× Genomics sequencing data to analyze the expression of LRRC41 in tumor, hepatic lymph node, adjacent liver, ascites, and blood and compare the abundance of LRRC41 in immune cell subsets in tumor tissues.
Calculation of Tumor Mutational Burden
TMB was defined as the number of somatic, coding, base replacement, and insertion–deletion mutations per megabase of the genome examined using non-synonymous and code-shifting indels under a 5% detection limit. TMB scores for each sample were calculated through dividing the number of somatic mutations by the total length of exons (38 million). The R package “maftools” (Mayakonda et al., 2018) was used to calculate the total number of somatic non-synonymous point mutations within each sample.
Experimental Validation
L02 (human hepatic cell line) and two human HCC cell lines (MHCC-97H cells and HCC-LM3 cells) were purchased from the Cell Bank of the Type Culture Collection of the Chinese Academy of Sciences, Shanghai Institute of Biochemistry and Cell Biology. The cell lines were all cultured in Dulbecco’s minimum essential media (DMEM) plus 10% fetal bovine serum (FBS; Invitrogen, Carlsbad, CA, United States). All cell lines were grown without antibiotics in a humidified atmosphere of 5% CO2 and 99% relative humidity at 37°C. Three different cell lines were subjected to quantitative real-time polymerase chain reaction (qRT-PCR).
RNA Isolation and qRT-PCR Analysis
Total RNA was extracted from cells using TRIzol (Invitrogen, Carlsbad, CA, United States) according to provided instructions. RNA concentration and purity were measured in triplicates utilizing the NanoDrop 2000 spectrophotometer (Thermo Scientific Inc., Waltham, MA, United States). Then, total RNA was reverse transcribed to cDNA using the cDNA Reverse Transcription Kit (Vazyme, Nanjing, China). To determine the expression of LRRC41, cDNAs were subjected to qRT-PCR using SYBR Green Real-Time PCR Master Mix (Takara) in Applied Biosystems 7500/7500 Fast Real-Time PCR System (Thermo Fisher Scientific). All samples were analyzed in triplicates. Glyceraldehyde-3-phosphate dehydrogenase (GAPDH) levels were used as the endogenous control, and the relative expression of LRRC41 was calculated using the 2-ΔΔCt method. The sequences of primers used for PCR were as follows: LRRC41, 5′- TGG​CTG​GCG​AGA​AGG​AGG​ATG -3′ (forward) and 5′- CAA​GGT​GGA​GAT​GCT​GCG​GAA​TC -3′ (reverse), and GAPDH, 5′-CAG​GAG​GCA​TTG​CTG​ATG​AT-3′ (forward) and 5′-GAA​GGC​TGG​GGC​TCA​TTT-3′ (reverse).
Statistics
The correlation between data with a normal distribution was analyzed with Pearson’s correlation analysis. Comparisons of two groups were made with the t-test; if there were more than two groups, the comparison was made with the analysis of variance (ANOVA) test. The Wilcox test was used to compare the methylation levels between the seven clusters. Samples with a CIBERSORT output value of p < 0.05 were screened for further analysis (Chen et al., 2018). All the statistical analysis results described below were obtained with the R software. The significance level was set to p < 0.05.
RESULTS
Determination of Potential Prognostic DNA CpG Sites
After methylation data were obtained from the TCGA cohort and pretreated as described above, we screened 19392 CpG sites among which 610 methylation sites were determined as candidate DNA methylation indicators for prognostic prediction in HCC patients via univariate Cox regression analysis (Supplementary Table S3). A subsequent multivariate Cox regression analysis was employed to identify these CpG sites closely correlated with prognosis. And 136 sites were identified and deemed potential prognosis-related CpG sites (Supplementary Table S4).
Consensus Clustering to Identify Subgroups of HCC and Inter-Cluster Prognosis Analysis
Taking advantage of consensus clustering, we found that when k = 7, there is high consistency in these clusters with a relatively low coefficient of change but no appreciable variation in the area under the CDF curve and delta area (Supplementary Figures S1A,B). The heatmap of the seven clusters with a good polymerization effect was mostly diagonal (Supplementary Figure S1C). Kaplan–Meier analysis indicated there was a remarkable distinction among different clusters (p = 1.221e−15), suggesting that clustering results classified the patients into seven categories with distinct overall survival (Figure 1A). The distribution of clinical characteristics (age, gender, historical staging, T status, N status, and M status) in each subtype is presented in Figure 1B. Subsequently, the expression level of the CpG site–related genes was determined in the subtypes. Figure 1C presents the heatmap of gene expression values. To better comprehend the methylation site expression from the viewpoint of biology level, KEGG and GO enrichment analyses on CpG site–related genes were employed. Functional annotation results indicated that overexpressed methylation-related genes were primarily enriched in autophagy, endosome membrane, protein C−terminus binding, and p53 signaling pathway (Figures 1D–G, corresponding GO and KEGG, respectively). Subsequently, we analyzed intra-cluster fraction for the seven clusters based on clinical characteristics (Supplementary Figures S2A–G, age, gender, stage, and TNM category, respectively). Tendencies for correlations between clinical parameters and categories were as follows: clusters 1, 4, 6, and 7 with higher clinical grade; clusters 1 and 5 with advanced stage; clusters 4, 5, and 7 with higher T status; clusters 5, 6, and 7 with higher N status; and clusters 1 and 6 with higher M status. These results suggest that each clinical variable correlated with a distinct intra-cluster distribution.
[image: Figure 1]FIGURE 1 | Inter-cluster prognosis and clinical significance analysis. (A) Survival curves of different tumor subtypes. The number of samples in each cluster is shown in parentheses in the legend. The log-rank test was used to assess the statistical significance of differences between subtypes. (B) Heatmap of the DNA methylation levels in the seven clusters and their clinical characteristics. The color from red to white shows a trend from high expression to low expression. (C) Cluster analysis heatmap for annotated genes associated with the 184 CpG sites. Crosstalk analysis of prognostic DNA methylation genes in the enriched KEGG pathway gene ontology (D–F) and KEGG (G).
Inter-Cluster Difference of Methylation Levels
One hundred thirty-six prognostic methylation sites’ methylation levels are shown in Supplementary Table S5. A heatmap presents distinction of methylation levels between selected clusters and the other clusters (Figure 2A). The heatmap result shows that the significantly changed CpG sites were mostly distributed in cluster 1. Combined with survival rate analysis (Figure 1A), indicating that cluster 1 had a middle survival time among these clusters, we picked the differential CpG sites’ methylation data according to cluster 1 to develop boxplot. A consistent result was obtained in methylation level analysis, which shows that cluster 1 had a middle methylation level among different clusters (Figure 2B). The differential methylated CpG sites’ corresponding genes in cluster 1 were introduced as candidate genes for further study.
[image: Figure 2]FIGURE 2 | Levels of prognosis-related DNA methylation sites of different HCC clusters. (A) Heatmap of abnormally expressed methylation sites in the seven subtypes. The heat rectangle on the left map: red represents statistically significant difference, whereas blue represents no significance. (B) Comparison of the methylation levels among different clusters. (C) Correlation analysis between methylation candidate genes (LRRC41, KIAA1429, LINC01185, MAGOHB, OLFML2B, and ARMT1). Red represents positive correlation, while blue represents negative correlation.
Construction of Prognostic Risk Signature
To further reveal the potential interaction between these candidate methylation genes, correlation was employed to comprehensively visualize the methylation interaction network (Figure 2C; Supplementary Figure S3A, p < 0.05). Notably, LRRC41 was positively and significantly correlated with five hub genes, suggesting its indispensable role in methylation regulation. In order to investigate the prognosis predictive value of differential methylated CpG sites’ corresponding genes from cluster 1 (Supplementary Table S8), univariate Cox regression on candidate genes’ expression profiles was performed, finding two out of seven candidate genes were significantly correlated with overall survival (Supplementary Table S9, p < 0.05). Next, the LASSO algorithm was employed to identify methylation-related genes with the most robust prognosis prediction capability (Supplementary Figures S3B,C; Table S10). Finally, the two candidate genes LRRC41 and KIAA1429 were introduced into a methylation-based risk prognostic signature in HCC. The relationship of each methylation-associated gene with overall survival is presented in Supplementary Table S11.
The risk score was obtained as follows: risk score = (0.1682 ∗ expression value of LRRC41) + (0.0981 ∗ expression value of KIAA1429). Then, each HCC patient together with the corresponding risk score was classified into low/high-risk groups based on the median value.
Identification of the Prognosis Signature in HCC
Patients in the TCGA-LIHC cohort were randomly divided into the discovery set and validation set (Supplementary Tables S11, S12). The distributions of two methylation-related genes’ expression levels with patients and corresponding groups are displayed in Supplementary Figure S4A. Supplementary Figures S4D,G show that distributions of the risk score and survival status are plotted in, indicating that low-risk HCC patients had better prognosis. The Kaplan–Meier curve further demonstrated that low-risk patients had significantly longer overall survival relative to patients with high risk (p = 3.473e-01; Figure 3A). To estimate the specificity and sensitivity of risk signature for differentiating low-risk patients from high-risk patients, we analyzed ROC curve analysis. We observed that the area under curves of prognostic signature at one‐year overall survival was up to 0.706, indicating encouraging efficiency of prognostic performance (Figure 3D). Furthermore, univariate Cox analysis showed that the risk score significantly correlated with overall survival [hazard ratio (HR): 1.473, 95% CI: 1.268–1.711, p < 0.001; Figure 3G], and multivariate Cox analysis further presented that the risk score was an independent prognostic factor in HCC (HR: 1.448, 95% CI: 1.225–1.711, p < 0.001; Figure 3J).
[image: Figure 3]FIGURE 3 | Development of the prognostic risk signature based on DNA methylation. Kaplan–Meier curve analysis presenting difference of overall survival between the high-risk and low-risk groups in the training group (A), testing group (B), and combination cohort (C). ROC curve analysis of the risk scores for overall survival predictive significance in the training group (D), testing group (E), and combination cohort (F). The AUC was calculated for ROC curves, and sensitivity and specificity were calculated to assess score performance. Univariate Cox regression analyses of overall survival in the training group (G), testing group (H), and combination cohort (I). Multivariate Cox regression analyses of overall survival in the training group (J), testing group (K), and combination cohort (L).
Validation of Prognostic Signature for HCC
In order to better assess its prognosis predictive accuracy, we examined above results in the validation group and combination cohort. The figures show the distributions of methylation-related genes’ expression levels, survival, and risk scores of patients in the testing set (Supplementary Figures S4B,E,H) and the combination cohort (Supplementary Figures S4C,F,I). The survivorship curve shows that patients with low risk had higher survival probability than high-risk patients in both the validation group (Figure 3B, p = 3.725e-02) and the combination cohort (Figure 3C, p = 1.852e-03). The value of area under the ROC curve (AUC) was up to 0.713 in the testing set (Figure 3E) and 0.712 in the combined cohort (Figure 3F), indicating strong prognosis predictive power in different groups. Likewise, the risk signature was an independent prognostic indicator significantly correlated with overall survival in both univariable and multivariable regression analyses of the testing set as well as the combined cohort (Figures 3H,I,K,L). Besides, the signature was employed in the LIRI-JP cohort to validate the external prognosis predictive performance. Figures 4A–C show the distributions of genes’ expression levels, risk scores, and survival time in the ICGC validation cohort. Survival analysis (p = 2.095e-03; Figure 4D) and ROC curve analysis (AUC = 0.675; Figure 4E) also indicated that this risk score model had an excellent prognosis predictive performance in the LIRI-JP group. Additionally, consistent results were obtained and great prognostic value of the risk model was corroborated in another random classification (Supplementary Figures S5, S6, corresponding training set and testing set, respectively).
[image: Figure 4]FIGURE 4 | Validation of the risk prognostic signature in the external validation group. (A) Heatmap of the candidate gene expression level in HCC. The color from red to blue shows a trend from high expression to low expression. (B) Distribution of the DNA methylation–based signature risk score. (C) Survival status and interval of HCC patients. (D) Kaplan–Meier curve analysis presenting difference of overall survival between the high-risk and low-risk groups. (E) ROC curve analysis of the risk scores for overall survival predictive significance. Comparison of risk scores in different subgroups based on age (F), gender (G), and clinicopathological stage (H).
The results of correlation of the risk score with clinical variables presented that the advanced clinical stage (most p < 0.05, Figure 4F) and risk score remarkably increased. However, there was no significant difference of risk score in age subgroups and gender subgroups (Figures 4G,H).
Further Confirmation of Prognostic Performance of Signature in HCC
Subsequently, we plotted an ROC analysis curve, and the observed AUC value at one-, two-, and three-year overall survival was 0.693, 0.620, and 0.628, respectively, suggesting excellent prognostic prediction performance (Figure 5A). In order to compare the prognostic predictive efficiency of risk signature with other traditional clinical parameters (age, gender, stage, and grade), we gathered above clinical characteristics and then performed the ROC curve analysis for one-, two-, and three-year survival time and demonstrated that the value of AUC of risk score was the highest (Figures 5B–D). The risk score and clinicopathological stage were introduced into plotting a nomogram to quantitatively predict the overall survival of HCC patients (Figure 5E). Age, gender, and grade were eliminated owing to AUCs lower than 0.55. Calibrated curves demonstrated good prognosis prediction accuracy of one-, two-, and three-year overall survival in the as-constructed nomogram (Figures 5F–H).
[image: Figure 5]FIGURE 5 | Validation of prognostic efficiency of the DNA methylation–based signature in HCC. (A) ROC curve analysis was employed to estimate the prediction value of the prognostic signature. (B–D) Areas under curves (AUCs) of the risk scores for predicting one-, two-, and three-year overall survival time with other clinical characteristics. (E) Nomogram was assembled by stage and risk signature for predicting the survival of HCC patients. (F) One‐year nomogram calibration curves. (G) Two‐year nomogram calibration curves. (H) Three‐year nomogram calibration curves.
Furthermore, to confirm whether prognostic signature remained a robust prognosis prediction validity indicator in patients subdivided into different subtypes according to clinicopathological variables, stratification analysis was performed. Relative to patients with low risk, patients in the high-risk group presented lower survival probability in both the young (<=65) and old (>65) subgroups (Supplementary Figures S7A,B). And the prognostic signature presented a powerful prognostic prediction value in both patients gendered male and female (Supplementary Figures S7C,D) and patients in the early stage (Supplementary Figure S7E), whereas there was no significant difference of overall survival between low/high-risk patients in the advanced stage (Supplementary Figure S7F). These results indicated that the prognostic signature can be a novel and powerful overall survival predictor in HCC.
Correlation of Prognostic Score With TIME Context in HCC
In order to explore whether the risk score could be a potential indicator of TIME, we analyzed the relationship of the risk score with ssGSEA signatures and TIC proportion and level (assessed using the CIBERSORT algorithm). Firstly, the CIBERSORT results showed that activated memory CD4 T cells were significantly more abundant in high-risk patients, whereas patients with low risk presented higher infiltration of resting memory CD4 T cells (Figure 6A), indicating the phenotype of memory CD4 T cells contributes to the formation of molecular risk to further predict prognosis. Then, the population of aDCs, macrophages, and Tregs and expression of MHC class I were more in the high-risk group; meanwhile, the infiltration of B cells, neutrophils, NK cells, and pDCs, cytolytic activity, T-cell costimulation, and IFN response were higher in the low-risk group (Figure 6B). Furthermore, we analyzed whether the prognostic signature was correlated with immune infiltration. We observed that the risk score had significantly positive correlation with infiltrating B cells (r = 0.239; p = 3.995e−06), infiltrating CD4 T cells (r = 0.226; p = 1.252e−05), infiltrating CD8 T cells (r = 0.195; p = 1.711e−04), infiltrating dendritic cells (r = 0.341; p = 2.051e−11), infiltrating macrophages (r = 0.357; p = 2.133e−12), and infiltrating neutrophils (r = 0.354; p = 3.099e−12; Figures 6C–H).
[image: Figure 6]FIGURE 6 | Correlation of the prognostic risk score with TIME characterization of HCC. (A) Results of the CIBERSORT algorithm of two risk subgroups. (B) Comparison of ssGSEA analysis in two risk score subgroups. (C) Relationship between this signature and B cells. (D) Relationship between this signature and CD4 T cells. (E) Relationship between this signature and CD8 T cells. (F) Relationship between this signature and dendritic cells. (G) Relationship between this signature and macrophages. (H) Relationship between this signature and neutrophils. (I) Correlation analysis between immune checkpoint inhibitors (CD274, PDCD1, PDCD1LG2, CTLA4, HAVCR2, and IDO1) and the prognostic risk signature. (J) Correlation between the prognostic risk signature and CD274. (K) Correlation between the prognostic risk signature and CTLA4. (L) Correlation between the prognostic risk signature and HAVCR2. (M) Correlation between the prognostic risk signature and IDO1. (N) Correlation between the prognostic risk signature and PDCD1LG2.
The above results provided robust evidence to support that the methylation sites’ prognostic signature may act as a vital player to elucidate the context of TIME and further predict clinical immunotherapy efficiency for HCC patients.
Association of Prognostic Signature With ICB Vital Genes and Immune Infiltration
Subsequently, we correlated six key immune checkpoint inhibitor genes (PDCD1, CD274, PDCD1LG2, CTLA‐4, HAVCR2, and IDO1) (Kim et al., 2017; Nishino et al., 2017; Zhai et al., 2018). And we analyzed the correlation between the prognostic signature and ICB vital genes to explore its potential player in immunotherapy (Figure 6I). We observed that the risk score had significantly positive correlation with CD274 (r = 0.2; P = 1e−04; Figure 6J), CTLA4 (r = 0.17; p = 0.0014; Figure 6K), HAVCR2 (r = 0.24; p = 2.4e−06; Figure 6L), IDO1 (r = 0.13; p = 0.014; Figure 6M), and PDCD1LG2 (r = 0.11; p = 0.031; Figure 6N), suggesting the risk prognostic signature might play a crucial role in the monitoring of the ICB therapy outcome in patients with HCC. According to correlation analysis, we observed that 15 of 47 ICB-related genes’ (i.e., CD274) expression levels were remarkably higher in patients with high risk relative to low-risk ones (Supplementary Figure S8A). These results demonstrated that the methylation sites’ risk signature may provide a novel approach to predict immunotherapeutic efficiency in HCC.
Function Analysis of Risk Signature
To better understand the potential player of the methylation sites’ prognostic signature mediated in the underlying mechanism of HCC, we performed GSEA analysis in not only the high‐risk group but also the low‐risk group. GSEA enrichment analysis results presented that the high-risk score mainly enriched in pathways, including the ERBB signaling pathway, Wnt signaling pathway, mTOR signaling pathway, and VEGF signaling pathway (Supplementary Figure S8B).
LRRC41 Significantly Affected Overall Survival and Correlates With Immune Infiltration ICB Vital Targets
LRRC41 whose expression level was upregulated was the methylation site–related gene and deemed the negative indicator. Thus, the potential player of LRRC41 in HCC was investigated in further validation experiments. Firstly, we determined the expression level of LRRC41 between paracancerous samples and cancer tissues according to the TCGA database. Compared with normal samples, the expression level of LRRC41 was higher in tumor samples (Figure 7A). By using qRT-PCR, we compared the expression level of LRRC41 between two different tumor cell lines and normal liver cell line. In accordance with previous results, LRRC41 was overexpressed in HCC cells compared with hepatic cells (Figure 7B). In order to better evaluate the prognosis predictive ability of LRRC41, survival curve analysis was performed and plotted between LRRC41 high- and low-expressed patients. We found that lower LRRC41 expression significantly suggested higher overall survival probability (Figure 7C, p = 6.539e−04). The expression level analysis among major clinical stages showed that LRRC41 was expressed significantly different among distinct clinicopathological stages (Figure 7D, F = 3.68 and p = 0.0124). We observed that the higher the N status, the higher the LRRC41 expression level (Figure 7E). Furthermore, the expression level of LRRC41 was significantly and negatively correlated with the methylation level of LRRC41 (Figure 7F, r = −0.129, p = 8.735e–03).
[image: Figure 7]FIGURE 7 | Clinical significance of LRRC41 in HCC. LRRC41 was upregulated in HCC samples based on the TCGA dataset (A) and experimental validation (B), and a higher LRRC41 expression level was significantly correlated with poorer prognosis (C). The expression of LRRC41 had significant difference between major pathological stages (D) and tumor N category (E). (F) The correlation of the LRRC41 expression level with LRRC41 methylation level.
To better research the association between the LRRC41 expression level and immune infiltration, we explored the correlation between the expression level of LRRC41 and immune infiltration via TIMER. The results indicated that the LRRC41 expression was significantly correlated with B cells (r = 0.333; p = 2.37e−10), CD8+ T cells (r = 0.298; p = 1.91e−08), CD4+ T cells (r = 0.369; p = 1.67e−12), macrophages (r = 0.448; p = 3.02e−18), neutrophils (r = 0.5; p = 3.23e−23), and dendritic cells (r = 0.485; p = 1.97e−21; Figure 8A). Furthermore, distinct mutational types of LRRC41 were correlated with infiltration of neutrophils and CD8+ T cells (Figure 8B).
[image: Figure 8]FIGURE 8 | Role of LRRC41 in TIME and immunotherapy of HCC. (A) Correlation analysis of LRRC41 expression level with infiltrating B cells, CD4+ T cells, CD8+ T cells, dendritic cells, macrophages, and neutrophils using TIMER. (B) Comparison of tumor infiltration levels among HCC samples with different somatic copy number alterations in LRRC41. The association between the expression levels of LRRC41 and CD274 (C), CTLA4 (D), HAVCR2 (E), IDO1 (F), PDCD1 (G), and PDCD1LG2 (H) using TIMER.
Next, we analyzed the correlation between the LRRC41 expression level and ICB key genes’ expression levels adjusted by tumor purity by TIMER to explore the potential role of LRRC41 in ICB treatment. TIMER results showed that LRRC41 presented significantly positive correlation with CD274 (r = 0.537; p = 3.24e−27), CTLA4 (r = 0.173; p = 1.24e−03), HAVCR2 (r = 0.472; p = 1.66e−20), IDO1 (r = 0.228; p = 1.99e−05), PDCD1 (r = 0.202; p = 1.64e−04), and PDCD1LG2 (r = 0.325; p = 6.31e−10; Figures 8C–H), suggesting LRRC41 has a vital role in ICB therapy.
Association Between LRRC41 and TIME Characterization
In order to further reveal the role of LRRC41 in the formation of characteristics in TIME of HCC, we performed correlation analysis of expression value of LRRC41 with ssGSEA enrichment (by the GSEABase method) and immune infiltration fraction and level (using the CIBERSORT algorithm) and further conducted single-cell transcriptome sequencing data analysis. Patients with HCC were divided into low/high-LRRC41 subtypes based on the median value of LRRC41 expression level. The CIBERSORT results presented that the LRRC41 expression level was positively correlated with the abundance of macrophages M0 and M1 whereas negatively correlated with monocytes and macrophage M2 (Figure 9A). According to ssGSEA results, inflammation promotion and parainflammation were activated, CCR and HLA were upregulated, and infiltration of macrophages and T helper cells was remarkably elevated with the LRRC41 expression being increased (Figure 9B). According to the results of single-cell transcriptome sequencing data analysis, we observed that the expression value of LRRC41 is more in tumor tissues than paracancerous tissues (Figure 9C). And LRRC41 is mainly expressed in Mast-c1-IL7R cells and Mast-c2-CPA3 cells in HCC tumor tissues (Figure 9D). Figures 9E,F present the distribution of LRRC41 in immune cells of tumor. Based on the previous findings, mast cell proteases play the crucial role in promoting tumor angiogenesis (de Souza Junior et al., 2015), suggesting LRRC41 may act as a positive player in HCC progression.
[image: Figure 9]FIGURE 9 | Discrepancy of low and high LRRC41 expression subgroups in terms of TIME characterization. (A) Comparison of CIBERSORT results in two LRRC41 expression subgroups. (B) Difference of immune-related signatures between low- and high-LRRC41 subgroups. Single-cell RNA sequencing analysis of LRRC41 abundance in various tissues and immune cell subtypes of HCC patients. (C) Analysis of the enrichment of LRRC41 in tumor and adjacent liver. (D) Analysis of the enrichment of LRRC41 in immune cell subtypes in tumor tissue. (E) (Uniform Manifold Approximation and Projection) UMAP map of immune cells in tumor. (F) UMAP map of the LRRC41 expression level in tumor tissue.
To further investigate the potential role of the LRRC41 methylation level in TIME characterization, HCC samples were grouped into hypermethylation and hypomethylation subtypes based on the median value of LRRC41 methylation level. The CIBERSORT results pointed out that the infiltration of memory B cells was elevated, but plasma cells were downregulated in the LRRC41 hypermethylation group (Figure 10A).
[image: Figure 10]FIGURE 10 | Discrepancy of low and high LRRC41 methylation subgroups in terms of TIME characterization. (A) Comparison of CIBERSORT results in two LRRC41 methylation subgroups. (B) Difference of immune-related signatures between LRRC41 hypermethylation and LRRC41 hypomethylation subgroups. Correlation of candidate DNA methylation with gene mutated status. (C) Correlation of TTN mutation with LRRC41 methylation. (D) Correlation of TP53 mutation with LRRC41 methylation. (E) Correlation of CTNNB1 mutation with LRRC41 methylation. (F) Correlation of TTN mutation with KIAA1429 methylation. (G) Correlation of TP53 mutation with KIAA1429 methylation. (H) Correlation of CTNNB1 mutation with KIAA1429 methylation.
Additionally, APC costimulation, T-cell costimulation, and parainflammation were activated, Checkpoint, CCR and HLA were upregulated and infiltration of aDCs, CD8+ T cells, DCs, macrophages, neutrophils, pDCs, T helper cells, Tfh, TIL, and Treg was remarkably elevated with LRRC41 methylation being decreased (Figure 10B). Collectively, these results suggested that both methylation and expression levels of LRRC41 might be pivotal players in the context of TIME and immune response of HCC.
Potential Role of KIAA1429 in Prognostic Prediction, Immune Cell Infiltration, and Immunotherapeutic Significance
To further reveal the biological role of KIAA1429 in immune cell infiltration, the correlation of the expression value of KIAA1429 with immune cell infiltration was analyzed via TIMER. The results indicated that the KIAA1429 expression was significantly correlated with B cells (r = 0.279; p = 1.39e−07), CD8+ T cells (r = 0.121; p = 2.54e−02), CD4+ T cells (r = 0.269; p = 4.20e−07), macrophages (r = 0.232; p = 1.53e−05), neutrophils (r = 0.274; p = 2.46e−07), and dendritic cells (r = 0.278; p = 1.85e−07; Supplementary Figure S9A).
Next, the expression value of KIAA1429 in normal tissues and tumor samples was analyzed based on the TCGA database. Relative to normal tissues, KIAA1429 was upregulated in cancer samples (Supplementary Figure S9B). To assess the prognostic value of KIAA1429, the survival curve was analyzed between KIAA1429 high- and low-expressed groups. The result showed that patients with low LRRC41 presented significant advantage of overall survival time (Supplementary Figure S9C, p = 0.0039).
Subsequently, the correlation of the KIAA1429 expression level and immunotherapy key genes’ expression levels adjusted by tumor purity by TIMER was analyzed to uncover the potential player of KIAA1429 in immunological treatment. TIMER results showed that KIAA1429 presented significantly positive correlation with CD274 (r = 0.226; p = 2.23e−05), CTLA4 (r = 0.213; p = 6.45e−05), HAVCR2 (r = 0.264; p = 6.29e−07), IDO1 (r = 0.117; p = 2.99e−02), PDCD1 (r = 0.15; p = 5.17e−03), and PDCD1 (r = 0.141; p = 8.90e−03; Supplementary Figures S9D–H), suggesting KIAA1429 has a vital role in immunotherapy.
Regulatory Network Based on LRRC41 and KIAA1429 in HCC
To further explore the biological mechanism of methylation regulation, correlation networks based on LRRC41 and KIAA1429 were constructed, respectively. A total of 47 interactors were identified in the LRRC41-based network (Supplementary Figure S10A), while 186 interactors were determined in the KIAA1429-based network (Supplementary Figure S10B). We reviewed the literature correlated with these interactors in HCC, CUL5 (Ma et al., 2013), RNF7 (Yu et al., 2018), and SOCS1 (Yang et al., 2020), which are potential targets of LRRC41 in methylation regulation of HCC. Additionally, KIAA1429 might interact with EGFR (Ye et al., 2016), HSPA8 (Khosla et al., 2019), and HSP90AA1 (Shi et al., 2020) to modulate methylation in HCC. As such, these underlying targets exhibited promising potential to act as critical regulators involving in the DNA methylation in HCC and further mediated tumorigenicity and progression.
Landscape of Somatic Mutations in HCC
As summarized in the waterfall map, 327 out of 364 HCC patients had the somatic mutation altered, accounting for 89.84%. And we observed that TP53, CTNNB1, and TTN mutations are the top three mutated genes in HCC samples, and the frequency was 30, 25, and 24%, respectively (Supplementary Figure S11A). Missense mutations occupied an absolute position in the total mutation classification (Supplementary Figure S11Ba), and single-nucleotide polymorphism (SNP) accounted for more proportion than deletion (DEL) or insertion (INS, Supplementary Figures S11Bb,Be). Meanwhile, C > T had the highest frequency, 13933 times, in variant types of single-nucleotide variant (SNV) (Supplementary Figures S11Bc,D). Supplementary Figure S11Bd presents that the number of variants per sample and the median value of mutation variants were 71. Besides, the top 10 genetical variated genes were TP53, TTN, CTNNB1, MUC16, ALB, PCLO, MUC4, APOB, RYR2, and ABCA13 (Supplementary Figure S11Bf). The rainfall plot of the sample TCGA−UB−A7MB−01A−11D−A33Q−10 is presented in Supplementary Figure S11C. Each dot represents the SNV mutation type with corresponding color. To further elucidate the intrinsic connection between these genetic altered genes, the exclusive and co-occurrence correlations are presented in Supplementary Figure S11E. To further reveal the intrinsic connection of gene mutation status with DNA methylation, the top three mutated genes (TP53, TTN, and CTNNB1) were fetched for correlation analysis. The results showed that the TP53 mutation and CTNNB1 mutation were significantly higher in the KIAA1429 hypomethylation group (Figures 10G,H), but not TTN mutation (Figure 10F). However, there was no significant correlation of the LRRC41 methylation level with gene mutation (Figures 10C–E).
DISCUSSION
Hepatocellular carcinoma (HCC), well characterized with high morbidity, ranks fourth among tumor-caused deaths globally (1–3). Well characterized with genomic heterogeneity and genetic diversity, HCC patients presented high individual different clinical outcomes based on traditional classification (5, 6). Lacking practical clinical treatment, the overall survival probability of HCC patients remained very low. Therefore, it is necessary to exploit novel and reliable biomolecular indicators for prognosis prediction and clinical efficiency evaluation, contributing to novel insight into therapeutic response monitoring and clinical intervention of HCC.
DNA methylation, mediated in the gene transcription regulation and genome stability maintenance, is one of the most common types of inherited epigenetic modification. Aberrant changes in DNA methylation exist in multiple malignant tumor development (Yang et al., 2017), regulating the expression level of cancer-related genes and significantly affecting the progression of tumor. To further elucidate the intrinsic molecular mechanism of HCC progression, genetic indicators especially DNA CpG sites are critical (Xu et al., 2017; Zheng et al., 2018). Besides, clinical samples (i.e., body fluids) for the determination of the DNA methylation level can be obtained noninvasively from patients, providing a novel channel for early diagnosis, clinical management, and therapeutic targeting. Up to now, the potential role of DNA methylation sites in TIME and ICB therapy of HCC is still unclear.
Herein, this study was designed to uncover the prognostic predictive value and impact upon TIME characteristics and immunotherapy outcome of methylation sites in HCC. We analyzed the methylation information of HCC patients from the TCGA database through employing systematic bioinformatics analysis. Using consensus clustering, we identified seven HCC clusters based on their methylation data to better elucidate their clinical significance as well as biological role in progression of HCC.
Using univariate Cox regression and subsequent LASSO algorithm, we generated a two-gene risk signature consisting of LRRC41 and KIAA1429. In order to demonstrate its great prognostic accuracy, these results were validated in both the testing group and the external validation group. Besides, the prognostic value was demonstrated in another random grouping. The results showed that the risk signature could be an independent prognostic prediction factor using univariable and multivariable regression analyses. Furthermore, a robust quantitative nomogram plot including the risk score and clinical stage was constructed. GSEA analysis results suggested a potential biological molecular mechanism of risk signature in HCC progression via Wnt (Dai et al., 2019; Hu et al., 2019; Huynh et al., 2019; Jin et al., 2019; Li et al., 2019; Tan et al., 2019) and ERBB (Ni et al., 2020) signaling pathways and others. Besides, we demonstrated the prognostic risk signature remained a good prognosis predictive accuracy indicator when HCC cases subdivided into subgroups according to clinical features.
Based on published researches, we observed that some studies have revealed the correlation between DNA methylation with immunotherapy and immune infiltration, which could not be elucidated from the traditional RNA regulation viewpoint. Fietz S et al. examined CTLA4 promoter methylation for predicting objective response to anti-CTLA-4 immunotherapy in late-stage melanoma (Fietz et al., 2020). Nair V S et al. pointed out that T-cell exhaustion and immune checkpoint biomarkers were abnormally altered in tumor-infiltrating CD8+ and CD4+ T cells and tumor tissues in colorectal cancer (CRC) (Nair et al., 2020). Thus, we deduced the proportion of immune cells and level of immune infiltration in TIME were significantly correlated with gene expression and methylation. In summary of immune filtration results (i.e., CIBERSORT, ssGSEA, and TIMER), patients with high risk presented abundance of immune cells, which suggested the activated immune phenotype. However, the positive correlation of the risk score with immunotherapeutic target expression (i.e., PDCD1 and CTLA4) indicated that patients in the high-risk group might be more affected by immune checkpoint blockade–related pathways and suitable for immunotherapy to improve their poor prognosis. However, these results needed to be tested in in vitro or in vivo studies about the underlying molecular mechanism of immune response of HCC.
Being the encouraging and promising outcome of immune checkpoint blockade (ICB) therapy, immune checkpoint inhibitors have great influence upon clinical administration in anti-tumor therapy (Pitt et al., 2016; Llovet et al., 2018; Salik et al., 2020). Immune checkpoint inhibitor treatment has opened up a novel approach for clinical decision-making in HCC patients (Ng et al., 2020). However, HCC patients get relative little therapeutic efficiency after treating ICB therapy, and about 30% HCC patients obtained benefit from immune checkpoint inhibitor administration (Liu et al., 2020). Such biomarkers as tumor mutational burden and microsatellite instability were unreliable to accurately predict the clinical outcome of ICB therapy. It is, therefore, urgent to discover novel and promising factors that could predict response to ICB therapy for further individualized management and advanced precision immunotherapy (Nishino et al., 2017; Mushtaq et al., 2018; Ng et al., 2020). Multiple studies demonstrated that DNA methylation might act as a pivotal player in prediction of response to therapy (Yang et al., 2019; Li et al., 2020). In this study, we validated the DNA methylation–based risk score and potential hub targets (LRRC41 and KIAA1429) were significantly associated with expression level of ICB pivotal target genes (i.e., CTLA4). Besides, the as-constructed prognostic risk score significantly correlated with the ICB treatment target genes (i.e., CD274), suggesting patients with high risk might benefit from immunotherapy. These results indicated that the DNA methylation–based prognostic signature may provide novel insight into ICB therapy outcome prediction in HCC. Without ICB treatment–related data in the HCC cohort, we were unable to explore the correlation between ICB treatment response and risk score. Nevertheless, further experimental researches were required for our results at larger population and multiple centers.
Among DNA methylation–related genes in this prognostic signature, the player of LRRC41 in HCC has not been revealed in existing articles yet. Furthermore, we found the LRRC41 expression can independently affect the overall survival of HCC patients. LRRC41, a largely uncharacterized protein containing a leucine-rich repeat, serves as a pivotal modulator in the formation of cullin 3 (Cul3)–dependent ubiquitin ligase complexes (Schenková et al., 2012). Currently, the biological function of LRRC41 in tumors is still elusive. This study attempted to explore the prognostic predictive significance of LRRC41 and its potential functions in TIME and ICB treatment. We found that the LRRC41 expression level is significantly upregulated in HCC cells and is able to act as a good prognostic prediction factor in HCC. We also corroborated that both expression and methylation levels of LRRC41 had intimate correlation with immune infiltration (i.e., neutrophils) and immunotherapeutic targets (i.e., PDCD1). Additionally, the landscape of mutation status was delineated, and the correlation of methylation with gene mutation was explored. Nevertheless, the potential role of LRRC41 in HCC remains lacking, which needs further and deeper experimental exploration.
It is well established that inhibition of DNA methyltransferase will up-regulate immune signaling to reverse tumor-immune evasion, indicating the regulatory role of DNA methylation in programming the tumor immune microenvironment (Chiappinelli et al., 2015). The results of immune cell infiltration presented higher subpopulations of immune cells (i.e., CD8+ T cells) and active immunological signature (i.e., APC costimulation) in hypomethylation of LRRC41, indicating LRRC41 hypomethylation might contribute to anti-tumor immune response.
Relative to published articles that developed the novel prognostic predictive indicator in HCC, some superiorities of this study should be listed. Firstly, all HCC cases from the TCGA database and ICGC LIRI-JP dataset were included for systematic bioinformatic analysis, and the total specimen size was considerably large. Besides, we employed four methods (ssGSEA, CIBERSORT, TIMER, and single-cell RNA sequencing analysis) to explore the potential functions of DNA methylation in the context of TIME complexity and diversity, further contributing to ICB outcome prediction, which has not been reported before us. Furthermore, as far as we know, this research is the first aimed to explore the biological players of LRRC41 in HCC. Finally, multiple bioinformatics analyses were used for most data processing, all-image formation, and statistical analyses. All multiomics data were available from public datasets and R software (version 4.0.3) with corresponding packages having open access. However, the most notable limitation of this study is that further in vivo experimental study was not performed to validate our findings.
CONCLUSION
In a word, we thoroughly analyzed the methylation landscape, prognostic prediction performance, and influence upon TIME and ICB therapy of DNA methylation in patients with HCC. The distinction of DNA CpG–related genes was a factor that was significantly correlated with overall survival and clinical features, indicating it may act as a pivotal player in the heterogeneity and complexity of tumor immune microenvironment. The systematic analysis of DNA methylation sites in tumor could strengthen our understanding of TIME characterization and facilitate personalized therapy administration. However, these results need to be further validated in subsequent in vitro and in vivo experimental and clinical researches focusing on HCC tumorigenesis, progression of biomolecular mechanisms, and potential player of these DNA methylation sites and corresponding genes.
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GLOSSARY
ANOVA analysis of variance
AUC area under the curve
BCLC Barcelona Clinic Liver Cancer
CD274 Also known as PD-L1
CDF cumulative distribution function
CI confidence interval
CpG 5′-cytosine-phosphate-guanine-3′
CTLA‐4 cytotoxic T‐lymphocyte antigen 4
Cul3 cullin 3
DEL deletion
DFS disease-free survival
DMEM Dulbecco’s minimum essential media
DNMT DNA methyltransferase
FBS fetal bovine serum
FDR false discovery rate
FPKM fragments per kilobase per million
GAPDH glyceraldehyde-3-phosphate dehydrogenase
GO gene ontology
GSEA gene set enrichment analysis
GTEx Genotype-Tissue Expression
HAVCR2 Also known as TIM-3
HCC hepatocellular carcinoma
HR hazard ratio
ICB immune checkpoint blockade
ICGC International Cancer Genome Consortium
IDO1 indoleamine 2,3‐dioxygenase 1
INS insertion
KEGG Kyoto Encyclopedia of Genes and Genomes
LASSO least absolute shrinkage and selection operator
MAPK mitogen-activated protein kinase
MSI microsatellite instability
OS overall survival
PAC proportion of ambiguous clustering
PD‐1 programmed cell death 1
PD‐L1 programmed cell death-ligand 1
PD‐L2 programmed cell death-ligand 2
PDCD1 Also known as PD-1
PDCD1LG2 Also known as PD‐L2
qRT-PCR quantitative real-time polymerase chain reaction
RNA ribonucleic acid
ROC receiver-operating characteristic
SAM S-adenosyl-l-methionine
SNP single-nucleotide polymorphism
SNV single-nucleotide variant
ssGSEA single-sample gene set enrichment analysis
TCGA The Cancer Genome Atlas
TICs tumor‐infiltrating immune cells
TIM‐3 T‐cell immunoglobulin domain and mucin domain–containing molecule‐3
TIME tumor immune microenvironment
TIMER tumor immune estimation resource
TMB tumor mutation burden
TNM topography lymph node metastasis
TPM transcript per million
UCSC University of California, Santa Cruz
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Background: Hepatocellular carcinoma (HCC) is one of the highly heterogeneous cancers that lacks an effective risk model for prognosis prediction. Therefore, we searched for angiogenesis-related immune genes that affected the prognosis of HCC to construct a risk model and studied the role of this model in HCC.
Methods: In this study, we collected the transcriptome data of HCC from The Cancer Genome Atlas (TCGA) and the International Cancer Genome Consortium (ICGC) database. Pearson correlation analysis was performed to identify the association between immune genes and angiogenesis-related genes. Consensus clustering was applied to divide patients into clusters A and B. Subsequently, we studied the differentially expressed angiogenesis-related immune genes (DEari-genes) that affected the prognosis of HCC. The most significant features were identified by least absolute shrinkage and selection operator (LASSO) regression, and a risk model was constructed. The reliability of the risk model was evaluated in the TCGA discovery cohort and the ICGC validation cohort. In addition, we compared the novel risk model to the previous models based on ROC analysis. ssGSEA analysis was used for function evaluation, and pRRophetic was utilized to predict the sensitivity of administering chemotherapeutic agents.
Results: Cluster A patients had favorable survival rates. A total of 23 DEari-genes were correlated with the prognosis of HCC. A five-gene (including BIRC5, KITLG, PGF, SPP1, and SHC1) signature-based risk model was constructed. After regrouping the HCC patients by the median score, we could effectively discriminate between them based on the adverse survival outcome, the unique tumor immune microenvironment, and low chemosensitivity.
Conclusion: The five-gene signature-based risk score established by ari-genes showed a promising clinical prediction value.
Keywords: hepatocellular carcinoma (HCC), tumor immune microenvironment (TIME), immune, prognostic, chemosensitivity
INTRODUCTION
As a global health problem throughout the world, hepatocellular carcinoma (HCC) is a highly heterogeneous disease and the third leading cause of tumor-related deaths in cancers (Lafaro et al., 2015). In developing countries, hepatitis B and hepatitis C viruses account for 60 and 33% in the etiology of HCC, respectively, compared with 23 and 20% in developed countries (Parkin, 2006). Besides, alcoholic cirrhosis (Medavaram and Zhang, 2018), non-alcoholic fatty liver disease (NAFLD) (Younossi et al., 2016), and hereditary hemochromatosis (HH) (Cauza et al., 2003) have also been regarded as the risk factors of HCC. These complex factors make the treatment and prognosis of HCC formidable tasks. In addition to surgical procedures, targeted therapy with sorafenib and chemoembolization are now the primary treatments for advanced HCC (Li et al., 2021). With the rapid development of medical technology, the systemic treatment strategy contributed more to improve the prognosis of HCC patients (Anwanwan et al., 2020). However, due to the later detection and high recurrence rate of HCC, nearly 30% or less patients have the opportunity of undergoing a comprehensive treatment leading to worse prognosis (Dufour et al., 2013; Sberna et al., 2018). Some survival prediction models have been constructed with clinical baseline data and tumor biomarkers of HCC with poor accuracy (AlSalloom, 2016). With the progress of genomics technology, the exploration of prognostic gene signatures in HCC has shown broad prospects. Accurate evaluation tools could not only improve the prognosis of HCC patients but also maximize the benefits of chemo- or immunotherapy. Therefore, the exploration of clinical decision–making models is urgently needed.
Angiogenesis has been characterized as an essential process in tumorigenesis because adequate metabolic supply and nutrients are indispensable to promote tumor growth (Folkman, 1972; Hanahan and Folkman, 1996; Morikawa et al., 2002; Berger et al., 2005; Hanahan and Weinberg, 2011). Apart from angiogenesis-inducing agents, numerous genes have also been proven to be modulators of angiogenesis, such as the vascular endothelial growth factor family, hypoxia-inducible factors, and fibroblast growth factors (Ferrara, 2009). The VEGF family has been firstly determined as a set of core molecules in angiogenesis. VEGF-A to -E bound to three tyrosine kinase receptors (VEGFR-1 to -3) and resulted in dimerization and activation of the downstream signaling cascade. Besides, functional polymorphism in VEGF-A has also shown significant correlation with risk of some cancers (Qin et al., 2014). FGF-2, as the activators of angiogenesis, could stimulate new vessels to generate and stabilize (Zhao and Adjei, 2015). These factors contribute to the formation of neo-vasculature in the tumor immune microenvironment (TIME), and the characteristics of the immune contexture significantly influence the outcome of prognosis and therapy (Zhang et al., 2019). However, whether these angiogenesis-related immune signatures could predict the outcome of prognosis and therapy in HCC patients is still unknown.
In our study, we first constructed a multigene risk-score model based on the TCGA cohort and validated it in the ICGC cohort. Subsequently, KEGG enrichment analysis was performed to explore the underlying mechanisms. In addition, tumor immune infiltration was evaluated by single-sample gene set enrichment analysis (ssGSEA). Finally, we further explored the sensitivity of chemotherapeutic agents based on the R package pRRophetic.
MATERIALS AND METHODS
Data Collection From TCGA-LIHC Cohort and ICGC (LIRI-JP) Cohort
The transcriptome data and corresponding clinical data of 371 HCC patients were downloaded from TCGA-LIHC as the discovery cohort (https://portal.gdc.cancer.gov). Five samples with the survival time of 0 were excluded. Similarly, the ICGC dataset with another 231 HCC patients (https://dcc.icgc.org/projects/LIRI-JP) was obtained as a validation cohort. A list of recognized angiogenesis-related genes and immune-related genes was downloaded from the MSigDB (http://software.broadinstitute.org/gsea/msigdb) and ImmPort database (http://www.immport.org), respectively. The flowchart is shown in Figure 1.
[image: Figure 1]FIGURE 1 | Flowchart of this study.
Cluster Analysis Based on Angiogenesis-Related Immune Genes
The Pearson correlation coefficient was utilized to identify the correlation between angiogenesis-related genes and immune-related genes. In this analysis, the parameter r fluctuating from 0.4 to 0.6 had moderate correlation. p < 0.001 was statistically significant. Therefore, the immune genes with correlation coefficients more than 0.4 and p-value less than 0.001 were considered angiogenesis-related immune genes (ari-genes). Cluster analysis algorithms were utilized as a tool with the goal of exploring hidden groupings in a large dataset and frequently used in exploratory public data analysis in recent years. The principle of these algorithms was to form several groupings in such a way that data within a cluster have a higher measure of similarity. Therefore, a consensus clustering analysis was further performed based on the R package ConsensusClusterPlus. To evaluate the prognostic implication of ari-genes in the TCGA cohort, the Kaplan–Meier survival curve was subsequently plotted to compare the OS of the different subgroups.
Construction and Validation of Risk Model Based on DEari-Genes Affecting Prognosis
In order to develop more powerful risk models, the R package limma was utilized to identify the differentially expressed angiogenesis-related immune genes (DEari-genes) with the threshold of a false discovery rate (FDR) value < 0.05 in the discovery cohort. Univariate Cox regression was performed to screen OS-related DEari-genes. An interaction network for the OS-related DEari-genes was generated by the STRING database (https://string-db.org/). LASSO-penalized Cox regression could improve the accuracy and efficacy of prediction on risk and be widely used in data mining recently (Tibshirani, 1997; Simon et al., 2011). Those genes found to be statistically significant in the univariate Cox regression were then used in the least absolute shrinkage and selection operator (LASSO) algorithm for variable selection and subsequently shrinkage with the R package glmnet. To minimize the risk of overfitting, LASSO regression was performed with tenfold cross validation and run for 1,000 cycles with a random stimulation of 1,000 times to prevent overfitting effects of the model. Next, the ari-genes with the frequency more than 100 times were selected for Cox analysis to construct the benefit model. The risk score of angiogenesis-related immune signatures for each patient was calculated as follows:
[image: image]
All patients were stratified into high-risk and low-risk groups by the median risk score. Besides, PCA and t-SNE were performed to explore the distribution of different groups using R packages stats and Rtsne, respectively. Finally, the Kaplan–Meier survival curve was plotted to compare the OS of the two groups, and the one-, two-, and three-year ROC curves of the risk model were drawn to evaluate the prognostic performance of the gene signature.
Functional Enrichment Analysis
To elucidate the potential biological roles that were associated with the established risk score, the DEGs between the high-risk and low-risk groups were utilized to perform enrichment analyses. We first identified the expression of differentially expressed gene (DEG) sets between high–risk score and low–risk score groups. The thresholds were set as |log2FC| >1.5 along with FDR <0.05. Kyoto Encyclopedia of Genes and Genomes (KEGG) analysis was conducted by R software. The R package clusterProfiler was utilized to explore the biological attributes of these DEGs.
Evaluation of Tumor-Infiltrating Immune Cells
To analyze the immune-cell characteristics between the different risk groups, we used single-sample gene set enrichment analysis (ssGSEA) based on the R package gsva. The immune infiltration statuses and relevant immune-related pathways were calculated among the samples from the TCGA-LIHC and LIRI-JP datasets.
Exploration of the Sensitivity of Chemotherapeutic Agents
To predict the sensitivity of chemotherapeutic agents, the R package pRRophetic was utilized to measure the half-maximal inhibitory concentration (IC50) of samples in different groups by ridge regression. According to AJCC guidelines, antitumor drugs such as cisplatin, doxorubicin, mitomycin, and sorafenib were selected as candidate agents. The IC50 in different groups was compared by the Wilcoxon signed-rank test subsequently.
Statistical Analysis
All statistical analysis was conducted in R software 3.6.3. The p-value < 0.05 and p-value < 0.001 were considered statistically significant and highly significant. FDR <0.05 was considered statistically significant.
RESULTS
Cluster Analysis Based on Angiogenesis-Related Immune Genes
In order to identify ari-genes, Pearson correlation coefficient analysis was conducted. This analysis screened out 371 ari-genes in the TCGA-LIHC cohort (cor >0.4; Supplementary Table S1). These ari-genes were further utilized for cluster analysis. Most of the samples in this study are concentrated on three different positions (far left, middle, and far right). The density is too high to present every single HCC sample. Therefore, these patients from the discovery group were clustered into two subgroups. As shown in Figures 2A–D, k = 2 was considered the excellent cluster number due to its optimal clustering stability in the TCGA cohort. Subsequently, the heatmap of individual clusters was drawn to show the trend of candidate gene expression (Figure 2E). Finally, the survival analysis was performed and showed the better result. Our result showed that cluster A patients had more favorable overall survival (OS) rates than patients of cluster B (p < 0.001; Figure 2F).
[image: Figure 2]FIGURE 2 | Two clusters based on the expression level of angiogenesis-related immune genes (ari-genes) in the TCGA cohort. (A) The sample distribution changed with k valued 2 to 9. (B) Relative change in area under the CDF curve with k = 2. (C) Consensus clustering cumulative distribution function (CDF) with k valued 2 to 9. (D) Consensus clustering matrix for k = 2. (E) Heatmap of ari-genes between two clusters in the TCGA cohort. (F) Kaplan–Meier survival curves for clusters A and B of the TCGA dataset (p < 0.001). A and B represent different immune statuses.
Identification of Ari-Genes With Prognostic Value and Establishment of Prognostic Models
In order to establish powerful predictive models, 56 genes with significantly differential expression were identified as DEari-genes, and univariate Cox regression analysis was conducted to identify OS-related gene sets (Figures 3A,B, Supplementary Table S2). 23 genes were found to have correlation with OS and evaluated between tumor and normal tissues by heatmap (Figures 3C,D). An interaction network for these genes was generated by the STRING database and showed regulation positively with each other (Figures 3E,F). LASSO-penalized Cox regression was performed to further analyze these 23 genes. Five candidate genes were determined and shown in different clusters (Supplementary Figure S1). The risk score formula reads as follows: risk score = 0.165047964281723* mRNA expression level of BIRC5 + 0.135792073795595* mRNA expression level of KITLG + 0.0483865964062503* mRNA expression level of PGF + 0.067693493533674* mRNA expression level of SPP1 + 0.0407522078712915 * mRNA expression level of SHC1. Based on their risk scores, HCC patients in the training set were divided into high- and low-risk groups (Figures 4A,B). Kaplan–Meier survival analysis was performed, and patients in the high-risk group showed significantly shorter OS than those in the low-risk group (p < 0.001) (Figure 4E). Then, the ROC curves were plotted, and the AUC values calculated from TCGA for 1, 2, and 3 years were 0.774, 0.715, and 0.677, respectively (Figure 4F). PCA and t-SNE were further applied to demonstrate the distribution in discrete directions (Figures 4C,D).
[image: Figure 3]FIGURE 3 | Identification of the candidate angiogenesis-related immune genes in the TCGA discovery cohort. (A) Heatmap of DEari-genes between tumor and normal tissues. Red color represents up-regulation of genes, and green color represents down-regulation of genes. (B) Volcano plot of DEari-genes between tumor and normal tissues. (C) Forest plots showing OS-related ari-genes via univariate Cox regression. (D) Heatmap of OS-related ari-genes. (E) PPI network indicating the interactions among these candidate genes. (F) Network showing the correlation of candidate genes.
[image: Figure 4]FIGURE 4 | Prognostic value of the five-gene risk model in the TCGA cohort. (A) The median value of risk scores with survival and statuses of HCC patients depends on the five-gene risk model in the TCGA cohort. (B) The distribution of risk scores with survival and statuses of HCC patients depends on the five-gene risk model in the TCGA cohort. (C) Principal component analysis of HCC patients in the TCGA cohort. (D) t-SNE analysis of HCC patients in the TCGA cohort. (E) Survival analysis of patients in the high-risk group and low-risk group based on the prediction risk score formula. (F) One-, two-, and three-year ROC curves of the benefit model for assessing the prognostic performance of the gene signature in the TCGA cohort.
Validation of Prognostic Angiogenesis-Related Immune Signatures With External Dataset
To evaluate the predictive value of the identified angiogenesis-related immune signatures from the discovery set, the ICGC dataset was introduced as the validation group. The same formula as that from the TCGA cohort was used to calculate the risk score of each patient in the validation group (Figures 5A,B). As shown in Figure 5E, the patients in the high–risk score group had a reduced survival time compared to those in the low–risk score group. Besides, the validation results showed that the AUC of the angiogenesis-related immune signatures was 0.734 in 1 year, 0.725 in 2 years, and 0.738 in 3 years (Figure 5F). Similarly, PCA and t-SNE analysis showed the same results as those in the TCGA cohort (Figures 5C,D).
[image: Figure 5]FIGURE 5 | Validation of the risk model in the ICGC cohort. (A) The median value of risk scores with survival and statuses of HCC patients depends on the five-gene risk model in the ICGC cohort. (B) The distribution of risk scores with survival and statuses of HCC patients depends on the five-gene risk model in the ICGC cohort. (C) Principal component analysis of HCC patients in the ICGC cohort. (D) t-SNE analysis of HCC patients in the ICGC cohort. (E) Survival analysis of patients in the high-risk group and low-risk group based on the prediction risk score formula. (F) One-, two-, and three-year ROC curves of the benefit model for assessing the prognostic performance of the gene signature in the ICGC cohort.
Comparison of the Five-Gene Risk Model and Other Models
Next, we compared the performance of our established risk model with those of four other prognostic models: the seven immune-related–gene signature (Liu et al., 2020), the twelve-gene signature (Ouyang et al., 2020), the HCC prognostic evaluation model (Zhang et al., 2020), and another HCC immune signature (Pan et al., 2020) published in recent years (Table 1).
TABLE 1 | Comparison of the risk model and other models.
[image: Table 1]Independent Prognostic Value of the Five-Gene Signature
In order to evaluate the independent prognostic predictor for OS, univariate and multivariate Cox regression analyses were carried out successively. We demonstrated that the stage (p < 0.001, HR = 2.500, 95% CI [1.721–3.632]) and risk score (p < 0.001, HR = 4.329, 95% CI [2.700–6.941]) were significantly associated with OS in the TCGA cohort (Figure 6A). After correction for other confounding factors, the stage (p = 0.003, HR = 2.492, 95% CI [1.351–4.599]) and risk score (p < 0.001, HR = 5.999, 95% CI [2.832–12.708]) still showed statistical differences by multivariate Cox regression analysis (Figure 6C). Therefore, the stage and risk score are presented as independent prognostic predictors. The results were verified in the ICGC cohort (Figures 6B,D).
[image: Figure 6]FIGURE 6 | Forest map of univariate and multivariate regression analyses in the TCGA discovery cohort (A, C) and the ICGC validation cohort (B, D).
Functional Analysis of the Angiogenesis-Related Immune Signatures
To elucidate the potential influence of the classifier that was associated with the risk score, we firstly screened DEGs between the high-risk group and the low-risk group. KEGG pathway analyses were further performed to compare the high- and low-risk groups. As expected, KEGG pathway analyses showed that DEGs from TCGA cohorts were mainly involved in several immune-related pathways, such as cell cycle, ECM−receptor interaction, bile secretion, IL−17 signaling pathway, pancreatic secretion, and protein digestion and absorption (Figure 7A). Four pathways were validated by the ICGC cohort, including ECM−receptor interaction, bile secretion, IL−17 signaling pathway, and protein digestion and absorption (Figure 7B). Interestingly, the TIME-associated ECM–receptor interaction was enriched in both cohorts (adjusted p < 0.05, Figure 7).
[image: Figure 7]FIGURE 7 | The significant KEGG pathways in the TCGA cohort (A) and ICGC cohort (B) are displayed.
Evaluation of Tumor Immune Infiltration
To further explore the potential correlation between the risk score and the TIME, we consequently evaluated immune infiltration status among different samples. We revealed that several tumor-infiltrating immune cells were abundant in the high-risk group. In both cohorts, tumor-infiltrating immune cells, including aDCs, DCs, iDCs, Th2 cells, and Treg cells, showed more positive correlation with a higher risk score, implying significant roles of these infiltrating cells in pathogenesis or progression of HCC (all adjusted p < 0.05, Figures 8A,C). Interestingly, we could more effectively differentiate between two risk groups in both cohorts based on contents of the antigen presentation process, including aDCs, DCs, iDCs, APC_co_inhibition, APC_co_stimulation, HLA, and MHC_class_I. After reanalysis of the KEGG pathway, we found the ECM−receptor interaction had a relatively higher score in the high-risk group of the TCGA and ICGC cohorts (adjusted p < 0.05, Figure 7). Moreover, the scores of APC_co_inhibition, APC_co_stimulation, CCR, Check−point, HLA, MHC_class_I, and T_cell_co_stimulation were higher in the high-risk group, while the activity of type II IFN response was just the opposite (adjusted p < 0.05, Figures 8B,D). The result was consistent with the findings of the KEGG analysis.
[image: Figure 8]FIGURE 8 | Comparison of the immune status between the high-risk group and the low-risk group in the TCGA cohort (A, B) and ICGC cohort (C, D). The difference of 16 immune cells (A, C) and 13 immune-related functions (B, D) is based on ssGSEA scores. *p < 0.05; **p < 0.01; ***p < 0.001.
Analysis of the Correlation Between the Constructed Risk Model and Common Chemotherapeutics
To evaluate the risk model in the clinic for HCC treatment, we attempted to explore associations between risk scores and the efficacy of administering common chemotherapeutics. Our study revealed that a lower risk score was related to higher IC50 among antitumor drugs, such as cisplatin, doxorubicin, etoposide, and mitomycin C, whereas it was associated with a higher chemosensitivity in sorafenib (p = 0.045) (Figure 9). Our results indicated that the established model had a potential predictive value for chemosensitivity.
[image: Figure 9]FIGURE 9 | Evaluation of chemosensitivity by the risk model. The model showed high risk scores were associated with a lower IC50 for chemotherapeutics such as (A) cisplatin, (B) doxorubicin, (C) etoposide, and (E) mitomycin C, whereas they were related to a higher IC50 for (D) sorafenib.
DISCUSSION
Previous studies have reported expression levels of BIRC5 (Jin et al., 2015), KITLG (Hu et al., 2021), SPP1 (Long et al., 2018), and SHC1 (He et al., 2019) could serve as biomarkers for predicting prognosis in HCC. BIRC5 is essential for cell division and death and promotes the progression of HCC (Wheatley and Altieri, 2019). A previous study has also confirmed that OCT4 could enhance the expression of BIRC5 via the inhibition of cell arrest in HCC. This promoted the proliferation of cancer cells and reduced their susceptibility to chemo- and radiotherapy (Su, 2016). KITLG is a ligand of the c-kit tyrosine kinase receptor and found with multiple biological functions in recent years. Aggressive expression of KITLG mediated by the autocrine/paracrine stimulation-loop mechanism has been identified in multiple cancer types such as uveal melanoma (Lefevre et al., 2004), glioma (Sun et al., 2006), breast cancer (Han et al., 2008), and non-small-cell lung cancer (Théou-Anton et al., 2006; Martinho et al., 2008; Levina et al., 2010). However, the roles of KITLG deserve further study in HCC. Secreted phosphoprotein 1 (SPP1) plays a pivotal role in the growth, proliferation, migration, and apoptosis of cancer cells. Interestingly, SPP1 could promote stem-like phenotype in tumorigenesis and further result in chemo-resistance (Liu et al., 2016). Many studies have implicated SHC1 involvement in signaling by epidermal growth factor receptor-2 (HER-2), RAS/MAPK, and PI3K, all of which have a positive effect on tumorigenesis (Das and Vonderhaar, 1996; Fox et al., 2009; Hudson et al., 2014). In recent years, some researchers have proposed that dysregulation of SHC1 might result from extensive epigenetic reprogramming that interferes with normal interactions and solid matrix, mediating metastasis (Terada, 2019). However, the prognosis and roles of PGF have not been reported. These factors were screened out in the univariate Cox regression analysis and found correlated with OS in this study. These results significantly indicated the possibility of constructing a risk model with these ari-genes.
In this study, a risk model based on angiogenesis-related immune signatures was constructed to evaluate the prognosis of HCC patients, immune infiltration status, and drug chemosensitivity to HCC. First, we retrieved raw data of mRNA from the TCGA-LIHC cohort, and the samples with incomplete clinical information were eliminated. Co-expression analysis was performed to classify ari-genes, and the survival curve based on individual clusters showed significant difference. However, the survival curve is crossed, and a great deal of genes limit its clinical application. Therefore, it is necessary to construct an easy-to-use and powerful model. Second, we performed univariate analysis to screen OS-related DEari-genes. These genes were introduced to a modified Lasso penalized regression to determine candidate genes. Third, we calculated each AUC value of ROC at the time of 1, 2, and 3 years to differentiate the high- and low-risk groups among patients with HCC and eventually get the optimal model. The risk model integrating the five-gene signature was further validated in the ICGC cohort. Compared with some previous models, our five-gene risk model showed better performance in the evaluation of prognosis value, with the AUC value of 0.774. Besides, the stage and risk score are presented as independent prognostic predictors. The results were verified in the ICGC cohort. Fourth, we evaluated this novel model under tumor-infiltrating immune cells and chemotherapy. Our model proved to be significant in differentiating between high and low chemosensitivity to HCC. Thus, the present study provides a more precise tool in clinical decision-making.
The tumor immune microenvironment (TIME) has been proven to exert important effects on the treatment response (Teng et al., 2015; Li et al., 2020). Various immune cells might function as a tumor inhibitor or promoter and play a potential role in the regulation of HCC (Lei et al., 2020). Mounting data suggest that angiogenesis is involved in the interactions among tumor cells, various tumor-related stromal cells, and their bioactive products, which revealed that pathological angiogenesis was regulated in a variety of ways (Balkwill et al., 2012; De Palma et al., 2017). Tumor-associated macrophages (TAMs) have been proven to mediate angiogenesis by secreting growth factors and inflammatory factors, thereby activating vascular cell proliferation (De Palma et al., 2017). Regarding the regulatory function of lymphocytes, some evidence showed that T cell subsets (Th1, Treg (Motz and Coukos, 2011) and CD4+ Th2 cells (DeNardo et al., 2009)) could also play pro-angiogenesis roles through different mechanisms. Previous studies showed that poor prognosis of cancer patients is greatly correlated with the proportion of M2-like TAMs (Ni et al., 2019; Yan et al., 2020; Wang et al., 2021; Ye et al., 2021). Therefore, whether high risk score is positively correlated with M2-like macrophages needs to be further confirmed. Besides, NK cells (Bruno et al., 2014) and DC cells modulated vascularization directly or indirectly. Interestingly, we could more effectively differentiate between two risk groups in both cohorts based on contents of the antigen presentation process. Some studies indicated that DCs could stimulate some specific T cell responses and further kill a bit more cancer cells via the antigen presentation process (Zhou et al., 2019). In this study, we found several tumor-infiltrating immune cells, including aDCs, DCs, iDCs, Th2 cells, and Treg cells, showed more positive correlation with a higher risk score. DCs and T cell subsets were mainly enriched in the high-risk group, which is consistent with that reported in the previous studies. Dendritic cells (DCs) are the main regulators of immune tolerance or response and could enhance the efficacy of immune check-point inhibitors in DC-dependent ways (Martinek et al., 2019). Besides, DCs and macrophages are responsible for capturing antigens on MHC-I for activating CD8+ T cells and initiating immune responses, thereby overcoming resistance to immunotherapies (Banchereau and Steinman, 1998; Guerriero, 2019). However, in this study, the increased infiltration of DCs was not associated with higher proportions of CD8+ T cells in the high-risk group, implicating a compromised antigen presentation function in the high-risk group. Besides, the previous study indicated that the increased infiltration of Treg cells correlates with CD8+ T cell impairment and adverse survival in HCC patients, which is consistent with present results (Fu et al., 2007). Therefore, despite the antigen presentation correlation with increased co-stimulator and MHC class I expression in the high-risk group, our results indicate that tumor-infiltrating immune cells, including aDCs, DCs, iDCs, Th2 cells, and Treg cells, showed more positive correlation with a higher risk score, implying significant roles of these infiltrating cells in pathogenesis or progression of HCC.
Although the underlying mechanisms of tumor immunity have been studied in the past few years, the potential modulation between tumor immunity and angiogenesis remains elusive (McKelvey et al., 2018). KEGG pathway analysis linked ECM–receptor interaction with immune response. The ECM–receptor interaction signal pathway was involved in progression of various cancers (Andersen et al., 2018; Yan et al., 2018; Bao et al., 2019). As is known to all, the extracellular matrix (ECM) not only forms the skeleton of tissue but also promotes malignant phenotypes, such as maintaining proliferation signals, promoting cell survival, migration, differentiation, and angiogenesis, and regulating immune function (Pickup et al., 2014). The transformation of normal cells of epithelial cells into malignant cells could promote metastasis and mediate poor prognosis, which might be the result of the stiffness of ECM (Grasset et al., 2018; Katara et al., 2018). Interestingly, ECM modification, especially stiffness, was also associated with resistance of chemotherapeutic drugs. ECM stiffness serves as a barrier and impedes the effective uptake and delivery of drugs in the local environment of the tumor (Najafi et al., 2019), which further demonstrates the causes of the resistance of chemotherapies. Meanwhile, our risk model revealed that the high risk was associated with high sensitivity of chemotherapy drugs, such as cisplatin, doxorubicin, etoposide, gemcitabine, and mitomycin C, except for sorafenib and vinblastine. These results could guide chemotherapeutic agents’ decision-making in clinical practice.
To the best of our knowledge, this is the first study identifying prognosis-related ari-genes and developing the risk model of prognosis and chemosensitivity in patients with HCC. However, limitations of this study should be mentioned. First, our risk model had a certain predicative value, but it was constructed and validated with retrospective data from TCGA and ICGC public databases. Some prospective studies are needed to verify its clinical utility. Nevertheless, these public databases are well characterized owing to containing the largest sample size up to now. Second, the relationship between the risk score and immune activity should be experimentally addressed in the future. Furthermore, subsequent studies should focus on the mechanism of drug response and acquired resistance to chemotherapy.
CONCLUSION
In summary, we constructed a risk model based on ari-genes to assess prognosis, immune infiltration status, and chemotherapy sensitivity in HCC. This model would support clinical decision-making in evaluation of prognosis and drug treatment.
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Cuproptosis is a novel form of cell death, correlated with the tricarboxylic acid (TCA) cycle. However, the metabolic features and the benefit of immune checkpoint inhibitor (ICI) therapy based on cuproptosis have not yet been elucidated in Hepatocellular carcinoma (HCC). First, we identified and validated three cuproptosis subtypes based on 10 cuproptosis-related genes (CRGs) in HCC patients. We explored the correlation between three cuproptosis subtypes and metabolism-related pathways. Besides, a comprehensive immune analysis of three cuproptosis subtypes was performed. Then, we calculated the cuproptosis-related gene prognostic index (CRGPI) score for predicting prognosis and validated its predictive capability by Decision curve analysis (DCA). We as well explored the benefit of ICI therapy of different CRGPI subgroups in two anti-PD1/PD-L1 therapy cohorts (IMvigor210 cohort and GSE176307). Finally, we performed the ridge regression algorithm to calculate the IC50 value for drug sensitivity and Gene set enrichment analysis (GSEA) analysis to explore the potential mechanism. We found that cluster A presented a higher expression of FDX1 and was correlated with metabolism, glycolysis, and TCA cycle pathways, compared with the other two clusters. HCC patients with high CRGPI scores had a worse OS probability, and we further found that the CRGPI-high group had high expression of PD1/PDL1, TMB, and better response (PR/CR) to immunotherapy in the IMvigor210 cohort and GSE176307. These findings highlight the importance of CRGPI serving as a potential biomarker for both prognostic and immunotherapy for HCC patients. Generally, our results provide novel insights about cuproptosis into immune therapeutic strategies.
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Introduction

Liver cancer is one of the leading causes of cancer-related death in the world, with an appraised incidence of more than 1 million cases by 2025, and about 85% of liver cancer cases are hepatocellular carcinoma (HCC) (1, 2). The initiation of HCC is associated with chronic inflammatory change, which is induced by viral infections, metabolic alterations, etc. (3, 4). Nonalcoholic fatty liver disease (NAFLD) is a typical example of liver metabolism dysfunction increasing susceptibility to HCC, as changes in the metabolic microenvironment persistently exist (5–9). The progression of HCC is driven by metabolic reprogramming, for it shifts the metabolism toward promoting tumor growth and proliferation. Notably, the tricarboxylic acid cycle (TCA) is the key metabolic pathway and connects three major metabolic nutrients (glucose, lipid, and protein) (10). Cancer cells prefer glycolysis to oxidative phosphorylation to fulfill their excessive energetic demand for hyper-proliferation, which is known as the Warburg effect (11). In addition, many cancer cells prefer glutamine to synthesize amino acids and nucleotides. Glutamine is also an essential carbon source for the TCA (12). A previous study found that disturbing the metabolism process of detoxification enzymes (for example, cytochrome P450 2E1 (CYP2E1)) could result in cellular DNA damage and hepatocyte death (13). Cuproptosis, also called copper-induced cell death in a recent study published in Science, facilitated the aggregation of protein lipoylation associated with TCA’s mitochondrial enzymes. However, we know little about the correlation between the metabolism of copper and the progression of HCC.

Systematic therapy for HCC is challenging for minor prolongation of overall survival (OS), including molecular targeted drug therapy (for example, sorafenib, lenvatinib, and regorafenib), and chemotherapy such as FOLFOX4 (combination of Oxaliplatin, 5-fluorouracil, and leucovorin) (14). In recent years, progress has been made in immune checkpoint inhibitor (ICI) for HCC, including cytotoxic T lymphocyte-associated protein 4 (CTLA-4) inhibitors (for example, Ipilimumab), programmed cell death protein 1 (PD-1) inhibitors (for example, Nivolumab, pembrolizumab), and programmed death ligand 1 (PD-L1) inhibitors (for example, atezolizumab) (15–17). The combination of atezolizumab plus bevacizumab (T+A) has gradually become the new front-line treatment for HCC (18). Studies found that targeting and reprogramming metabolism could enhance tumor immunotherapy (19, 20). Previous studies demonstrated that patients with high PD-1/PD-L1, high TMB, high MSI, or low TIDE tend to be more sensitive to anti-PD-1/PD-L1 therapies (21–24). However, due to the genetic, metabolic, and inflammatory heterogeneity of HCC, the traditional molecular classifications have limitations for the identification of the ICI treatment benefit population. Thus, an effective indicator for prognostic and immunotherapy responsiveness considering metabolism is urgently needed.

In this study, we aimed to explore the metabolic features and construct a biomarker based on cuproptosis-related genes (CRGs) for HCC patients, which could both predict the prognosis and immunotherapy response. We explored genetic alterations and the correlation between transcriptional expression and the prognosis of 10 CRGs in HCC. HCC patients were divided into three cuproptosis-related subtypes based on 10 CRGs by consensus clustering. We identified the metabolic features, OS, tumor microenvironment (TME), tumor immune dysfunction and exclusion (TIDE), microsatellite instability (MSI), and tumor mutational burden (TMB) among three subtypes. Moreover, we established a novel prognostic score called “cuproptosis -related gene prognostic index” (CRGPI) to predict OS and ICI responses. Particularly, Decision curve analysis (DCA) proved that the CRGPI classification performed a great clinical net benefit compared with other molecular classification strategies. We further validated the predictive ability of immunotherapy response based on CRGPI in two anti-PD1/PD-L1 therapy cohorts (IMvigor210 cohort and GSE176307). Interestingly, we observed a potential correlation between cuproptosis subtypes C and CRGPI-high subgroups. Our results implied that CRGs could serve as a potential prognostic predictor for OS and responses to immunotherapy, and may offer novel insights into cancer treatment for HCC patients.



Materials and methods


Dataset collection and processing

We conducted a mutational analysis of 10 cuproptosis-related genes (CRGs) by 372 HCC samples with cBioportal Liver Hepatocellular Carcinoma TCGA, PanCancer Atlas (https://www.cbioportal.org/). mRNA expression levels of 15 HCC cohorts were obtained by HCCDB (http://lifeome.net/database/hccdb/home.html), including TCGA-LIHC, ICGC-LIRI-JP, and 13 GEO datasets (GSE22058, GSE25097, GSE36376, GSE14520, GSE10143, GSE9843, GSE19977, GSE46444, GSE54236, GSE63898, GSE43619, GSE64041, and GSE76427). Next, four cohorts (GSE14520, GSE76427, TCGA-LIHC, and ICGC-LIRI-JP) with complete clinical information were included for further analysis. To perform the consequent consensus clustering, an HCC meta cohort (GSE14520, GSE76427, and ICGC-LIRI-JP) was integrated, and removed batch effects via the “Combat” algorithm. Then, we used the TCGA-LIHC cohort as an external validation dataset.



Consensus clustering of CRGs

We used the R package of ConsensusClusterPlus to calculate how frequently HCC samples were grouped by 10 CRGs (FDX1, LIAS, LIPT1, DLD, DLAT, PDHA1, PDHB, MTF1, GLS, CDKN2A). And we used the proportion of ambiguously clustered pairs (PAC) to accurately estimate the optimal cluster number (K) (25). Three clusters were identified, and further survival analysis was conducted by the Kaplan-Meier curve with the log-rank test. In addition, we also validated the results of three clusters in the external TCGA-LIHC dataset. In addition, principal component analysis (PCA) was performed by the “ggplot2” R package.



Pathway enrichment analysis of cuproptosis subtypes

The “GSVA”, “clusterProfiler”, and “Limma” packages were applied for differential expressed genes and pathway enrichment analysis. Besides, we used the gene sets of “c2.cp.kegg.v7.1.symbols” via the MSigDB database downloaded on the GSEA website (https://www.gsea-msigdb.org/gsea/downloads.jsp). Under the criterion of |log2(fold change) | > 0.2 and adjust P value < 0.05, we considered it as statistically significant pathways.



Comprehensive analysis of TME, immune checkpoints, TMB, MSI, and TIDE of three cuproptosis subtypes

To explore the TME of different cuproptosis subtypes in HCC samples, we estimated the proportion of 22 immune cell infiltration by the CIBERSORT algorithm. The gene expression feature profile of the 22 immune cells was downloaded on the website (https://cibersortx.stanford.edu/). We further calculated the ImmuneScore, StromalScore, and EstimateScore for three cuproptosis subtypes by using the ESTIMATE algorithm. In addition, to better understand the potential benefit of ICI, we evaluated the correlation between three cuproptosis subtypes and multiple ICI efficacy-predictive biomarkers (including PD-1, PD-L1, TMB, MSI, and TIDE).



Construction of the CRGPI

First, we found that 4 genes were associated with OS by performing univariate Cox analysis. Then, we calculated the CRGPI for every HCC patient as follows: CRGPI = Σ(Expi * coefi). Coefi and Expi represented the coefficient and expression of each gene, respectively. To evaluate whether the CRGPI score was an independent prognostic factor, we compared it with other available clinicopathological factors, such as age, gender, and stage. We also evaluated the model performance by the area under the curve (AUC) values for 1-, 2-, and 5-year survivals. Additionally, we divided HCC samples into the CRGPI-high and CRGPI-low groups based on the median score to perform the Kaplan–Meier survival analysis. Similarly, we also validated the predictive power of CRGPI in an HCC meta cohort and ICGC-LIRI-JP cohort.



Comprehensive analysis of prognosis and immunotherapy response prediction of CRGPI

We compared the CRGPI with four published molecular classifications (Liang et al.; Baohui Zhang et al.; Du et al.; Zhen Zhang et al.) by conducting Decision Curve Analysis (DCA), which could assess the utility of different models for decision-making (26–30). Additionally, two anti-PD1/PD-L1 inhibitor cohorts (IMVigor 210 and GSE176307) were used to demonstrate the predictive value of immunotherapy response of CRGPI. IMVigor 210 includes metastatic urothelial bladder cancer treated with atezolizumab (PD-L1 inhibitor). It has relatively complete mRNA data, OS information, and immunotherapy response information. The R package of IMvigor210CoreBiologies was used to explore IMVigor 210. GSE176307 contains 90 bladder cancer patients treated with pembrolizumab or atezolizuma.



Drug susceptibility and KEGG analysis

Based on the expression data of the HCC patients, we used the R package oncoPredict for predicting drug response and biomarkers. Through this update method, we could calculate drug sensitivity to find drug-specific biomarkers, predict clinical drug response, and explore the correlation between predictions and clinical features (31) We used the Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway enrichment analysis to evaluate the active pathways in HCC tissues compared to adjacent normal tissues.



Statistical analysis

Wilcoxon and Kruskal-Wallis test were used for two groups and three groups, respectively. The Kruskal-Wallis test evaluated differences among the three groups. Kaplan–Meier survival plot was assessed by the log-rank test. All analyses and graphics were conducted in R (version 4.2.0, https://www.r-project.org/). p<0.05 was considered significant.




Results


Genetic alterations and transcriptional expression of CRGs in HCC

First, 53 (15.01%) of the 353 TCGA LIHC samples had mutations in the 10 CRGs (FDX1, LIAS, LIPT1, DLD, DLAT, PDHA1, PDHB, MTF1, GLS, CDKN2A). Among them, CDKN2A had the highest mutation frequency (2.55%) and the highest deep deletion rate (5.67%), while LIAS (1.98%) and DLD (1.7%) had a higher amplification, and FDX1 did not have any mutations or CNV (Figure 1A). Since the ICGC database had relatively complete clinical information and large patient samples, it was applied to examine the mRNA expression of 10 CRGs in HCC. Except FDX1 was significantly downregulated, the other nine genes were elevated in HCC tumor tissues compared to adjacent samples (Figure 1B). Interestingly, with CNV loss or mutation, CDKN2A was expressed at a higher mRNA expression level in HCC samples, suggesting that CNV might not be the only factor involved in regulating mRNA expression. Subsequent spearman’s correlation analysis was performed to explore the correlation of these 10 CRGs. Our study showed similar results to previous studies that FDX1 may negatively regulate the expression of MTF1, GLS, and CDKN2A (32). In addition, the lipoic acid (LA) pathway-related genes and PDH complex revealed an internally positive correlation (Figure 1C). Since FDX1 was known as a key regulator of copper ionophore–induced cell death, we further examined its expression in HCCDB databases, which included 10 GSE datasets and a TCGA-LIHC dataset. The results of multiple databases further confirmed the lower expression of FDX1 in HCC tissues (Figure 1D). Survival analysis showed that higher FDX1 expression correlated with better OS of HCC patients in GSE14520, TCGA-LIHC, and ICGC-LIRI-JP (Figure 1E).




Figure 1 | Genetic alterations and transcriptional expression of CRGs in HCC. (A) Mutation frequencies of 10 CRGs in 353 TCGA-LIHC samples. (B) mRNA expression of 10 CRGs between 177 adjacent and 212 HCC tissues from the ICGC-LIRI-JP cohort. (C) The correlation of 10 CRGs in TCGA-LIHC. Red brick represents positive correlation, blue represents negative positive and the depth of the color represents the strength of the correlation between them. (D) The expression of FDX1 in 12 HCCDB databases. (E) Kaplan−Meier plot for the expression of FDX1 and OS in HCCDB6, HCCDB15, and HCCDB18. CRGs, cuproptosis-related genes; TCGA, The Cancer Genome Atlas; LIHC, liver hepatocellular carcinoma; OS, overall survival. **p < 0.01;  ****p < 0.0001.





Identification of cuproptosis subtypes

To fully understand the cuproptosis expression subtypes of CRGs, the HCC meta cohort (GSE14520, GSE76427, and ICGC-LIRI-JP) was integrated to explore the correlation between subtypes and OS internally, and TCGA-LIHC was used to externally validate the results (Figure S1A).

First, we used the “Combat” algorithm to remove batch effects in the HCC meta cohort (Figure 2A), and we excluded patients without survival information. Then, a total of 527 HCC patients were included in the further analyses. We used the unsupervised consensus clustering algorithm to categorize the classification of cuproptosis based on the expression of the 10 CRGs, and three subtypes were identified (Figure 2B). Cluster A included 259 cases, cluster B included 146 cases, and cluster C included 122 cases. Principal component analysis (PCA) further confirmed the differences between the three subtypes in transcription expression (Figure 2C). The Kaplan–Meier curves revealed a shorter OS performance in patients with cluster C compared to the other two subtypes (Log-rank test, p=0.048; Figure 2D). Furthermore, we found that the main difference between the three clusters was the expression profiles of the GLS and CDKN2A genes (Figure 2E). Cluster C was characterized by significantly low expression of CDKN2A and high expression of GLS, suggesting that CDKN2A may serve as a tumor suppressor gene, while GLS may promote tumor progression. TCGA-LIHC cohort, which has complete clinical features and a large number of patients, was used to externally validate the repeatability of three cuproptosis subtypes. As we expected, three distinct clusters were classified and cluster C again showed the worthiest survival performance (Log-rank test, p=0.0063; Figures 2F, G).




Figure 2 | Three distinct cuproptosis subtypes are divided by consensus clustering. (A) Constructing an HCC meta cohort by removing the batch effects from GSE14520, GSE76427, and ICGC-LIRI-JP. (B) Three clusters (k = 3) were identified by the consensus matrix heatmap in the HCC meta cohort. (C) PCA analysis displayed a significant difference between the three clusters. (D) Kaplan-Meier survival analysis of OS showed differences among the three clusters (log-rank test, p = 0.048). (E) Unsupervised clustering of 10 CRGs in three clusters. Red and blue represent a high and low expression of genes respectively. (F) The consensus matrix heatmap also defines three subtypes in the TCGA-LIHC cohort. (G) Kaplan–Meier curves with three cuproptosis classes were validated in the TCGA-LIHC cohort (log-rank test, p = 0.0063). CRGs, cuproptosis-related genes; TCGA, The Cancer Genome Atlas; LIHC, liver hepatocellular carcinoma; OS, overall survival.





GSVA analysis and metabolic features of distinct cuproptosis subtypes

“Limma” and “GSVA” algorithms were performed to explore the potential biological functions in distinct subtypes. As the result showed, compared to subtype C, subtype A was significantly enriched in metabolism and biosynthesis pathways, including tyrosine, alanine, glyoxylate, and dicarboxylate metabolism. Among them, some metabolism pathways caught our attention, such as KEGG_METABOLISM_OF_XENOBIOTICS_BY_CYTOCHROME_P450 and KEGG_DRUG_METABOLISM_CYTOCHROME_P450 (Figure 3A). As the previous study found that copper-dependent death occurs by interfering with the progress of the tricarboxylic acid (TCA) cycle (32), which means the metabolism of cytochrome p450 may be affected too. Subtype B was mostly involved in DNA replication, cell cycle, and mismatch repair pathway This may be explained by the higher expression of CDKN2A in subtype B, which is capable of inducing cell cycle arrest in the G1 and G2 phases. This also may be the reason why cluster B has the best survival advantage compared to cluster A. While subtype C has a rich TME, such as KEGG_CELL_ADHESION_MOLECULES_CAMS, KEGG_ECM_RECEPTOR_INTERACTION, KEGG_GLYCOSAMINOGLYCAN_BIOSYNTHESIS_CHONDROITIN_SULFATE, and KEGG_TGF_BETA_SIGNALING_PATHWAY. Comprehensive pathway enrichment analysis indicated that three cuproptosis subtypes have vital and distinct roles, respectively.




Figure 3 | Comprehensive pathway enrichment analysis of three cuproptosis subtypes in the HCC patients. (A) GSVA analysis of three cuproptosis subtypes. Red and blue represent activated and inhibited pathways, respectively. (B) The association between FDX1 and distinct cuproptosis subtypes. (C) Boxplot revealing the expression of TCA_CYCLE pathways related genes (up) and GLYCOLYSIS_GLUCONEOGENESIS pathways related genes (down) in three cuproptosis subtypes. GSVA, gene set variation analysis. *p < 0.05;  **p < 0.01;  ***p < 0.001; ****p < 0.0001.



Since FDX1 participated in the metabolism and mitochondrial TCA cycle, additionally, cells based on mitochondrial respiration were more sensible of copper-induced cell death (33, 34). We further illuminated the association between FDX1 and distinct cuproptosis subtypes. Compared with the other two subtypes, cluster A indeed presented a significantly higher expression of FDX1 (Figure 3B). More importantly, most of the genes involved in the TCA_CYCLE pathways were significantly upregulated in cluster A, such as OGDHL (Oxoglutarate Dehydrogenase L), PC (Pyruvate Carboxylase), PCK1 (Phosphoenolpyruvate Carboxykinase 1) and PCK2 (Phosphoenolpyruvate Carboxykinase 2). We observed a similar result in the GLYCOLYSIS_GLUCONEOGENESIS pathways, including ADH6 (Alcohol Dehydrogenase 6), ALDH2 (Aldehyde Dehydrogenase 2 Family Member), G6PC (Glucose-6-Phosphatase Catalytic Subunit), and PGM1 (Phosphoglucomutase 1) (Figure 3C). The results showed that cluster A characterized by high expression of FDX1 was correlated with metabolism, glycolysis, and TCA cycle pathways, consistent with the previous research results (35, 36).



Evaluation of immune characteristics and checkpoints in three cuproptosis subtypes

10 CRGs were demonstrated to correlate with 22 kinds of immune cells using Spearman and CIBERSORT analysis in TCGA-LIHC (Figure 4A). Subsequently, the immune cell infiltration of three cuproptosis subtypes was also explored. Compared to the other two clusters, the most significant immune infiltrating cells in cluster B were Macrophages M2, Mast cells resting, Monocytes, NK cells activated, and T cells CD8 (Figure 4B). In addition, a high ImmuneScore was associated with cluster C, whereas cluster A had the highest score in the StromalScore. Although not significant, EstimateScore comprehensively showed that cluster B had the lowest score (Figure 4C). Furthermore, we investigated the relationships between immune checkpoints and three cuproptosis subtypes. 7 immune checkpoints were differentially expressed in the different subtypes, including PD-1, CTLA-4, CD276, HAVCR2, LAG3, TIGIT, and, VTCN1. We found that cluster C usually had the highest expression in a total of 10 immune checkpoints, which indicates a potential better ICI therapy effect (Figure 4D). After that, comprehensive analysis results showed significantly higher MSI and lower TIDE scores in cluster B, and there was no significant difference between clusters B and C in TMB scores (Figure 4E), implying a possible benefit from ICI therapy.




Figure 4 | Comprehensive immune analysis of three cuproptosis subtypes in LIHC. (A) The correlation between 22 kinds of immune cells and 10 CRGs in TCGA-LIHC. Red represents positive interaction, blue represents negative interaction and the number in the brick represents Spearman’s correlation. (B) 22 infiltrating immune cell types abundance in three cuproptosis subtypes in TCGA-LIHC. (C) Stromal, immune, and estimate scores in three cuproptosis subtypes. (D) Expression levels of 10 immune checkpoints (including PD-1 and PD-L1) in three cuproptosis subtypes. (E) Relationships between three cuproptosis subtypes and MSI, TIDE score, and TMB. The Kruskal-Wallis test analyzed the statistical differences among the three subtypes. The asterisk represents the p-value (ns p > 0.05; *p < 0.05; **p < 0.01; ***p < 0.001). CRGs, cuproptosis-related genes; TCGA, The Cancer Genome Atlas; LIHC, liver hepatocellular carcinoma; MSI, microsatellite instability; TIDE, Tumor Immune Dysfunction and Exclusion; TMB, tumor mutational burden. ****p < 0.0001. ns, no significance.





Establishment and validation of the CRGPI subgroups

First, univariate Cox regression analysis was performed among the 10 CRGs to screen the independent prognostic genes, and four genes (FDX1, CDKN2A, DLAT, and LIAS) were significantly correlated with OS of patients in TCGA-LIHC (Figure 5A). Then, a prognostic model was constructed based on the formula: CRGPI = expression level of FDX1*(-0.1393) + expression level of CDKN2A *(0.1746) + expression level of DLAT *(0.3614) + expression level of LIAS *(-0.125). Univariate Cox regression analysis showed that stage, grade, and CRGPI score were significantly associated with the prognosis of TCGA-LIHC, including clinicopathologic characteristics such as age and gender. Multivariate Cox regression analysis verified that stage and CRGPI score was indeed powerful prognostic factors (Figure 5B). The distribution plot of the CRGPI indicated that survival times decreased with an increased CRGPI score (Figure 5C). Taking the median CRGPI score as the cut-off value, the Kaplan–Meier survival curves revealed that CRGPI-high patients had a significantly worse OS than patients with a low score (p=0.00033, log-rank test; Figure 5D). Moreover, the 1-, 3-, and 5-year survival time of CRGPI scores were calculated by AUC values of 0.74, 0.67, and 0.63, respectively (Figure 5E). Since cuproptosis, also called copper-induced cell death, was attributable to Cu accumulation through FDX1-mediated protein lipoylation and destabilization of Fe–S cluster proteins, we explored the correlation between CRGPI subgroups and FDX1. As expected, the result showed that HCC patients in the CRGPI-high subgroup had a notably decreasing expression of pro-cuproptosis genes FDX1(p=6.7e-09; Figure 5F).




Figure 5 | Prognostic analysis of different CRGPI score subgroups. (A) Kaplan–Meier curves of the four genes significantly in the univariate Cox analysis (log-rank test, all p < 0.05). (B) Univariate and multivariate Cox analysis of clinical factors and the CRGPI score factor in TCGA-LIHC. (C) Ranked scatter plots showing the distribution plot of the CRGPI score and patient survival events. (D) Kaplan–Meier analysis of the OS between the two subgroups (log-rank test, P = 0.00033). (E) ROC analysis at 1-, 2-, and 5-year survival according to the CRGPI score in the TCGA-LIHC cohort. (F) Boxplot showing the expression of FDX1 in different CRGPI subgroups in the TCGA-LIHC cohort. (G) Univariate and multivariate Cox analysis of clinical factors and the cuproptosis score factor in the ICGC-LIRI-JP cohort. (H) Kaplan–Meier and ROC curves of the OS between the two subgroups in the ICGC-LIRI-JP cohort (log-rank test, p = 0.0012). (I) Boxplot exhibiting the expression of FDX1 in different CRGPI subgroups in the ICGC-LIRI-JP cohort. (J) Kaplan–Meier survival analysis of the cuproptosis score subgroups in the HCC meta cohort (log-rank test, p = 0.05). (K) DCA curve assessing the clinical benefit of CRGPI with other four published molecular classifications at 1-, 2-, and 5-year PFS time. ROC, receiver operating characteristic; CRGs, cuproptosis-related genes; TCGA, The Cancer Genome Atlas; LIHC, liver hepatocellular carcinoma; OS, overall survival; DCA, decision curve analysis; CRGPI, cuproptosis-related gene prognostic index; PFS, progression free survival.



Furthermore, the role of the CRGPI was validated externally in ICGC-LIRI-JP with clinical factors, including age, gender, stage, virus, and fibrosis. The uni- and multi- COX analysis showed that the CRGPI was still a powerful predictive marker (HR= 7.074, p=0.0012; Figure 5G). The KM survival curve (p=0.0012, log-rank test) and ROC curve (0.68 at 1 year, and 0.71 at 2 years) also confirmed the patients in the CRGPI-high subgroup had a significantly worse OS compared with the low score subgroup (Figure 5H). Consistent with the consequence of TCGA-LIHC, the ICGC-LIRI-JP patients in the CRGPI-high subgroup had a significantly lower expression of FDX1 (Figure 5I). In addition, we specifically examined the predictive ability of the CRGPI in an HCC meta cohort, which had 527 patients with complete OS information, we could find a similar outcome with TCGA-LIHC and ICGC-LIRI-JP (p=0.05, log-rank test; Figure 5J). Taken together, these results demonstrated that HCC patients with high CRGPI scores had worse survival performance. Lower expression of FDX1 in the CRGPI-high subgroup may be the reason for worse OS because of less copper-induced tumor cell death. Decision curve analysis (DCA) proved that the CRGPI classification performed a great clinical net benefit compared with the other four molecular classifications strategies (Liang et al.; Baohui Zhang et al.; Du et al.; Zhen Zhang et al.) at 1-, 2-, and 5-year PFS time in the TCGA cohort (Figure 5K).



The benefit of ICI therapy in the CRGPI-high subgroup

First, we explored the immune cells infiltrating two CRGPI subgroups by performing the CIBERSORT algorithm. We observed that there were no significant differences in most immune cells, but the quantity of memory resting CD4+ T cells and CD8+ T cells was higher in the CRGPI-low group (Figure 6A). Then, we investigated the associations between immune checkpoints and different CRGPI subgroups. In our results, the CRGPI-high group had higher immune checkpoints than the CRGPI-low subgroup (except for LAG3), implying that patients with high CRGPI scores were more likely to benefit from ICI therapy (Figure 6B).




Figure 6 | Comprehensive analysis of the CRGPI score. (A) Evaluation of the 22 immune cell types in CRGPI subgroups. (B) Expression of 10 immune checkpoints between the two subgroups. (C) The difference in TMB and immune response between two CRGPI subgroups in the IMvigor210 cohort. (D) Kaplan–Meier curve of different CRGPI subgroups for patients undergoing ICI therapy in the IMvigor210 cohort. (E) The difference in TMB and immune response between two CRGPI subgroups in the GSE176307. (F) Kaplan–Meier curve of different CRGPI subgroups for patients undergoing ICI therapy in the GSE176307. (G) The correlation between three cuproptosis subtypes and two CRGPI score subgroups. CRGPI, cuproptosis-related gene prognostic index; TMB, tumor mutational burden. ns, no significance.



At present, anti-PD1/PD-L1 therapy plays an important role in ICI therapy. We further evaluated the prognostic ability of CRGPI in the IMvigor210 cohort and GSE176307 which both received ICI therapy. We found that patients in the CRGPI-high group had a significantly higher TMB and better response trend for ICI therapy in the Imvigor210 cohort. We as well observed that for those patients undergoing ICI therapy, the CRGPI-high subgroup had a better prognosis (Figures 6C, D). As expected, results provided consistent evidence in the GSE176307 that patients with a higher CRGPI score were more likely to benefit from ICI therapy and associated with better OS (Figures 6E, F). More interestingly, we observed a significant correlation between three cuproptosis subtypes and CRGPI score subgroups. The result showed that cluster C had the highest CRGPI score, indicating a high CRGPI score may be closely related to cluster C, which was characterized by better ICI therapy responses (Figure 6G).



Drug sensitivity analysis

To study the correlation between cuproptosis and chemotherapy drugs in HCC, we assessed the IC50 values of 198 agents by performing a ridge regression algorithm in the GDSC2 database. First, we found that 116 drugs were significantly lower in cluster C compared to the other two cuproptosis subtypes. Similarly, the CRGPI-high subgroup had lower IC50 values of 117 drugs. Venn plot displayed that 95 agents were intersected, which implied that patients in the CRGPI-high subgroup or who belong to cluster C may benefit more from most kinds of chemotherapies (Figure 7A). In addition, we used GSEA to further explore the activity of pathway signaling in differential expressed genes of TCGA-LIHC and found that the activity of the p53 and NF-kappa B signaling pathways were upregulated in the HCC patients (Figure 7B). Finally, we found that IC50 values of inhibitors related to the cell cycle signaling pathway, such as Alisertib_1051, AZD7762_1022, Dinaciclib_1180, Cyclophosphamide_1512 were significantly lower in the CRGPI-high group than in the CRGPI-low group. As we expected cluster C also showed significant results. Moreover, the results of BMS.345541_1249 indicated that patients with high risk or cluster C may benefit more from the IκB/IKK inhibitor (all P < 0.05, Figure 7C). Together, cuproptosis were related to chemotherapy drug sensitivity in HCC.




Figure 7 | The correlation among three cuproptosis subtypes, two CRGPI subgroups, and drug sensitivity. (A) Venn plot displaying the intersect drugs by subtype C and CRGPI-high subgroup. (B) GSEA pathway enrichment of p53 and NF-kappa B signaling pathway in LIHC. (C) A comparison between the IC50 values of inhibitors related to the cell cycle and NF-κB signaling pathway in three cuproptosis subtypes (up), and two CRGPI subgroups (down). LIHC, liver hepatocellular carcinoma; gene set enrichment analysis (GSEA); CRGPI, cuproptosis-related gene prognostic index.






Discussion

The results of this study revealed genetic alterations and transcriptional expression levels of 10 CRGs in LIHC. We identified three cuproptosis subtypes based on 10 CRGs and found patients with subtype C had worse OS. High expression of GLS, while low expression of CDKN2A of subtype C may explain the poor prognosis. GLS (Glutaminase), which is also known as the “kidney-type” glutaminase (GLS1), is a metabolism enzyme that plays a critical role in glutaminolysis that promotes cancer cell proliferation, including HCC. Moreover, HCC is addicted to glutamine, which means GLS is often overexpressed in hepatocellular cancer cells to fulfill enhanced energy demand (37, 38). The inhibitors of GLS in cancer Therapy worked by interfering with the metabolism of alpha-ketoglutarate, an intermediate of the tricarboxylic acid (TCA) cycle, some of which are undergoing clinical trials and exhibiting promising effects (39, 40). Previous studies found that the tumor suppressor gene CDKN2A (Cyclin Dependent Kinase Inhibitor 2A) encodes p16INK4a and p14ARF (41). P16INK4a inhibits cell-cycle progression from G1 to S phase by CDK4/6-mediated phosphorylation of retinoblastoma protein (Rb) (42). P14ARF stabilizes the function of the tumor suppressor gene p53 by inhibiting its degradation. Loss of CDKN2A causes inactivation of the Rb and p53 pathways, generating uncontrolled cell proliferation (43). Moreover, according to previous studies, the loss or mutating of CDKN2A causes uncontrolled cancer cell proliferation, and TP53 mutations are correlated with CDKN2A mutation and high TMB (44, 45). In our study, we found that CDKN2A had a high mutation rate in HCC, which was consistent with the previous study showed that CDKN2A is frequently mutated or deleted in a wide variety of tumors.

Understanding the metabolic features and immune cell infiltration characteristics in the TME among distinct cuproptosis subtypes could help in identifying the different molecular and immune patterns in HCC. We found that subtype B was significantly characterized by cell cycle-related pathways and that may be due to the high expression of CDKN2A. Subtype C had the most complicated microenvironment, featured with riched ECM, glycosaminoglycan, and focal adhesion. Notably, subtype A is mostly characterized by kinds of metabolism and biosynthesis pathways, including the metabolism of cytochrome p450 and amino acids. Additionally, we also found that the expression of FDX1, TCA_CYCLE pathways-related genes, and GLYCOLYSIS_GLUCONEOGENESIS pathways-related genes were associated with subtype A. Those results indicated that cluster A was correlated with metabolism, glycolysis, and TCA cycle pathways. High expression of FDX1 in subtype A may be one of the reasons (35, 36).

Then, we found that immune cell infiltration was significantly related to cuproptosis subtypes, and explored the relationship between three cuproptosis clusters and known predictive biomarkers for immunotherapy, including multiple immune checkpoints (PD-1, PD-L1, etc…), TIDE, MSI, and TMB. Our results showed patients in subtype B with MSI-high also had low TIDE, but cluster C had the highest TMB, and there is no significant difference in TMB between clusters B and C. In general, a consistent result suggests that subtypes B and C may be the immunotherapy-response phenotypes.

Considering the heterogeneity of HCC, we calculated an accurate CRGPI score for every patient to guide personalized therapy and divided patients into two subgroups according to the median score as a cutoff value (46, 47). The CRGPI signature was constructed based on 4 genes (FDX1, CDKN2A, DLAT, and LIAS). FDX1(Ferredoxin 1) functions as the key gene for the progress of cuproptosis by reducing cupric ions to cuprous ions releasing them into the mitochondrial matrix and works as an upstream regulator in the process of protein lipoylation, thus disturbing the progress of TCA (tricarboxylic acid) cycle and in the TCA cycle (35, 48). DLAT (Dihydrolipoamide S-Acetyltransferase) encodes part of the pyruvate dehydrogenase (PDH) complex (PDC) component, which is associated with pyruvate metabolism in the TCA cycle (49). LIAS (Lipoic Acid Synthetase) is an enzyme-containing two [4Fe-4S] clusters and has been linked to lipoic acid metabolism.

Recently, studies have reported that some biomarkers could predict the prognosis of HCC. Liang et al. reported a 10 ferroptosis-related gene signature for predicting OS in HCC. Baohui Zhang et al. established a hypoxia-related signature based on three genes (PDSS1, CDCA8, and SLC7A11) for predicting diagnosis, prognosis, and immune microenvironment of HCC. Du et al. built a seven-mRNA biomarker based on microvascular invasion (MVI) to predict the recurrence of HCC. Recently, Zhen Zhang et al. identified cuproptosis-related risk score to predict prognosis and characterized the TME of HCC. Decision curve analysis (DCA) is a useful tool to assess the utility of different models for clinical decision-making (26). The analysis proved that the CRGPI classification performed a great clinical net benefit compared with the other four molecular classifications strategies at 1-, 2-, and 5-year PFS time in the TCGA-LIHC cohort. Here, our results implied that CRGPI was a powerful prognostic biomarker and demonstrated that HCC patients with high CRGPI scores had worse survival performance. Lower expression of FDX1 in the CRGPI-high subgroup may be the reason because of less copper-induced tumor cell death, consistent with our previous FDX1 survival results.

Next, we found that cluster C had the highest CRGPI score and the CRGPI-high subgroup had a similar TME as cluster C. For most immune cell infiltration, there were no significant differences except for the quantity of memory resting CD4+ T cells and CD8+ T cells. In addition, we found that the CRGPI-high group had higher immune checkpoints expression than the CRGPI-low subgroup, implying that patients with high CRGPI scores were more likely to benefit from ICI therapy. We further validated that the CRGPI-high group had high expression of PD1/PDL1, TMB, and better response (PR/CR) to immunotherapy in two anti-PD1/PD-L1 therapy cohorts (IMvigor210 cohort and GSE176307). Taken together, those data indicated that, for HCC patients who have undergone ICI therapy, the CRGPI-high subgroup was more likely to benefit from ICI therapy and had a better prognosis.

Interestingly, our results suggested that HCC patients with high CRGPI scores may have a worse OS probability. However, they may also be sensitive to ICI therapy and would have a better survival outcome if choosing anti-PD1/PD-L1 treatment, compared with the CRGPI-low subgroup. These findings highlight the importance of CRGPI serving as a potential biomarker for both prognostic and immunotherapy for HCC patients. The decreasing expression of the pro-cuproptosis gene FDX1 in the CRGPI-high subgroup may explain the plausible mechanism for the correlation between high CRGPI scores and their responsiveness to ICI therapies. FDX1, a key gene involved in cuproptosis, could influence metabolism function and regulate the mitochondrial enzymes of the TCA (48, 50). According to previous studies, Naive T cells generate energy by oxidative phosphorylation (OXPHOS) and switch their metabolic pattern to glycolysis once activated. Besides, sufficient supply of glucose and glutamine are vital metabolite nutrition required for T cell differentiation and function. However, cancer cells would compete for glucose and glutamine intake from T cells to enhance their growth and proliferation (51–53). ICI therapy is based on the properties of T cells targeting therapeutic checkpoints, such as PD1. We hypothesized that the CRGPI-high subgroup with a low expression of FDX1 may indicate less metabolism intake from T cells and such effects might help enhance the effect of immunotherapy.

In summary, this study systematically analyzed CRGs in LIHC, and our comprehensive analysis demonstrated that (i). The landscape of molecular characteristics of the three cuproptosis subtypes. (ii). The CRGPI score may serve as a promising prognostic biomarker and help in distinguishing potential immunotherapy effective patients. But further clinical research is needed to confirm our study. Generally, our results provide novel insights about cuproptosis into immune therapeutic strategies.



Conclusion

In conclusion, our comprehensive analysis may help us understand the molecular characteristics based on CRGs in HCC. Besides, the CRGPI score may serve as a potential prognostic biomarker and guide personalized molecular targeted therapy and ICI therapy.
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Background

M2-like tumor-associated macrophages (M2-like TAMs) have important roles in the progression and therapeutics of cancers. We aimed to detect novel M2-like TAM-related biomarkers in hepatocellular carcinoma (HCC) via integrative analysis of single-cell RNA-seq (scRNA-seq) and bulk RNA-seq data to construct a novel prognostic signature, reveal the “immune landscape”, and screen drugs in HCC.



Methods

M2-like TAM-related genes were obtained by overlapping the marker genes of TAM identified from scRNA-seq data and M2 macrophage modular genes identified by weighted gene co-expression network analysis (WGCNA) using bulk RNA-seq data. Univariate Cox regression and least absolute shrinkage and selection operator (LASSO) regression analyses were carried out to screen prognostic genes from M2-like TAM-related genes, followed by a construction of a prognostic signature, delineation of risk groups, and external validation of the prognostic signature. Analyses of immune cells, immune function, immune evasion scores, and immune-checkpoint genes between high- and low-risk groups were done to further reveal the immune landscape of HCC patients. To screen potential HCC therapeutic agents, analyses of gene–drug correlation and sensitivity to anti-cancer drugs were conducted.



Results

A total of 127 M2-like TAM-related genes were identified by integrative analysis of scRNA-seq and bulk-seq data. PDLIM3, PAM, PDLIM7, FSCN1, DPYSL2, ARID5B, LGALS3, and KLF2 were screened as prognostic genes in HCC by univariate Cox regression and LASSO regression analyses. Then, a prognostic signature was constructed and validated based on those genes for predicting the survival of HCC patients. In terms of drug screening, expression of PAM and LGALS3 was correlated positively with sensitivity to simvastatin and ARRY-162, respectively. Based on risk grouping, we predicted 10 anticancer drugs with high sensitivity in the high-risk group, with epothilone B having the lowest half-maximal inhibitory concentration among all drugs tested. 



Conclusions

Our findings enhance understanding of the M2-like TAM-related molecular mechanisms involved in HCC, reveal the immune landscape of HCC, and provide potential targets for HCC treatment.





Keywords: hepatocellular carcinoma, tumor-associated macrophages, prognostic signature, immune landscape, drug screening



Introduction

Primary liver cancer is the third most deadly malignancy worldwide. It accounted for ~906,000 new cases and ~830,000 deaths in 2020, with hepatocellular carcinoma (HCC) accounting for 75–85% of cases (1). The overall burden of HCC worldwide has increased over time (2). In the USA, the incidence of HCC has tripled in the last three decades (3). The median survival and 5-year survival for patients with HCC after primary hepatic resection are 47 months and 45%, respectively. However, HCC recurs in 54% of patients, resulting in a 24% reduction in 5-year survival and a 54-month reduction in median survival (4). HCC pathogenesis is incompletely understood and the prognosis is not promising. Hence, there is a need for more in-depth research and identification of innovative “signatures” to predict the prognosis of HCC patients.

The tumor microenvironment (TME) consists mainly of tumor cells, immune cells, and inflammatory cells (5). Among them, tumor-associated macrophages (TAMs) play an important part in tumor progression. Macrophages can be polarized into M1 and M2 types. TAMs are not present in the steady state of an organism but are observed in several types of tumors. Therefore, TAMs are not always considered an additional subpopulation of macrophages. TAMs share the characteristic polarization of M1 and M2 macrophages (6), but their function is similar to that of M2 macrophages (i.e., M2-like TAMs). TAMs promote cancer angiogenesis by producing matrix metalloproteinases, cathepsins, and angiogenic growth factors (7, 8). In addition, TAMs facilitate tumor metastasis by promoting epithelial–mesenchymal transition (9). More importantly, TAM can interact with multiple types of immune cells within the TME. They can suppress cluster of differentiation (CD)8+ T cells, induce dysfunction of natural killer (NK) cells and NK T cells, and suppress effector T cells indirectly by amplifying T regulatory cells (Tregs), thereby reducing the number of anti-tumor immune cells to accelerate tumorigenesis (10). Therefore, in-depth investigation of the role of M2-like TAMs in HCC development and constructing a prognostic signature associated with M2-like TAMs are very important and rational approaches.

Single-cell RNA-sequencing (scRNA-seq) enables study of the heterogeneity within tumors at the cellular level (11). Ma et al. undertook scRNA-seq on liver-cancer specimens (9 HCC and 10 intrahepatic cholangiocarcinomas) (12). They carried out bioinformatics analysis to screen for marker genes. We combined the scRNA-seq data with The Cancer Genome Atlas-Liver Hepatocellular Carcinoma (TCGA-LIHC) dataset. Then, eight M2-like TAM-related prognostic genes were identified and a novel prognostic signature of HCC was constructed. After validation in the test set, this M2-like TAM-related signature was found to predict the prognosis of patients with HCC. Differences in “immune landscapes” and immunotherapy based on risk grouping were revealed and potential anticancer drugs predicted. The flowchart of this study is illustrated in Figure 1.




Figure 1 | Flowchart of this study.





Materials and methods


Acquisition and processing of data

The GSE125449 single-cell transcriptome profiles of liver cancer was downloaded from the Gene Expression Omnibus (GEO) database (www.ncbi.nlm.nih.gov/). We selected seven HCC samples from Set 1 for analyses. The “Seurat” package (13) was used for processing scRNA-seq data, including data filtering (cells and genes), normalization, principal component analysis (PCA), and t-distributed stochastic neighbor embedding (t-SNE). The quality control standards referred to the uploader (12). Cell samples with >20% mitochondrial gene expression were filtered. Cells with >700 detected genes and genes detected in >3 cells were reserved. The “DoubletFinder” package (14) was used to remove samples with a doublet rate >0.4%. After cell filtering, the scRNA-seq data of high-quality cells were normalized to find highly variable genes for downstream analyses. Then, PCA was done on highly variable genes to identify significant principal components (PCs). Cell clustering was undertaken on the top-20 PCs using the t-SNE algorithm. The “FindAllMarkers” function was applied to detect the marker genes of each cell cluster. Next, annotation of cell type in different cell clusters was done with the “SingleR” package (15). HCC-related clinical information and gene-expression data were downloaded from The Cancer Genome Atlas (TCGA) database (www.cancer.gov/), GEO database (GSE76427), and the International Cancer Genome Consortium (ICGC) database (https://dcc.icgc.org/), and only HCC samples with complete survival information were retained. Then, the TCGA-LIHC dataset (which contains the survival data and clinical information for 368 HCC patients) was used as the training set. Gene-expression data from TCGA-LIHC were downloaded in the format of fragments per kilobase million and analyzed. Data on progression-free survival (PFS), disease-specific survival (DSS), and disease-free survival (DFS) for TCGA-LIHC were downloaded from UCSC Xena (https://xena.ucsc.edu/) (16). The ICGC-LIRI-JP dataset and GES76427 dataset contain the survival data, clinical information, and gene-expression data for 232 and 115 HCC patients, respectively. The mRNA-seq data in the ICGC-LIRI-JP dataset were transformed by log2(x+1), and data in the GSE76427 dataset were normalized using the “limma” package (17). Then, the batch effect between the ICGC-LIRI-JP dataset and GSE76427 dataset was eliminated using the “sva” package (https://bioconductor.org/packages/sva/), so that they were combined into a merged dataset to serve as the test set. A summary of the clinicopathological characteristics of patients in all datasets is shown in Supplementary Table S1.



Macrophage infiltration and related survival analyses

The relative content of M1 and M2 macrophages in each TCGA-LIHC sample was calculated on CIBERSORTx (https://cibersortx.stanford.edu/) (18) using the default signature matrix. The “surv_cutpoint” function of the “survminer” package (https://rdocumentation.org/packages/survminer/) was used to calculate the optimal cutoff value to distinguish high- and low-content groups of M1 or M2 macrophages in TCGA-LIHC samples. Survival analyses were carried out using the “survival” package (https://cran.r-project.org/web/packages/survival/index.html). Survival between low- and high-M1 (or M2) macrophage-content groups were analyzed and compared by Kaplan–Meier method to ascertain if M1 and/or M2 macrophage content was related to survival from HCC.



Acquisition of M2-like TAM-related genes

After grouping the HCC samples by trait of high or low M2 macrophage content, we analyzed TCGA-LIHC expression data using the Weighted Gene Co-expression Network Analysis (“WGCNA”) package (19) to obtain genes most related to M2 macrophage content. Samples were clustered to ascertain the overall relevance of all samples in the dataset, and outliers were excluded. The soft thresholding power β was chosen based on the lowest power for which the scale-free topology fit index reached a high value. The minimum gene number/module was set to 50 and, finally, 11 modules were generated. Next, we undertook correlation analyses between modules and traits to find the most relevant modules for M2 macrophage content. Finally, the obtained modular genes were intersected with the TAM marker genes acquired from analyses of scRNA-seq data to filter M2-like TAM-related genes.



Construction and validation of a M2-like TAM-related prognostic signature

To obtain M2-like TAM-related genes that could construct a prognostic signature, univariate Cox regression and least absolute shrinkage and selection operator (LASSO) regression analyses were carried out. Initially, we wished to uncover the association between signature genes and the prognosis. Hence, after the consensus clustering of HCC samples into different clusters based on expression of signature genes, we analyzed the difference in the prognosis among clusters. And we undertook analyses of the enrichment of function and signaling pathways of signature genes using the Gene Ontology (GO) database (http://geneontology.org/) and Kyoto Encyclopedia of Genes and Genomes (KEGG) database (www.genome.jp/kegg/), respectively, by employing the “clusterProfiler” package (20). To group the HCC patients, the risk score of each HCC patient in the training set was calculated according to the following formula:

	

Then, patients were divided into low- and high-risk groups based on the optimal cutoff of the risk score. Kaplan–Meier survival curves and the log-rank test were used to analyze and compare the survival between low- and high-risk groups. Receiver operator characteristic (ROC) curves for 1, 3, and 5 years were plotted using the “survivalROC” package (https://cran.rstudio.com/web/packages/survivalROC/index.html/) to evaluate the performance of the prognostic signature. According to the KEGG database, signaling pathways enriched significantly in low- and high-risk groups were analyzed by gene set enrichment analysis (GSEA) software (21). The count of permutations was set to 1000. Significantly enriched pathways were defined as those with P<0.05 and a false discovery rate<0.25. The five most enriched pathways in the high- and low-risk groups, respectively, were obtained. Moreover, the prognostic signature was validated in the test set. Based on the prognostic signature and clinical characteristics of samples, the “rms” package (https://cran.r-project.org/web/packages/rms/index.html) was used to construct a nomogram. The performance of the nomogram was evaluated using calibration curves and 1-, 3-, and 5-year ROC curves.



Analyses of immune cells, immune functions, and immunotherapy

The “GSVA” (22) and “GSEABase” packages (www.bioconductor.org/packages/release/bioc/html/GSEABase.html/) were used to analyze differences in scores for immune cells and immune function between high- and low-risk groups. The Tumor Immune Dysfunction and Exclusion (TIDE) score was calculated for each sample in high- and low-risk groups on the TIDE website (http://tide.dfci.harvard.edu/) (23). The immunophenoscore of each sample was obtained on The Cancer Immunome Atlas (TCIA) database (https://tcia.at/home/) (24).



Correlation analyses and drug screening

We wished to further identify new potential targets and more efficacious drugs for HCC treatment. The CellMiner database (https://discover.nci.nih.gov/cellminer/) was employed to screen for antitumor drugs whose sensitivity was associated significantly with prognostic genes. The “pRRophitic” package (https://github.com/paulgeeleher/pRRophetic/) was used to predict the half-maximal inhibitory concentration (IC50) of different drugs in high- and low-risk groups. The lower the IC50 of a drug, the more efficacious the drug is for treating cancer.



Sample collection and real-time reverse transcription-quantitative polymerase chain reaction

The study protocol was approved by the Human Subjects Committee of Xijing Hospital (Xian, China). All patients provided written informed consent. We collected samples of tumor tissue and adjacent normal tissue from 15 patients with HCC. Detailed clinicopathological information is summarized in Supplementary Table S2. Total RNA from human tissues was extracted using TRIzol® Reagent (Invitrogen). Then, the RNA was reverse-transcribed into complimentary-DNA using a PrimeScript RT kit (Takara Biotechnology. Shiga, Japan). qPCR was done using SYBR Premix Ex Taq II (Takara Biotechnology) for a real-time PCR detection system (Bio-Rad Laboratories, Hercules, CA, USA). Supplementary Table S3 lists all the primers used in PCR. Expression of genes was normalized to that of glyceraldehyde 3-phosphate dehydrogenase (GAPDH).



Statistical analyses

Statistical analyses were conducted using R 4.0.3 (R Institute for Statistical Computing, Vienna, Austria). The packages within R used for statistical analyses were as described above. The Kaplan–Meier method was employed for survival analyses. The Wilcoxon test was used to compare differences between two groups. The Kruskal–Wallis test was employed to compare differences among three or more groups. P<0.05 was considered significant.




Results


Screening for M2 macrophage-related genes by WGCNA in HCC

We wished to further clarify the relationship between macrophages and the HCC prognosis. The CIBERSORTx algorithm was used to calculate the content of M1 and M2 macrophages in TCGA-LIHC samples. Then, HCC patients were divided into high- and low-M1 macrophage-content groups and high- and low-M2 macrophage-content groups. Kaplan–Meier analyses showed no significant difference in survival from HCC between high- and low-M1 macrophage-content groups (Figure 2A), but HCC patients in the low-M2 macrophage-content group had longer survival (Figure 2B), thereby indicating that M2 macrophages had an important role in HCC. Based on this observation, WGCNA was undertaken to identify M2 macrophage-related genes in HCC. First, no outlier was detected in TCGA-HCC (Figure 2C), and 7 was chosen as the optimal soft-threshold power (Figures 2D, E), and 11 modules were identified by WGCNA (Figures 2F, G). Correlation analysis between modules and M2 macrophage content showed the red module to be associated most significantly with high-content M2 macrophages (correlation = 0.32, P<0.001). Thus, 405 genes (Supplementary Table S4) in the red module were selected for downstream analyses.




Figure 2 | Macrophage-related survival analysis and screening of M2 macrophage related genes. (A) Kaplan–Meier survival curves showed no difference in the prognosis between groups with high and low content of M1 macrophages. (B) The prognosis was significantly worse in the group with high content of M2 macrophages. (C) Samples were clustered and outlier samples were not found. (D, E) According to the instructions of the WGCNA package, 7 was selected as the soft threshold power. (F, G) Correlation analysis of modules with traits yielded 10 non-gray modules, with the red module considered to be the most relevant module for M2 macrophages. WGCNA, weighted gene co-expression network analysis.





Acquisition of TAM marker genes using scRNA-seq data

After quality control, 19,106 genes within 2,719 cells were obtained. The number of genes (nFeature), the sequence count per cell (nCount), and percentage of mitochondrial genes (percent.mt) were displayed in Vlnplots (Figure 3A). Correlation analyses showed that nCount was correlated positively with nFeature (Figure 3B). Then, 2000 variable genes were plotted in a scatter diagram (Figure 3C). Thirty PCs were identified (Figures 3D, E), showing high heterogeneity in HCC cells. The top-20 PCs were selected for t-SNE analyses. According to t-SNE and cell-type annotation, HCC cells were clustered into two groups: 1,226 immune cells and 1,493 non-immune cells (Figure 3F). The immune group was composed of B cells, T cells, and TAMs. The non-immune group included cancer-associated fibroblasts (CAFs), cells with an unknown entity but express hepatic progenitor cell markers (HPC-like cells), malignant cells, tumor-associated endothelial cells (TECs), and unclassified cells (Figure 3G). The 2047 TAM marker genes of immune cells were detected (Supplementary Table S5) and shown in a heatmap (Figure 3H).




Figure 3 | Processing of scRNA-seq data and acquisition of TAM marker genes. (A) Quality control of scRNA-seq data of samples of HCC cells. (B) The number of genes detected was positively associated with the depth of sequencing. (C) Scatter plots showing the top-2000 differentially expressed genes. (D, E) Principal component analysis was employed to classify the cells, and the top-30 PCs are displayed. (F) Initially, cells were annotated as “immune cells” and “non-immune cells” by the t-SNE algorithm. (G) Further detailed annotation of cells. (H) Heatmap demonstrated the marker genes with differential expression in immune cells. scRNA-seq, single-cell RNA-seq; TAM, tumor-associated macrophage; HCC, hepatocellular carcinoma; PCs, principal components; t-SNE, t-distributed stochastic neighbor embedding.





Screening of M2-like TAM-related prognostic genes

After marking the intersection of 2047 TAM marker genes and 405 M2 macrophage modular genes, 127 candidate M2-like TAM-related genes were obtained (Figure 4A, Supplementary Table S6). Initially, the univariate Cox regression analysis revealed nine genes associated with the HCC prognosis (Supplementary Table S7). Finally, LASSO regression analysis identified eight prognostic signature genes: PDZ and LIM domain 3 (PDLIM3), peptidylglycine alpha-amidating monooxygenase (PAM), PDZ and LIM domain 7 (PDLIM7), fascin actin-bundling protein 1 (FSCN1), dihydropyrimidinase like 2 (DPYSL2), AT-rich interaction domain 5B (ARID5B), galectin 3 (LGALS3), and Kruppel-like factor 2 (KLF2) (Figures 4B, C). The prognostic genes were enriched significantly in 403 terms according to the GO database, the top-10 of which were displayed in a bubble plot (Figure 4D). The biological process (BP) category included “multicellular organism growth” and “T cell activation via T cell receptor contact with antigen bound to MHC molecule on antigen presenting cell”. The cell component (CC) category included “stress fiber” and “contractile actin filament bundle”. The molecular function (MF) category included “muscle alpha-actinin binding” and “alpha-actinin binding”. Moreover, TCGA-LIHC samples were consistently clustered into different clusters according to the expression of prognostic genes. It can be seen that the area under the cumulative density function (CDF) curve increased significantly when k ≤ 4 (Figure 4E), but the area under the CDF curve did not increase significantly when k≥5. And when k=5, the effect of consensus clustering was not good (Supplementary Figure S2). Therefore, HCC patients were divided into 4 clusters (Figure 4F). Differences in gene expression and clinicopathological characteristics among these four clusters were demonstrated with a heatmap (Figure 4G). Most importantly, there was a significant difference in survival between the four clusters (P=0.002) (Figure 4H), which initially demonstrated the prognostic value of these eight genes.




Figure 4 | Screening of M2-like TAM-related prognostic genes and unsupervised consensus clustering. (A) Acquisition of candidate M2-like TAM-related genes. (B, C) lasso regression analysis to identify signature genes. (D) Enrichment analysis using the GO database. (E, F) Consensus clustering plot showing that 4 was the optimal k value and TCGA-LIHC samples were classified into four clusters. (G) Heatmap demonstrated the differences in gene expression and clinicopathological characteristics among the four clusters. (H) Kaplan–Meier survival curves revealed survival differences between the four clusters. *P<0.05. TAM, tumor-associated macrophage; lasso, least absolute shrinkage and selection operator; GO, gene oncology.





Construction of a M2-like TAM-related prognostic signature

According to the coefficients (Table 1) and expression of prognostic genes, the risk score of each sample in TCGA-HCC was calculated. Then, HCC patients in the training set were divided into low- and high-risk groups based on the optimal cutoff of risk score (0.126) (Figure 5A). Overall survival (OS) (Figure 5B), DFS, PFS, and DSS (Supplementary Figures S3A–C) were longer in the low-risk group than in the high-risk group, which indicated that patients in the low-risk group had a better overall prognosis. To evaluate the performance of the risk model, ROC curves were plotted, and the area under the ROC curve (AUC) at 1, 3, and 5 years was 0.728, 0.689, and 0.663, respectively (Figure 5C). The results for univariate and multivariate analyses (Figures 5D, E) and the Concordance index (C-index) (Figure 5F) showed that the risk score was: (i) an independent factor affecting survival; (ii) a superior prognostic predictor than other indicators. Moreover, GSEA showed that “epithelial cell signaling in Helicobacter pylori infection”, “regulation of actin cytoskeleton”, “p53 signaling pathway”, “focal adhesion” and “MAPK signaling pathway” were enriched significantly in the high-risk group, whereas “fatty acid metabolism”, “glycine, serine and threonine metabolism”, “primary bile acid biosynthesis”, “tryptophan metabolism” and “valine, leucine and isoleucine degradation” were enriched significantly in the low-risk group (Figure 5G).


Table 1 | Results of LASSO regression analysis. lasso, least absolute shrinkage and selection operator.






Figure 5 | Construction of a M2-like TAM-related prognostic signature. (A) Survival status and risk scores of HCC patients in high- and low-risk groups in the training set. Green dots denote low risk and red dots denote high risk. (B) Kaplan–Meier survival curves showed a significantly worse prognosis for the high-risk group in the training set. (C) ROC curves for 1, 3, and 5 years and their AUCs. (D–F) The results of univariate analysis, multivariate analysis, and C-index indicated that risk score was an independent risk factor influencing survival status in preference to other indicators. (G) Results of GSEA analysis. TAM, tumor-associated macrophage; HCC, hepatocellular carcinoma; ROC, receiver operator characteristic; AUC, area under curve; C-index, Concordance index; GSEA, gene set enrichment analysis.





External validation of the M2-like TAM-related prognostic signature

To verify the reliability of the prognostic signature, we further validated it in the test set. Samples were grouped in the same way as in the training set (Figure 6A). Patients in the high-risk group had a worse prognosis than those in the low-risk group (Figure 6B), and had an AUC of 0.701, 0.677, and 0.653 at 1, 3, and 5 years in the test set, respectively (Figure 6C). These results validated the reliability of the M2-like TAM-related prognostic signature in predicting the prognosis of HCC patients. Based on the risk score of our prognostic signature and other clinicopathological indicators of patients, we constructed a nomogram to make a more comprehensive prediction of patient survival (Figure 6D). Moreover, the results of the calibration curve and ROC curve of the nomogram showed a reliable performance, with an AUC of 0.764, 0.730, and 0.737 at 1, 3, and 5 years, respectively (Figures 6E, F).




Figure 6 | External validation of a M2-like TAM-related prognostic signature. (A) Survival status and risk scores of HCC patients in the high- and low-risk groups in the test set. Green dots denote low risk and red dots denote high risk. (B) Kaplan–Meier survival curves showed a significantly worse prognosis for the high-risk group in the test set. (C) ROC curves for 1, 3, and 5 years and their AUCs. (D) Nomogram based on risk scores and clinical indicators. The results of a calibration curve (E) and ROC curves (F) showed the reliable performance of the nomogram. TAM, tumor-associated macrophage; HCC, hepatocellular carcinoma; ROC, receiver operator characteristic; AUC, area under curve. ***P<0.001.





Analyses of clinicopathological characteristics based on the prognostic signature

In addition to significant differences in survival between high- and low-risk groups, they also differed in their clinicopathological characteristics. Figure 7A shows a heatmap of the clinicopathological characteristics and expression of signature-related genes in high- and low-risk groups. There were no significant differences between high- and low-risk groups in terms of sex and age distribution, whereas there were significant differences in the depth of tumor infiltration (T stage) and tumor grade, with a significantly higher proportion of patients of grade 3 and T3–4 in the high-risk group than in the low-risk group (Figure 7B). Survival analyses of HCC patients divided into different subgroups according to their clinicopathological indicators showed that the survival outcome of patients in the high-risk group was worse than that of the low-risk group, whether grouped by sex, age, grade, or T stage (Figures 7C–J).




Figure 7 | Survival analysis based on stratification of clinicopathological characteristics. (A) Heatmap demonstrated the differences in gene expression and clinicopathological features between high-risk and low-risk groups. (B) Histograms related to clinicopathological features. Kaplan–Meier survival curves illustrated the results of survival analysis stratified by T stage (C, D), tumor grade (E, F), sex (G, H), and age (I, J). **P<0.01, ***P<0.001.





Risk signature-related immune cells, immune function, and the immunotherapeutic landscape

Based on risk grouping, in terms of immune cells, we discovered that the content of macrophages and Tregs was higher in the high-risk group than that in the low-risk group, whereas the content of B cells, mast cells, NK cells, plasmacytoid dendritic cells (pDCs), and helper T cells was lower than that in the low-risk group (Figure 8A). In terms of immune functions, the high-risk group was lower than the low-risk group in terms of cytolytic activity and a type-II interferon response, but higher than the low-risk group for major histocompatibility class (MHC) class-I (Figure 8B). With regard to immunotherapy, TIDE scores were higher in the low-risk group than those in the high-risk group (Figure 8C), suggesting that patients in the low-risk group were more likely to experience immune evasion, and that immunotherapy may be less efficacious. There was no significant difference in the scoring of several immunotherapy treatments between patients in high- and low-risk groups (Supplementary Figures 1A–D). In terms of expression of the genes associated with immune checkpoints, many differentially expressed genes between the two groups were documented (Figure 8D), such as CD44, CD86, and CD276, which showed significantly higher expression in the high-risk group. This finding offers the possibility of discovering new targets for immunotherapy.




Figure 8 | Risk signature-related immune landscapes. (A, B) Differences in scores of immune cells and immune function between high- and low-risk groups. (C) TIDE scores of high- and low-risk groups. (D) Differential expression of immune-checkpoint genes between high- and low-risk groups. *P<0.05, **P<0.01, ***P<0.001, ns, not significant. TIDE, Tumor Immune Dysfunction and Exclusion.





Prediction of potential anti-cancer drugs

To further investigate the clinical use of prognostic genes, we employed the CellMiner database to explore the relationship between prognostic genes and drug sensitivity. PAM was correlated significantly and positively with simvastatin sensitivity (correlation = 0.442, P<0.001) and LGALS3 was correlated significantly and positively with ARRY-162 sensitivity (correlation = 0.414, P<0.001) (Figure 9A). Patients in the high-risk group had a significantly worse prognosis, so we predicted 10 drugs with higher sensitivity in the high-risk group: epothilone B, A-443654, BEZ235, BI-2536, BMS-75480, CGP-6047, foretinib, GSK212645, JW-7-52-1, and VX-680. Epothilone B had the lowest IC50 (Figures 9B–K).




Figure 9 | Prediction of potential anticancer drugs based on signature genes and risk groups. (A) PAM and LGALS3 were positively correlated with the sensitivity of simvastatin and ARRY-162, respectively. (B–K) 10 drugs with higher sensitivity in the high-risk group compared with the low-risk group.





Measurement of signature-genes expression in tissues

After obtaining the M2-like TAM-related biomarkers and constructing related prognostic signature, we further analyzed the expression of signature genes in TCGA-LIHC samples. Figure 10A showed that the RNA expression levels of PDLIM3, PAM, PDLIM7, FSCN1, and LGALS3 in tumor samples were significantly upregulated. Moreover, in the samples we obtained from HCC patients, the RNA expression levels of these 5 genes (Figures 10B–F) were also significantly higher in tumor tissues than in adjacent normal tissues, perhaps suggesting that these genes play a role in the progression of HCC.




Figure 10 | Measurement of signature-gene expression in tissues. (A) Expression of signature genes in TCGA-LIHC samples. (B–F) RNA expression of PDLIM3 (B), PAM (C), PDLIM7 (D), FSCN1 (E), and LGALS3 (F) in tissues. *P<0.05, **P<0.01, ***P<0.001.






Discussion

As the main type of liver cancer, HCC is thought to be related mainly to injury and long-term inflammation (25), accompanied by infiltration of various types of immune cells into liver tissue (26). The TME comprises tumor cells and non-immune cells. The interaction of tumor cells with the TME promotes HCC progression through multiple mechanisms. For example, TECs have greater proliferative capacity (27), angiogenic capacity, and drug resistance compared with those of normal endothelial cells (28). CAFs can secrete CLCF1 to regulate HCC “stemness” (29), and can also promote HCC progression by secreting proinflammatory factors such as interleukin (IL)-6 (30). TAMs (or M2 macrophages) are important components of the TME. They play an important part in HCC development, such as producing CXCL8 and IL-6 (31, 32), which enhance the invasion and metastasis of HCC cells and promote HCC progression. Moreover, TAMs have been shown to promote the angiogenic process of HCC by producing vascular endothelial growth factors (33), enhancing cell stemness by upregulating secretion of the protein S100A9 (34, 35), and even increasing drug resistance by inducing immunosuppression (36).

Due to the important role of TAMs in HCC development, there is growing interest in TAMs-based therapeutic approaches. Wang et al. found that targeted delivery of microRNA (miR)-99b to TAMs in HCC could inhibit tumor growth by inducing the conversion of macrophages from the M2 phenotype to the M1 phenotype (37). Yang et al. found that injection of compound kushen attenuated TAMs-mediated immunosuppression and increased the sensitivity of HCC to sorafenib (38). With regard to the relationship between TAMs and cancer prognosis, Hwang et al. found that a high number of M2 macrophages was associated with a worse prognosis in non-small-cell lung cancer (39). Related studies in HCC are lacking, so more in-depth studies on the relationship between TAMs and HCC prognosis are needed urgently.

We found that the prognosis of TCGA-LIHC samples with high content of M2 macrophages was significantly worse compared with samples with low content of M2 macrophages, which demonstrated the association between M2 macrophages and prognosis in HCC. Then, 127 M2-like TAM-related genes were obtained by intersecting the M2 macrophage modular genes screened from TCGA-LIHC with TAM marker genes screened from the GEO database. After univariate regression and LASSO regression analyses, eight prognosis-related genes (PDLIM3, PAM, PDLIM7, FSCN1, DPYSL2, ARID5B, LGALS3, and KLF2) were screened for construction of a prognostic signature. Among these genes, some have been reported to play an important part in HCC, but some have not been studied deeply. For example, Pu et al. found that FSCN1 restricted HCC progression after receiving upstream inhibition (40). Liu et al. found that FSCN1 overexpression promoted the migration and invasion of HCC cells (41). Bhat et al. revealed that upregulation of LGALS3 expression was associated significantly with HCC recurrence (42). Zhang et al. identified LGALS3 as a key gene in the development of bone metastases and associated skeletal complications in HCC (43). Furthermore, among our screened prognostic signature genes, KLF2 (the only protective factor for the prognosis) has been shown to inhibit the growth, migration, and metastasis of HCC cells, and its expression to be downregulated significantly in HCC (44, 45).

After unsupervised consensus clustering of TCGA-LIHC samples into four clusters based on expression of eight prognosis-related genes, Kaplan–Meier survival analyses showed significant differences between the four clusters, which suggested an association between these eight genes and the prognosis. Then, the risk scores of patients were calculated according to our prognostic signature. Patients were divided into high- and low-risk groups according to the best cutoff values. We found that patients in the high-risk group had a significantly worse prognosis than those in the low-risk group. GSEA showed that the high-risk group was more enriched in cancer-related pathways, such as the p53 pathway and mitogen-activated protein kinase pathway, whereas the low-risk group was more enriched in metabolism-related pathways, which explained (at least in part) the worse prognosis of the high-risk group. The results of the C-index, univariate analyses, multivariate analyses, and ROC curves showed that our signature could predict the prognosis of HCC independently of other indicators in the training set and had a promising performance. Moreover, we externally validated the prognostic signature in the test set consisting of the GSE76427 dataset and results from the ICGC database: their general applicability and validity were demonstrated. Based on our signature-related risk scores and clinicopathological indicators of patients, we constructed a nomogram to provide a measure by which the prognosis of the patients could be evaluated from multiple aspects.

In addition to predicting the prognosis of HCC patients effectively, our prognostic signature revealed associations of risk grouping with the immune landscape and the response to immunotherapy. In terms of immune cells, the content of B cells, mast cells, NK cells, and pDCs cells was lower in the high-risk group, whereas the content of Tregs was higher. With regard to immune function, MHC class I was more active in the high-risk group, whereas cytolytic activity and the type-II interferon response were more predominant in the low-risk group, which may have been related to the higher NK-cell content in the low-risk group. The relationship between immune cells in the TME and prognosis has been studied intensively in various cancer types: an increased percentage of NK cells in tumor tissue or peripheral blood may suggest a better prognosis (46, 47). In renal cancer and muscle-infiltrating bladder cancer, infiltration of mast cells is an unfavorable prognostic factor (48, 49), whereas the role in breast cancer is controversial (50). Kim et al. found that B-cell deficiency promoted the growth of head and neck squamous cell carcinoma (51), and that B cells were associated positively with a good prognosis in cancers (52), such as lung cancer (53), gastric cancer (54), and HCC (55). The pDCs infiltration in a study by Jensen et al. suggested a poor prognosis for stage-I/II melanoma (56). Conversely, Kießler and colleagues found that the degree of pDCs infiltration was correlated positively with progression-free survival and overall survival in patients with colon cancer (57). A meta-analysis of 17 cancer types by Shang et al. revealed a significant negative effect of Tregs on overall survival (58). Thus, the differences in the immune landscape revealed by risk grouping based on our model indicated that differences in the HCC prognosis may arise from TME heterogeneity, thereby providing new ideas for our future studies.

During screening of signature genes and undertaking risk grouping, we also analyzed and screened for potential anti-cancer drugs. We found that the sensitivity of simvastatin and ARRY-162 (i.e., binimetinib) was correlated positively with expression of PAM and LGALS3, respectively. Simvastatin has been reported to increase the sensitivity of HCC cells to sorafenib (59), induce cell-cycle arrest (60), and inhibit the growth and invasion of HCC cells (61). Binimetinib is used widely as an inhibitor of mitogen-activated protein kinase in melanoma treatment (62). A combination of binimetinib and capecitabine can enhance the anticancer effect in patients with cholangiocarcinoma (63). Therefore, our data provide further support for use of these two drugs in clinical treatment of HCC. Also, the relationship between these two drugs and signature genes merits further exploration. In our prognostic model, once a patient is classified in the high-risk group, it often denotes a worse prognosis, so screening for drugs that are more sensitive in the high-risk group may rescue their poor prognosis. Therefore, 10 drugs with higher sensitivity in the high-risk group were screened, with epothilone B (i.e., patupilone) showed significantly higher sensitivity in the high-risk group and had the lowest IC50 among the 10 drugs screened. Zhou et al. also found that epothilone B could inhibit the growth of HCC cells (64). After screening for M2-like TAM-related biomarkers and constructing a prognostic signature, the expression of these genes in HCC tissues remained unknown. We therefore analyzed their expression in TCGA samples and performed further validation in the tissues we collected. We found that the RNA expression levels of PDLIM3, PAM, PDLIM7, FSCN1 and LGALS3 were significantly upregulated in tumor samples, which provides ideas for further studies.

In general, the high mortality rate and poor prognosis of HCC in cancer impose a heavy burden on families and public-health systems. In recent years, increasing numbers of researchers have constructed different types of prognostic signatures for HCC patients. Tang et al. (65) and Zhang et al. (66) focused on hepatitis C virus-associated HCC (HCV-HCC). They identified hub genes that play a key part in HCV-HCC and constructed related prognostic models. Tang et al. (67) screened the relevant genes from the perspective of the immunological phenotype of tumors to construct prognostic models and predict immunotherapy effects and drug candidates. Li et al. (68) revealed the prognostic differences among different phenotypes of CpG-island methylation in HCC patients, and screened the associated genes to construct a prognostic signature. Dai et al. (69) and Rao et al. (70) screened prognostic-related genes from metabolic- and aerobic respiration-related perspectives, respectively, to construct models. Those studies refine prediction of the prognosis of HCC patients from various perspectives and their models have good efficacy. Similar to our study (at least in part), they used the results of bulk-seq from public databases in the construction of their prognostic signature. Bulk-seq gives the total expression of genes in tissues, but the transcriptome of different cell types and proportions within tissues are not revealed. Therefore, different from the literature, we integrated single-cell sequencing (which enables identification of cell types and gives the expression profile at cellular resolution) with bulk-seq to identify specific M2-like TAM prognostic biomarkers for HCC. To our knowledge, this was the first study to use scRNA-seq and bulk-seq data to: (i) screen for M2-like TAM-related genes; (ii) construct a prognostic model in HCC. These signature genes facilitate deeper understanding and investigation of HCC. The prognostic signature we identified could aid the clinical management of HCC.

The construction and external validation of our prognostic model were based on data from TCGA, GEO and ICGC databases. However, the results from these databases are retrospective and the stability of signature performance must be confirmed in a prospective study.



Conclusions

We constructed an M2-like TAM-associated prognostic signature. This could be a promising tool for predicting the prognosis of patients with HCC. This prognostic signature also reveals the TME to some extent, and provides potential targets for HCC treatment.
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Hepatocellular carcinoma(HCC) is the sixth most common cancer in the world and is usually caused by viral hepatitis (HBV and HCV), alcoholic, and non-alcoholic fatty liver disease(NAFLD). Viral hepatitis accounts for 80% of HCC cases worldwide. In addition, With the increasing incidence of metabolic diseases, NAFLD is now the most common liver disease and a major risk factor for HCC in most developed countries. This review mainly described the specificity and similarity between the pathogenesis of viral hepatitis(HBV and HCV)-induced HCC and NAFLD-induced HCC. In general, viral hepatitis promotes HCC development mainly through specific encoded viral proteins. HBV can also exert its tumor-promoting mechanism by integrating into the host chromosome, while HCV cannot. Viral hepatitis-related HCC and NASH-related HCC differ in terms of genetic factors, and epigenetic modifications (DNA methylation, histone modifications, and microRNA effects). In addition, both of them can lead to HCC progression through abnormal lipid metabolism, persistent inflammatory response, immune and intestinal microbiome dysregulation.
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1 Introduction

Hepatocellular carcinoma, accounting for 75-85% of primary liver cancer cases, is the sixth most common cancer and the third leading cause of cancer death globally in 2020, with approximately 906,000 new cases and 830,000 deaths annually (1). Patients with HCC are usually asymptomatic in the early stage and are often in the advanced stage when they have typical symptoms, such as liver pain, jaundice, ascites, and liver failure (2). Common treatments for HCC include radiofrequency ablation(RFA), hepatic resection, liver transplantation, transcatheter arterial chemoembolization(TACE), tyrosine-kinase inhibitors (sorafenib), radiotherapy, and immune oncology (2, 3). Hepatitis B virus (HBV) or hepatitis C virus (HCV) infection, alcohol abuse, and NAFLD are the most common risk factors for HCC (2, 4–6).

Although the burden of nonalcoholic steatohepatitis (NASH)-induced HCC is increasing, chronic viral hepatitis (HBV and HCV) remains the leading cause of HCC, causing 80% of cases worldwide (5, 6). Liver cirrhosis caused by chronic HBV or HCV infection is an important factor in the development of HCC. It is worth noting that HCC can also appear in patients with chronic viral hepatitis infection without cirrhosis (7). Patients with viral hepatitis often have co-infections. Chronic hepatitis B (CHB) infection affected approximately 257 million people worldwide, of which 48-60 million were co-infected with HDV and 2.6 million were co-infected with HCV (8). Individuals co-infected with HBV/HCV have an increased incidence of HCC and a poorer prognosis compared with HBV or HCV mono-infection (2, 9). In the progression of CHB to HCC, synergistic risk factors include male sex, alcohol abuse, high viral load(HBV DNA > 106 U/mL), HBV genotype C, presence of cirrhosis, and hepatitis B e-antigen positivity (10, 11). The main treatment for CHB is the use of nucleotide analogues (NA) to inhibit HBV replication (1, 12). HCV infection is another major cause of chronic liver disease. Additional risk factors that may increase the risk of HCC in patients with HCV infection include male sex, diabetes and obesity, alcohol abuse, and HCV genotype 3 (6, 13). The development of direct-acting antiviral therapy (DAA) has improved the prognosis of HCV-induced HCC, and achieving sustained virologic response (i.e., virological cure, SVR) is associated with a significant reduction in HCC risk (14, 15).

With the increasing incidence of metabolic diseases such as diabetes and obesity, NAFLD has become an increasingly serious health problem (16). NAFLD can develop into NASH, liver fibrosis, liver cirrhosis, and eventually HCC. In recent years, with the widespread vaccination of the hepatitis B vaccine and the popularization of anti-HBV and HCV treatment, the incidence of virus-induced HCC has steadily decreased. NAFLD/NASH has gradually developed into one of the main causes of HCC in developed countries (16, 17). Patients with NAFLD have a very low risk of progressing to cirrhosis, but patients with NASH have a significantly increased risk of progressing to cirrhosis and even HCC. Compared with viral hepatitis-related HCC, NASH-related HCC patients tend to be older, have a better liver function, larger tumor size, and longer overall survival(OS) (18). In addition, some patients can directly progress to HCC without cirrhosis, and these patients always have a worse prognosis (19).

In this review, we discuss the similarities and differences in the molecular mechanisms of viral hepatitis and NASH-induced HCC. We accept that this review will help clinicians in the diagnosis and treatment of HCC patients, and provide guidance for the development of new molecular therapeutic targets and therapeutic drugs.



2 HBV-specific induced HCC


2.1 General features of the HBV

HBV is a para-retrovirus that was discovered by American geneticist Baruch Blumberg in 1965. Its genome is a 3.2-kb double-stranded loop of DNA (20). HBV has 10 genotypes (A to J), with genotypes C, B, F, D, and A are associated with the development of HCC (6). The HBV genome consists of 4 overlapping open reading frames (ORFs): Pre-S/S, X, P, and pre-C/C, which are transcribed to produce 5 messenger RNAs (mRNAs) (21). Viral protein products include 3 surface proteins (also known as large/pre-S1 (L-HBsAg), medium/pre-S2 (M-HBsAg), and small/major (S-HBsAg)), the excreted “e” antigen (HBeAg), the core antigen (HBcAg), the X protein (HBx), and the viral polymerase (DNA polymerase, reverse transcriptase, and RNaseH activity) (Figure 1). HBx is required for HBV replication and plays an important role in both HBV and HBV-induced HCC progression (21).




Figure 1 | Structural of HBV. HBV, Hepatitis B virus.





2.2 HBV DNA integration in host chromosomes

HBV DNA integration into the host chromosome is not an essential step in the HBV life cycle (22). However, this phenomenon can lead to the instability of the host genome, insertional mutations in proto-oncogenes and tumor suppressor genes, which in turn promote the occurrence of HCC (23). HBV DNA integration was observed in approximately 80% of HBV-induced HCC patients, and the frequency of integration was significantly higher in tumor tissues than in adjacent tissues (24). Integration sites tend to be located near repeat regions, CpG islands, and telomeres, leading to chromosomal instability (24). There are many target genes affected by HBV genome integration, such as TERT, MLL4, CCNE1, MLL2, ARID1A, ARID1B, ARID2, MLL3, et al. (25–27). Integration of HBV DNA can also induce the persistent expression of mutated and truncated HBsAg, HBcAg, and HBx proteins. High expression rates of these proteins can promote HCC development through endoplasmic reticulum and mitochondrial stress responses (28, 29).



2.3 HBV-induced epigenetic dysregulation

Epigenetic changes include all chromatin changes, while DNA sequence does not change, and can be divided into three types: DNA methylation, histone modification, and RNA-related silencing.


2.3.1 DNA methylation

In HBV-related HCC, DNA hypermethylation occurs at CpG islands in the promoter regions of specific tumor suppressor genes, resulting in the silencing of tumor suppressor genes, which in turn promotes the occurrence of HCC (30, 31). Persistent HBV infection can cause hypermethylation of p16INK4A, and HBx may play a key role in this process (32). RASSF1A (a cell cycle-related tumor suppressor protein) methylation occurs in more than 50% of HBV-infected livers, and its methylation level is also considerably increased early in the pathogenesis of HCC (33). CDH1 encoded a protein named epithelial cadherin (E-cadherin), which plays a crucial role in the epithelial-mesenchymal transition process. HBx can downregulate E-cadherin protein levels via promoting CDH1 hypermethylation (34). In contrast to hypermethylation, DNA hypomethylation is assumed to be a genome-wide event in HCC, which can lead to genomic instability. HBx can selectively promote regional hypermethylation of specific tumor suppressor genes by upregulating DNMT1, DNMT3A1, and DNMT3A2, and can also induce global hypomethylation of HSATII by downregulating DNMT3B (35).



2.3.2 Histone modification

Histones can be reversibly modified by acetylation, methylation, phosphorylation, or ubiquitination. These modifications have implications for gene activation, gene repression, DNA repair, and cancer development (36). Experiments by Liu et al. demonstrated that HBx can promote the expression of IGF-II by inducing the hypomethylation of the P3 and P4 promoters in HCC cells and HCC specimens. HBx can bind to MBD2 and CBP/p300 to promote MBD2-HBx-CBP/p300 complex formation, which in turn promotes the acetylation of the corresponding histones H3 and H4, providing new insights into the pathogenesis of HBx-mediated HCC (37). Arzumanyan’s study revealed that HBx protein can promote epigenetic modulation of E-cadherin transcriptional activity through histone deacetylation and miR-373 (34). Histone H3 lysine 4 methyltransferase SMYD3 has been shown to promote the transcriptional activation of genes involved in the development of HCC, such as C-MYC, JAK/STAT3, CDK2, and MMP2 (38–40).



2.3.3 MicroRNAs in HBV- HCC

MicroRNAs are small non-coding RNA with 19-25 nucleotides in length, which lead to gene silencing through translation inhibition or targeted degradation of mRNA. In recent years, more and more studies have shown that some MicroRNAs can be regulated by HBV infection and play a key role in hepatocarcinogenesis (41, 42). For example, miR-18a, miR-21, miR-221, miR-222, and miR-224 were upregulated in HBV-related HCC tissues, while miR-26a, miR-101, miR-122, miR-125b, miR-145, miR-199a, miR-199b, miR-200a, and miR-223 were upregulated in HBV-related HCC tissues. These miRNAs have been proved to affect HCC progression via targeting JAK/STAT, PI3K/MAPK, TP53, WNT/β-catenin pathways (41).




2.4 The role of HBV-encoded proteins in HCC

HBx protein plays an indispensable role in the life cycle of HBV and the progression of HCC. HBx plays its role mainly through the following four mechanisms: 1) HBx gene can be integrated into hepatocyte genome and affect genomic stability; 2) Induced epigenetic modifications such as DNA methylation, histone acetylation, and MicroRNA expression; 3) Oxidative stress induced by interaction with mitochondria and other proteins; 4) Participate in the regulation of proto-oncogene activation and tumor suppressor gene inactivation (8). The first two of these mechanisms have been described above. HBx is the most common open reading frame(ORF) integrated into the host genome in HBV-induced HCC specimens and the integrated HBx is frequently mutated (43, 44). And both of them appear to be important steps in HCC tumorigenesis (45, 46). HBx can trans-activate cellular promoters and enhancers and participate in the regulation of inflammatory proliferation-related signaling pathways, such as NF-κB, Ras/Raf mitogen-activated protein kinase (MAPK), c-Jun N-terminal kinase, Jak1/STAT, protein kinase C (PKC) and Src kinase, etc (47, 48). HBx in the cytoplasm can also bind to p53, prevent p53 nuclear localization, lead to dysregulation of cell cycle checkpoints, and inhibit p53-dependent apoptosis and DNA repair (49, 50).

HBx can also induce upregulation of vascular endothelial growth factor (VEGF) and angiogenic factor ang2(ANG2), stabilize HIF1α, and promote the angiogenesis of HCC (51, 52).

In addition, HBsAg can enhance the malignant potential of HBV-induced HCC by enhancing the IL-6-STAT3 pathway (53). HBV core protein can increase the production of cytokines and is related to the host immune response, both of which play a role in HBV-related HCC (54, 55).



2.5 Genetic variations in HBV

Due to the lack of proofreading function of HBV reverse transcriptase, the replication error rate of HBV DNA is much higher than that of other DNA viruses. Among the three envelope protein forms of HBsAg (L-HBsAg, M-HBsAg, and S-HBsAg), the amino acid position between 99-169 of S-HBsAg is called the main hydrophilic region (MHR), and the antigenic cluster “A” is located in it. Mutations in MHR will affect HBsAg antigenicity and lead to vaccine-induced immune escape (56). Pres/S region mutations may give rise to endoplasmic reticulum stress, oxidative DNA damage, and genomic instability in hepatocytes (57). In addition, K130M/V131I double mutations in the X gene, A1762T/G1764A double mutations in the basic core promoter (BCP), and mutations in the reverse transcriptase region will increase the risk of HCC (58–61).




3 HCV-specific induced HCC


3.1 General features of HCV

HCV genome is a 9.6 kb positive-strand single-stranded RNA virus with highly conserved 5’ and 3’ untranslated regions, encoding 3 structural proteins (core, E1, E2) and 7 nonstructural proteins (p7, NS2, NS3, NS4A, NS4B, NS5A, and NS5B) (Figure 2) (62). Unlike HBV viruses, HCV cannot stably integrate into the host genome and requires continuous replication to gain viability (63). There are 6 major genotypes of HCV, and genotypes 3 and 6 infections have been reported to have a higher risk in hepatocarcinogenesis (13, 64).




Figure 2 | Structural (A) and genetic organization (B) of HCV. HCV, Hepatitis C virus.





3.2 HCV-induced epigenetic dysregulation

Unlike HBV, HCV is not integrated into the host genome, but can promote HCC progression through epigenetic dysregulation.


3.2.1 DNA methylation

As with HBV-positive HCC, DNA methylation also plays an important role in HCV-positive HCC. The clinical study of Zekri showed that the progression of HCV-induced HCC was associated with increased DNA promoter methylation (65). SOCS-1, as a negative regulator of the JAK/STST pathway, often acts as a tumor suppressor gene (66). The methylation of SOCS-1 is more common in HCV-positive HCC (compared to HCV-negative HCC) (67). HCV protein can down-regulate Gadd45β expression by promoting hypermethylation of Gadd45β promoter, resulting in defective cell cycle arrest and leading to hepatocarcinogenesis (68). Duong’s study revealed that HCV could reduce the transcriptional activation of interferon- alpha(IFN-α) by promoting STAT1 and PP2Ac hypomethylation (69). In addition, Hypermethylation of APCαp15αp14αp73αp16αO6MGMT, and IGF2 can also affect the progression of HCV-induced HCC (30, 70, 71).



3.2.2 Histone modification

Hamdane’s research exposed a paradigm that chronic HCV infection induces 27 histone 3 (H3K27Ac) acetylation modifications can promote hepatocarcinogenesis (72). In addition, acetylation of histone H3 lysine 9 (H3K9Ac) plays a similar role in HCV-mediated carcinogenesis (73). Histone demethylase member KDM5B/JARID1B can enhance HCV-induced HCC cell proliferation via regulating its downstream genes E2F1 and E2F2 (74). HCV core protein can induce dysregulation of HOX gene by impairing histone H2A mono-ubiquitination, which will promote HCC development (75).



3.2.3 MicroRNAs in HCV-induced HCC

Studies have reported that specific liver and serum MicroRNAs are involved in the pathogenesis of HCV-induced HCC, including miR-193b, miR-155, miR-122, etc (76). In general, the mechanism of MicroRNAs in HCV-related HCC is not in-depth enough, and the number of related reports is smaller than that of HBV-related HCC reports.




3.3 The role of HCV-encoded proteins in HCC

There are 10 kinds of HCV gene products, among which the core, NS3, NS5A, and NS5B proteins potentiate carcinogenic pathways. They play an important role in promoting cell proliferation, regulating cytokines, oxidative stress, apoptosis, and HCV-related metabolic disorders and liver disease progression (77). HCV NS5B can form cytoplasmic complexes with Rb, leading to activation of E2F-dependent transcription and increased cell proliferation (78). HCV NS5A and NS3 can bind to P53 and down-regulate the expression of cell cycle regulation gene P21 (79, 80). P73 can interact with HCV core protein, leading to nuclear translocation of the core protein and promotes cell proliferation in a p53-dependent manner (81). HCV core protein can also induce oxidative DNA damage, enhance ROS production, and inhibit apoptosis (82).



3.4 Genetic variations in HCV

There are relatively few studies on the correlation between HCV characteristic mutations and HCC development (compared with HBV), among which HCV core gene mutations are the most studied. Studies have shown that HCV core A028C, G209A, C219U/A, U264C, A271C/U, C378U/A, G435A/C, and G481A mutations were significantly associated with increased HCC risk, while U303C/A mutation predicted reduced HCC risk (83).




4 NASH-induced HCC


4.1 Pathophysiology of NASH

The progression of NAFLD to NASH is a complex multi-factor process, whose detailed mechanism has not been fully elucidated. It is currently mainly accepted by the public as the “two-hit hypothesis” (84). The core idea is that liver steatosis and insulin resistance are the “first hit”, which leads to riglycerides accumulate in liver cells (85). Then, under the joint action of inflammatory factors, oxidative stress and endoplasmic reticulum stress, liver dysfunction such as hepatocyte inflammation, liver fibrosis and cirrhosis is developed, namely the “second hit” (86).

In recent years, there is a new consensus on the “multiple parallel hit hypothesis” to replace the “two-hit hypothesis”. The multiple parallel hit hypothesis suggested that NASH is the result of a combination of genetic differences, insulin resistance, lipid metabolism abnormalities, endoplasmic reticulum stress, mitochondrial dysfunction, and intestinal microbiota (87, 88).



4.2 Genetic factors

Genetic mutations in the protein-like phospholipase domain-containing protein 3 PNPLA3 gene is the most well-known mutations associated with NASH-related HCC progression (89, 90). PNPLA3 rs738409 c.444C>G minor allele (encoding the I148M variant) is associated with increased lipid accumulation and fibrosis in the liver. It also predisposes individuals to fatty liver-related diseases ranging from simple steatosis to steatohepatitis, NASH, and HCC (91). Overexpression of I148M PNPLA3 protein in mouse liver promoted steatosis by triggering metabolic reprogramming and driving inflammatory pathways (92).

17β-HSD13 is thought to be the pathogenic protein of NAFLD development (93). Chen et al. demonstrated that hydroxysteroid 17-Beta Dehydrogenase 13 (HSD17B13) was low expression in HCC and was associated with poor prognosis (94). HSD17B13 rs72613567 (a splice variant with an adenine insertion) reduced the risk of NASH and progressive liver injury (95).

In addition, TM6SF2 rs58542926 variant and MBOAT7 rs641738 variant have also been proved to be genetic variants susceptible to NAFLD-related HCC, and their effects are not necessarily mediated by the development of liver fibrosis (96–98).



4.3 NASH-induced epigenetic dysregulation


4.3.1 DNA methylation

Epigenetic changes such as abnormal DNA methylation are considered to be an important mechanism for NASH progression. It induced gene silencing associated with DNA damage and repair, lipid and glucose metabolism, and fibrosis progression via enzyme methyltransferase (DNMT) (99). Kuramoto’s study further confirmed that NASH-specific DNA methylation change may be involved in the development of NASH-associated multistage HCC (100, 101).



4.3.2 Histone modification

The histone deacetylase 8 (HDAC8) has been defined as a modifier of chromatin tissue in NASH-associated HCC (102, 103). HDAC8 can inhibit p53/P21 mediated apoptosis and stimulate β-catenin dependent cell proliferation. Knockdown of HDAC8 can reverse insulin resistance and reduce NAFLD-related tumorigenicity (103).



4.3.3 MicroRNAs in NASH-induced HCC

Accumulating evidence has demonstrated the role of microRNAs in epigenetic dysregulation of metabolic processes in NAFLD, NASH, and HCC. Takaki’s study showed that silencing of miR-122 is an early event in NASH and may be a novel molecular marker for assessing HCC risk in NASH patients (104). In addition, miR-21, miR-29, miR-23, miR-155, miR-221, miR-222, miR-106, miR-93, and miR-519 have also been confirmed to be associated with carcinogenic effects associated with NASH (105).





5 Connections between viral hepatitis-induced and NASH-induced HCC

Viral hepatitis-induced and NASH-induced HCC have been described in detail in a large number of previous reviews, but there is no article to summarize and discuss them together. In the previous section, we have discussed the specific pathways of viral hepatitis-induced and NASH-induced HCC, respectively. In this section, we will describe the common mechanism of them, and we will select the most important research hotspots for description, including metabolic pathways, inflammatory pathways, and intestinal microbiota dysfunction.


5.1 Metabolic pathways

Metabolic disorders, including dyslipidemia, insulin resistance and impaired blood glucose control have been identified as contributing factors to the progression of NASH (17). Insulin resistance and hyperinsulinemia can enhance the expression of IGF-1, trigger IRS-1/2 signal cascades, activate downstream PI3K-Akt and MAPK pathways, induce cell proliferation and inhibit apoptosis (105, 106) (Figure 3). In addition, the accumulation of excess lipids can also lead to the over-production of free fatty acids (FFA), which produce specific lipid toxicity and influence liver cell metabolism through a cascade of signals (107). It is worth mentioning that elevated iron levels have been observed in NASH patients and are considered a risk factor for HCC development (108).




Figure 3 | Transduction mechanism of the IGF1 signaling pathway in HCV, NASH-induced HCC. IGF, Insulin-like growth factor; IRS, Insulin receptor substrate.



In contrast to HBV viral hepatitis, HCV is commonly associated with hepatic steatosis (109). HCV core protein plays an important role in regulating lipid metabolism. Transgenic mice that express HCV core protein can develop insulin resistance, lipid accumulation in the liver, and eventually progresses to HCC (110, 111). Koike et al. revealed that HCV core protein can bind to retinol-like X receptor (RXR)-α and continuously activate peroxisome proliferator-activated receptor-α (PPAR-α), continuously activate peroxisome proliferator-activated receptor-α (PPAR-α), promote steatosis, and induce oxidative stress, eventually leading to the occurrence of liver cancer (112, 113).

Overall, hepatitis C and NASH have similar metabolic dysregulation, including hepatic steatosis, dyslipidemia, insulin resistance, and oxidative stress. But at the same time, there are differences. The metabolic dysfunction of HCV is mainly induced by the core protein, while the metabolic dysfunction of NASH is more complicated and the specific mechanisms remain to be explored. Compared with NASH, the incidence of HCV-induced HCC is higher (114).



5.2 Inflammatory and immunologic pathways

More than 90% of HCC occurs in the context of liver inflammation. Chronic inflammation induces immune cells to secrete a variety of cytokines, including TNFα, IL-6, leptin, adiponectin, chemokines, and so on (115) (Figure 4). In NASH, chronic HBV, and HCV, common mechanisms driving HCC development include: the persistence of liver inflammation, immune-mediated liver injury, and ultimately up-regulated release of pro-inflammatory factors TNF-α and IL-6. TNF-α is one of the most clearly characterized pro-tumor cytokines in HCC. It can simultaneously activate NF-κB and JNK signaling pathways, promote cell survival, inhibit cell apoptosis (116–118). IL-6-mediated STAT3 activation is a major driver of hepatocyte repair and replication, which promotes HCC development (117). Studies have also shown that IL-6 expression is upregulated and STAT3 is over-activated in HCC patients (119). The chemokine CKLF1 is overexpressed in HCC and is associated with tumor stage, vascular invasion, and prognosis. It can promote the progression of HCC by activating the IL6/STAT3 pathway (120).




Figure 4 | Schematic diagram of IL6 and TNF-α inflammatory pathways in HBV, HCV, NASH-induced HCC. IL-6, Interleukin-6; TNF-αα Tumor necrosis factor-alpha; HCC, Hepatocellular carcinoma.



Specifically, PNPLA3 polymorphism can also enhance inflammatory signaling through the IL-6/STAT3 and CCL5 pathways. PNPLA3-I148M mutant mice have been reported to spontaneously develop hepatic steatosis (121). PNPLA3-I148M HCC cells can promote proliferation via IL6/STAT3 and enhance the activation of hepatic stellate cells by upregulating the expression of chemokine ligand 5 and collagen 1α1 (120, 122).

HBx protein has carcinogenic activity and can regulate a variety of inflammatory pathways in hepatocarcinogenesis, including MAPK, NF-κB, IL-6/STAT3, and PI3K signaling pathways (48). HBsAg can inhibit the activation of STAT3 in NK cells, leading to HBV clearance disorder and accelerate the progression of HBV hepatitis to HCC (123, 124). Meanwhile, immunosuppressive microenvironment also plays an important role in promoting tumor progression. In HBV-related HCC patients, increased peripheral blood neutrophil/lymphocyte ratio (NLR) and increased Foxp3 + Treg cell number are positively correlated with disease progression (125, 126).

As for hepatitis C, the pro-inflammatory status is maintained mainly by affecting STAT3 and NF-κB pathways (127). HCV core proteins, NS4B, and NS5B can enhance TNF-α-induced cell death by inhibiting NF-κB activation (128). HCV can also promote the transcription of STAT3 by upregulating miR-135A-5p and inhibiting its regulatory factor PTPRD, driving the progression of HCC (129).



5.3 Gut microflora dysregulation

Due to the tight anatomical functional crosstalk between the gut and liver, the gut microbiota and its metabolites can influence liver disease progression through the “gut-liver axis” (130). Animal models and human studies have demonstrated that increased intestinal permeability can lead to dysbiosis, resulting in the influx of pathogen-associated molecular patterns(PAMPs) and gut microbiota-derived metabolites into the liver, which further triggers hepatic inflammation and hepatocarcinogenesis (131). At the molecular level, PAMPs, such as lipopolysaccharide (LPS), enter the liver through the portal vein and are recognized by TLRs (TLR4 and TLR9) in immune cells, resulting in the production of a series of cytokines (IL, TNF, IFN) that cause liver cell damage (132). It has been reported that changes in intestinal flora and dysbiosis exist in both NASH and chronic viral hepatitis (131, 133–135).




6 Conclusions

In general, the progression from HBV, HCV, and NASH infection to HCC is the result of the accumulation of multiple factors and the interaction of multiple mechanisms. For HBV-induced HCC, HBV DNA integration was observed in nearly 80% of tumor tissues. HBV-induced epigenetic dysregulation (DNA methylation, Histone modification, MicroRNAs), HBV-encoded proteins (HBx, HbsAg, and core protein), and genetic variations play a central role in HCC development. For HCV-induced HCC, HCV-induced epigenetic dysregulation, HCV-encoded proteins (NS3, NS5A, NS5B, and core protein), and genetic variations can lead to hepatocarcinogenesis. For NASH-induced HCC, it is more dependent on genetic factors (PNPLA3, 17β-HSD13, TM6SF2 variant) and epigenetic dysregulation.

In addition, some of the same mechanisms also exist in the process of viral hepatitis and NASH-induced HCC, lipid metabolism disorders, persistent pro-inflammatory, immune responses, and intestinal microbiota dysbiosis are all involved and play a crucial role. Abnormal lipid accumulation, insulin resistance, oxidative stress, and other metabolic disorders are present in both hepatitis C and NASH-induced HCC. Persistent liver inflammation, immune-mediated liver damage, and upregulation release of proinflammatory cytokines TNF-α and IL-6 are present in NASH, chronic HBV, and HCV-induced HCC. Due to the presence of the gut-liver axis, intestinal microbiological changes and dysbiosis caused by viral hepatitis and NASH can further trigger hepatic inflammation and hepatocarcinogenesis through PAMPs.

In early stage HCC, the most effective treatment options are surgical resection, liver transplantation, or percutaneous local ablation. Systemic therapy with various drugs targeting the tumor microenvironment (TME) for unresectable HCC has been shown to be effective. Multi tyrosine kinase inhibitors(TKIs), such as sorafenib, lenvatinib, regorafenib, cabozantinib, and the vascular endothelial growth factor inhibitor (ramucirumab), have been widely used in clinical. Sorafenib exerts anti-tumor effects via inhibiting vascular endothelial growth factor receptor (VEGFR), Raf-1, B-Raf, and platelet-derived growth factor receptor (PDGFR) (136, 137). In addition to TKIs, new therapeutic strategies such as immune checkpoint inhibitors (ICIs) have also progressed in recent years (138). Two anti-PD-1 drugs, nivolumab and pembrolizumab, have been approved as second-line treatment for patients with sorafenib-refractory advanced HCC in the United States (139, 140). Even so, the prognosis of patients with advanced HCC is still not optimistic, and the prognosis of unresectable HCC remains poor. Exploring the pathogenesis of viral hepatitis and NASH-induced HCC may provide guidance for the development of new molecular therapeutic targets and therapeutic drugs. At the same time, it may also play an important role in judging the prognosis of patients and providing individualized treatment.

In general, the innovation of this paper is that we discuss viral hepatitis-induced and NASH-induced HCC together for the first time, and analyze differences and connections of them, which have not been seen in the published reviews. However, the description of the potential molecular pathogenesis in the article is not in-depth. We will focus on a certain direction to further investigate the underlying molecular mechanism in our future studies.
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Background and Aims

Although insufficient radiofrequency ablation (RFA) promotes the recurrence and metastasis of liver cancer, the underlying mechanism remains unclear. This study aimed to investigate the role and mechanism of HIF-2α in hepatocellular carcinoma cells (HCCs) after Insufficient RFA.



Methods

We established a model of insufficient RFA in MHCC97H hepatoma cells and screened for stable sublines. We inhibited HIF-2α expression in the Insufficient RFA group using PT2385 and assessed the resulting changes in proliferation and biological function of HCCs. Cell viability and proliferation were detected by the MTT method, and scratch and Transwell chamber invasion tests detected migration and invasion abilities of HCCs. The mRNA and protein expression levels of VEGF, HIF-2α, and Notch1 were detected using qPCR, immunofluorescence, and western blotting.



Results

Compared with normal HCCs without RFA treatment, insufficient RFA enhanced the proliferation and invasion abilities of hepatocellular carcinoma subline MHCC97H (P < 0.001), as well as their migration ability (P = 0.046). The HIF-2α-specific inhibitor PT2385 downregulated the migration (P = 0.009) and invasion (P < 0.001) of MHCC97H cells but did not affect cell proliferation (P > 0.05). Insufficient ablation increased the mRNA and protein expression of VEGF, HIF-2α, and Notch1 in HCCs, whereas inhibition of HIF-2α reversed these changes.



Conclusions

Insufficient RFA increases the proliferation, migration, and invasion of HCCs via the HIF-2α/VEGF/Notch1 signaling axis; HIF-2α is a potential target for novel treatments of HCC after insufficient RFA.





Keywords: hepatocellular carcinoma, residual carcinoma, radiofrequency ablation, hypoxia-inducible factor-2α, metastasis



Introduction

Primary liver cancer is the sixth most common cancer and was the third leading cause of cancer death globally in 2020, with approximately 906,000 new cases and 830,000 deaths, of which 410,038 new cases and 391,152 deaths occurred in China, accounting for 45 and 47% of the totals, respectively, ranking first in the world (1). Liver cancer is highly malignant and develops rapidly. The early symptoms of liver cancer are not obvious; most patients with liver cancer are in the middle and late stages when diagnosed (2). Currently, the methods for treating liver cancer include hepatectomy, liver transplantation, and local ablation (3). However, the lack of liver donors seriously restricts the clinical application of liver transplantation. Hepatectomy is still the most effective treatment for liver cancer worldwide. However, liver cancer in most patients in China is accompanied by cirrhosis and portal hypertension, elevating the risk of liver failure after hepatectomy. In recent years, radiofrequency ablation (RFA) has become an indispensable tool in treating liver cancer owing to its advantages of being minimally invasive, economical, simple, and repeatable, as well as its low damage to surrounding liver tissue and high safety (4).

RFA works by transmitting electrical energy to the top of the electrode needle through a radiofrequency field formed by a closed circuit between a radiofrequency generator and the patient. When energized, the tumor tissue between the electrodes blocks the conduction of electricity, which generates heat and high temperatures. Finally, the tumor achieves coagulation, necrosis and inactivation (5). However, tumor size, shape, and location complicate the application of RFA and may result in insufficient tumor ablation. Liver cancer patients with insufficient RFA have a high risk of recurrence, metastasis, and disease progression (6–8), though the underlying mechanisms remain unknown (9). Although RFA triggers coagulation necrosis of some hepatocellular carcinoma cells (HCCs), residual cells increase the expression of vascular endothelial growth factor (VEGF) to promote endothelial cell proliferation in the hypoxic tumor microenvironment. Tumor-associated angiogenesis increases the recurrence and metastasis of liver cancer after RFA treatment. In previous studies by our group and other experts, the activation of neurogenic locus notch homolog protein 1 (Notch1) signaling was found to play a vital role in the proliferation of residual carcinoma cells (10, 11). Therefore, VEGF-mediated tumor-associated angiogenesis and activated Notch1 signal-driven tumor survival are among the most important molecular mechanisms contributing to HCC recurrence and progression.

It is well accepted that hypoxia-inducible factor (HIF) is elevated in residual carcinoma cells after RFA, including HIF-1α and HIF-2α (12). Overexpression of HIF-1α or HIF-2α has been detected in patients with HCC and has been closely associated with poor clinical outcomes (13). When subjected to persistent hypoxic stimulation, residual carcinoma expresses more HIF-2α than HIF-1α (14–17). HIF-2α is a key activator of the hypoxia response and is higher than HIF-1α in the transcriptional regulation of genes related to angiogenesis, angiogenesis, invasion, and metastasis (18). Moreover, HIF-2α promotes VEGF expression to a greater degree than HIF-1α (19, 20). Few studies have reported that HIF-2α is a crucial upstream regulator of VEGF and Notch1 signaling. However, the functional role of HIF-2α in HCC recurrence after insufficient RFA remains unclear. This study aimed to explore the role of HIF-2α in an in vitro insufficient RFA cell model.



Materials and methods


Reagents and chemicals

Our study incorporated the following reagents/materials at different stages: DMEM medium, fetal bovine serum (Gibco, USA), tetrazolium blue (MTT) powder (Dongguan Science and Technology Biology Company), Transwell chambers, Matrigel matrix glue (Corning, USA), mouse anti-VEGF monoclonal antibody (Proteintech), rabbit anti-human HIF-2α, rabbit anti-human Notch1, rabbit anti-human β-actin (monoclonal antibodies; CST), and PT2385 (MCE). Shanghai Shenggong Bioengineering Company synthesized the PCR primers. The reverse transcription kit and fluorescence quantitative PCR kit were obtained from Takara Bio.



Clinical samples

Cancerous and paracancerous tissues were obtained from six patients (with complete clinical records) with HCC treated by RFA between June 2018 and June 2021 in the Department of Hepatobiliary Surgery, Affiliated Hospital of Guangdong Medical University (Zhanjiang, China). All patients were diagnosed with HCC by the pathology department after surgery. Insufficient RFA was diagnosed after one month by arterial contrast enhancement and port venous washout within the RFA site suggestive of residual tumor tissue on enhanced CT or MR imaging, confirmed by pathology. The ethics committee of the Affiliated Hospital of Guangdong Medical University approved this study (LCYJ2021B002), and written informed consent was obtained from all patients.



Immunohistochemistry

Tissue samples were harvested and fixed in 10% formaldehyde (pH 7.4), dehydrated, and embedded in paraffin. We deparaffinized and rehydrated 4-μm sections of the paraffin-embedded tissue, performed epitope retrieval and blockade of endogenous peroxidase, incubated the sections with primary and HRP-conjugated secondary antibodies, followed by DAB immunostaining and hematoxylin counterstaining. Images were obtained using a light microscope equipped with a DP74 digital camera (Olympus, Japan).



Cell culture and establishment of insufficient RFA cell model

The HCC cell line MHCC97H (NC) was purchased from the cell bank of Chinese Academy of Science (Shanghai, China), and cells were cultured in DMEM supplemented with 10% FBS containing 100 U/mL penicillin and streptomycin at 37°C and 5% CO2. The medium was changed once daily. The cells were digested with 0.25% trypsin and separated into single-cell suspensions for passaging.

To mimic RFA treatment in vitro, MHCC97H cells were seeded in a 96-well plate and cultured at 47°C for 10 min. The surviving cells were named MHCC97H-H (NC-H) and their evaluation confirmed insufficient RFA (21). Different doses (10 nM to 100 μM) of the selective HIF-2α inhibitor PT2385 were tested to determine the optimal concentration for further analysis.



MTT cell proliferation assay

MTT cell proliferation assay kit (Dongguan Science and Technology Biology Company) was performed according to the manufacturer’s instructions. The optical density was measured using a multimode reader at 492 nM.



Wound healing assay

The 105 cells of suspension were added to a 6-well plate with inserts in place and then cultured until a monolayer was formed. A wound was created by scraping the monolayer with a 1 mL pipette tip. The cells were washed once and the medium was replaced. The cells were monitored for migration into the wound field after a 24-h culture. The results were observed using an inverted microscope with phase contrast.



Invasion/migration assay

Matrigel was added on top of the membrane of a 24-well Transwell plate and solidified in a 37°C incubator for 15–30 min to form a thin gel layer. Cells in the logarithmic growth phase were digested with trypsin and resuspended in a serum-free medium. A cell suspension (200μL) was added to the upper chamber of the Transwell insert and 600 μL medium containing 20% FBS was added to the bottom chamber. After culturing for 24-h, the Transwell insert was fixed with methanol for 15 min and then stained with crystal violet. The upper layer of the unmigrated cells was gently wiped with a cotton swab (22). Ten random fields were photographed under a microscope at 200× magnification. We considered the relative number of invasive cells to correspond with the migratory ability of the tumor cells.



Real-time quantitative PCR

Total RNA from cultured cells was extracted using TRIzol reagent. Complementary DNA was synthesized using the M-MuLV First Strand cDNA Synthesis Kit (Sangon Biotech, Shanghai, China), and real-time PCR was performed as previously described (23), using the following primers: human HIF-2α (Forward 5′-GTCATCTACAACCCTCGCAACCTG-3′, reverse 5′-ACCACGTCATTCTTCTCAATCTCACTC-3′), human Notch1 (Forward 5′-ACCACTGCGAGACCAACATCAAC-3′, Reverse 5′-CAGAAGCAGAGGTAGGCGTTGTC-3′), human VEGF (Forward 5′-CGAAACCATGAACTTTCTGC-3′, Reverse 5′- CCTGAGTGGGCACACACTCC-3′), and human glycolytic glyceraldehyde-3-phosphate dehydrogenase (GAPDH, Forward 5′-ACATCGCTCAGACACCATG-3′, reverse 5′-TGTAGTTGAGGTCAATGAAGGG-3′).



Western blotting

Western blotting was used to detect the expression of target proteins. Protein samples were extracted by RIPA lysis buffer and subjected to 12% sodium dodecyl sulfate-polyacrylamide gel electrophoresis. All proteins were transferred from sodium dodecyl sulfate-polyacrylamide gel electrophoresis to sodium dodecyl sulfate-polyacrylamide gel electrophoresis, followed by incubation with the primary and HRP-conjugated secondary antibodies. GAPDH was used as the loading control. The integrated optical density and the area of the protein bands were quantified and analyzed using ImageJ software (National Institutes of Health, Bethesda, MD, USA).



Statistical analysis

Data are shown as mean ± standard error of the mean (SEM) from at least three independent experiments. The student’s t-test was used for between-group comparisons. One-way analysis of variance was used for comparisons among multiple groups, followed by Tukey’s post hoc test. Statistical significance was set at p < 0.05. Data analysis was performed, and graphics were created using GraphPad Prism 5 (GraphPad Software, San Diego, CA, USA).




Results


HIF-2α expression in HCC and their paracancerous tissues after insufficient RFA

First, we tested whether HIF-2α is involved in the recurrence of patients with HCC after RFA. Immunohistochemistry revealed that the expression of HIF-2α was higher in cancerous than paracancerous tissues and was mainly concentrated to the cytoplasm (Figure 1). The levels of Notch1 and VEGF were elevated similarly (Figure 1). These data indicate that HIF-2α, Notch1, and VEGF may be involved in HC recurrence after insufficient RFA.




Figure 1 | Expression of HIF-2α, Notch1, and VEGF in HC and their paracancerous tissues of patients after insufficient RFA as revealed by immunohistochemistry. Brown color indicates positive staining. Magnification 400×.





Insufficient RFA promoted the invasion and proliferation of HCCs

Then, we established an insufficient RFA Cell Model according to the previous study (17). We performed MTT and Transwell assays to investigate the effect of insufficient RFA on HCC proliferation and invasion. After being subjected to a sub-lethal heat shock, NC-H cells displayed a fusiform shape and proliferated rapidly (Figures 2A, B). The Transwell assay showed insufficient RFA treatment enhanced NC-H invasion ability (Figures 2A, C). In addition, the mRNA expression of HIF-2α, VEGF, and Notch1 was markedly increased after insufficient RFA treatment (Figures 2D–F).




Figure 2 | HIF-2α, Notch1, and VEGF were involved in the increased invasion and proliferation of HCC induced by insufficient RFA. (A) Representative photos of HCC after insufficient RFA were detected by a phase contrast microscope and crystal violet staining. Magnification 400×. (B) Detection of cell proliferation by MTT. (C) Quantitation analysis of Transwell assay. (D–F) Detection of the mRNA expression of HIF-2α, Notch1, and VEGF. **P < 0.01, ***P < 0.001.





Inhibition of HIF-2α by PT2385 suppressed the invasion and migration of HCCs

To assess the role of HIF-2α in elevating the invasion and migration ability of HCCs after insufficient RFA, we performed Transwell and wound healing assays. We found that the increased migration ability of NC-H was suppressed by PT2385, a selective antagonist of HIF-2α over HIF-1α (Figures 3A, B). Similarly, PT2385 also inhibited the enhanced invasive ability of NC-H, as indicated by the Transwell assay (Figures 3C, D).




Figure 3 | Inhibition of HIF-2α by PT2385 suppressed the invasion and migration of HCCs after insufficient RFA. (A) Representative photos of HCC after insufficient RFA were detected by wound healing assay. Magnification 200×. (B) Quantitation analysis of wound healing assay. (C, D) Representative photos and quantitation analysis of Transwell assay. Magnification 400×. *P < 0.05; **P < 0.01. ***P < 0.001.





Inhibition of HIF-2α by PT2385 suppressed the VEGF and Notch1 signaling pathway

Finally, we tried to explore a potential pathway by which HIF-2α inhibition suppressed the invasion and migration of HCCs. As expected, PT2385 inhibited the expression of HIF-2α at both the mRNA and protein levels (Figures 4A, D, E). Interestingly, inhibition of HIF-2α by PT2385 also notably suppressed the expression of VEGF and Notch1, as detected by RT-qPCR and western blotting (Figures 4B–E).




Figure 4 | Inhibition of HIF-2α by PT2385 suppressed the VEGF and Notch1 signaling pathway in HCC after insufficient RFA. (A–C) Detection of mRNA expression by RT-qPCR. (D, E) Detection of protein levels by western blotting. *P < 0.05, **P < 0.01, ***P < 0.001.






Discussion

HCC is one of the most common malignant tumors, and its fatality rate ranks second among all malignant tumors worldwide (24), claiming 380,000 lives each year and accounting for half the cancer-related deaths in China (25–27). Hepatectomy, liver transplantation, and local ablative therapy are available treatments, but there is still a high incidence of postoperative recurrence (28). RFA has various advantages and is an important clinical treatment for liver cancer. It works by generating heat and high temperature to induce tumor tissue coagulation, necrosis, and inactivation. In general, 46°C for 60 min can lead to irreversible cell damage, and the higher the temperature, the shorter the ablation time. However, when the local temperature exceeds 105°C, tumor tissue vaporization will occur, increasing the total resistance of radiofrequency energy, resulting in RFA insufficiency. Therefore, the appropriate temperature for RFA is 50 to 100°C. Ablation is mainly suitable for single tumors with a diameter of less than 5cm or two to three tumors which a maximum diameter of less than 3 cm. Uni- or multipolar needles are clinically used depending on liver tumor size and location. The former is used for tumors with a diameter of less than 3 cm and the latter for tumors with a diameter of 3 to 5 cm. The ablation scope is generally extended to more than 1 cm of the tumor diameter to ensure tumor tissue destruction. For tumors with a diameter of up to 3 cm, one to two rounds of superimposed treatment for 5 mins is suggested, while 10 min of six treatments is recommended for tumor diameters between 3 and 4 cm. For tumors with a diameter above 4 cm, multiple overlapping treatments should be performed for 10 to 15 min (29).

However, due to the heterogeneity in tumor characteristics, ablation rates vary between 10.3–38.7% (30). Multi-point combined thermal field ablation can be used when the tumor diameter is 3 to 5 cm. Gasification occurs during the tissue carbonization and necrosis process, interfering with observation. When blind areas are left and there is no overlap between each ablation area, insufficient tumor ablation occurs. When the tumor is adjacent to large blood vessels, blood flux will draw part of the heat induced by RFA. Due to the reduced treatment temperature, the cancer cells near large blood vessels are preserved, resulting in insufficient RFA (31, 32). When the tumor is located on the surface of the liver or adjacent to Gleason’s pedicle, ablation may cause damage to the gastrointestinal tract, diaphragm, kidney, or biliary tract. Therefore, the scope of ablation is limited to avoid or reduce damage to special organs and vessels, resulting in residual tumor cells (33, 34). In addition, patients subjected to insufficient RFA often present local tumor recurrence and metastasis in the short term and even experience rapid deterioration in health (35–38). The potential harm that this technology can cause is the biggest obstacle to its successful application (9). Cell invasion and metastasis after insufficient RFA have recently gained attention (39–41), but the mechanism remains unclear.

Notch signaling is a conserved and important pathway involved in proliferation, differentiation, and self-renewal in most cell types (42, 43). It includes Notch ligands (DLL1, DLL3 DLL4, Jagged1, and Jagged2), Notch receptors (Notch1, -2, -3, and -4), and downstream target genes (Hes and Hey) (44). Our group and others have found that activation of the Notch1 pathway contributes to cancer cell proliferation, invasion, and migration (11, 45–47) and drug resistance in tumors (48). Notch1 mRNA and protein expression were elevated in HCC, and targeting Notch1/Hes1 using dihydromyricetin suppressed HCC proliferation and induced HCC apoptosis (11). Moreover, the level of Notch1 was increased in the liver tumor tissue of patients after insufficient RFA and in in vitro cell models, indicating that Notch1 signaling may be associated with the recurrence of HCC after insufficient RFA.

VEGF is also involved in HC recurrence after insufficient RFA. It is well known that VEGF stimulates endothelial cell growth and migration and increases vascular permeability and endothelial cell activity. VEGF expression is increased in various cancers, including HCC, and is associated with the invasion, recurrence, metastasis, and prognosis of liver cancer. Although they show some therapeutic effects, tyrosine kinase inhibitors targeting the VEGF receptor cause cardiotoxicity, hypertension, hand-foot syndrome, and other side effects. Recently, VEGF has been reported to activate the Notch1 pathway by upregulating DLL4 expression. The blocking of the Notch signaling pathway through DLL4-and VEGF acts synergistically to reduce the density and function of tumor vessels and inhibit tumor growth (49). Similarly, we found that the expression levels of VEGF and Notch1 were elevated after insufficient RFA in vivo and in vitro. Thus, there is an urgent need to identify upstream molecules that regulate VEGF and Notch1, which may provide a strategy for personalized therapies.

Hypoxia, the insufficient supply of oxygen to tissues, is an inherent characteristic of the tumor microenvironment and exists in almost all solid tumor sites (50). Tumor hypoxia leads to the activation of the HIF signaling pathway, and HIF is involved in mediating many important processes, such as tumor growth, metastasis, metabolism, and angiogenesis (51). HIF is a heterodimer complex consisting of a HIF-α subunit degraded by an oxygen-dependent proteasome and a constitutively expressed HIF-β subunit (52). Low levels of HIF expression are observed in normal liver tissues. However, HIF accumulates in large quantities under hypoxic conditions and becomes more stable. HIF is involved in mediating growth, metastasis, metabolism, angiogenesis, drug resistance, and other essential processes in liver cancer (14, 53). HIF-1α is mainly associated with acute hypoxia in tumors, whereas HIF-2α plays a major role in long-term chronic hypoxia (15, 16, 20). In the current study, the increased expression of HIF-2α was accompanied by elevated VEGF and Notch1 expression after insufficient RFA in vivo and in vitro, indicating that it acts as a potential upstream mediator. Similarly, HIF-2α has been shown to promote angiogenesis via the VEGF/Notch pathway to attenuate intracerebral hemorrhage injury (54). PT-2385 is inactive against HIF-1α and is a selective HIF-2α inhibitor with a Ki of less than 50 nM (55). The HIF-2α antagonist PT2385 exhibited a significant therapeutic effect in the phase I clinical trials of other tumor types such as human renal clear cell carcinoma and did not cause side effects such as cardiotoxicity and hypertension (56). In addition, PT2385 has been authorized for production by Peloton, which is convenient for experimental research. Thus, our results on HCC after insufficient RFA are amenable to clinical translation. Targeting HIF-2α with PT2385 attenuated renal cell carcinoma progression more effectively than sunitinib, accompanied by better tolerance and fewer side effects (56, 57). In our study, inhibition of HIF-2α suppressed the enhanced invasion and migration abilities of HCC after insufficient RFA. Moreover, the increased expression of VEGF and Notch1 was downregulated following PT2385 treatment. Similarly, PT2385 has been reported to suppress VEGF mRNA expression via HIF-2α inhibition in renal cell carcinoma and hypoxic HCCs (58). A previous study reported that HIF-2α repressed Notch signaling, but HIF-1α promoted it (59). In contrast, other scholars found that HIF-2α overexpression increased the activation of Notch pathways (60). In our study, the elevated expression of Notch1 may have directly resulted from increased VEGF expression, with HIF-2α having an indirect effect. However, the detailed mechanism of action of the PT2385 regulation of Notch1 expression needs to be explored in further studies.

In summary, our study revealed that insufficient RFA induced the activation of the HIF-2α/VEGF/Notch1 signaling axis in HCC, leading to enhanced proliferation, migration, and invasion of HCCs. Furthermore, HIF-2α is a potential upstream regulatory molecule of the VEGF and Notch1 pathways, though further research is required. To our knowledge, this is the first study determining the potential of PT2385 in treating HCC after insufficient RFA.
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Background

Hepatocellular carcinoma (HCC) is one of the most common malignancies in the world, with high incidence, high malignancy, and low survival rate. Cuproptosis is a novel form of cell death mediated by lipoylated TCA cycle proteins-mediated novel cell death pathway and is highly associated with mitochondrial metabolism. However, the relationship between the expression level of cuproptosis-related genes (CRGs) and the prognosis of HCC is still unclear.



Methods

Combining the HCC transcriptomic data from The Cancer Genome Atlas(TCGA) and Gene Expression Omnibus (GEO) databases, we identified the differentially expressed cuproptosis-related genes (DECRGs) and obtained the prognosis-related DECRGs through univariate regression analysis.LASSO and multivariate COX regression analyses of these DECRGs yielded four genes that were used to construct the signature. Next, we use ROC curves to evaluate the performance of signatures. The tumor microenvironment, immune infiltration, tumor mutation load, half-maximum suppression concentration, and immunotherapy effects were also compared between the low-risk and high-risk groups. Finally, we analyzed the expression level, prognosis, and immune infiltration correlation on the four genes that constructed the model.



Results

Four DECRGs s were used to construct the signature. The ROC curves indicated that signature can better assess the prognosis of HCC patients. Patients were grouped according to the signature risk score. Patients in the low-risk group had a significantly longer survival time than those in the high-risk group. Furthermore, the tumor mutation burden (TMB) values were associated with the risk score and the higher-risk group had a higher proportion of TP53 mutations than the low-risk group.ESTIMATE analysis showed significant differences in stromal scores between the two groups.N6-methyladenosine (m6A) and multiple immune checkpoints were expressed at higher levels in the high-risk group. Then, we found that signature score correlated with chemotherapeutic drug sensitivity and immunotherapy efficacy in HCC patients. Finally, we further confirmed that the four DECRGs genes were associated with the prognosis of HCC through external validation.



Conclusions

We studied from the cuproptosis perspective and developed a new prognostic feature to predict the prognosis of HCC patients. This signature with good performance will help physicians to evaluate the overall prognosis of patients and may provide new ideas for clinical decision-making and treatment strategies.





Keywords: cuproptosis, hepatocellular carcinoma, immune infiltration, prognostic signature, immune microenvironment



Introduction

Liver cancer is a malignant disease of the digestive system and ranks the third cause of cancer-related deaths worldwide (1). Only a small proportion of patients with early liver cancer can be cured by surgical resection (2). Hepatocellular carcinoma (HCC) is the majority of primary liver cancer, with up to 850,000 new cases occurring each year (3). Although it has been shown that the main risk factors for HCC are associated with a sustained virological response to hepatitis C, hepatitis B virus suppression in treatment, and alcoholic and nonalcoholic fatty liver disease (4). But its etiology and molecular mechanisms remain largely unknown (5).HCC is a highly heterogeneous disease, with intratumoral morphological and genetic heterogeneity further complicating our understanding of hepatocarcinogenesis (6).

Copper is an essential nutrient involved in various biological functions, and its redox properties make it both beneficial and toxic to cells (7). The imbalance of copper can cause oxidative stress in the body and thus affect tumor development (8). Copper has recently been found to induce cell death by targeting lipoylated TCA cycle proteins (9). Cuproptosis is a new form of programmed cell death (10), which is different from the cell death associated with oxidative stress (such as cell apoptosis (11), ferroptosis (12), and necroptosis (13). The finding of cuproptosis reinforces the idea that mitochondria are multifaceted regulators of cell death (14)and also challenges the conventional idea that oxidative stress is the fundamental molecular mechanism of metal-induced toxicity (15). Some recent reports suggest that mitochondria can affect drug resistance in cancer, leading to poor chemical therapy effects in HCC patients (16, 17). Zhang et al. (18) showed that copper content is closely related to hepatocellular carcinoma (HCC), and that serum copper and ceruloplasmin levels can be used as markers to detect HCC. In addition, the study by Koizumi et al. (19) demonstrated that elevated levels of redox-active free copper are closely associated with HCC due to acute hepatitis. Additionally, Siddiqui et al. (20)showed that CuO NPs can induce apoptosis in human hepatocellular carcinoma (HepG2) cells via ROS through the mitochondrial pathway. The above studies show that copper plays an important role in the development of HCC, indicating that cuproptosis may be closely related to the development of HCC. However, whether cuproptosis is related to the prognosis of liver cancer patients has not been studied.

Tumor mutational burden (TMB) is the number of somatic mutations per megabase of the interrogated genome sequence in a tumor sample, with the potential for predictive biomarkers (21).TMB plays an important role in the immunotherapy of tumors, and the higher the TMB, the better the immunotherapy benefits (22, 23). It has been shown that non-small-cell lung cancer and colorectal cancer with high TMB values may have a poor prognosis (24, 25). It has been shown that high TMB in HCC patients has a worse prognosis than patients with low TMB (26). However, it has also been suggested that higher TMB levels indicate longer overall survival (27). Therefore, whether TMB can be used as a biomarker for HCC remains unclear.

To explore the prognostic value of cuproptosis-related genes (CRGs) and the relationship with tumor mutations and immunotherapy, differential expression was performed by analysis and prognostic analysis of CRGs. We then constructed a new prognostic gene signature using four differentially expressed cuproptosis-related genes (DECRGs). Our data suggest that risk scores and staging were identified as independent prognostic factors. Furthermore, we explored the impact of risk scores on TMB and immunotherapy to further assess the value of signature in molecular therapy. Finally, we performed external validation of the expression levels and prognostic value of the four genes in the signature.



Materials and methods


Multiomics data collection and processing

In the first, we downloaded the gene transcriptome data (n = 424), clinical data (n = 377), and gene mutation data (n = 364) of patients with HCC from The Cancer Genome Atlas (TCGA) database (https://portal.gdc.cancer.gov/). Fragments per Kilobase million were used for the transcriptome data, which subsequently transformed into transcripts per million (TPM). We processed the survival information of HCC patients and deleted one sample with incomplete survival information. Next, we downloaded the GSE76427 dataset from the Gene Expression Omnibus (GEO) database (https://www.ncbi.nlm.nih.gov/geo/) and retained the tumor sample information for merging with the TCGA data. The clinical characteristics of all HCC patients are shown in Table 1. Digital focal-level copy number variation (CNV) was downloaded from the GDC TCGA Liver Cancer (LIHC) project on the UCSC Xena server(https://xena.ucsc.edu/).


Table 1 | The clinical characteristics of the TCGA cohort and GSE76427 cohort.



In addition, we downloaded the LIRI-JP data from the International Cancer Genomics Consortium (ICGC) database(https://dcc.icgc.org/).



Differential expression analysis and identification of prognostic-related CRGs

We used Wilcoxon rank-sum test for differential analysis to identify differential expression levels of cuproptosis-related genes (CRGs) between HCC samples and non-tumor samples. Kaplan-Meier (KM)analysis and univariate Cox regression were then used to further determine the CRGs associated with prognosis.



Consensus clustering analysis of CRGs GSVA and ssGSEA

Consensus clustering analysis, cumulative distribution function (CDF), and consensus matrix were performed to determine the optimal number of types. The correlation between types, overall survival (OS) status, and risk score was explored by the “GGalluvial” R package. Gene Set variation analysis (GSVA) analysis of pathway differences between different types. Then we assessed immune cell infiltration in different classifications using ssGSEA analysis.



The intersection of genes and enrichment analysis

We integrated TCGA liver cancer data with GSE76427 data. We considered it as statistically significant when |log2(fold change) | > 0.585 and adjust P value< 0.05.Next, we used the “org.Hs.eg.db” and “enrichplot” packages to perform the Gene Ontology (GO) enrichment analyses to explore the relevant biological functions and structures, and the related pathways were obtained using the Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analyses.



Signature generation and validation

We obtained univariate significant genes by univariate Cox regression analysis. Next, LASSO Cox regression analysis was performed on univariate significant genes to minimize the risk of overfitting between signatures (28, 29). Multivariate Cox regression further screened out the four best genes for risk model construction and calculated their correlation coefficients. Then we calculated the risk score for each patient using the following formula: Riskscore =  , here “exp(Xi)”, “coef(Xi),” and “n” represented the expression level, the coefficient, and the four genes, respectively.

Based on the median risk score of the training group, all HCC patients were divided into a high-risk group and a low-risk group. Log-rank test was used to analyze the different OS between high-risk and low-risk groups. The sensitivity and specificity of the signature were assessed by time-dependent receiver operating characteristics (ROC) analysis. Next, we constructed the programs using risk score, age, sex, and clinical stage. In addition, we plotted the calibration curves for years 1,3, and 5 to verify the accuracy of the nomogram. Furthermore, we analyzed the prognostic differences between subgroups stratified by age, gender, and clinical stage.



Assessing the tumor microenvironment, tumor mutation burden correlation, and immune checkpoints

We used the ESTIMATE algorithm to assess the immune score, stromal score, and ESTIMATE score in the tumor microenvironment (TME) (30, 31). The algorithm was able to estimate the levels of stromal cells and immune cells in malignant tumor tissues using gene expression signatures. The ESTIMATE algorithm is implemented using the R package (estimate, https://sourceforge.net/projects/estimateproject/). The proportion of the corresponding component in the TME is indicated by the score. The TMB scores for each HCC patient in the TCGA cohort were assessed using somatic mutation analysis. We constructed correlation scatter plots and boxplots based on Pearson correlation analysis to search for the effect of risk score on TMB. Waterfall plots regarding high- and low-risk groups were generated by R package “maftools”. We identified m6A genes and potential immune checkpoints based on previously published literature (32–35).



Evaluation of drug sensitivity and efficacy of immunotherapy

We used the R package “pRRophetic” to measure the 50% maximum inhibitory concentration (IC50) of different groups of samples by ridge regression to predict chemotherapeutic sensitivity (36). Wilcoxon sign-rank test was used to compare the IC50 of different groups. Next, we used the Tumor Immune Dysfunction and Exclusion (TIDE) Tool to predict immunotherapy responsiveness(http://tide.dfci.harvard.edu/).



Tissue specimens and immunohistochemical staining

We collected tissue samples from 16 HCC patients at the Second Affiliated Hospital of Nanchang University. This study was reviewed by the Medical Ethics Committee of the Second Affiliated Hospital of Nanchang University. Patients included in this experiment were informed and written consent was obtained, and this study met the criteria set by the Declaration of Helsinki. Tissue specimens were fixed with 4% paraformaldehyde and then embedded in paraffin. Slice the tissue into 5 μm slices using a slicer. This was followed by dewaxing with xylene and water incorporation with ethanol solutions of varying concentrations for antigen repair. They were then sealed with 10% goat serum. Then we used anti-TAF6(1:100) to incubate overnight at 4°C. Following three washes, slides were incubated with secondary antibody for 30 mins at 25°C. After incubation, DAB was used to stain for 10 min, and hematoxylin was re-stained for 2 min.



Cell culture and transfection

The human HCC cell line (HCCLM3) was purchased from the Shanghai Institute of Cell Research, Chinese Academy of Sciences, and the cells were validated by the cell bank of short tandem repeats. The HCCLM3 cell lines were cultured in DMEM culture media with penicillin G (100 μg/mL), streptomycin (100μg/mL), and 10% fetal bovine serum (FBS; Gibco; USA), and the cells were grown at 37°C with 5% CO2. The logarithmic growth cells were taken for the experiment. We used Lipofectamine 3000 Transfection Reagent (Invitrogen, Waltham, Massachusetts, USA) and interfering fragment siRNA and negative control si-NC (Hanheng Biotechnology Co. Ltd. Shanghai, China) to make transfection in HCCLM3 cells based on provided directions. Western blot (WB) and qRT-PCR were used to detect cell transfection efficiency. The sequences of siRNA are shown in Table S1.



Quantitative real-time PCR and protein extraction and western blot

First, we used the Trizol method to extract total RNA from tissues and cells. Next, we reverse transcribed it into cDNA (TaKaRa, RR047A) and used it for real-time quantitative PCR(TAKARA, RR420A). Data analysis was performed using the 2-ΔΔCt method. The primer sequences used are listed in Table S1. Total protein from HCCLM3 cells transfected with or without si-TAF6 was extracted, and western blotting was performed using the following primary antibodies:anti-TAF6 (1:500, Bioss, Beijing, China), anti-PD1/CD279 (1:2000, Proteintech, Wuhan, China) and anti-GAPDH (1:8000, Proteintech, Wuhan, China).



Cell counting kit-8 assay and EdU assay

The proliferative capacity of HCCLM3 with/without TAF6 downregulation was observed by CCK-8 assay and EdU assay. Three group cells were seeded in 96-well plates at 3×103 cells per well for the CCK-8 assay. Cell proliferation was detected using a CCK8 kit(Bioss, Beijing, China). 10μl CCK-8 reagent was added to each well at 0h, 24h, 48h, and 72h after transfection, and the cells were incubated at 37°C for 1.5h without light. The absorbance was measured at 450nm and we repeated each experiment at least three times. In addition, three group cells were seeded in 96-well plates at 1.5×104 cells per well for EdU assay. According to the instructions of the YF®594 Click-iT EDU(UE, Shanghai, China) staining kit, the EDU was diluted to 50 μmol/L by the complete medium. Then we added 100 μL to each well and incubated for 2 h. Next, the medium was removed, and the cells were fixed in 4% paraformaldehyde and neutralized with 2mg/mL glycine solution, and washed twice with 3%BSA. 0.5%Triton X-100 was used as the osmotic enhancer, and the required Click-iT working solution was configured and incubated for 30min under dark conditions.1×Hoechst 33342 solutions were used for Nuclear redyeing. Finally, Images were taken with a fluorescence microscope and analyzed with Image J(version1.8).



Wound healing assay and transwell migration assay

The migration ability of HCCLM3 with/without TAF6 downregulation was observed by wound healing assay and transwell migration assay. The cells were digested, centrifuged, resuspended, and counted. Then seed plate in a 6-well plate by 6×105 per well. Then the cells were placed in incubators and incubated. When the monolayer was adherent to the wall, the scratch test was performed with a 200μL sterile pipette. Then the cells were washed with PBS 3 times, added to a serum-free medium, and placed in an incubator at 37°C. Finally, images were taken at 0h, 24 h, and 48h with a microscope and analyzed by ImageJ. In addition, HCCLM3 cells with/without TAF6 downregulation were seeded in transwell chambers at 2×104 cells per group. Serum-free medium was used for the upper layer of the chamber, and a complete medium with 10% FBS was used for the lower layer of the chamber. Then we cultured HCCLM3 cells at 37°C with 5% carbon dioxide. After 24 hours of culture, wash, fix and stain. Finally, images were taken with a microscope and analyzed with ImageJ(version1.8).



Statistical analysis

We performed a descriptive statistical analysis of HCC patients in TCGA and GEO. Continuous variables were described as the mean ± standard deviation, and categorical variables were described as frequency and proportions. The Kruskal-Wallis rank-sum test was applied to examine the differences in CRGs and DECRGs expression in the various classifications of the pathological stage and histological grade of HCC patients. The chi-square test was used to analyze clinicopathological features between the training and test set. The log-rank test was used to compare the OS and the median OS. The Wilcox test was used to assess the correlation between signature genes and immune checkpoint expression levels. All statistical analyses were performed using R version 4.1.3 and GraphPad Prism 8. P< 0.05 represented a statistical difference.




Results


Differential expression and genetic alterations of CRGs

The general process of this study is shown in Figure 1. First, we obtained 19 CRGs (NFE2L2, NLRP3, ATP7B, ATP7A, SLC31A1, FDX1, LIAS, LIPT1, LIPT2, DLD, DLAT, PDHA1, PDHB, MTF1, GLS, CDKN2A, DBT, GCSH, DLST) from previous studies (37). Next, we analyzed the differentially expressed genes of the CRGs between the tumors and the normal tissues of the HCC patients in the TCGA database. The results showed that APT7A, LIAS, LIPT1, LIPT2, DLD, DLAT, PDHA1, PDHB, MTF1, GLS, CDKN2A, and DLST showed significantly higher expression in tumor tissues than in normal tissues, and NLRP3, SLC31A1, and DBT had higher expression levels in normal tissues(Figure 2A). The correlation analysis of CRGs expression showed a strong positive relationship between MTF1 and ATP7A (Figure 2B). Next, we constructed the protein-protein interaction (PPI) networks(Figure 2C) by String (https://string-db.org/). We performed the copy number variation(CNV) frequency analysis of CRGs. The results showed that the increasing frequency of ATP7B and CDKN2A copies was significantly higher than the deletion frequency, and the deletion frequency of NLRP3 and LIAS copies was significantly higher than the deletion frequency (Figures 2D, E). We also found that 38 somatic cells (10.24%) out of 371 liver cancer samples had mutations and CDKN2A (3%) showed a higher mutation frequency (Figure 2F).




Figure 1 | Flow chart of this study.






Figure 2 | Expression and genetic alteration of CRGs in HCC. (A) the expression of 19 CRGs in HCC and normal tissues. (B) correlations between the expression of CRGs; (C) Protein-protein interaction (PPI) networks between CRGs; (D–F) the CNV and mutation frequency and classification of 19 CRGs in HCC. *p<0.05, wfi 2***p<0.001; ns, not statistically different.



Next, we used KM analysis and COX analysis to assess the prognosis significance of CRGs of HCC patients in the TCGA and GSE76427 datasets collection files. Studies showed that 15 genes in the KM analysis were associated with OS prognosis (Figures 3A–O). The COX analysis showed those genes were associated with HCC patients (Table 2). Prognostic network maps of CRGs indicate LIAS, FDX1, SLC31A1, and ATP7B as protective factors in HCC, while NFE2L2, NLRP3, ATP7A, LIPT1, DLD, DLAT, PDHA1, PDHB, MTF1, GLS, CDKN2A, DBT, GCSH, and DLST are the risk factors (Figure 3P).




Figure 3 | Prognosis significance of CRGs of HCC patients in TCGA and GEO in HCC. (A–O) K-M survival curve displays the OS of HCC patients. (P) Prognostic network of CRGs.




Table 2 | UniCOX and KM analysis of CRGS.





Division subtypes, GSVA, and ssGSEA analysis based on consensus cluster analysis

The consistency matrix of the subtypes works best when K=3. Accordingly, we divided all HCC patients into three main subtypes (cluster A, cluster B, and cluster C) (Figure 4A). Next, we performed survival analysis on the three clusters and the KM curve showed significant differences in the prognosis between the different clusters, and the HCC patients with cluster B had the best prognosis (Figure 4B). A complex cluster-based heat map (Figure 4C) was constructed by combining the age, sex, and clinical stage of HCC patients in TCGA and GSE76427. Gene set variation analysis(GSVA) shows the differences between the top 20 most significant pathways in cluster A, cluster B, and cluster C (Figures 4D–F). The boxplot showed the difference in the proportions of different immune cells across the three clusters (Figure 4G).




Figure 4 | Clustering analyses of the signature. (A, B) Concordance matrix and K-M survival curve of the three clusters. (C) Complex heat maps show clinical correlations among the three clusters. (D–F) The GSVA heat map showed the differences in pathways in the three clusters. (G) The differential analyses between immune cells and the scale of fraction for cluster A and cluster B and cluster C. *p<0.05, **p<0.01, ***p<0.001.





Acquisition of intersection genes and enrichment analysis

The principal component analysis (PCA) results showed that we can segment cluster A, cluster B, and cluster C (Figure 5A) according to the expression level of CRGs. Next, we performed a differential analysis of the three clusters to obtain differentially expressed cuproptosis-related- genes (DECRGs) among different types. The Venn diagram shows the intersection of DECRGs (Figure 5B). Then, possible functions and pathways were identified using the GO and KEGG enrichment analysis. The GO analysis showed that the DECRGs were closely related to the endoplasmic reticulum lumen and basolateral plasma membrane in the Cellular Component (CC). Biological processes (BP) are mainly involved in the response to xenobiotic stimulus and regulation of body fluid levels. The Molecular Function (MF) can affect iron ion binding and monooxygenase activity (Figure 5C). The results of KEGG enrichment analysis showed that DECRGs are involved in chemical carcinogenesis−DNA adducts, alcoholic liver disease, xenobiotics by cytochrome P450, and drug metabolism − cytochrome P450, bile secretion, and retinol metabolism (Figure 5D).




Figure 5 | Functional enrichment analysis of DECRGs. (A) Principal component analysis of three clusters. (B) The Venn diagram shows the intersection of DECRGs (C) Analysis of BP, CC, and MF terms of GO enrichment demonstrated the possible function of the DECRGs. (D) Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway enrichment analysis revealed the possible pathways.





Consensus clustering analysis for partition subtype and prognostic model construction

First, we randomly divided 487 patients in a 1:1 ratio into the training set (n = 244) and the testing set (n = 243). Then we screened the 77 DECRGs by univariate Cox regression analysis to obtain the univariate significant genes (uniSigGenes) (Supplementary S1) and subtyped the uniSigGenes.

Based on the k-value selected by the highest correlation coefficient, we classified all HCC patients into three major subtypes (cluster A, cluster B, and cluster C) (Figures 6A, B). Patients in Cluster B had better OS compared to clusters A and clusters C (Figure 6C). A complex cluster-based heat map (Figure 6D) was constructed by combining the age, gender, and clinical stage of HCC patients in TCGA and GSE76427. Furthermore, we analyzed the differential expression of genes associated with CRGs between different clusters. The boxplot indicated that SLC31A1, FDX1, FDX1, and GCSH have the highest expression levels (Figure 6E) in cluster B. Next, we performed a LASSO regression analysis to reduce the overfitting of genes during signature generation and identified 11 significant genes (LASSOSigGenes) (Figures 6F, G). Then, the multivariate COX regression analysis of the LASSOSigGenes was performed, which finally identified the best four genes (TAF6, SPP2, CFHR4, DNASE1L3).The data in the training set was used to build the prognostic model, and the signature formula is as follows: Risk score = expTAF6×0.257 + expSPP2× (-0.093) + expCFHR4× (-0.112) + expDNASE1L3× (-0.205). The 244 patients in the training set were divided into low and high-risk groups according to the median score calculated by the risk score formula. Then 243 patients were divided into low-risk and high-risk groups based on the median value of the risk score of the training group. Next, we combined the training set and the testing set files to get all set files. The Sankey diagram shows the construction of the prognostic model (Figure 6H). Boxplots indicate the differences in risk scores in the CRGs cluster (Figure 6I) and the gene cluster (Figure 6J). The differential analysis of CRGs expression in the collection file was performed and the boxplot results (Figure 6K).




Figure 6 | Clustering analyses of the signature. (A) The cumulative distribution function based on the sign indicated that the optimal number of subtypes was 3. (B) Concordance matrix of subtypes. (C) K-M survival curve of the three clusters. (D) A complex heat map illustrated the expression patterns. (E) Expression of CRGs between cluster A, cluster B, and cluster C (H) Ggalluvial shows the construction of the prognostic model. (F, G) LASSO regression analyses for screening LASSOSigGenes. Boxplots indicate the differences in risk scores in the CRG cluster (I) and the gene cluster (J).The differential analysis of CRGs expression (K). *p<0.05, **p<0.01, ***p<0.001.





Validation of the prognostic value of the signature

We performed prognostic analysis on all set, training set, and testing set data. The KM curve indicates that the low-risk group showed a better OS probability (Figures 7A–C) compared with the high-risk group. In addition, we plotted 1-year, 2-year, and 3-year ROC curves to assess the sensitivity and specificity of the signature (all AUC > 0.600, Figures 7E–G). Univariate and multivariate COX regression analysis was performed in all sets. Univariate Cox regression analysis indicated that the risk score and clinical stage were significantly associated with OS (Figure 7D). Multivariate Cox regression analysis also identified risk score and clinical stage as independent predictors of OS (Figure 7H). Next, we constructed OS-related nomograms to test the proportional hazards hypothesis (Figure 7I) in the multivariate Cox model. The subsequent calibration curve further validated the accuracy of the nomogram (Figure 7J). Finally, we performed a clinically stratified analysis of clinical factors(age, gender, and tumor stage) to understand the applicability of the signature. We observed that for HCC patients aged<= 65 or > 65 years, the survival rate was significantly higher in the low-risk group than in the high-risk group (Figures 7K, L, all p< 0.001). Furthermore, for male or female HCC patients, the low-risk group was significantly higher than the high-risk group (Figures 7M, N, all p< 0.05). Similarly, for patients with tumor stage I-II (p< 0.001) or III-IV (p<0.001), survival in the low-risk group was significantly higher than in the high-risk group (Figures 7P, O).




Figure 7 | Validation of the prognostic value of the signatures. (A–C)The KM curve of all sets, testing set, and training set. (D) Univariate Cox regression analysis and multivariate Cox regression (H) analysis risk score and clinical stage as independent predictors of OS. (E–G) ROCs for 1-year, 2-year, and 3-year OS prediction. (I) The nomogram of the risk score and clinical parameters (age, gender, and stage) of all sets. (J) The calibration curves displayed the accuracy of the nomogram in the 1st, 2nd, and 3rd years. (K, L) Comparison of the OS between the high-risk and low-risk groups of patients who are<= 65 or > 65 years, male (M) or female (N) with a stage of stage I-II (O) or stage III-IV (P).



Next, we analyzed the expression differences of the four genes constructing the signature in the all set (Figure 8A), training set (Figure 8B), and testing set (Figure 8C). By mapping the heat map, we found that TAF6 was upregulated but SPP2, CFHR4, and DNASE1L3 had higher expression in the low-risk group. In addition, we also analyzed the mutation situation of TP53 with a higher mutation frequency in the three groups. We found that TP53 had a higher proportion of mutations in the high-risk group for the all-set (Figure 8D), training-set (Figure 8E), and testing-set (Figure 8F).




Figure 8 | Analysis of gene expression and mutation correlation. (A–C) The risk curve consists of genes expression heat map, risk score curves, and survival status point plot. (D–F) Comparison of the proportion of the TP53 mutation status in the high- and low-risk groups in the training, testing, and all sets.





Association of signature with immune cell infiltration and mutational load and immune checkpoints

Immunotherapy had revolutionized cancer treatment, enabling longer survival for cancer patients (38). However, immune cell infiltration and immune checkpoints are important factors in immunotherapy (39, 40). Therefore, we performed a multifaceted analysis of the relationship between signatures and immunity. The results showed that there was no difference between the two groups, and the stromal score and estimated score of the risk group were significantly higher than the high-risk group (Figure 9A). Next, we analyzed the correlation of the four genes with immune cells. The correlation heatmap (Figure 9B) shows the immune correlation results. Next, we analyzed the expression of the checkpoint genes between the high-risk and low-risk groups. The boxplot results showed that the expression of all checkpoint genes was statistically significant (Figure 9C), especially IDO2, TNFRSF14, CTLA4, TNFRSF18, TNFRSF4, LGALS9, CD276, HHLA2, CD80, VTCN1, HAVCR2, TNFSF4, and TNFSF15 (p<0.001). Studies have shown that the recurrence, metastasis, and chemotherapy resistance of liver cancer are associated with the presence of cancer stem cells (41).




Figure 9 | To assess the tumor microenvironment, immune checkpoint genes, and tumor mutation burden (TMB) in different groups. (A) Comparison of ESTIMATE scores, stromal scores, and immune scores between the high-risk and low-risk groups. (B) Correlation between the model-constructed genes and immune cells. (C) Differential expression of immune checkpoint genes between the high-risk group and the low-risk groups. (D) Correlation between the stem cell content and the risk score. (E) Differential expression of m6A-related genes (F, G) and the frequency of mutations in the high-risk and low-risk groups. (H, I) The KM curve of the tumor mutation burden versus the OS. *p<0.05, **p<0.01, ***p<0.001; ns, not statistically different.



So we performed a stem-cell correlation analysis. The correlation scatters plot (Figure 9D) indicates a higher risk score and a higher stem cell content. In addition, we analyzed the differences in m6A-related gene expression between the high-risk and low-risk groups. The results(Figure 9E) showed that METTL3, ALK8H5, WTAP, RBM15, YTHDC1, YTHDC2, HNRNPC, FTO, YTHDF2, and YTHDF1 showed higher expression in the high-risk group compared to the low-scoring risk group. Next, we analyzed the differences in mutation frequency in the high-risk groups and low-risk groups. The waterfall map shows (Figures 9F, G) that the mutation frequency of TP53 is much higher in the high-risk group than in the low-risk group. Furthermore, the KM survival curves showed a combination of higher TMB values and higher risk scores associated with worse OS (Figures 9H, I).



Signature predict the efficacy of response to chemotherapy and immunotherapy

We compared the relationship between high-risk and low-risk populations and the efficacy of the drug to assess the predictive effect of this signature on HCC drug therapy. Our study showed that the low-risk group was significantly associated with higher IC50 with chemotherapy drugs such as Axitinib, Imatinib, Lapatinib, Gefitinib, and Bicalutamide (Figures 10A–E).In contrast, the high-risk group was more sensitive to Cisplatin, Gemcitabine, Doxorubicin, Etoposide, Rapamycin, and Nilotinib treatment (Figures 10F–K). Furthermore, we assessed differences in immunotherapy between high-risk and low-risk patients by TIDE score. The results showed that the TIDE score is significantly lower (Figure 10L) in high-risk patients compared with low-risk patients. Next, we used TIMER2.0 (http://timer.cistrome.org/) to perform the correlation analysis of the four genes constituting the signature with PDC1, LMTK3, and CTLA4 expression (42). After adjusted by purity, the results (Supplementary Figures 1A–C) revealed that the expression level of CFHR4, DNASE1L3, and SPP2 were significantly negatively correlated with PDCD1, LMTK3, and CTLA4 in HCC, but TAF6 was positively correlated with PDCD1, LMTK3, and CTLA4 in HCC.




Figure 10 | Signature predicts chemotherapy and immunotherapy response. (A–E) The signature showed high-risk scores were associated with a lower IC50 for chemotherapeutics such as (A) Axitinib, (B) Imatinib, (C) Lapatinib, (D) Gefitinib, and (E) Bicalutamide, whereas they were related to a higher IC50 for (F) Cisplatin, (G) Gemcitabine, (H) Doxorubicin, (I) Etoposide, (J) Rapamycin and (K) Nilotinib treatment. (L) Differences in TIDE score between high- and low-risk groups.





Differential expression analysis and prognostic analysis of the signature genes

To further explore the credibility of the signature. We performed the differential analysis of the expression of signature genes on data from TCGA and CPTAC (http://ualcan.path.uab.edu/analysis-prot.html). The analysis of TCGA data showed that (Figures 11A–D), CFHR4, DNASE1L3, and SPP2 were significantly higher in adjacent non-tumor tissues, while TAF6 was upregulated in HCC tissues. Then we analyzed the CPTAC dataset, and the results were consistent with previous studies (Figures 11E–H). Furthermore, we used TIMER2.0 to analyze the expression differences of the signature genes between the two groups of wild TP53 and mutated TP53 in HCC patients. Boxplots (Figures 11I–L) indicated that CFHR4, DNASE1L3, and SPP2 had higher expression levels in the wild TP53 group, while TAF6 showed higher levels in the mutated TP53 group.




Figure 11 | Differential expression of the signature genes. (A–D) Differential expression of CFHR4, DNASE1L3, SPP2, and TAF6 in adjacent non-tumor tissues and HCC tissues in the TCGA database. (E–H) Differential expression of CFHR4, DNASE1L3, SPP2, and TAF6 in adjacent non-tumor tissues and HCC tissues in the CPTAC dataset. (I–L) Differential expression of CFHR4, DNASE1L3, SPP2, and TAF6 of HCC patients in the wild TP53 group and the mutant TP53 groups. ***p<0.001.



Next, we analyzed the relationship of the label genes with the prognosis. We used Kaplan-Meier Plotter (http://kmplot.com/analysis/index.php?p=service) to analyze the association of the signature genes with overall survival (OS) in HCC patients. The KM (Supplementary Figure 2A) curve of OS showed that all four genes were significantly associated with the prognosis of HCC patients. We then performed a prognostic analysis of the liver cancer data (Supplementary Figure 2B) from the ICGC database. The results indicate that low expression of CFHR4 and DNASE1L3 is associated with poor prognosis in HCC patients, while high expression of TAF6 is associated with poor prognosis in patients. In addition, we analyzed the differential expression of the signature genes in the different histological grades, pathological stages, and T stages of HCC in the TCGA database. The expression levels of the four genes (CFHR4, DNASE1L3, SPP2, and TAF6) varied in the different histological grades, pathological stages, and T stages of HCC, except for DNASE1L3, which did not show any statistical differences between the T stages (Supplementary Figure 3).



Validation of signature genes expression levels

We collected tissue samples from 16 HCC patients for the analysis of signature gene expression levels at the Second Affiliated Hospital of Nanchang University. The real-time quantitative PCR results showed that CFHR4, SPP2, and DNASE1L3 were expressed higher in non-tumor tissues (Non-Tumor) (Figures 12A–C) than in tumor tissues (Tumor), and TAF6 was expressed higher in tumor tissues (Figure 12D) than in non-tumor tissues. Due to the importance of TAF6 in the four signature genes, we further evaluated it. IHC results showed that TAF6 was highly expressed in liver cancer (Figures 12E, F). These results further verified the correctness of the above bioinformatics research. In addition, we assessed the expression level of TAF6 in the cell lines in liver cancer cell lines. including HepG2,SMCC7721,MHCC97H,Huh-7 and HCCLM3.As shown in (Figure 12G), compared with HL7702 (normal liver cells), TAF6 was expressed at relatively higher levels in liver cancer cell lines. Next, we used the HCCLM3 with the highest TAF6 mRNA expression level for subsequent trials. The real-time quantitative PCR was used to test the knockdown efficiency. The bar graphs (Figure 12H) indicate better silencing for si-TAF6#1 and si-TAF6#2.




Figure 12 | Verify the mRNA expression levels of the four signature genes in the tissues. The qRT-PCR results showed thatDNASE1L3 (A), CFHR4 (B), and SPP2 (C) were expressed higher in non-tumor tissues (Non-Tumor) than in tumor tissues (Tumor), TAF6 (D) was expressed higher in tumor tissues (Tumor)than in non-tumor tissues (Non-Tumor). TAF6 representative IHC (E, F) stained images in HCC tissue and adjacent tissues(n = 16; magnification: left, 100×; right, 200×). Expression levels of TAF6 (G) in HCC cell lines. The bar graphs (H) indicates better silencing for si-TAF6#1 and si-TAF6#2. *p< 0.05, **p< 0.01, and ***p< 0.001.





TAF6 expression was associated with poor prognosis in HCC

The better knockdown si-TAF6#1 and si-TAF6#2 were used for subsequent trials. To assess the effect of TAF6 on proliferation in HCC, we used CCK-8 and EdU staining assays in HCCLM3 with/without TAF6 knockdown. After interfering with TAF6 expression in HCCLM3 cells, the cell proliferation rate in thesi-TAF6#1 and si-TAF6#2 groups was significantly lower than that in the si-NC group (Figures 13A, D, E). The effect of inhibiting TAF6 expression on HCC cell migration was further analyzed. Transwell assays and wound-healing experiments together showed that the migratory ability of HCCLM3 cells was significantly reduced upon inhibition of TAF6 expression (Figures 13B, C, F, G). Furthermore, we explored the relationship between the immune checkpoint PD-1 and TAF6 in HCC cells. Interestingly, we found that inhibiting the expression of TAF6 reduced the protein expression of PD-1 by western blotting (Figures 13H–J). In summary, in vitro, experimental data suggest that high expression of TAF6 is closely related to better immunotherapy results and poor prognosis in patients with HCC.




Figure 13 | Adverse effects of TAF6 on HCC in vitro. (A, D) Compared with the control group, the proliferation rate of HCCLM3 cells was significantly inhibited after TAF6 silencing by EdU staining. (B, E) Transwell experiments showed that the migratory ability of HCCLM3 was inhibited after TAF6 silencing. (C) After TAF6 silencing, the cell viability of HCCLM3 was significantly inhibited by the CCK- 8 assay. (F, G) The wound healing array showed that LTAF6-downregulated HCCLM3 cells exhibited significantly delayed wound healing compared with controls. (H–J) Effects of with or without inhibition of TAF6 expression on PD-1 protein expression levels by western blotting. Scale bar: EdU,50μm; Transwell experiments and Wound healing array,200μm. **p<0.01, ***p<0.001.






Discussion

The incidence of liver cancer has been on the rise in recent years, and it is estimated to exceed 1 million cases by 2025 (43, 44). As the major histological type of liver cancer, hepatocellular carcinoma (HCC) accounts for the vast majority of liver cancer diagnoses and death (45). Although enhanced diagnostic techniques and treatments have enabled improved outcomes for early-stage HCC patients, the overall prognosis of HCC remains poor (46). Therefore, seeking a valid signature is significant for evaluating the prognosis and treatment of patients with HCC. Recent studies have shown that cuproptosis is a new form of programmed cell death, different from oxidative stress-related cell death, such as apoptosis, ferroptosis, and necroptosis (9). Studies have shown that copper death-related genes play important roles in clear-cell renal cell carcinoma (47), neuroinflammation (48), and chemotherapeutic drugs (49). In addition, numerous studies have shown the importance of pyroptosis (50), ferroptosis (51), and necroptosis (52) in the development and treatment of HCC. However, no study has analyzed the relationship between cuproptosis and prognosis prediction and targeted therapy in HCC patients.

In this study, we performed a clustering analysis of cuproptosis -related genes(CRGs) that yielded differentially expressed cuproptosis-related- genes (DECRGs). Then, the univariate regression analysis, LASSO Cox regression analysis, and multivariate regression analysis yielded four DECRGs. Next, we used four DECRGs to construct a novel prognostic risk signature and identify potential molecular subtypes to better predict the prognosis of HCC. Furthermore, we evaluated the performance of the signature through survival analysis, mutation correlation analysis, and independent prognostic analysis. In conclusion, our results indicate that the signature is better predictive. Our signature genes include TAF6, SPP2, CFHR4, and DNASE1L3, all of which are cuproptosis -related differential genes with a strong correlation with cuproptosis –related- genes (Supplementary Figure 4). Our signature genes have the potential to be a prognostic risk gene for HCC patients. Xiao et al. showed that DNASE1L3 inhibits HCC progression by inducing apoptosis and weakening glycolysis (53). Lu et al. found that SPP2 is involved in regulating aerobic glycolysis and affecting HCC tumorigenesis (54). Fan et al. have suggested that SPP2 can serve as a biomarker to predict the prognosis of patients with oral squamous cell carcinoma (55). The study of Wang et al. has demonstrated the great potential of TAF6 in the development of glioblastoma therapy (56). Furthermore, we analyzed the differential expression of signature genes in the TCGA database of genes and HCC data in the GSE76427 datasets and found significant differences in signature genes between adjacent non-tumor samples and HCC samples. Our results from qRT-PCR have also demonstrated the same results, with the GEPIA2 and ICGC data survival analysis results indicating those signature genes are significantly associated with prognosis, increasing the confidence of our signature genes as prognostic models. Based on the regression coefficients, TAF6 is considered the most important DECRG in risk factors and prognosis prediction. We analyzed the expression of TAF6 in normal hepatocytes and hepatoma cell lines, and the results of real-time quantitative PCR indicated that TAF6 expression was significantly higher in hepatoma cell lines than in normal hepatocytes. In addition, we performed in vitro experiments and found that interference with TAF6 expression significantly inhibited HCC proliferation and migration. Interestingly, we found for the first time that TAF6 inhibition causes downregulation of CD279 (PD-1) protein expression, which may provide new insights into immunotherapy

Our GO enrichment analysis indicates that the presence of DECRGs mainly in the basolateral plasma membrane and in the ER lumen may be associated with ER stress in regulating tumor growth and antitumor immunity (57). It may also affect immune responses by affecting iron ion binding (58). Accordingly, we performed the immune correlation analysis, and the results showed that there was no difference in the immune scores for the data from the high-risk and low-risk groups, and the significant differences in the stromal and estimated scores. This suggests that our DECRGs have the potential to predict the composition of the TME. The risk score was positively correlated with T cells CD4 memory activated and NK cells resting, and negatively correlated with T cells CD4 memory resting and B cells naive (59, 60) (Supplementary Figure 5). These results suggest that the high-risk group may have better immune cell therapy effects. Furthermore, the results of KEGG enrichment analysis indicated that DECRGs are involved in chemically oncogenic DNA adducts, alcoholic liver disease, and drug metabolism cytochrome P450. This result suggests that our signature may be used for the treatment of HCC and for developing chemotherapy drugs (61–63). Given the therapeutic importance of drug therapy for HCC, we evaluated the predictive effect of the signature on drug therapy for HCC. Our study showed that Cisplatin (64), Gemcitabine (65), Doxorubicin (66), Etoposide (67), Rapamycin (68), and Nilotinib (69)have higher drug sensitivity in the high-risk group, consistent with previous studies suggesting that our signature has the potential to predict drug efficacy. TMB has been proven to be an important and independent biomarker that plays an important role in the prognosis and treatment of HCC (70, 71). Our study showed that HCC patients in the high-score-risk group had a higher frequency of TP53 mutations and a worse prognosis, which is consistent with the study by Tang et al (72).In recent years, the use of immunotherapy in the treatment of HCC has attracted increasing attention (73), and checkpoint inhibitor immunotherapy plays an important role in HCC patients (74). We analyzed the expression levels of checkpoint genes and the TIDE scores in the high-risk and low-risk groups. The results showed that the checkpoint gene expression levels were generally higher in the high-risk group than in the low-risk group, while the high-risk patients had significantly lower TIDE scores. This suggests that our signature may be used to evaluate the expression of immune checkpoint genes and the effect of immunotherapy. Furthermore, we used TIMER2.0 to analyze the correlation analysis of the signature genes with the immune checkpoint genes PDCD1, LMTK3, and CTLA4. The results showed a significant correlation of the signature genes with both PDCD1, LMTK3, and CTLA4.In conclusion, our signature has a good predictive prognostic power and facilitates the selection of patients suitable for immunotherapy.

However, our study also has limitations. First, most of our data are derived from the TCGA, GEO, and ICGC databases, and we find a lack of comprehensive validation from the external datasets. Furthermore, we performed partial expression volume validation at the tissue level and cell level but the sample number was small. In the future, we will continue to collect samples to evaluate this signature with immunotherapy and to verify whether there are differences in immunotherapy benefits between high-risk and low-risk populations.

In conclusion, we constructed a new prognostic CRGs signature to better predict the prognosis in HCC. This signature will help clinicians to evaluate the overall patient prognosis and provide new ideas for developing treatment strategies.
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Background: Copper metabolism plays an important role in the tumor microenvironment, and cuproptosis is the last discovered programmed cell death process. However, the potential mechanism of cuproptosis in regulating the immune microenvironment of HCC remains unclear.
Methods: A total of 716 HCC patients with complete mRNA expression and survival information were collected from three public HCC cohorts (TCGA-LIHC cohort, n = 370; GSE76427 cohort, n = 115; ICGC-LIRI cohort, n = 231). The unsupervised clustering analysis (NMF) was performed to identify three different cuproptosis-related subtypes. The univariate-Cox, lasso-Cox and multivariate-Cox regression analyses were performed to screen the cuproptosis related and construct the cuproptosis-related prognosis signature (Cu-PS). The immune cell infiltration was estimated by both CIBERSORT and MCPcounter algorithms.
Results: This study identified three distinct cuproptosis-related metabolic patterns, which presented different pathway enrichment and immune cell infiltration. The Cu-PS, a 5-genes (C7, MAGEA6, HK2, CYP26B1 and EPO) signature, was significantly associated with TNM stage, tumor mutational burden (TMB), drugs sensitivity, and immunotherapies response.
Conclusion: This study performed a multi-genetic analysis of cuproptosis-related genes and further explored the regulatory mechanism of cuproptosis in HCC. The Cu-PS might be a useful biomarker for predicting immunotherapy response and enhancing the diagnosis and treatment of HCC.
Keywords: hepatocellular carcinoma, cuproptosis, prognostic signature, immunotherapy, cancer subtype
INTRODUCTION
Hepatocellular carcinoma (HCC) has high heterogeneity and poor prognosis (Dong et al., 2020) and led to the second-highest mortality rate among all cancers (Sung et al., 2021). The 5-year survival rate of HCC patients is less than 20% despite the continuous emergence of immunotherapy and targeted drugs (Llovet et al., 2021). Due to its high heterogeneity, the prognosis of HCC also varies greatly (Pinero et al., 2020). Alpha-fetoprotein (AFP), AFP-L3, glypican-3 (GPC3) and des-gamma-carboxy prothrombin (DCP) are important markers for the diagnosis and prognostication of HCC, but the sensitivity and specificity are limited (Cai et al., 2019; Choi et al., 2019). Therefore, finding novel regulatory mechanisms of HCC and identifying more reliable prognostic markers are crucial for improving the survival rate and promoting precision therapy.
Programmed cell death (PCD) is a process in which cells die after being stimulated by an external signal, which may be physiological or pathological (Hotchkiss et al., 2009). Apoptosis, autophagy and necrosis are three major forms of PCD that have been extensively studied (D'Arcy, 2019). In recent years, new PCD patterns including ferroptosis, pyroptosis, and necroptosis have been discovered, which play an important role in the occurrence and development of tumors (Frank and Vince, 2019; Hirschhorn and Stockwell, 2019; Tsvetkov et al., 2022). Copper ionophore-induced cell death, also called cuproptosis, is the latest proposed PCD pattern. The main mechanism is that copper binds to lipoylated components in the TCA cycle under overload conditions, thus inducing cell death (Tsvetkov et al., 2022). Copper metabolism plays an important role in the regulation of tumor microenvironment, however, the underlying mechanism of cuproptosis in HCC remains unclear. Therefore, it is crucially important to explore the association between cuproptosis and HCC, and to find new strategies for diagnosis and treatment.
In this study, we first preformed multi-genetic analysis of cuproptosis-related genes and further identified three cuproptosis-subgroups by nonnegative matrix factorization (NMF) clustering analysis. Differential pathway enrichment and immune cell infiltration analyses of these three subgroups were conducted to explore the biological mechanisms underlying the three subtypes. The cuproptosis-related prognostic signature (Cu-PS) was established based on the five identified prognostic core genes. The Cu-PS was significantly associated with TNM stage, tumor mutational burden (TMB), drug sensitivity, and immunotherapy response. In conclusion, our study explored the regulatory mechanism of cuproptosis in HCC and provides new targets and strategies for the clinical diagnosis and treatment of HCC patients.
MATERIALS AND METHODS
Data collection and preprocessing
A total of 716 HCC samples with complete survival and mRNA expression information from three HCC cohorts (TCGA-LIHC cohort, n = 370; GSE76427 cohort, n = 115; ICGC-LIRI cohort, n = 231) were included in this study. The clinical information and copy number variation data were downloaded from https://www.cancer.gov/. The mRNA expression and somatic mutation data of TCGA-LIHC were downloaded from https://xenabrowser.net. The clinical and mRNA expression data of the GSE76427 and ICGC-LIRI cohorts were downloaded from https://www.ncbi.nlm.nih.gov/geo/ and https://dcc.icgc.org/projects/, respectively.
The RNA data (FPKM or count format) were transformed into TPM format. The batch effects among the TCGA-LIHC, GSE76427 and ICGC-LIRI cohorts were eliminated via the SVA” package (Yang et al., 2020). The CNV diagram of 16 cuproptosis-related genes was generated by the “Rcircos” package.
Identification of HCC cuproptosis subtypes (Cu-clusters) based on NMF unsupervised clustering analysis
The 16 cuproptosis-related genes were obtained from published literatures, including 13 genes with positive relationships (FDX1, LIPT1, LIAS, DLD, DBT, GCSH, DLST, DLAT, PDHA1, PDHB, SLC31A1, ATP7A and ATP7B) and 3 genes with negative relationships (CDKN2A, MTF1 and GLS). Based on the expression of these 16 cuproptosis-related genes, we performed an unsupervised clustering analysis (NMF) and identified three different cuproptosis-related subtypes. The clustering analysis was performed with the “consensus-cluster plus” package and iterated 1,000 times (Wilkerson and Hayes, 2010).
Pathway enrichment analysis of hallmark and GO gene sets
The hallmark gene sets were downloaded from the MSigDB (http://www.gsea-msigdb.org). Single-sample enrichment scores for the hallmark gene set were estimated with the “GSVA” package (Hanzelmann et al., 2013). The package “clusterProfiler” was applied to annotate the GO functions of DEGs.
Estimation of immune cell infiltration with the CIBERSORT and MCPcounter algorithms
The “MCPcounter” package and CIBERSORT algorithm were employed to estimate the fractions of tumor-infiltrating immune cell subsets based on mRNA transcriptome profiles (Becht et al., 2016). The CIBERSORT algorithm (https://cibersort.stanford.edu/) can be used to evaluate the abundance of 22 immune cells, and the MCPcounter algorithm can be used to quantify the fractions of 8 tumor-infiltrating immune cell types, as well as endothelial cells and fibroblasts.
Identification of cuproptosis subtype-related DEGs
The “limma” package was applied to screen DEGs. A total of 140 DEGs were identified with significance criteria (adjusted p value < 0.001, |logFC>1|). The “heatmap” package was used to present the expression landscape of DEGs among three different cuproptosis subtypes.
Construction of a prognostic signature based on the cuproptosis-related DEGs
The “caret” package was used to divide the patients (from the TCGA-LIHC and GSE76427 cohorts) into training (70%) and testing (30%) cohorts. The independent cohort ICGC-LIRI was used for validation. The “survival” and “glmnet” packages were used for the univariate Cox and LASSO Cox analyses to identify the cuproptosis-related and prognostically significant hub genes. The cuproptosis-related prognostic signature (termed Cu-PS) was constructed by multivariate Cox regression. The formula is as follows: Cu-PS = [image: image]. The selection of the optimal cutoff value was based on the “surv_cutpoint” function in the “survival” package. The “survivalROC” and “survminer” packages were used to generate the receiver operating characteristic (ROC) and Kaplan–Meier (K−M) curves, respectively.
Quantitative real-time PCR (qRT–PCR) in cell lines
To validate the expression levels of the 5 hub genes in normal and HCC cell lines, we cultured two HCC cell lines (Huh7 and HLE) and one human hepatocellular cell line (MIHA). Total RNA was extracted from the above 3 cell lines, and cDNA was synthesized with a reverse transcription kit (TaKaRa, Japan). The qRT–PCR was performed using SYBR Green Mix (TaKaRa, Japan) and a C1000 system (Bio–Rad, Hercules, CA). The primer sequences of the 5 hub genes are listed in Table 1. The RNA quality was assessed, and RNA levels were normalized based on human GAPDH.
TABLE 1 | The primer sequences of the 5 hub genes.
[image: Table 1]Ability of the Cu-PS to predict immunotherapy response
The Tumor Immune Dysfunction and Exclusion (TIDE) algorithm was employed to quantify immunosuppressive and dysfunctional factors in the tumor immune microenvironment (TIME) and to estimate the ability of cancer cells to escape antitumor immunity (Jiang et al., 2018). In addition, the IMvigor210 cohort (Mariathasan et al., 2018) (348 urothelial carcinoma patients) and Liu et al. cohorts (Liu et al., 2019) (121 melanoma patients) were employed to validate the relationship between the Cu-PS and immunotherapy response. The mRNA data of the two immunotherapy cohorts were transformed into TPM values before further analysis.
Analysis of the correlation of the Cu-PS with drug sensitivity
The “pRRophetic” package (Geeleher et al., 2014) was used to calculate the IC50 values of drugs in the Genomics of Drug Sensitivity in Cancer (GDSC) database. We analyzed the correlation between IC50 values and the Cu-PS with Spearman correlation analysis to explore the association of the Cu-PS with drug sensitivity. |Cor| > 0.2 and adjusted p < 0.05 were used as cutoffs for identifying significant correlations.
Statistical analyses
All statistical analyses were performed with the software of R-4.0.2. The Wilcoxon rank-sum test and Kruskal–Wallis tests were applied to identify differences between two and among three groups, respectively (Hazra and Gogtay, 2016). K−M analysis and the log-rank test were utilized to analyze differences between distinct Cu-clusters, Cg-clusters and Cu-PS subgroups. The mutation waterfall plot was generated with the “maftools” package (Mayakonda et al., 2018). The CNV circle graph of 16 cuproptosis-related genes in human chromosomes was generated with the “RCircos” package (Zhang et al., 2013). All tests were bilateral, p < 0.05 was considered significant, and the false discovery rate (FDR) was calculated for multiple hypothesis testing (Ferreira, 2007).
RESULTS
Multiomics landscape of 16 cuproptosis-related genes and identification of cuproptosis subtypes in HCC
The study analysis flowchart was shown in Supplementary Figure S1. First, we analyzed the differences in the mRNA expression of 16 cuproptosis genes between HCC and normal liver tissues. The results showed that in HCC patients, 9 of 13 genes positively associated with cuproptosis were expressed at lower levels, 3 of 13 cuproptosis positive genes (LIPT1, DLAT and ATP7A) and the 3 cuproptosis negative genes (GLS, MTF1 and CDKN2A) were upregulated, indicating that the level of cuproptosis was lower in HCC than in normal liver tissues (Figure 1A). The mutation analysis showed that 18 of 361 (4.99%) HCC patients had mutations in cuproptosis-related genes (Figure 1B). The copy number alteration (CNA) frequency analysis showed that most of the cuproptosis genes had deletions affecting copy number. ATP7B had the highest frequency of deletion, while LIAS had the highest frequency of amplification (Figure 1C). The chromosomal locations of the 16 cuproptosis genes CNA are shown in Figure 1D.
[image: Figure 1]FIGURE 1 | Genetic variation landscape and Unsupervised clustering of 16 Cu-RGs in HCC. (A) Comparison of 16 Cuproptosis-related genes (Cu-RGs) between normal and HCC tissues in mRNA expression. (B) The mutation frequency and classification of 16 Cu-RGs in TCGA-LIHC cohort. (C) The CNV variation frequency of 16 Cu-RGs in TCGA-LIHC cohort. (D) The location of CNV alteration of 16 Cu-RGs on the chromosomes in TCGA-LIHC. (E) Co-expression and prognosis relationship of 16 Cu-RGs in TCGA-LIHC. The regulation of Cu-RGs to cuproptosis were depicted by circles (lift) in two colors: red, cuproptosis-down; gray, cuproptosis-up. The lines connecting 16 Cu-RGs represented their interaction with each other. The size of each circle represented the prognosis effect of each regulator and scaled by p-value. The color on the right half of the circle represents the effect of Cu-RGs on prognosis: green, protective factors; purple, risk factors. (F) Kaplan-Meier curves of overall survival (OS) for 485 HCC patients in TCGA-GEO cohort with different Cuproptosis-clusters (termed as C1, C2 and C3). The numbers of patients in C1, C2, and C3 are 115, 172, and 198, respectively.
TCGA-LIHC and GSE76427 samples with available survival information were employed to generate the comprehensive crosstalk network of the 16 cuproptosis genes (Figure 1E). We found that the three genes negatively associated with cuproptosis (CDKN2A, MTF1 and GLS) were risk factors for HCC overall survival (OS) (HR < 1, univariate Cox test), and most of the genes positively associated with cuproptosis were favorable factors (HR < 1, univariate Cox test), which indicated that HCC patients may benefit from cuproptosis. The NMF algorithm was used to classify 485 HCC samples into three distinct cuproptosis subgroups, termed Cu-cluster 1, Cu-cluster 2 and Cu-cluster 3, based on the expression of the 16 cuproptosis genes. The process of cluster analysis (rank = 2:7) is shown in Supplementary Figure S2. K−M survival analysis showed that the patients in Cu-cluster 3 had the best OS benefit, followed by those in Cu-cluster 2 and Cu-cluster 1 (p = 0.039, Figure 1F). We performed a multi-genetic analysis and identified three distinct cuproptosis-subgroups associated with different OS prognoses.
Analysis of enriched pathways and immune cell infiltration among the three Cu-clusters
We explore the cuproptosis level based on the expression of the 16 cuproptosis-related genes among the three Cu-clusters. The patients in Cu-cluster 1 had the lowest cuproptosis level, as indicated by lower expression of genes positively associated with cuproptosis and overexpression of genes negatively associated with cuproptosis. The patients in Cu-cluster 2 had a moderate cuproptosis level, and those in Cu-cluster 3 had the highest cuproptosis level (Figure 2A). To discover the underlying biological mechanisms behind the differences in survival between the three Cu-clusters, we performed gene set enrichment analysis (GSEA) and immune cell infiltration analysis. The GSEA results showed that Cu-cluster 1 was enriched in mTORC1 signaling, E2F targets and G2/M checkpoint pathways. Cu-cluster 3 was associated with metabolic pathway terms, such as bile acid metabolism, peroxisome, lipogenesis and fatty acid metabolism. Cu-cluster 2 was enriched in the terms Notch signaling, angiogenesis, epithelial-mesenchymal transition and TGF-β signaling (Figure 2B). We further analyzed immune cell infiltration with MCPcounter (Figure 2C) and the CIBERSORT algorithm (Figure 2D). The HCC patients in Cu-cluster 1 had the highest levels of inhibitory immune cells (myeloid dendritic cells (DCs), regulatory T cells (Tregs) and M0 macrophages), while those in Cu-cluster 2 had the highest levels of stromal cell subsets (endothelial cells and fibroblasts); those in Cu-cluster 3 had lower immune cell infiltration. Furthermore, the patients in cluster-C3 and normal samples were less infiltrated in T cell, B cell as well as endothelial cells and fibroblast (Supplementary Figure S3). These results indicated that cuproptosis subtype is associated with tumor microenvironment factors.
[image: Figure 2]FIGURE 2 | Biological characteristics and immune cell infiltration characteristics in distinct cuproptosis-clusters. (A) Expression heatmap of 16 Cu-RGs in the TCGA-GEO cohort. The patient annotations of Cuproptosis-cluster, OS-status, gender, TNM stage, age and cohorts were presented at the top of heatmap. (B) GSVA score heatmap of Hallmark pathways among three Cuproptosis-clusters. (C,D) Comparison of immune cell infiltration among three Cuproptosis-clusters, which was estimated by MCPcounter (C) and CIBERSORT (D) algorithm, respectively.
Identification of cuproptosis-related and prognosis-related hub genes in HCC
To explore potential biological behaviors, we identified 140 DEGs among the three subtypes (|logFC|>0.5, adjusted p < 0.01, Figure 3A) and further performed GO enrichment analysis. The results showed that the DEGs were mainly enriched in metabolic processes, such as steroid metabolic processes, xenobiotic metabolic processes, fatty acid biosynthetic processes, cellular hormone metabolic processes, estrogen metabolic processes, vitamin D metabolic processes and bile acid and bile salt transport (Figure 3B). In the training cohort, univariate, LASSO and multivariate Cox analyses were applied to identify the cuproptosis-related and prognosis-related hub genes. A total of 10 prognostic DEGs were selected through LASSO Cox analysis (Figures 3C,D), and 5 prognostic hub DEGs were identified via multivariate Cox analysis. The hazard ratios and p values of these selected genes are shown in the forest plot of the univariate Cox analysis results (Figures 3E,F). One hub DEG (C7) was the favorable factor for HCC prognosis, while the other hub DEGs (MAGEA6, HK2, CYP26B1 and EPO) were risk factors.
[image: Figure 3]FIGURE 3 | Screening of Cu-DEGs and construction of cuproptosis-related prognostic signatures (Cu-PS) (A) The Venn diagram illustrated the 140 Cu-DEGs among three cuproptosis-clusters. (B) GO enrichment analysis revealed the biological characteristics of the 140 DEGs. (C) 10 Cu-DEGs screened by LASSO regression. (D) 10-fold cross-validation plot of LASSO regression. (E) Univariate Cox forest-plot of the 10 selected Cu-DEGs. (F) Forest-plot of 5 hub Cu-DEGs in Cu-PS identified by multivariate Cox regression analysis.
Construction and validation of the cuproptosis-related prognostic signature in HCC
With the training cohort, we further constructed a cuproptosis-related prognostic signature termed the Cu-PS via multivariate Cox analysis. The formula used to calculate the Cu-PS is described in the Methods section. The Cu-PS the training cohort was calculated with the same formula. The patients with an increased Cu-PS had a high fraction of death and shortened survival time in both the training cohort and testing cohort (Figures 4A–D). As can be seen in the heatmaps, the risk genes (MAGEA6, HK2, CYP26B1 and EPO) were upregulated with increasing Cu-PS, while the protective gene C7 was downregulated (Figures 4E,F). HCC samples were divided into high- and low-risk groups based on the median Cu-PS. The HCC patients in the training cohort with low Cu-PS had longer OS, and a similar result was found in the testing cohort (Figures 4G,I; p < 0.001). The AUCs of Cu-PS for predicting 1-, 2-, and 3-year survival were 0.697, 0.704, and 0.682, respectively, in the training cohort and 0.713, 0.656, and 0.644, respectively, in the testing cohort (Figures 4H,J).
[image: Figure 4]FIGURE 4 | Construction and validation of Cu-PS in training and testing cohorts. (A,B) The range of Cu-PS in the training and testing cohorts, and patients were cutoff into high- and low-two subgroups by the and median value of Cu-PS. (C,D) The distribution plots showed the survival status of patients with increasing Cu-PS in the training and testing cohorts. (E,F) The heatmaps showed the expression of 5 hub Cu-DEGs between two Cu-PS subgroups in the training and testing cohorts. (G,H) The Kaplan-Meier curves of overall survival (OS) between the two subgroups in the training and testing cohorts. (I,J) The ROC curves of the Cu-PS in predicting 1-, 2-, and 3-year OS in the training and testing cohorts.
To further confirm the prognostic value of the 5 hub genes (C7, MAGEA6, HK2, CYP26B1 and EPO) in HCC, we performed K-M survival analysis in the training cohort, testing cohort and independent ICGC-LIRI cohort (Figures 5A–M). The optimal cutoff value was identified by the “cutpoint” function in the “survival” package. Consistent with the previous results (Figure 3F), the patients with high expression of MAGEA6, HK2, CYP26B1 and EPO had a worse prognosis in the training, testing and ICGC-LIRI cohorts (Figures 5D,E,G–M and G-M, all p < 0.05; Figure 5F, p = 0.105). Meanwhile, patients with high C7 expression lead a prognostic benefit in the training cohort and ICGC-LIRI cohort (Figures 5A,C; both p < 0.001), and the same trend was found in the testing cohort (Figure 5B, p = 0.322).
[image: Figure 5]FIGURE 5 | The prognosis value of 5 hub Cu-DEGs in three HCC cohorts. (A–M) The Kaplan-Meier curves of C7 in training (A), testing (B) and ICGC (C) cohorts, as well as CYP26B1(D–F), EPO (G–I), HK2 (H–J) and MAGEA6 (K–M).
We further validated the 5 hub genes in tissues (TCGA-LIHC dataset) and cultured normal (MIHA) and HCC cell lines (Huh7 and HLE). The results from the TCGA-LIHC dataset showed that C7, CYP26B1 and EPO were significantly downregulated in HCC, while MAGEA6 was significantly upregulated (Supplementary Figure S4A). Similar results were found in the cell lines, but EPO and CYP26B1 did not show the same differences (Supplementary Figure S4B). The expression of EPO in HCC cell lines tended to be higher (without a significant difference) than that in the normal cell line. The expression of CYP26B1 in MIHA and Huh7 cell lines was significantly higher than that in the HLE cell line.
Analysis of the correlation of the Cu-PS with clinical characteristics and TMB
Patients with TNM stage Ⅱ and Ⅲ/Ⅳ disease had a higher Cu-PS than those with stage Ⅰ disease (Figure 6A, both p < 0.01). In addition, patients who died had a higher Cu-PS than those who survived (Figure 6B, p < 0.001). Moreover, the TMB value in the high-Cu-PS group was significantly higher than that in the low-Cu-PS group (Figure 6C, p = 0.013). Waterfall plots of the top 20 frequently mutated genes are shown in Figure 6D. The patients with high Cu-PS had a significantly higher mutation frequency of TP53 but a lower frequency of AXIN1 mutation. As expected, the patients with TP53 mutation had a significant OS benefit compared with TP53 wild-type patients (Figure 6E, p = 0.006). We further performed GO enrichment analysis of the DEGs between the high- and low-Cu-PS groups. The results showed that the DEGs were mainly enriched in the cell cycle and metabolic processes, such as nuclear division, mitotic cell cycle phase transition, chromosome segregation, organic acid biosynthetic processes, carboxylic acid biosynthetic processes, and hormone metabolic processes (Figure 6F). These findings confirmed the prognosis values and revealed the underlying mechanism of Cu-PS in HCC.
[image: Figure 6]FIGURE 6 | Correlation between the Cu-PS and clinical features and the landscape of somatic mutation. (A,B) Comparison of Cu-PS among different TNM stages (A) and survival outcomes (B). Differences in risk scores between different survival outcome. (C) Comparison of TMB value between high- and low- Cu-PS subgroups. (D) The waterfall plots showed the somatic mutation spectrum of the high- and low-risk groups. (E) Kaplan-Meier curves between TP53 mutation (110 patients) and wild (248 patients) groups in TCGA-LIHC. (F) GO enrichment analysis of the DEGs between high- and low- Cu-PS subgroups.
Ability of the Cu-PS to predict drug sensitivity and immunotherapy efficacy
To further investigate the potential application value of the Cu-PS in HCC treatment, we explored the correlations with drug sensitivity and immunotherapy efficacy based on the GDSC database and two immunotherapy cohorts (the GSE78220 and IMvigor210 cohorts). We identified 16 drugs in the GDSC database that were significantly associated with the Cu-PS by Spearman correlation analysis (Figure 7A, p < 0.05). Among them, 10 drugs showed a correlation between drug sensitivity and the Cu-PS, including sorafenib, the Src inhibitor A.770,041, the RAF inhibitor AZ628, the Src/Abl dual-kinase inhibitor AZD.0530, and the JNK inhibitor AS601245 (all cor>0.2, all p < 0.05). Six drugs showed a correlation between the Cu-PS and drug resistance, including the PARP inhibitor ABT-888, all-trans retinoic acid (ATRA), the Bcl-2 inhibitor ABT.263, the Akt inhibitor A.443654 and the AMPK activator (all cor<0.2, all p < 0.05). Sorafenib is a first-line treatment for advanced HCC. As expected, the IC50 of sorafenib was significantly positively associated with the Cu-PS (Figure 7B, cor = 0.25, p < 0.001), which was in line with the sensitivity of HCC to sorafenib. These results imply that the Cu-PS is correlated with drug sensitivity and might be a potential biomarker for guiding drug treatment selection.
[image: Figure 7]FIGURE 7 | Efficacy prediction of chemotherapy drugs and immunotherapy. (A) The correlation of Cu-PS with IC50 of drugs in GDSC database. (B) The correlation scatter plot of Cu-PS and Sorafenib-IC50. (C) The proportion of immune cells in TME between the high- and low- Cu-PS subgroups. (D) Comparison of TIDE score between the two Cu-PS subgroups. (E) Kaplan-Meier curves for high- and low- Cu-PS subgroups in the anti-PD-L1 immunotherapy cohort (IMvigor210). (F) The proportion of immune response (CR, PR, SD and PD) between two Cu-PS subgroups in IMvigor210 cohort. (G) Kaplan-Meier curves for high- and low- Cu-PS subgroups in the anti-PD1 immunotherapy cohort (GSE78220 cohort) (H) The proportion of immune response between two Cu-PS subgroups in GSE78220 cohort.
Immunotherapy has made major breakthroughs in the treatment of liver cancer. The immune cell infiltration analysis showed that the patients with a high Cu-PS had a suppressive immune microenvironment, poor prognosis, and significantly enriched levels of Tregs, M0 macrophages, and neutrophils but decreased levels of B cells, CD4+ T cells and mast cells (Figure 7C). In addition, the patients in low-Cu-PS group had a high fraction of memory CD8 T cell, while the effector CD8 T cell was not significant (Supplementary Figure S5). The TIDE scores in the high-Cu-PS group were also significantly higher than those in the low-Cu-PS group, which was associated with resistance to immunotherapy (Figure 7D). We further confirmed the predictive ability of the Cu-PS in two immunotherapy cohorts (the IMvigor210 and Liu cohorts). The results showed that the patients in the Cu-PS-low group in the IMvigor210 cohort had better OS (Figure 7E, p < 0.001). The fractions of patients who achieved complete response (CR) and partial response (PR) in the Cu-PS-low group were higher than those in the Cu-PS-high group (Figure 7F). Similar results were found in the Liu cohorts (Figures 7G,H). In summary, these findings suggest that application of the Cu-PS might improve drug selection and immunotherapy response prediction in HCC.
DISCUSSION
Cuproptosis is a newly discovered PCD process, and copper metabolism plays an important role in tumor development, invasion and metastasis. In this study, we systematically performed multiomics bioinformatics analyses to explore the association of cuproptosis-related genes with genomic and TIME characteristics, prognosis and immunotherapy response in HCC.
In this study, we assessed the relevance of cuproptosis and the immune microenvironment in HCC. We performed multiomics analysis of the 16 cuproptosis-related genes and found that the level of cuproptosis was significantly higher in normal liver tissues than in HCC tissues, which indicated that cuproptosis may suppress tumorigenesis to a certain extent. We further identified three distinct cuproptosis-related subgroups (Cu-clusters) associated with OS and with different enriched tumor hallmark pathways. Cu-cluster 1 was enriched in mTORC1 signaling, E2F targets and G2/M checkpoint pathways. Cu-cluster 3 was enriched in metabolism pathways, while Cu-cluster 2 was enriched in angiogenesis and epithelial-mesenchymal transition pathways. The HCC patients in Cu-cluster 1 had the highest levels of inhibitory immune cells (myeloid DCs, Tregs and M0-macrophages), while Cu-cluster 2 had the highest levels of stromal cell subsets (endothelial cells and fibroblasts), and Cu-cluster 3 had lower immune cell infiltration.
We further constructed a 5-gene (C7, MAGEA6, HK2, CYP26B1 and EPO) prognostic signature termed the Cu-PS via univariate Cox, LASSO and multivariate Cox regression analyses. Complement component 7 (C7) is an essential component of the complement system (CS) and is involved in membrane attack complex (MAC) formation. Moreover, the C7 peptide can inhibit Akt and Erk1/2 and further suppress HCC cell migration and invasion induced by HGF (Zhao et al., 2019).
Melanoma-associated antigen family A (MAGEA) antigens are expressed in a variety of malignancies. MAGEA6 can promote pancreatic (Tsang et al., 2020), lung cancer (Pineda et al., 2015) and colorectal cancer (Wu et al., 2018) carcinogenesis by inhibiting autophagy. In addition, MAGEA6 regulates stemness and self-renewal in HCC by activating the AMPK signaling pathway and is associated with poor prognosis (Guo et al., 2019).
Pericyte-hexokinase 2 (HK2) is the key rate-limiting enzyme of the glycolytic pathway, which is associated with pathological stage and prognosis (DeWaal et al., 2018). In the mouse model of HCC, HK2 silencing could synergistically enhance the sensitivity of HCC cells to sorafenib (Yu et al., 2022). CYP26 enzymes are the major enzymes responsible for the clearance of retinoic acid (RA), which is an important endogenous signaling molecule that regulates the cell cycle and maintains epithelial cells. CYP26 inhibitors can enhance endogenous RA activity in a cell-type-specific manner and might be new, attractive targets in cancer and skin disease treatment (Tsvetkov et al., 2022). Erythropoietin (EPO) is primarily synthesized in the kidney and can promote erythrocyte production. Under hypoxic conditions, EPO is upregulated to promote the production of red blood cells and enhance the oxygen-carrying capacity (Liu et al., 2020).
Although we conducted a comprehensive and systematic analysis, the identification of additional new cuproptosis-related genes will enrich our research. Due to the lack of an HCC immunotherapy cohort, we assessed the ability of a prognostic signature (Cu-PS) to predict the efficacy of immunotherapy in two cohorts of patients with different cancers treated with immunotherapy. In conclusion, we performed a comprehensive analysis of 16 cuproptosis-related genes in 716 HCC samples and identified a novel HCC prognostic signature (Cu-PS), providing a new strategy for predicting HCC prognosis and immunotherapy efficacy.
CONCLUSION
Compared with already known biomarkers such as AFP, GPC3 and DCP, our study constructed a novel cuproptosis-related prognostic signature (Cu-PS) that might be a useful biomarker for predicting immunotherapy response and enhancing diagnosis and treatment of HCC, which indicates that cuproptosis is associated with the TIME and HCC prognosis.
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Hepatocellular carcinoma (HCC), the most frequently occurring type of cancer, is strongly associated with metabolic disorders. In this study, we aimed to characterize the metabolic features of HCC and normal tissue adjacent to the tumor (NAT). By using samples from The Cancer Genome Atlas (TCGA) liver cancer cohort and comparing 85 well-defined metabolic pathways obtained from the Kyoto Encyclopedia of Genes and Genomes (KEGG), 70 and 7 pathways were found to be significantly downregulated and upregulated, respectively, in HCC, revealing that tumor tissue lacks the ability to maintain normal metabolic levels. Through unsupervised hierarchical clustering of metabolic pathways, we found that metabolic heterogeneity correlated with prognosis in HCC samples. Thus, using the least absolute shrinkage and selection operator (LASSO) and filtering independent prognostic genes by the Cox proportional hazards model, a six-gene-based metabolic score model was constructed to enable HCC classification. This model showed that high expression of LDHA and CHAC2 was associated with an unfavorable prognosis but that high ADPGK, GOT2, MTHFS, and FTCD expression was associated with a favorable prognosis. Patients with higher metabolic scores had poor prognoses (p value = 2.19e-11, hazard ratio = 3.767, 95% CI = 2.555–5.555). By associating the score level with clinical features and genomic alterations, it was found that NAT had the lowest metabolic score and HCC with tumor stage III/IV the highest. qRT‒PCR results for HCC patients also revealed that tumor samples had higher score levels than NAT. Regarding genetic alterations, patients with higher metabolic scores had more TP53 gene mutations than those with lower metabolic scores (p value = 8.383e-05). Validation of this metabolic score model was performed using another two independent HCC cohorts from the Gene Expression Omnibus (GEO) repository and other TCGA datasets and achieved good performance, suggesting that this model may be used as a reliable tool for predicting the prognosis of HCC patients.
Keywords: hepatocellular carcinoma, metabolic pathways, metabolism-associated genes, LASSO model, prognosis signature
INTRODUCTION
Hepatocellular carcinoma (HCC) is the most common type of liver cancer and the 4th leading cause of cancer death worldwide (Yu and Schwabe, 2017; Villanueva, 2019). As a key metabolic organ in the body, the liver plays a key role in energy metabolism and detoxification. When tumor cells become malignant and migrate to the liver, they can destroy the metabolic functional base of the liver and cause jaundice, pain, and weight loss, which might ultimately lead to death (Phan et al., 2014; Anwanwan et al., 2020). Previously reported risk factors for HCC include viral infection, such as with hepatitis B virus (HBV), nonalcoholic fatty liver disease, smoking, diabetes, and alcohol-induced cirrhosis (Morgan et al., 2004; Zoller and Tilg, 2016). Due to tumor heterogeneity and multiple risk factors, the molecular mechanisms of HCC onset and progression are still not clearly understood (Ogunwobi et al., 2019).
Abnormal tumor cell metabolism has been reported to deeply participate in the pathogenesis of tumor growth and shape the tumor microenvironment (TME) (Reina-Campos et al., 2017). As a hallmark of cancer, metabolic alterations can be categorized into different types (Gong et al., 2020), including amino acid metabolism, carbohydrate metabolism, energy metabolism, glycan biosynthesis and metabolism, lipid metabolism, and cofactor and vitamin metabolism. Previously reported studies on metabolism have revealed that metabolic pathways and metabolites play an important role in hepatocarcinogenesis in liver cancer (Perumpail et al., 2015; Gingold et al., 2018; Alannan et al., 2020). For example, dysregulation of energy metabolism can enable tumor cells to produce more adenosine triphosphate (ATP) to support tumor proliferation and migration (DeBerardinis and Chandel, 2016; Chen et al., 2020), and extramitochondrial fatty acid oxidation is relevant to the regulation of neoplastic cell growth of HCC (Ockner et al., 1993). Therefore, characterization of the metabolic features of HCC is important for investigating its hepatocarcinogenesis mechanism and providing therapeutic targets.
In this study, we aimed to deeply explore the metabolic features and investigate the tumor heterogeneity of HCC. To better interpret metabolic pathways, we collected 85 well-established metabolic gene sets (one pathway with only one gene not included) from KEGG (Gong et al., 2020) and summarized them into nine major types. To collect HCC data, 424 HCC and NAT samples with RNA sequencing data were obtained from The Cancer Genome Atlas (TCGA) (Figure 1). After the removal of duplicates, 367 primary solid tumor and 50 normal tissue adjacent to the tumor (NAT) samples were used for further analysis (Figure 1). The relationship between metabolic pathway scores and prognosis and other clinical characteristics was evaluated. Next, six genes from among 1,200 metabolic genes were selected to construct a prognostic-related metabolic score model using the least absolute shrinkage and selection operator (LASSO), which was applied for HCC classification.
[image: Figure 1]FIGURE 1 | Overview of the analyzing workflow and establishment of the metabolic model of HCC in this study.
MATERIALS AND METHODS
Data preprocessing
Bulk RNA-seq and clinical data of HCC used for survival analysis and prognostic model construction were downloaded from the TCGA database (https://portal.gdc.cancer.gov/) under accession TCGA-LIHC (liver hepatocellular carcinoma). Only primary solid tumor and normal tissue adjacent to the tumor (NAT) samples were enrolled for analysis. Patients without survival information were removed from further evaluation of the model. Both TCGA datasets and clinical information were downloaded using TGCAbiolinks (Colaprico et al., 2016). External independent HCC cohorts were obtained from Gene Expression Omnibus (GEO, http://www.ncbi.nlm.nih.gov/geo/) under accession IDs GSE14520 and GSE76427. The expression data and clinical information of these two HCC cohorts were downloaded using GEOquery (Davis and Meltzer, 2007) or obtained from the supplementary data of published research works (Roessler et al., 2010; Grinchuk et al., 2018). For RNA sequencing data, the fragments per kilobase per million mapped fragments (FPKM) value was used to construct the model and calculate the metabolic score.
Identification of differentially expressed metabolic genes/pathways in HCC
Metabolic gene sets were obtained from previously published research works (Gong et al., 2020) and collected from the KEGG database. Metabolic pathways defined by only one gene were excluded from further analysis. Thus, only 85 metabolic pathways (including 1,660 genes) were used in the analysis. We then classified these 85 metabolic pathways into nine major types: amino acid metabolism, carbohydrate metabolism, energy metabolism, glycan biosynthesis and metabolism, lipid metabolism, metabolism of cofactors and vitamins, nucleotide metabolism, xenobiotics biodegradation and metabolism, and others. Pathway names, major types, and genes in the metabolic pathways are listed in Supplementary Table S1. We used an enrichment score to evaluate the expression level of each metabolic pathway. The enrichment score of these metabolic pathways was calculated using single-sample Gene Set Enrichment Analysis (ssGSAE) in the R package GSVA (Hanzelmann et al., 2013). Differential analysis between tumors and NATs was calculated using the mean value of the enrichment score of each type. p values were calculated using the Wilcoxon rank-sum test and adjusted using Benjamini and Hochberg (FDR). The significance level of the metabolic pathway score was set as FDR < 0.05. Significance of the metabolic pathways between tumor and normal samples are listed in Supplementary Table S2. For gene level analysis, differentially expressed metabolic genes were calculated using R package limma (Ritchie et al., 2015). The significance level was defined by an adjusted p value < 0.05 and log2 fold change > 1 (fold change > 2).
Construction of the metabolic score model using LASSO
For the filtration of 1,660 metabolism-related genes, we first removed genes with low expression and retained those with detected expression in all HCC samples. A total of 1,200 genes were used to construct the model. The LASSO model was used for the next-step filtration of genes, which was implemented in the R package glmnet (v4.0.2). To evaluate the variability and reproducibility of the estimates produced by the LASSO, we repeated the regression fitting process and calculated the best lambda to reduce the error rate by 10-fold cross-validation. Then, 23 genes with nonzero coefficient estimates were retained. To further reduce genes and identify genes correlating with prognosis, multivariate Cox proportional hazards regression was performed to estimate the coefficient in survival analysis; independent prognostic factors (genes with p values less than 0.05) were kept for the next step of LASSO. Finally, six genes were selected, and the metabolic score was determined. The median value of the metabolic score was used as the cutoff to separate HCC data into two groups. Basic information on HCC patients in TCGA-LIHC patients, including the metabolic score, is listed in Supplementary Table S3. Patients were grouped into metabolic score-low and -high groups. The R package forestplot was used for presentation of the results for TCGA-LIHC, HCC cohorts obtained from GEO, and other TCGA cancer datasets. The Kaplan–Meier method was used to generate survival curves for the score-low and -high groups in each dataset, and the log-rank test was used to determine the statistical significance of differences. The hazard ratios for univariate analysis were calculated using the Cox proportional hazards regression model. A multivariate Cox regression model was used to determine independent prognostic factors using the survival package.
RNA isolation and qRT‒PCR analysis
The human hepatoma cell lines BEL-7402 and BEL-7404 were established from clinical liver cancer surgical specimens (Chen et al., 1980). Total RNA was isolated using TRIzol reagent (Invitrogen, United States) following the manufacturer’s protocol and quantified by nanodrop 8,000. In brief, cells were lysed with TRIzol reagent, and chloroform was then added. After centrifugation, the aqueous phase was collected and mixed with isopropanol before centrifugation. RNA was dissolved in RNase-free water. For analysis of mRNA expression, 1 µg of RNA was converted into cDNA using the PrimeScript™ RT Reagent Kit (Invitrogen, United States). Quantitative real-time polymerase chain reaction (PCR) using ChamQ Universal SYBR® qPCR Master Mix (Vazyme, China) was performed on a QuantStudio5 Real-time PCR system (Applied Biosystems). The quantitative PCR primer sequences of the metabolic genes and the endogenous control GAPDH are listed in Supplementary Table S4.
Functional enrichment analysis and mutation analysis
The clusterProfiler (Yu et al., 2012) R package was used to perform functional enrichment analysis on differentially expressed genes between the metabolic score groups. Gene sets used in the enrichment analysis were downloaded from the Molecular Signatures Database (MSigDB, v7.4) of the Broad Institute (Liberzon et al., 2015). The gene sets were downloaded from MSigDB, including HALLMARK gene sets (H) and KEGG gene sets (C2). HALLMARK and Kyoto Encyclopedia of Genes and Genomes (KEGG) terms were used for functional enrichment of genes with a strict cutoff of FDR < 0.05. For mutation analysis, mutations in HCC samples from TCGA were obtained from the cBio cancer genomics portal (cBioPortal, https://www.cbioportal.org/) (Cerami et al., 2012). The mutation profiles of low and high metabolic scores were visualized using the R package maftools (Mayakonda et al., 2018).
Statistical and survival analysis
The Wilcoxon rank-sum test was used for comparisons of the two groups. Correlation coefficients were computed by Spearman and distance correlation analyses. Two-sided Fisher exact tests were used to analyze contingency tables. To identify significant genes in differential gene analysis, we applied the Benjamini–Hochberg (alias FDR) method to convert the p value to FDR. The p values were two-sided, and less than 0.05 was considered statistically significant. For survival analysis, Kaplan–Meier and log-rank tests were performed using the survival (https://CRAN.R-project.org/package=survival) and survminer (https://CRAN.R-project.org/package=survminer) packages. For specific genes, patients were divided into high- or low-expression groups according to the median expression of the gene, and a p value < 0.05 was considered to denote significance (Zeng et al., 2019). All heatmaps were generated by the R package pheatmap (https://github.com/raivokolde/pheatmap).
RESULTS
Metabolic disorders of HCC
A flow chart was used to illustrate the analysis workflow of this project (Figure 1). After removing duplicate samples, 367 patients were diagnosed with HCC, and 50 NAT samples were used for analysis. We first calculated potential risk factors for HCC using clinical overall survival data, which are shown in Supplementary Figure S1. For HCC, the American Joint Committee on Cancer (AJCC) stage of the tumor, which consisted of the primary tumor (AJCC_T) and regional lymph nodes (AJCC_N) and distant metastasis (AJCC_M), was the most important prognostic factor (Supplementary Figure S1). Then, we calculated the expression levels of metabolic pathways of HCC and NAT and associated them with overall survival to identify prognosis-related pathways. To evaluate the metabolic level of each sample, the enrichment score of each pathway was calculated and then compared between HCC and NAT using the Wilcoxon rank-sum test (Figure 2A). In total, 70 (82.4%) pathways were significantly downregulated, and 7 pathways (8.24%) were significantly upregulated in HCC, revealing a lack of ability to maintain normal metabolic levels in tumors (Figure 2A). Most (18/19, 94.7%) amino acid metabolism pathways, including tryptophan, histidine, glycine, serine, and threonine metabolism, were suppressed in HCC, suggesting that normal catabolism of amino acids was disturbed. Most metabolic pathways involved in normal liver functions, such as lipid and carbohydrate metabolisms, were downregulated in HCC. Regarding upregulated pathways, we noticed that pathways related to pyrimidine metabolism (required for cell proliferation) (Siddiqui and Ceppi, 2020), steroid and cholesterol biosynthesis (promote tumorigenesis) (Huang et al., 2020), and oxidative phosphorylation were significantly upregulated in tumors, indicating increased phosphorylation levels and malignant proliferation in HCC (Figure 2A). After associating with overall survival data, it was found that two pathways, pyrimidine metabolism (belonging to nucleotide metabolism) and fructose and mannose metabolism (belonging to carbohydrate metabolism), were unfavorable indicators; 24 pathways, including fatty acid degradation, histidine metabolism, linoleic acid metabolism, selenocompound metabolism, glycine, serine, and threonine metabolism, lysine degradation, and TCA cycle, were favorable indicators of HCC (Figure 2B and Supplementary Figure S2). These results suggest that metabolic disorders are prevalent in tumor tissue and may be used as prognostic indicators for the overall survival of patients.
[image: Figure 2]FIGURE 2 | Comparison of metabolic pathways between HCC and NAT and characterization of prognosis of metabolic pathway levels. (A) Dot plot of the dysregulated metabolic pathways between HCC and NAT. The X-axis is the difference between the mean enrichment score of HCC and NAT, while the Y-axis is the log10 transformed FDR. The red dot represents the significant upregulated metabolic pathways in HCC, and the blue dot represents the significant downregulated metabolic pathways in HCC. p values were calculated using the Wilcoxon rank-sum test and adjusted using FDR. (B) Bar plot of significant levels of metabolic pathways with overall survival analysis. The 85 metabolic pathways were ordered by the signed log10 p value. For favorable indicators (higher expression, favorable prognosis), the bars are colored in blue (p value < 0.05). The unfavorable indicators are colored in red. p values were calculated log-rank test.
Construction of a LASSO-Cox-based model to predict the prognosis of HCC patients
To deeply investigate the correlation between metabolic pathways and the overall survival of HCC, we performed unsupervised hierarchical clustering using metabolic pathway scores calculated for the 367 HCC patients. The patients could be divided into two clusters, one with overexpression of the most metabolic pathways and another with a lower expression level, based on the profile (Supplementary Figure S3A). Survival analysis revealed that patients with a more active metabolic level might have a favorable prognosis (Supplementary Figure S3B). Differentially expressed genes between the two clusters showed differences at the metabolic gene level (Supplementary Figure S3C). Therefore, for a better interpretation of the metabolic signature of HCC, we used LASSO to establish a metabolic score model and presented the relationship between metabolism and overall survival. Metabolic genes expressed at lower levels or not were filtered, and 1,200 genes were used for further analysis. Then, LASSO was used to narrow down the number of genes by giving a zero to the estimated coefficient of these genes (Figure 3A and Figure 3B). The model with a minimum lambda of 0.0501 was selected, and a total of 23 genes were identified. We then used the Cox proportional hazards model to filter independent prognostic factors. Six genes (ADPGK, GOT2, MTHFS, FTCD, LDHA, and CHAC2) were identified as independent prognostic factors using univariate and multivariate survival analyses (Figure 3C and Supplementary Figure S4). Finally, we constructed a six-gene-based metabolic score model, which is shown as follows:
[image: Figure 3]FIGURE 3 | Extraction of the prognostic signature and identification of final metabolic-related genes to establish the metabolic model. (A) Coefficient selection and variable screening of LASSO. The minimum mean cross-validated error of λ is selected. The lower X-axis represents the lambda value, and the upper X-axis scale represents the number of metabolic genes in the LASSO model. (B) Cross-validation in the LASSO model to select the tuning parameter. The X-axis represents the log (lambda) value, and the Y-axis represents the partial likelihood deviance. (C) Forest plots of multivariate analysis showing the six genes (ADPGK, GOT2, MTHFS, FTCD, LDHA, and CHAC2) as independent prognostic factors of overall survival of HCC patients.
Metabolic score = ADPGK * (-0.3254) + GOT2 * (-0.2473) + MTHFS * (-0.1798) + FTCD * (-0.0717) + LDHA * 0.2449 + CHAC2 * 0.3262.
Among the six metabolic genes, ADPGK is an ADP-dependent glucokinase and catalyzes ADP-dependent phosphorylation of glucose, which is involved in gluconeogenesis/glycolysis in cancer progression and is upregulated in HCC tumor tissues (Ronimus and Morgan, 2004; Jing et al., 2020) (Supplementary Figure S4A). GOT2 (glutamic-oxaloacetic transaminase 2) is a pyridoxal phosphate-dependent enzyme and plays a key role in amino acid metabolism (Stegen et al., 2020) and is upregulated in normal tissues (Supplementary Figure S4A). Regarding MTHFS (methenyltetrahydrofolate synthetase) and FTCD (formimidoyltransferase cyclodeaminase), both genes participate in the metabolism of cofactors and vitamins and are downregulated in HCC with a higher tumor stage (Matakidou et al., 2007; Wu et al., 2009; Love et al., 2012; Kanarek et al., 2018) (Supplementary Figure S4A). Our analysis of the cohort TCGA-HCC revealed that high expression of ADPGK, GOT2, MTHFS, and FTCD was associated with a favorable prognosis (Supplementary Figure S4B). LDHA (lactate dehydrogenase A) and CHAC2 (ChaC glutathione-specific gamma-glutamylcyclotransferase 2) participate in amino acid metabolism. Previous studies on LDHA have reported that elevation of LDHA expression can promote the invasion and metastasis of tumors (Jin et al., 2017). CHAC2 may act as a tumor suppressor in gastric and colorectal cancer (Liu et al., 2017). Univariate survival analysis also showed that high expression of LDHA and CHAC2 was associated with an unfavorable prognosis, indicating that they could be considered biomarkers of HCC (Supplementary Figure S4B). Using the median value of metabolic score -5.273 as the cutoff, we calculated the metabolic score and found that the prognosis of patients with higher scores was poorer (Figure 4A and Figure 4B). The HR of the metabolic score was 3.767 (p-value = 2.19e-11, 95% CI = 2.555–5.555, Figure 4B); Supplementary Table S3 shows the metabolic scores for the 367 HCC patients. Multivariate survival analysis with age, sex, weight, height, prior malignancy, and AJCC stage also revealed the metabolic score as an independent prognostic indicator (Figure 4C).
[image: Figure 4]FIGURE 4 | Prognosis of the metabolic score model in the HCC cohort. (A) LASSO model of the HCC cohort. Each column represents one patient. Patients are ordered by the metabolic score level. The upper panel shows the clinical feature of HCC patients, including AJCC stage, body mass index (BMI), height, weight, gender, age, vital status, and metabolic score. The middle panel shows the expression level of the six genes selected by LASSO. The lower panel shows the score level and the cutoff (median value -5.273) of HCC patients. (B) Kaplan–Meier curve comparing overall survival of metabolic score-low and -high. Patients are separated into two groups according to the median value (-5.273) of the metabolic score. p value is calculated using the log-rank test. (C) Forest plots of multivariate analysis showing the metabolic score as an independent prognostic factor of overall survival of HCC patients.
Association with clinical characteristics and genetic alterations
We then associated the metabolic score with clinical data and genetic alterations and found the score level to be significantly lower in NAT (Figure 5A). The metabolic scores were highest for patients with AJCC stage III/IV (Figure 5A). Through qRT‒PCR, a higher HCC score was validated using two HCC tumor cell lines and one normal control cell (Figure 5B). After calculation of differentially expressed genes between the metabolic score-low and -high groups, we found genes significantly upregulated (FDR<0.05) in the high-score group to be enriched in cell proliferation pathways, such as the G2/M checkpoint, E2/F target, cell cycle, and epithelial–mesenchymal transition (EMT), and oncogenic pathways, such as the TP53 signaling pathway (Figure 5C). To further investigate the correlation between the six key metabolic genes and the role in affecting metabolic/oncogenic pathways in HCC, we performed protein–protein interaction networks functional enrichment analysis based on the STRING database (Szklarczyk et al., 2021). Interestingly, the results showed the direct pathways that correlated with the six genes, namely, the HIF-1 signaling pathway, pathways in cancer, metabolic pathways, WNT signaling pathway, JAK-STAT signaling pathway, and p53 signaling pathway (Supplementary Figure S5), revealing that the six genes played an important role in HCC (Supplementary Figure S5). Functional enrichment analysis also revealed upregulated genes in the low-score groups to be metabolism-related pathways, such as propanoate, arachidonic acid, and fatty acid metabolism, suggesting that this metabolic score model may be a valuable tool to evaluate metabolic disorders in HCC (Figure 5C). By comparing mutations between the two metabolic score groups, it was found that patients with higher scores harbored more TP53 gene mutations (p value = 8.383e-05, Pearson’s chi-squared test, Figure 5D). However, there was no difference in tumor mutational burden (TMB) between the two groups, indicating that TP53 gene mutations are a key factor contributing to metabolic disorders in HCC.
[image: Figure 5]FIGURE 5 | Clinical characteristics and genetic alterations associated with the metabolic score in HCC. (A) Boxplot of metabolic score in HCC and NAT. The X-axis shows the AJCC stages of HCC. p values were calculated using the Wilcoxon rank-sum test. (B) Bar plot of metabolic calculated using the qRT-PCR. (C) Enrichment analysis using differentially expressed genes between metabolic score-low and -high groups. (D) Oncoplot of the mutation profiles of metabolic score-low and -high groups. Gene with overall mutation frequency > 5% were selected for visualization.
Validation of the metabolic score model in external independent cohorts
To confirm the reliability of the metabolic score model, another two independent HCC cohorts were used for validation (Figure 6A and Figure 6B). For the two HCC validation cohorts, namely, GSE14520 and GSE76427, only tumor tissues were used for validation. Using the median value as the cutoff, similar results, i.e., that high metabolic score HCC patients harbored unfavorable overall survival, were validated in both cohorts, revealing the metabolic score as a reliable tool for prognosis prediction (Figure 6A and Figure 6B). Other TCGA cohorts were also used to investigate the application of the metabolic score model (Figure 6C). The results showed good performance for other kinds of tumors of digestive or metabolic organs, such as kidney chromophobe (TCGA-KICH), kidney renal papillary cell carcinoma (TCGA-KIRP), kidney renal clear cell carcinoma (TCGA-KIRC), adrenocortical carcinoma (TCGA-ACC), pancreatic adenocarcinoma (TCGA-PAAD), and uterine corpus endometrial carcinoma (TCGA-UCEC) (p value < 0.05, Figure 6D).
[image: Figure 6]FIGURE 6 | Validation of the metabolic score model in external independent HCC cohorts and TCGA projects. (A) Kaplan–Meier curve comparing overall survival of metabolic score-low and -high groups in the GSE14520 cohort. Patients are separated into two groups according to the median value of metabolic score in this cohort. p value is calculated using the log-rank test. (B) Kaplan–Meier curve comparing overall survival of metabolic score-low and -high groups in the GSE76427 cohort. (C) The metabolic score level across the 36 TCGA projects. Abbreviations of cancer types in TCGA projects: TCGA-LIHC: liver hepatocellular carcinoma, TCGA-PRAD: prostate adenocarcinoma, TCGA-KICH: kidney chromophobe, TCGA-KIRP: kidney renal papillary cell carcinoma, TCGA-CHOL: cholangiocarcinoma, TCGA-PCPG: pheochromocytoma and paraganglioma, TCGA-UVM: uveal melanoma, TCGA-THCA: thyroid carcinoma, TCGA-KIRC: kidney renal clear cell carcinoma, TCGA-NBL: neuroblastoma, TCGA-TGCT: testicular germ cell tumors, TCGA-ACC: adrenocortical carcinoma, TCGA-THYM: thymoma, TCGA-PAAD: pancreatic adenocarcinoma, TCGA-SKCM: skin cutaneous melanoma, TCGA-BLCA: bladder urothelial carcinoma, TCGA-AML: acute myeloid leukemia, TCGA-MESO: mesothelioma, TCGA-BRCA: breast-invasive carcinoma, TCGA-LGG: brain lower-grade glioma, TCGA-UCEC: uterine corpus endometrial carcinoma, TCGA-SARC: sarcoma, TCGA-DLBC: lymphoid neoplasm diffuse large B-cell lymphoma, TCGA-UCS: uterine carcinosarcoma, TCGA-LUAD: lung adenocarcinoma, TCGA-OV: ovarian serous cystadenocarcinoma, TCGA-GBM: glioblastoma multiforme, TCGA-CESC: cervical squamous cell carcinoma and endocervical adenocarcinoma, TCGA-LUSC: lung squamous cell carcinoma, TCGA-READ: rectum adenocarcinoma, TCGA-WT: high-risk Wilms tumor, TCGA-STAD: stomach adenocarcinoma, TCGA-RT: rhabdoid tumor, TCGA-COAD: colon adenocarcinoma, TCGA-ESCA: esophageal carcinoma, and TCGA-HNSC: head and neck squamous cell carcinoma. (D) Prognosis of the metabolic score in the 36 TCGA projects. Hazard ratio with 95% CI and p values calculated using the inner cohort median values as the cutoff are visualized.
DISCUSSION
There are multiple factors that are associated with the overall survival of HCC patients. Among the clinical characteristics of HCC patients, the tumor stage (AJCC stage) is the most relevant to the overall survival of HCC and the most commonly used. However, the AJCC stage only includes tumor characteristics but lacks information about the biological characteristics of HCC, such as molecular, metabolic, and immunologic features (Chidambaranathan-Reghupaty et al., 2021). Targeting metabolism has brought us new insights into cancer therapy. To provide enough energy for malignant proliferation and metastasis, some metabolic pathways are aberrantly altered in tumor tissues (DeBerardinis and Chandel, 2016). The tumor microenvironment is a mixture of tumor cells, stromal cells, and immune cells (Zheng et al., 2017). Abnormal cancer metabolism, such as glycolysis, plays important roles in drug resistance and the stemness of cancer cells (Park et al., 2020). Previous studies have reported high consistency between gene expression and protein levels and other kinds of omics (Gao et al., 2019), indicating that RNA sequencing data can be used to estimate the altered metabolic pathways in cancer research. Therefore, discovering abnormal metabolic pathways and targeting metabolism using RNA sequencing has brought new insights into cancer therapy (Luengo et al., 2017).
In this study, focusing on aberrantly expressed metabolic genes, we built a metabolic score model to predict the prognosis of HCC. Six metabolic-related genes were calculated as independent prognostic factors. Among the six metabolic genes, LDHA catalyzes the conversion of pyruvate and participates in the TCA cycle and has been reported to associate with tumor growth, maintenance, and invasion of HCC (Sheng et al., 2012; Miao et al., 2013). In the protein–protein interaction analysis, LDHA also acts as a hub gene that directly correlates with HIF1A, EP300, TP53, PKM, and other genes that are enrolled in metabolic pathways (Supplementary Figure S5). FTCD plays a role as a tumor suppressor gene in HCC and is critical for the catabolism of histidine (Chen et al., 2022). The expression level of histidine metabolism is also associated with the overall survival of HCC in our analysis. Several important pathways, including the TCA cycle and histidine metabolism, were key regulators in HCC progression. More evidence and experimental validation would be utilized to discover the mechanisms of these pathways in future work. In our project, using LASSO and Cox proportional hazards model, a six-gene-based metabolic model was constructed and relevant to the metabolic level and prognosis of HCC. Patients with higher scores had poorer prognoses. For patients with higher scores, pathways involved the cell cycle and tumorigenesis signaling pathways, such as TP53 signaling, indicating an exclusive correlation between TP53 and metabolism. Therefore, for patients with higher metabolic scores, TP53 signaling may be a valuable target for future analysis.
However, there are some limitations in our study. First, the potential mechanisms of metabolic pathways in overall survival need to be further explored. Next, further validation of the metabolic score model is needed, especially in clinical applications. Third, the key hepatocarcinogenesis mechanism for the metabolic score and potential therapeutic targets for patients with higher scores should be deeply investigated. In general, the six-gene-based metabolic score model, as an independent prognostic indicator of the overall survival of HCC patients, may help predict the procession of survival and provide insights for a metabolic analysis of cancer research.
CONCLUSION
By comparing the expression profile of metabolic genes and pathways between tumor tissues and NAT, we found that HCC patients harbored lower expression levels of most metabolic pathways. The expression levels of several metabolic pathways were also correlated with the prognosis of HCC. To associate metabolic level with prognosis, a metabolic score model was built to predict the prognosis of overall survival of HCC based on the expression profile of dysregulated metabolic genes. Through validation using external independent cohorts, we believe that this six-gene-based metabolic score will be beneficial for prognosis prediction and the identification of potential therapeutic drug targets of HCC in the future.
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The membrane‐associated RING‐CH (MARCH) family, a member of the E3 ubiquitin ligases, has been confirmed by a growing number of studies to be associated with immune function and has been highlighted as a potential immunotherapy target. In our research, hepatocellular carcinoma (HCC) patients were divided into C1 and C2 MARCH ligase-related patterns by the non-negative matrix factorization (NMF) algorithm. Multiple analyses revealed that the MARCH ligase-related cluster was related to prognosis, clinicopathological characteristics, and the tumor immune microenvironment (TIME). Next, the signature (risk score) of the MARCH prognosis was constructed, including eight genes associated with the MARCH ligase (CYP2C9, G6PD, SLC1A5, SPP1, ANXA10, CDC20, PON1, and FTCD). The risk score showed accuracy and stability. We found that the correlations between risk score and TIME, tumor mutation burden (TMB), prognosis, and clinicopathological characteristics were significant. Additionally, the risk score also had important guiding significance for HCC treatment, including chemotherapy, immunotherapy, and transarterial chemoembolization (TACE).
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Introduction

The global mortality and morbidity rates of hepatocellular carcinoma (HCC) are seven and three, respectively, which seriously threaten human health and life (1). With poor prognosis and complicated early diagnosis owing to the lack of reliable biomarkers, despite significant improvements in anticancer therapies over the past decades, the overall survival (OS) of HCC patients is still poor (2). Chemotherapy, immunotherapy, and transarterial chemoembolization (TACE) are the preferred treatments in patients with recurrent or end-stage HCC. However, the median OS probability usually does not improve much owing to the absence of reliable biomarkers of therapeutic sensitivity (3).

Ubiquitination is a highly versatile and conserved posttranslational modification that participates in the localization and degradation of many cytosolic and membrane proteins (4) and plays a significant role in cancer tumorigenesis and progression (5, 6). It requires the sequential action of three enzymes, E1, E2, and E3 ubiquitin ligase, and the E3 ubiquitin ligase, which can determine the specificity of protein substrates, is considered a potential diagnostic and therapeutic target for cancer (7). The membrane‐associated RING‐CH (MARCH) ligases, as one of the E3 ubiquitin ligases, control the function of important immunoreceptors, including histocompatibility complex class (MHC) molecules and the costimulatory molecule CD86. In fact, numerous studies have demonstrated the important role of MHC in the anti-PD-1 treatment of tumors. MHC-I expression is well known to facilitate immune evasion; MHC-II expression is correlated with the response to PD-1 blockade treatment (8). In addition, MARCH ligases are closely related to tumor invasion and metastasis. Downregulation of MARCH 1 decreases phosphorylated p38 MAPK (p-p38 MAPK) and Stat3 (p-Stat3) and inhibits HCC cell viability (9). MARCH 6 upregulation of ATF2 promotes HCC development (10). Downregulation of MARCH 8 expression in gastric cancer cells inhibited cell growth (11). These results suggest that MARCH ligases may play an important role in the regulation of the tumor immune microenvironment (TIME). Therefore, a comprehensive analysis of the clinical significance, immune infiltration, and biological role of MARCH ligases can provide new ideas for the diagnosis and treatment of HCC.

To counter the problems mentioned above, a cluster of 367 HCC patients from the TCGA database was formed according to the expression of MARCH ligases. By multiomics analysis, the differences between MARCH ligase-related patterns were analyzed, including clinical relevance, survival analysis, and TIME. We constructed the prognostic signature (risk score), which was proven to be an independent prognostic marker. The risk score can predict the OS of HCC patients. Furthermore, we have proven the significant correlation between risk score and somatic mutation, TIME, and the efficacy of immunotherapy, chemotherapy, and TACE in HCC patients.



Materials and methods


Tissue samples and related clinical data

Twenty patients with primary HCC were diagnosed at the Department of Hepatobiliary Pancreatic Surgery, Northern Jiangsu People’s Hospital and received surgical treatment. HCC tissues and paired adjacent tissues (n = 20 for both) were obtained from the patients in our hospital. The present study was performed in accordance with the principles outlined in the Declaration of Helsinki. Written informed consent was obtained from the individuals who provided the samples.



Acquisition and process of original data

From the TCGA database (https://portal.gdc.cancer.gov/), we obtained the transcriptional RNA sequencing, somatic mutation, and clinical information of the TCGA-HCC cohort. Our transcript RNA sequencing panel included 374 HCC tumor tissues. These data were compiled as fragments per kilobase of transcript per million mapped reads (FPKM). When an individual gene symbol included more than one Ensembl ID, the calculation method annotated the gene expression in an average. A total of 367 patients were included in the training set after excluding the samples without complete information on OS. In this study, 350 TCGA samples had somatic mutation information. The 221 HCC samples with clinical information and RNA-seq data were provided by the GEO (https://www.ncbi.nlm.nih.gov/gds) to be used as the external test set. The copy number mutation landscape of 11 MARCH ligase genes was plotted, which are the mammalian homologs of K3 and K5 identified by bioinformatics studies (9), employing the R package “Rcircos” in human chromosomes. We used the GSE104580 (10) and GSE109211 (12) chips in the study to analyze TACE and sorafenib sensitivity.



Non-negative matrix factorization clustering

To explore the distinct MARCH ligase-related patterns, we applied non-negative matrix factorization (NMF) through the R package “NMF.” The original matrix is subdivided into two non-negative matrices based on the NMF algorithm (13) to identify the potential characteristics of the gene expression profile. To obtain consistent clustering, the algorithm repeats the deposition and aggregates the result. K = 2 is the best cluster value, according to the cophenetic coefficient, sample size, and contour. Through the R package “prcomp,” the principal component analysis (PCA) scoring system was constructed by all the MARCH ligase-related genes that were selected.



Gene set enrichment analysis

Gene set enrichment analysis (GSEA) is an algorithm that is non-parametric and unsupervised that can convert the separated gene expression matrix into a particular gene set as a characteristic expression matrix. The algorithm is performed by the R packages “clusterProfiler,” “enrichplot,” and “DOSE.” We adopted the package “limma” to analyze the significant differences after transformation in the expression matrix. Through the R package “GSVA”, we investigated the Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway by gene set variation analysis (GSVA). “h.all.v7.5.1.symbols.gmt” was obtained from the GSEA database.



Evaluation of the TIME

The tumor immune dysfunction and exclusion (TIDE) score is a computational approach for predicting the immune escape of tumor cells; thus, a higher TIDE score suggests a lower response rate to immune checkpoint inhibitor (ICI) treatment. To model the mechanisms of distinct tumor immune evasion, the superior algorithm (14) was used to evaluate the TIDE.

To calculate the fractions of immune cell types in each sample, the MCP-counter method was adopted to determine the characteristics of the TIME. Additionally, through the Wilcoxon rank-sum test, we evaluated the relevance between immune cell abundance and risk score. We used the single-sample GSEA (ssGSEA) to study the immune status.



Functional enrichment analysis of differentially expressed genes

To identify differentially expressed genes (DEGs) between two different phenotypes, we adopted the package “limma” to assess the differences in gene expression after NMF clustering by p-values (p< 0.001) and t-statistics. Then, to analyze DEGs between MARCH ligase-related patterns, we used the enrichment of the KEGG and gene ontology (GO) pathways by the Metascape web-based platform (15).



Establishment and validation of the prognostic signature

The least absolute shrinkage and selection operator (LASSO) was performed by the package “glmnet” based on the DEGs that were prognosis-related in the model of univariate Cox regression; the important prognostic genes included eight DEGs (CYP2C9, G6PD, SLC1A5, SPP1, ANXA10, CDC20, PON1, and FTCD) that were identified by minimum criteria. Finally, we obtained the risk score formula:

	

The TCGA-HCC cohort was divided into low- and high-risk groups through the R package “surv_cutpoint” after calculating the optimal cutoff of risk score. Through the receiver operating characteristic (ROC) curve (package of “timeROC”) and Kaplan–Meier analysis (package of “survival”), we evaluated the predictive reliability of the prognostic models. The area under the curve (AUC) was applied to quantify the ROC curve. To validate the signature in the GEO cohort, we used the same analysis methods, risk score formula of calculation, and cutoff value.



Single-cell RNA-seq analysis

The single-cell RNA-seq data are available in the GEO database, reference chip GSE146115 (16). The chip of genes in each cell is in the range of 50 to 9,000, the percentage of red blood cells is less than 3%, and the total gene expression copy numbers are less than 300,000. We selected 1,500 genes with the largest variances and labeled them in red, and we tagged the names of the first 10 genes that were highly variable at the same time.

First, PCA was utilized for dimension reduction based on the highly variable genes, and the resolution was set to 0.5. In total, we obtained 12 clusters. Cell clusters were visualized using UMAP algorithms, and the first 10 genes that showed significant differences in each cluster were selected and mapped. Subsequently, identifying the top differentially expressed genes for each cluster was performed using the FindAllMarkers function. In addition, the expression pattern of each marker gene among clusters was visualized by applying the “DotPlot” function in Seurat. Afterward, the SingleR package (version 1.10.0) was employed for marker-based cell-type annotation.



Efficacy evaluation of chemotherapy and targeted drugs

To calculate the half-maximal inhibitory concentration (IC50), we adopted the ridge regression algorithm, and through 10-fold cross-validation (17), we obtained satisfactory prediction veracity. The process was calculated through the package “pRRophetic” in R.



Quantitative real-time PCR

According to the manufacturer’s protocol, total RNA was extracted by TRIzol reagent (Invitrogen Carlsbad, CA, USA) from 20 paired HCC and paracancerous tissues. Then, total RNA from each sample was reverse-transcribed to cDNA using the PrimeScript™ RT reagent Kit (Takara Bio Inc., Japan). Real-time PCR was conducted using the SYBR-Green PCR kit (Takara, Osaka, Japan) in a Rotor-Gene 3000 machine (Corbett Life Science, Sydney, Australia). The specific primers used are listed in Supplementary Table 1.



Statistical analysis

The R software (version 4.0.5) was used to perform all statistical analyses in this study. To confirm a significant difference between the two groups, we used a paired-samples t-test or Wilcoxon rank-sum test. To check if there was a significant difference in more than two groups, the Kruskal–Wallis test was used. The relevance coefficients among the expression of immune checkpoint genes, tumor mutation burden (TMB), and risk score were calculated through Spearman’s correlation analysis. To indicate the gene mutation frequency, we built waterfall plots by the package “maftools” and set a standard of significant difference as p-value<0.05.




Results


The landscape of genetic variation of MARCH ligase regulators in HCC

We researched the roles of 11 MARCH ligases (MARCH 1–11) in HCC. The analysis of 11 MARCH ligases showed that copy number variation (CNV) mutations were prevalent. MARCH 4, MARCH 6, MARCH 9, MARCH 10, and MARCH 11 revealed widespread CNV amplification. Figure 1A shows the locations of CNV alterations of 11 MARCH ligase genes on chromosomes. In contrast, MARCH 1, MARCH 2, MARCH 3, MARCH 5, MARCH 7, and MARCH 8 had prevalent CNV deletions (Figure 1B). Further analysis demonstrated that MARCH 2–11 were significantly upregulated in HCC samples (Figure 1C, Figure Supplement 2). The above results suggested that MARCH ligase may play a significant role in modulating the progression of HCC.




Figure 1 | The genetic alterations of the membrane‐associated RING‐CH (MARCH) ligase landscape in hepatocellular carcinoma (HCC). (A) The CNV alteration location of MARCH ligase on chromosomes. (B) The CNV mutation frequency of 11 MARCH ligases was prevalent. The column represents the alteration frequency. The deletion frequency, blue dot; the amplification frequency, pink dot. (C) Differences in the gene expression levels of 11 MARCH ligases between normal and tumor samples. The asterisks represent statistical p-value (*p< 0.05; **p< 0.01; ***p< 0.001).





NMF clustering of MARCH ligase-related patterns

According to 11 MARCH ligases in the univariate Cox regression model, NMF clustering was used on the TCGA-HCC cohort. K = 2 was the best clustering result based on cophenetic coefficients (Figures 2A, B). The PCA results illustrated the differences between the C1 and C2 patterns at the transcriptional level of the MARCH ligases (Figure 2C). Compared with the C1 pattern, the Kaplan–Meier analysis suggested that the OS or progression-free survival (PFS) of the C2 pattern was significantly longer (Figure 2D, p< 0.001; Figure 2E, p = 0.001). Lastly, we adopted the chi-square test to reveal the difference between the C1 and C2 patterns in the clinicopathological characteristics. As the figure demonstrates, the pathologic stage, T stage, and histologic grade distribution were noticeably different in the C1 and C2 patterns (Figure 2F). The transcription profile heatmap of 11 MARCH ligase genes was significantly different in the C1 and C2 patterns (Figure 2G).




Figure 2 | The prognostic value of C1 and C2. (A) Non-negative matrix factorization clustering of necroptosis-related patterns in the TCGA-HCC cohort. (B) Cophenetic coefficients. Expression profile of prognosis-related MARCH ligase gene: (C) PCA and (D, E) Kaplan–Meier analysis of OS and PFS. (F) Clinical relevance of MARCH ligase-related patterns. (G) Transcription profile heatmap of 11 prognosis-related MARCH ligase genes in C1 and C2 (*p< 0.05; ***p< 0.001).





TIME of MARCH ligase-related patterns

To explore the biological molecular changes between the C1 and C2 patterns, we performed GSVA to explore the biological processes among these distinct RNA processing patterns (Figure 3A). The results showed that C1 had a significantly higher concentration in the reactive oxygen species pathway, oxidative phosphorylation, k-ras signaling, metabolism-related, and INF-α/γ response. However, in the PI3K–AKT–MTOR signaling, G2/M checkpoint, DNA repair, MYC target, and unfolded protein response pathways, C2 had a higher concentration. The results demonstrated that MARCH ligase may affect the prognosis of HCC patients by regulating the TIME. Therefore, we quantified the composition of the TIME using MCP-counter analysis to study the discrepancy in the immune-related characteristics between C1 and C2. We found that the infiltration rates of fibroblasts, myeloid dendritic cells, monocytic lineage, T cells, and B cells in C1 were higher than those in C2 (Figure 3B). Because the MARCH ligases could reduce the expression of MHC molecules, we researched the expression of MHC molecule-related genes between the C1 and C2 patterns. The results showed that the C1 cluster expression levels were higher than the C2 cluster in most major MHC molecules (Figure 3C). Additionally, to compare and visualize the correlative richness of 11 subpopulations of immune-infiltrating cells between the C1 cluster and C2 cluster, we established a heatmap with ssGSEA. We discovered that T follicular helper cells, CD4+ T cells, and NK cells were enriched in the C1 cluster (Figure 3D). As the waterfall plots showed, the 10 genes with the highest mutation rates in C1 were TP53 (40%), TTN (19%), MUC16 (17%), CTNNBI (16%), FAT3 (12%), OBSCN (12%), PCLO (12%), DNAH10 (12%), RYR2 (10%), and USH2A (10%). In contrast, the 10 genes with the highest mutation rates in C2 were CTNNB1 (24%), TTN (20%), TP53 (17%), MUC16 (12%), PCLO (8%), ABCA13 (8%), LRP1B (7%), XIRP2 (6%), CACNA1E (6%), and FLG (5%) (Figure 3E). In summary, we confirmed that C1 has more immune-related mutations.




Figure 3 | Correlation between MARCH ligase-related patterns and the tumor immune microenvironment (TIME). (A) Heatmap of GSVA results. (B) The difference in TIME composition. (C) Differential expression levels of HLA-related genes between the C1 (green) and C2 (red) groups (ns = not significant, *p< 0.05, **p< 0.01, ***p< 0.001). (D) Heatmap showing the relative abundances of 11 immune-infiltrating cell subpopulations. (E) The 30 genes with the highest mutation rates of C1 and C2 in waterfall plots.



To further construct the MARCH ligase-related prognostic score, we researched the DEGs between the C1 and C2 patterns. A total of 234 differentially expressed genes were screened, of which 24 genes were downregulated and 210 genes were upregulated (Figure Supplement 3A). We applied functional enrichment analyses of DEGs among the C1 and C2 patterns to study the differences in molecular GO, indicating that DEGs primarily participated in metabolic processes, biosynthetic processes, complement and coagulation cascades, nuclear receptor meta-pathways, and complement cascades (Figure Supplement 3B).



Establishment of the MARCH ligase signature in the TCGA-HCC cohort

The univariate Cox regression analysis model was obtained based on previous research with DEGs among C1 and C2. Next, by analyzing the LASSO Cox regression, we processed the univariate Cox regression model to obtain the coefficient, and eight genes, CYP2C9, G6PD, SLC1A5, SPP1, ANXA10, CDC20, PON1, and FTCD, were chosen based on the minimum standard (Figures 4A, B). The quantitative indicator was obtained: risk score = (0.08152 × G6PD expression) + (−0.02512 × CYP2C29 expression) + (0.00272 × SLC1A5 expression) + (0.05107 × SPP1 expression) + (−0.04573 × ANXA10 expression) + (0.12660 × CDC20 expression) + (−0.00739 × PON1 expression) + (−0.03437 × FTCD expression). Next, we calculated the risk score according to the above formula for each patient. Based on the optimal cutoff value (cut point = 0.4380) for the risk score, the patients were divided into a low-risk group (n = 181) and a high-risk group (n = 180) through Kaplan–Meier analysis. Compared with the high-risk group, the OS in the low-risk group was obviously longer (Figure 4C, p = 4 × 10−7). In addition, to predict the OS survival rate of HCC patients, we used ROC curves to evaluate the risk score veracity. Figure 4D demonstrates that 0.772, 0.684, and 0.688 were the 1-, 3-, and 5-year OS survival rates of AUC, respectively. In the high-risk group, the ratio of deaths was elevated with risk score (Figures 4E, F). With the risk processes, the expression of G6PD, SLC1A5, SPP1, and CDC20 was increased, and CYP2C9, ANXA10, PON1, and FTCD expression was negatively correlated with the risk score (Figure 4G).




Figure 4 | Establishment of the MARCH ligase signature according to the training set. (A, B) LASSO Cox regression analysis. (C) Kaplan–Meier analysis between risk score-defined groups. (D) Time-dependent ROC curve of risk score. (E) Risk score distribution. (F) Survival status heatmap. (G) The expression profile heatmap of eight genes.





MARCH ligase signature validation in the GEO-HCC cohort

To verify the accuracy and stability of our findings, the risk score model was further evaluated using the GEO dataset, which included 221 HCC patients. According to the same cutoff value (cut point = 0.4380), groups were divided into the training set [low-risk group (n = 56) and high-risk group (n = 165)]. By Kaplan–Meier analysis, we found that the OS of patients in the high-risk group was significantly poorer than that in the low-risk group (Figure 5A, p = 1.094 × 10−2). Figure 5B demonstrates that 0.639, 0.668, and 0.665 were the 1-, 3-, and 5-year OS survival rates of AUC, respectively. The trends of the training sets and test sets were similar in the risk score distribution, the status of survival, and the heatmaps of the expression profile (Figures 5C–E).




Figure 5 | Validation of the MARCH ligase signature based on the test set. (A) Kaplan–Meier analysis between the risk score-defined groups. (B) Time-dependent ROC curve of risk score. (C) Risk score distribution. (D) Survival status heatmap. (E) The expression profile heatmap of eight genes.





Clinical relevance of the MARCH ligase signature

To further analyze the clinical significance of the MARCH ligase signature, we studied the relevance of the risk score and clinicopathological characteristics. In the TCGA cohort, there was a significant difference between the low- and high-risk groups in terms of histologic grade, pathologic stage, and T stage (Figure 6A). In the GEO cohort, there was a significant difference between the low- and high-risk groups in the pathologic stage and the serum alpha-fetoprotein (AFP) content, which is a serum marker of HCC (Figure 6B). In summary, the tendency for poor prognosis results and advanced pathological characteristics was concentrated in the high-risk groups. Then, to study whether risk score could be an independent prognostic indicator of TCGA-HCC and GEO-HCC patients, univariate and multivariate Cox regression analyses were used. Through univariate Cox regression analysis, we found that risk score and pathological stage were also hazard factors in the TCGA cohort (Figure 6C). In the GEO cohort, univariate Cox regression analysis indicated that risk score was a hazard factor similar to tumor size, pathologic stage, and cirrhosis (Figure 6D). Next, through the analysis of multivariate Cox regression, we suggested that risk score was an excellent independent prognostic indicator both in the TCGA-HCC cohort [hazard ratio (HR) = 4.703 (2.585–8.556), p< 0.001, Figure 6E] and the GEO-HCC cohort [HR = 1.959 (1.158–3.314), p = 0.012, Figure 6F].




Figure 6 | Independent prognostic analysis of risk score. (A) Clinical relevance of the high-risk and low-risk groups in the TCGA cohort. (B) Clinical relevance of the high-risk and low-risk groups in the GEO cohort. Univariate (C) and multivariate (E) Cox regression analyses of risk score and clinicopathological parameters in the TCGA cohort. Univariate (D) and multivariate (F) Cox regression analyses of risk score and clinicopathological parameters in the GEO cohort. **p< 0.01; ***p< 0.001.





Comparison of the MARCH ligase signature model and other models

To further verify the accuracy of our model, we compared our established model with four other predictive models of precision in determining HCC prognosis: the Dai signature prognostic model (18), the Guan signature prognostic model (19), the Liu signature prognostic model (20), and the Shao signature prognostic model (21). With a similar method that established our eight-gene-based model (described above), the relevant gene risk score in the dataset of the four models was calculated for TCGA-HCC. To predict the OS of the low- and high-risk groups, the Dai signature predictive model (log-rank p< 0.001) and the Liu signature predictive model (log-rank p = 0.004) showed significant differences; the Guan signature predictive model and the Shao signature predictive model showed no significant differences (Figures 7A–D). Except for the Dai signature, the predictive model for the 1-year survival rate had minutely higher AUC values than our model. The 1-year survival rate of the AUC value in the Liu signature predictive model was the same as that in our model. The AUC value of our model was significantly higher than that of the other models for the 1-, 3-, and 5-year survival rates (Figures 7E–H). In predicting the survival of HCC patients, these results suggested that our model possessed better accuracy.




Figure 7 | Four other prognostic models in the TCGA-HCC cohort (A–D) and time-dependent ROC curves (E–H).





Correlation between the TIME and MARCH ligase signature

Next, we analyzed the relationship between the TIME and the MARCH ligase signature. In the 361 TCGA cohort, we analyzed the distribution in the C1 group and the C2 group of low- and high-risk groups. The analysis showed that the low-risk groups were almost all concentrated in C2, and the C1 group consisted of the high-risk groups (Figure 8A). In addition, MARCH 1–11 gene expression was also analyzed in the low- and high-risk groups. The results showed that compared with the low-risk group, most of the MARCH genes (MARCH 1, 3, 5, 6, 7, 9, 10, 11) were more highly expressed in the high-risk group (Figure 8B). The above results indicated that risk score could reflect MARCH ligase-related patterns. The cellular underpinnings of immunotherapy are CD4+ T cells, CD8+ T cells, NK cells, and other immune cells (22). Therefore, the study of immune infiltrates in the TIME is the key to improving the therapeutic response rate of HCC. Through ssGSEA, we calculated the subpopulations of different immune cells and related functional enrichment scores to study the relationship between immune status and risk score. According to the results of the analysis, CD4+ T cells, CD8+ T cells, activated dendritic cells, immature dendritic cells, and NK cells had higher levels of infiltration in patients with high-risk scores in both datasets (Wilcoxon test, p< 0.001) (Figures 8C, D). In the TCGA-HCC and GEO-HCC datasets, ssGSEA indicated that the functions of most immune-related genes were mainly enriched in the high-risk group (Figures 8E, F). Additionally, we further explored the immune checkpoint molecule expression among the low- and high-risk groups in both cohorts. The results indicated that the difference in PDCD1 expression was statistically significant in the low- and high-risk groups. In the TCGA dataset, there were statistically significant differences in CTLA4 expression between the low-risk group and the high-risk group (Figures 8G, H).




Figure 8 | Correlation between the TIME and MARCH ligase signature. (A) The distribution of high-risk groups and low-risk groups in the C1 group and C2 group. (B) Expression of the MARCH 1–11 genes in the low-risk group and high-risk group. The ssGSEA results of different risk groups in the TCGA cohort (C, E) and the GEO cohort (D, F). The 25 immune cell scores (C, D) and 13 immune-related functions (E, F) are shown in boxplots. (G, H) The relationship between risk groups and immune checkpoint expression levels. Adjusted p is shown as follows: ns, not significant; *p< 0.05; **p< 0.01; ***p< 0.001.





HCC single-cell subpopulations

To further verify the above results, single-cell sequencing was conducted. After stringent quality control, we obtained 3,200 single cells. We found that the cells were organized into 12 clusters after dimension reduction through PCA (Figure Supplement 4). The expression of the first 10 genes in each cluster was significantly higher than that in the other clusters. We categorized these clusters into HCC cells, T lymphocytes, monocyte cells, B lymphocytes, and NK cells (Figure 9A). Interestingly, the low-risk group had higher T lymphocytes (13% vs. 5%) and B lymphocytes (6% vs. 2%) than the high-risk group. Moreover, the proportion of HCC cells in the high-risk group was significantly higher than that in the low-risk group (90% vs. 78%) (Figure 9B). Our results indicated that risk score can correctly reflect the TIME and may have important clinical value in predicting the efficacy of tumor ICIs.




Figure 9 | Single-cell sequencing. (A) t-SNE plot of 3,200 cells from 12 HCC patients showing eight major cell types. (B) The distribution of HCC cells, T lymphocytes, monocyte cells, B lymphocytes, and NK cells in the low- and high-risk groups.





Relationship between the MARCH ligase signature and somatic mutations

The accumulation of mutations often leads to the development of tumors and TIME remodeling (23). Therefore, we studied the distinction of somatic mutations between the low- and high-risk groups. The top 5 genes with the highest mutation frequencies were TIN (23%), CTNNB1 (22%), MUC16 (12%), PCLO (10%), and TP5316 (10%) in the high-risk group (Figure 10A) and TP53 (33%), CTNNB1 (23%), TIN (16%), MUC16 (14%), and ABCAB (9%) in the low-risk group (Figure 10B). The results showed that the low-risk group had more immune-related mutations. Next, we divided patients into low- and high-TMB groups by applying the optimal TMB cutoff. The results showed that the higher TMB value of HCC patients was associated with lower OS (Figure 10C, p = 0.002). We divided TCGA patients into four groups of high-TMB + low-risk, high-TMB + high-risk, low-TMB + low-risk, and low-TMB + high-risk based on the risk score and the optimal TMB cutoff value. The low-TMB + low-risk group had a significantly higher OS than the high-TMB + high-risk group (Figure 10D, p< 0.001).




Figure 10 | Relationship between the MARCH ligase signature and somatic mutation. Waterfall plots of 30 genes with the highest mutation rates in the high-risk group (A) and the low-risk group (B). (C) Kaplan–Meier analysis of TMB in HCC patients. (D) Kaplan–Meier analysis of the correlation between risk score and TMB.





Relationship between the MARCH ligase signature and drug sensitivity and TACE

Chemotherapy and targeted drugs have demonstrated clinical benefits in the treatment of advanced HCC. Nevertheless, adverse drug reactions and resistance are still significant obstacles to the development of drug therapy (24). TIME and SNV are important factors in the therapeutic effect of HCC. Therefore, it is vital to explore a reliable predictive drug-sensitive marker to guide medication. Then, the relationships between risk score and chemotherapy, targeted drugs, and ICIs were calculated. Our results show that the IC50 values of the AKT inhibitor VIII, gefitinib, and nilotinib were higher in the high-risk group than in the low-risk group, while the IC50 values of cisplatin and gemcitabine were lower in the high-risk group than in the low-risk group. However, there was no significant difference in the IC50 value of sorafenib between the low- and high-risk groups (Figures 11A–F). Our study also confirmed that the TIDE score was decreased in the high-risk group (TIDE distribution in TCGA-HCC, Figure 11G, p< 0.01). Compared with patients in the low-risk group, patients in the high-risk group exhibited higher scores of exclusion (Figure 11H), whereas patients in the low-risk group expressed higher scores of dysfunction compared with the high-risk group (Figure 11I). In addition, the treatment response to TACE was further analyzed between the low- and high-risk groups. We observed that 17% of patients had non-response to TACE in the low-risk group, and 54% of patients had non-response to TACE in the high-risk group in the GSE104580 TACE chip (Figure 11J). Furthermore, the TACE-responsive group had lower scores than the TACE-non-responsive group (Figure 11J). The GSE109211 chip was used to study the sorafenib response rates between the low- and high-risk groups. Although the low-risk group had higher response rates than the high-risk group (36% vs. 26%), there was no significant difference in treatment response to sorafenib among the low- and high-risk groups (Figure 11K). The results showed that risk score may have important implications for the treatment of HCC, including chemotherapy, TACE, and ICIs.




Figure 11 | Therapeutic benefit of risk score. (A–F) Correlation between the MARCH ligase signature and IC50 values of chemotherapy and targeted drugs, including (A) AKT inhibitor VIII, (B) gefitinib, (C) cisplatin, (D) nilotinib, (E) gemcitabine, and (F) sorafenib. (G) The relative distribution of TIDE was compared between the low- and high-risk groups. (H) The relative distribution of exclusion was compared between the low- and high-risk groups. (I) The relative distribution of dysfunction was compared between the low- and high-risk groups. (J) The distribution of the transarterial chemoembolization (TACE)-responsive group versus the TACE-non-responsive group in the low- and high-risk groups and the relative distribution of risk score in the TACE-responsive group versus the TACE-non-responsive group. (K) The distribution of the TACE-responsive group versus the sorafenib-non-responsive group in the low- and high-risk groups and the relative distribution of risk score in the sorafenib-responsive group versus the sorafenib-non-responsive group. **p< 0.01; ***p< 0.001.





Biological function and pathway analyses

To explore the biological molecular changes among the low- and high-risk groups, we performed GSVA to explore the biological processes among these distinct RNA processing patterns (Figure 12). The low-risk groups were significantly enriched in metabolism-related processes, including heme metabolism, fatty acid metabolism, adipogenesis, peroxisome, bile acid metabolism, xenobiotic metabolism, pancreas beta cells, K-ras signaling, coagulation, and myogenesis. However, carcinogenic activation and related signaling pathways, such as DNA repair, MYC targets, mTORC1 signaling, unfolded protein response, mitotic spindle, G2/M checkpoint, E2F targets, and protein secretion, were significantly enriched in the high-risk group. As mentioned above, the results showed the obvious distinction between the low- and high-risk groups in biological function.




Figure 12 | Heatmap showing GSVA scores of the hallmark gene sets for the five defined RNA processing patterns.





Quantitative real-time polymerase chain reaction

To further verify the expression of risk genes in HCC, quantitative real-time polymerase chain reaction (qRT-PCR) was used to analyze the expression of MARCH ligase-related genes (G6PD, SLC1A5, SPP1, and CDC20). We verified the mRNA expression levels in 20 HCC and paracancerous tissues. The results showed that the expression of G6PD, SPP1, and CDC20 in HCC tissues was higher than that in paracancerous tissues, while the expression of CYP2C9 and ANXA10 was lower than that in paracancerous tissues (Figure 13). The qRT-PCR results are mostly consistent with the group according to risk score.




Figure 13 | Validation of mRNA expression by real-time PCR. mRNA expression of eight genes associated with MARCH ligase in 20 HCC tissues and paracancerous tissues. ns, not statistically significant; **p< 0.01; ***p< 0.001.






Discussion

Because of its high incidence rate and poor prognosis, HCC is regarded as one of the most malignant types of liver cancer (25). Therefore, finding predictive prognostic biomarkers for HCC to improve the clinical outcomes of HCC patients is of great significance. It has been reported that MARCH ligases play critical roles in tumor progression (26). Thus, a comprehensive analysis of the clinical significance, immune infiltration, and biological role of MARCH ligases can provide a new direction for the clinical treatment and research on HCC.

Through NMF algorithm clustering, we identified two MARCH ligase-related patterns. Compared with the C2 pattern, the C1 pattern indicated a poor OS or PFS probability. Moreover, the ratio of HCC patients with advanced T stages had higher levels in the C1 pattern. In addition, distinct immune cell infiltration and biological pathway enrichment were shown in these two MARCH ligase-related patterns. In the TCGA-HCC cohort, we found that the C1 pattern had more immune-related mutations and major MHC molecules. Recent studies have shown that the expression of HLA class I molecules in tumor cells is often associated with tumor escape from the immune system (27). A lack of HLA class I expression in tumor cells can have a negative impact on immunotherapy (28). These results indicate that MARCH ligase may affect the development of HCC by regulating the expression of MHC molecules in HCC. The evidence above certified that the MARCH ligase may play a significant role in regulating the immune landscape of HCC.

Next, we studied the DEGs between the C1 and C2 patterns. We established a prognostic signature (risk score) to evaluate and quantify HCC individuals, including eight MARCH ligase-related genes (CYP2C9, G6PD, SLC1A5, SPP1, ANXA10, CDC20, PON1, and FTCD) in the TCGA-HCC cohort. Based on the defined risk score, HCC patients were divided into high- and low-risk groups, and a series of analyses were performed. According to survival analysis, patients in the high-risk group had a worse OS than those in the low-risk group, suggesting that risk score is relevant to tumor progression or poor prognosis events. It was also proven in a separate external GEO-HCC cohort. Through the analysis of univariate Cox regression and multivariate Cox regression, we proved that risk score was an excellent independent prognostic indicator both in the TCGA-HCC cohort and in the GEO-HCC cohort. CYP2C9 is a drug-metabolizing enzyme gene (DME gene) that regulates cell growth, apoptosis, differentiation, and homeostasis and is involved in hepatocarcinogenesis (29). Previous studies revealed that G6PD is a key energy metabolism gene for HCC and contributes to tumor proliferation, migration, and invasion (30, 31). SLC1A5 is highly associated with the infiltration of tumor immune cells. Its expression can be a reliable prognostic biomarker in numerous cancers, especially in HCC (32). SPP1 promotes the migration of HCC cells (33). ANXA10 is related to the malignant phenotype of liver cells (34). CDC20 assumes crucial functions of cells in the anaphase of mitosis (35), and its expression is upregulated in HCC (36). PON1 not only can reduce the inhibition of leukocyte adhesion and chronic inflammation of vascular walls (especially macrophages and monocytes) but also participate in cell cholesterol synthesis (37) and result in tumor invasion/metastasis (38). The FTCD gene is downregulated in HCC tumor tissues. Therefore, as a reliable diagnostic biomarker, it distinguishes between early HCC and benign tumors (39).

To further verify the above results, qRT-PCR was conducted. The results showed that the expression of G6PD, SPP1, and CDC20 in HCC tissues was increased compared with that in paracancerous tissues, while the expression of CYP2C9 and ANXA10 was decreased compared with that in paracancerous tissues. The results are mostly consistent with the group according to risk score. However, the SLC1A5 and FTCD genes showed no significant difference. This lack of significance may be related to the small sample size and the expression of the protein that is not parallel to the mRNA.

It has been demonstrated that CD4+ T cells (40), CD8+ T cells (41), and NK cells (42) in HCC are protective factors. In addition, significantly reduced infiltration of CD4+ T cells, CD8+ T cells, and NK cells may trigger tumor immune evasion and ultimately lead to the progression, high recurrence, and poor prognosis of HCC based on their functions (43). Moreover, CD4+ T cells, CD8+ T cells, and NK cells are important cells in immunotherapy. CD4+ T cells are a key contributor to PD-L1/PD-1 blockade immunotherapy efficacy (44). Activated CD8+ cytotoxic T cells can release IFN-γ. Upon IFN-γ stimulation, PD-L1 is expressed on tumor cells (45). NK cells contribute to the effects of PD-1/PD-L1 blockade along with cytotoxic T cells (46). Interestingly, we found that patients in both the TCGA dataset and the GEO dataset with low-risk scores had lower CD4+ T-cell, CD8+ T-cell, and NK-cell infiltration levels than patients with high-risk scores in the immune microenvironment. Furthermore, the single-cell sequencing results showed that the low-risk group had higher T lymphocytes and B lymphocytes than the high-risk group. These results suggest that risk score may affect the prognosis of patients via the TIME.

Research has indicated that cancer patients are more likely to obtain long-term and effective responses from immunotherapy with high TMB (47, 48). In our research, the high-risk group had a higher TMB than the low-risk group, which we also confirmed in the TCGA dataset and the GEO dataset. However, compared with the high-risk group, patients in the low-risk group had more immune-related mutations. This is consistent with the results of immune infiltration mentioned above.

ICIs, chemotherapy, and TACE are effective clinical strategies for treating advanced HCC. In this study, we confirmed that the IC50 values of the AKT inhibitor VIII, gefitinib, and nilotinib were higher in the high-risk group than in the low-risk group, while the IC50 values of cisplatin and gemcitabine were lower in the high-risk group than in the low-risk group. The above results demonstrated that risk score is an important biomarker to assess immune status. Thus, we sought to further investigate the response rate to ICIs of risk score based on the TIDE score. The high-risk group had a lower TIDE score, which suggested that the high-risk group may have a higher response to ICI treatment. The findings above suggest that patients in the low-risk group may benefit more from the therapeutic regimens of TACE. Taken together, we believe that risk score may have important guiding significance for HCC treatment, including chemotherapy, immunotherapy, and TACE.

In addition, we performed GSVA and confirmed the result that the low-risk group was related to metabolism, and the high-risk group was relevant to carcinogenic activation-related signaling pathways, such as DNA repair, mTORC1 signaling, and UPR. Interestingly, all of these signaling pathways contribute to the progression of HCC. DNA repair (49), mTORC1 signaling (50), and UPR (51) are associated with unique characteristics and worse survival in HCC patients. DNA repair, a mechanism that allows cells to live longer, can lead to the accumulation of genetic lesions that can lead to the formation of cancer (52). Aberrant activation of MTORC1 signaling via enhanced cell survival and metastasis results in tumorigenesis and cancer progression (53). The UPR signaling pathway has been recognized to promote tumor cell proliferation by limiting oxidation DNA damage (54), and the UPR promotes HCC immune escape by transferring specific miRNAs to infiltrated macrophages in the tumor microenvironment (55). In addition, according to the GeneCards database (https://www.genecards.org/), MARCH E3 ligases are mainly located in the ER and mitochondria. Therefore, it was suggested that the expression of MARCH E3 ligases may be regulated by various tumor-related stresses. The results in this work point to future directions of the study.

Collectively, by comprehensively evaluating the molecular, cellular, and clinical characteristics of HCC patients, risk score can quantify and individualize the phenotypes of HCC patients. The risk score may have important implications for the selection of ICIs, chemotherapy, and TACE strategies for HCC patients. However, our study still has limitations that need to be further refined. As a retrospective study, multicenter, large-sample sizes, and prospective studies are required to confirm our results further. Moreover, further experimental studies are needed to refine our understanding of the relationship between MARCH ligases and HCC.
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Supplementary Figure 2 | mRNA expression of MARCH ligases in 40 HCC tissues and paracancerous tissues in the TCGA-HCC cohort. ns not statistically significant, ** p < 0.01, *** p < 0.001.

Supplementary Figure 3 | (A) Heatmap of DEGs between the C1 and C2 patterns. (B) Functional enrichment analyses of DEGs between C1 and C2 patterns.

Supplementary Figure 4 | (A) Gene expression levels in each cell of the 4 samples were in the range of 50-9000, and the distribution was relatively uniform. At the same time, we found that the percentage of mitochondrial genes was almost 0. (B) Cells are evenly distributed in the four samples, and the number of genes is positively correlated with the expression level of genes, with a correlation of 0.8. (C) We selected 300 hypervariable genes from all the genes, which are in red, and the first 10 genes were flagged. (D) After dimension reduction through PCA, we found that the cells were clustered into 12 clusters.
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Ferroptosis regulator SLC7A11 is a prognostic marker and correlated with PD-L1 and immune cell infiltration in liver hepatocellular carcinoma
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Background: Liver hepatocellular carcinoma (LIHC) is a complicated disease with poor survival and lack of viable treatment options. The roles of ferroptosis and immunotherapy in LIHC are increasingly prominent, but the interplay of ferroptosis with the tumor microenvironment (TME) in LIHC is currently under-investigated.
Methods: In this study, we analyzed normal liver tissues and tumor tissues from the TCGA and GTEx databases to obtain differentially expressed ferroptosis-related genes (FRGs). We then clustered LIHC based on the expression levels of selected FRGs and acquired distinct subtypes with significant heterogeneity regarding survival prognoses, PD-L1 expression, and immune cell infiltration. The correlation of those FRGs with TME in LIHC and pan-cancer analysis was also investigated. GO functional annotations and KEGG pathway analyses were performed to investigate the potential reactions of the obtained differentially expressed genes (DEGs). Further external validation was performed using microarrays on the GEO database and the key ferroptosis regulator SLC7A11 expression between LIHC and normal cells was detected by Western blotting.
Results: A large proportion of genes were upregulated in the LIHC group. Among three clusters, cluster 3 had the worst prognosis combined with the highest PD-L1 expression and was positively correlated with various immune cells. Subsequently, survival analysis and Cox regression analysis screened out SLC7A11 as an independent prognostic factor in LIHC featured strong PD-L1 expression and unfavorable survival time. We filter out SLC7A11 as an independent prognostic signature in LIHC patients with strongly associated PD-L1 expression and unfavorable survival probability. In the pan-cancer analysis, high expression of SLC7A11 showed poor overall survival in seven cancers, while the correlation between immune checkpoints (ICs) and SLC7A11 varied by cancer type, indicating the potential therapeutic effects of SLC7A11 in cancers other than LIHC. Western blot was further employed to verify the expression of SLC7A11 in LIHC in vitro.
Conclusion: Ferroptosis and TME synergistically play key roles in oncogenesis and progression of LIHC, and SLC7A11 can be used as a predictive biomarker for customized immunotherapy.
Keywords: ferroptosis, SLC7A11, PD-L1, prognosis, immune cell infiltration, liver hepatocellular carcinoma
INTRODUCTION
Liver hepatocellular carcinoma (LIHC) is the most prevalent kind of primary malignancy of the liver, accounting for approximately 75% (Xu et al., 2018), and the fourth leading cause of cancer-related mortality globally, generally on the background of chronic hepatitis (Mak et al., 2020). Most LIHC patients are diagnosed at the middle-late stage, making them ineligible for drastic surgery. However, tyrosine kinase inhibitor sorafenib, the sole FDA-approved first-line molecular targeted medication for the treatment of advanced LIHC, has demonstrated promising outcomes in clinical practices (Gordan et al., 2020). Accumulating body of evidence (Dixon et al., 2014; Nie et al., 2018; Xia et al., 2019) has reported that sorafenib can trigger a novel and effective regulatory cell death—ferroptosis while using the iron chelator DFX can protect LIHC cells from the cytotoxicity of sorafenib (Louandre et al., 2013). Ferroptosis, characterized by the accumulation of iron-dependent lipid peroxides and reactive oxygen species to lethal levels, has been implicated in various cancer types, most notably LIHC (Galluzzi et al., 2018; Nie et al., 2018). Liu (Liu et al., 2020) also found that the ferroptosis potential index positively correlated with tumor stage and prognostic outcomes. These results suggested the therapeutic potential of ferroptosis in LIHC.
Although sorafenib-induced ferroptosis extended survival time in LIHC patients, frustratingly severe adverse events and rising drug resistance discounted the effectiveness to some extent (Nie et al., 2018). Therefore, innovative combination treatment is desperately needed to enhance clinical outcomes. The liver is an organ with innate immune tolerance, and TME affects the prognosis and progression at large (Xu et al., 2018). Huang et al. found that macrophage-associated cytokines might be a non-invasive biomarker for predicting PD-L1 levels in LIHC patients (Huang et al., 2021). PD-L1 is a vital IC of tumor immunity highly expressed in LIHC tumor tissues and peripheral immune cell components such as kupffer cells and CD8+ T cells (Wu et al., 2009). High PD-L1 expression increases the likelihood of tumor recurrence, metastasis, and even mortality from cancer (Xu et al., 2018). In recent years, immune checkpoint blocking therapy has made breakthroughs in LIHC immunotherapy, especially a phase III trial of atezolizumab and bevacizumab targeting anti-PD1/PD-L1 antibodies and reprogramming TME exhibited better results than sorafenib (Galle et al., 2021). However, given these implications, whether ferroptosis plays a synergistic role with PD-L1 and the immune microenvironment in LIHC is still largely elusive.
In this work, we explored the differentially expressed FRGs in tumor and normal tissues of LIHC and obtained three subtypes through consistent clustering analysis with diverse prognoses, which not only correlated with PD-L1 expression but also varied in immune cell infiltration. Furthermore, SLC7A11, the highly expressed ferroptosis regulator in cluster 3, was linked to a worse outcome and had a substantial connection with PD-L1 (CD274) and both survival and Cox regression analysis indicated that it played a prognostic role in LIHC. In addition, SLC7A11 was also shown to be strongly expressed in multiple tumor types in pan-cancer analysis, interacting with multiple ICs, including PD-L1. This study aims to provide insights into ferroptosis-based immunotherapy and better management for LIHC patients.
MATERIALS AND METHODS
Data availability
RNA-seq data containing 50 normal liver tissues and 371 LIHC tissues and related clinicopathologic information were downloaded from The Cancer Genome Atlas (TCGA) database’s Genomic Data Commons (GDC) portal (https://portal.gdc.cancer.gov/) in December 2021. FRGs were derived from the systematic analysis of the aberrances and functional implications of ferroptosis in cancer by Liu (Liu et al., 2020). Meanwhile, 226 normal samples from the GTEx database (https://gtexportal.org/home/datasets), and GSE60502 combined with GSE62232 (28 normal tissues and 99 LIHC tissues) were downloaded from the Gene Expression Omnibus database (GEO; https://www.ncbi.nlm.nih.gov/geo/) were available for further validation about the expression level of the SLC7A11 gene. In the pan-cancer analysis of SLC7A11, RNA-seq data for 33 cancer types and their corresponding clinical details were also derived from TCGA.
Bioinformatics analysis
The differentially expressed genes (DEGs) of LIHC were identified using the “limma” package of R software, and the significant expression levels of DEGs were visualized with “pheatmap” and “ggplot2” packages. Gene ontology (GO) functional entries, namely biological process (BP), cellular component (CC), and molecular function (MF), along with Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway enrichment analyses, were performed on the upregulated and downregulated DEGs, respectively, to explore related biological functions based on the “ClusterProfiler” package. Principal component analysis (PCA) was presented by “ggord” package. The “Consensus Cluster Plus” package was then adopted for consistency assessment (the maximum cluster was 6, and 80% of the samples were conducted 1,000 times). Overall survival (OS) and disease-free survival (DFS) prognostic analyses on different clusters were carried out by “survival” and “survminer” packages. We conducted survival analysis on SLC7A11 in Kaplan-Meier (KM) plotter online database (http://kmplot.com/). To further detect the status of the TME, CIBERSORT was utilized to measure the proportion of immune cell infiltration across distinct clustering subtypes. Univariate and multivariate Cox regression analyses were conducted on multiple clinical features to determine the independent prognostic significance of SLC7A11 in LIHC. p-values, hazard ratio (HR), and 95% confidence interval (CI) for the results were visualized in the form of a forest plot based on “forestplot” package. Furthermore, pan-cancer analysis was applied to explore the differential expressions of SLC7A11 among various cancers and its potential in PD-L1 immunotherapy.
Verification of the expression of SLC7A11 in vitro
The LIHC cell lines HepG2, Hep3B, BEL-7402, BEL-7407, and MHCC97L, and the normal liver cell line L02 were generously provided by Tang’s Lab. Normal and hepatocellular carcinoma cell lines were cultured in 10%FBS/DMEM at 37 °C with 5% CO2. The cells in the logarithmic growth phase were collected for Western blotting. The cell supernatant was obtained by low-temperature sonication and centrifugation (4°C, 12,000xg, 15 min). The protein concentration in the cell supernatant was determined by ultraviolet spectroscopy. The total protein amount of each lane was 40 μg in the 10% SDS-PAGE gel. PVDF membranes were blocked with 5%w/v skim milk. The primary antibody was incubated overnight at 4°C; the secondary antibody was incubated for 1 h at room temperature. Image acquisition of the target bands using enhanced chemiluminescence immunoblotting (ECL, Bio-Rad, Japan). Anti-SLC7A11 (Abmart, T57046, 1:1,000), anti-β-actin (Affinity, AF7018, 1:1,000); Goat Anti-Rabbit IgG (H + L) HRP, S0001, 1:1,000); Goat Anti-Mouse IgG (H + L) HRP (Affinity, S0002, 1:1,000).
Statistical analysis
Statistical testing and model building were mainly performed by R software (version 4.0.2) and GraphPad Prism 8.0. Student’s t-test was used to analyze the expressions of SLC7A11 in 25 pairs of LIHC and adjacent tissues groups; one-way ANOVA was used to compare whether the differences in the two groups differed by the expression level of SLC7A11. The Wilcox and the Kruskal–Wallis tests were used to compare two or more groups. The log-rank test of the Kaplan-Meier method was carried out for survival analysis. The Cox proportional hazards model was conducted for multivariate regression analysis to screen out independent prognostic characteristics. Predictive efficiency of SLC7A11 for 1-, 3-, and 5-years OS were evaluated using the receiver operating characteristic (ROC) curves in “timeROC” package. The association between ICs and ferroptosis was evaluated using Spearman’s rank correlation coefficient. p < 0.05 was accepted as indicative of statistically significant differences.
RESULTS
Differential expression of FRGs between LIHC and adjacent normal tissues
FRGs were designated as a set of 25 genes identified as playing essential roles in regulating ferroptosis in a prior study (Dixon et al., 2012). To determine the predictive molecular mechanism of ferroptosis regulators in LIHC, we performed a comprehensive analysis of the gene expression profiles of 371 LIHC patients and 50 normal individuals via the TCGA database, and found that the expression levels of screened FRGs in tumor and normal controls varied (Figures 1A,B). As is illustrated, HSPA5, EMC2, SLC7A11, HSPB1, GPX4, FANCD2, CISD1, FDFT1, SLC1A5, TFRC, RPL8, DPP4, CS, CARS1, ATP5MC3, ALOX15, ACSL4 and ATL1 were the upregulated ferroptosis regulators (p < 0.05), and the NFE2L2, MT1G, SAT1 and GLS2(p < 0.05) were the downregulated ones. However, no significant differences were found between the LIHC and normal tissues regarding the expression of CDKN1A, NCOA4, and LPCAT3 (p > 0.05). Furthermore, the correlation and prognosis analysis network revealed that the vast majority of ferroptosis regulators were typically positively correlated with LIHC (Figure 1C). These findings highlight the underlying roles of ferroptosis in LIHC development and progression. As a result, further comprehensive study on the biological function and dysregulation of FRGs in LIHC will be helpful.
[image: Figure 1]FIGURE 1 | Divergent expression distribution and correlation of FRGs in LIHC and normal tissues. (A) FRG expression heatmap and (B) boxplot between the LIHC and normal group. (C) Spearman correlation and prognostic network of FRGs in LIHC. The red and blue dots, respectively, signify a poor and good prognosis. The larger their circles are, the smaller the log rank test. P of prognosis is, and vice versa. *p < 0.05, **p < 0.01, and ***p < 0.001.
FRGs expression levels of LIHC subtypes and different prognoses
According to the expression microarray of FRGs in tumor and normal samples, using an unsupervised consistent clustering analysis method, we took consensus CDF and delta area into account, and determined the optimal cluster as k = 3 (Figures 2A,B; Supplementary Figures S1A-I). Consequently, three diverse subtypes of 371 LIHC patients were classified, namely cluster 1 (n = 37), cluster 2 (n = 256) and cluster 3 (n = 78). The PCA analysis also perfectly confirmed this distinction (Figure 2C). In comparison to cluster 1/2, most FRGs (9/25) were notably expressed in cluster 3, while the expression levels of CDKN1A and NCOA4 in cluster 2 were significantly higher than in others. FRGs were weakly expressed in cluster 1 but exclusive to HSPB1, GPX4, and RPL8, which were higher than those among clusters. Whereas two FRGs (MT1G and SAT1) showed no significance in any clusters (Figure 2D). Furthermore, patients in cluster 3 were more prone to dismal OS (p < 0.0001) and DFS (p < 0.05) in contrast with the other two clusters (Figures 2E,F). Clinical baseline data of 371 patients showed that there were statistical differences between three subtypes in terms of survival status, tumor size and invasiveness, total clinical stage, and differentiation grade (p < 0.01), but no significant differences in lymph nodes dissemination and distant metastasis (p > 0.1, Supplementary Table S1). Intriguingly, more patients in cluster 2 appeared to harbor worse tumor staging, but statistics on mortality between clusters found cluster 3 to be the top, followed by cluster 1 and then cluster 2, supposing the cause may root in the maximum sample size in cluster 2. These outcomes suggested that clinical heterogeneity exists in subgroups of LIHC.
[image: Figure 2]FIGURE 2 | FRGs expression levels in different LIHC subtypes and their prognostic patterns. (A,B) Consistent clustering analysis on screening the LIHC subtypes. (C) PCA analysis was performed to clarify the difference in clusters. (D) Heatmap of FRGs expression levels in different LIHC subtypes. (E,F) The OS and DFS among three subtypes.
The relevancy of FRGs between PD-L1 and TME in LIHC
We investigated the character of FRGs in PD-L1 expression and TME to determine whether ferroptosis has immune efficacy in LIHC. Although the expressions of PD-L1 between tumor and normal tissues showed no statistically significant difference (Figure 3A), there were substantial differences within LIHC subgroups, with cluster 3 being the most overexpressed one, followed by cluster 2 and cluster 1 (Figure 3B). Coincidentally, different responsiveness to PD-L1 was also exploited in FRGs of LIHC (Figure 3C). Most regulators were positively correlated with PD-L1 expression (ALOX15, CARS1, CDKN1A, NFE2L2, SLC7A11, CS, DPP4, FANCD2, FDFT1, HSPA5, LPCAT3, MT1G, NCOA4, SAT1, SLC1A5, TEFC), while three regulators (GPX4, HSPB1, RPL8) were the opposite. Meanwhile, several FRGs (ACSL4, ATP5MC3, CISD1, EMC2, GLS2) did not respond to PD-L1. Furthermore, LIHC subtypes have immune microenvironment characteristics as assessed by the CIBERSORT algorithm. Cluster 3 possessed higher levels of memory B cell, T cell follicular helper, T cell regulatory (Tregs), macrophage M0, mast cell resting, and neutrophil infiltration. In contrast, cluster 1 and cluster 2 were more correlated with the B cell naive, NK cell resting, monocyte, mast cell activated, and macrophage M1 (Figures 3D,E; Supplementary Figure S2). Herein, we disclosed the potential of FRGs in the PD-L1 treatment of LIHC from the perspective of the immune microenvironment.
[image: Figure 3]FIGURE 3 | The relationship between PD-L1 and FRGs and the immune infiltration landscape of three subtypes in LIHC. (A,B) The expression differences of PD-L1 in LIHC and normal tissues and among different subtypes. (C) Correlation between PD-L1 and selected FRGs in TCGA cohort of LIHC. (D) Heatmap and proportional plotting graph (E) of immune cell abundance within three subtypes. *p < 0.05, **p < 0.01, ***p < 0.001, and ***p < 0.0001.
SLC7A11 is the key FRG upregulated in LIHC
Since the important roles of FRGs in different subtypes of LIHC have been illustrated above, we attempted to identify the major up-regulated FRGs with grim prognoses characterized with PD-L1 responsiveness. Then we found that CARS, SLC1A5, and SLC7A11 were three dominant ferroptosis regulators positively correlated with PD-L1 expression in LIHC and unfavorable OS (Figure 4A). We further compared the differences between tumor stages and normal tissues of the above-mentioned three FRGs in GSE60502 (Figures 4B–D), and the differences between tumor and normal tissues in GSE62232 (Figures 4E–G). Only SLC7A11 was highly expressed in the late-stage group compared with the normal and early-stage ones (p < 0.0001 and p < 0.05, respectively, Figure 4D), but also had a significant difference between LIHC and adjacent normal tissues (p < 0.001, Figure 4G). Later, we detected the expressions of SLC7A11 in different cell lines using Western blot (Figure 4H), and found SLC7A11 was highly expressed in LIHC cell lines HepG2, Hep3B, BEL-7402, BEL-7407, and MHCC97 L (p < 0.001, Figure 4I) compared with the normal control, indicating that SLC7A11 was the primary FRG implicated in the onset and development of LIHC.
[image: Figure 4]FIGURE 4 | Expression and verification of a key ferroptosis regulator SLC7A11 in LIHC. (A) Venn diagram identified three upregulated FRGs associated with PD-L1 and worse prognoses. (B–D) Differential expression of CARS, SLC1A5, and SLC7A11 in different stages of tumor group and normal group in GSE60502. (E–G) Differential expression of CARS, SLC1A5, and SLC7A11 in the tumor group and normal group in GSE62232. (H) The expressions of SLC7A11 in different cell lines were detected by Western blot (n = 3). (I) Histogram of differential SLC7A11 expression on five LIHC cell lines. *p < 0.05, **p < 0.01, ***p < 0.001 and ****p < 0.0001.
High exposure to SLC7A11 in LIHC is an effective independent prognostic factor
Later we focused on the impact of SLC7A11 expression on the prognoses of LIHC patients. The high-expression group of SLC7A11 had a poorer OS than the low-expression group (Figure 5A, HR = 1.737, p < 0.005), and this was also confirmed in the KM curve (Figure 5B, HR = 2.41, p < 0.0001). Similarly, the high SLC7A11 group in LIHC showed a shorter survival time compared with the low one (Figure 5C, p < 0.05). The ROC curves displayed the AUC values of SLC7A11 expression for predicting survival rate, which decreased sequentially at 1-, 3- and 5-years, but were all greater than 0.5, indicating that SLC7A11 was equipped with the prognostic potential (Figure 5D). Univariate Cox proportional hazard model revealed that SLC7A11 (HR = 1.30257, p = 0.00001), race (HR = 1.141,229, p = 0.16372), age (HR = 0.07752, p = 0.07752), tumor stage (HR = 1.37612, p = 0.00066) and grade (HR = 1.12104, p = 0.33867) were all shown to be risk factors for LIHC (Figure 5E). In addition, multivariate forest plot analysis further identified the expression of SLC7A11 (HR = 1.29122, p = 0.00009) as an independent risk factor affecting LIHC patients’ prognoses (Figure 5F). These all converged to the point that the high expression of SLC7A11 was a significant independent prognostic signature in LIHC.
[image: Figure 5]FIGURE 5 | Effect of SLC7A11 expression difference on LIHC prognosis. (A) KM analysis for high and low SLC7A11 groups based on TCGA source data and the KM Plotter website (B,C) Differences in survival time between high- and low-SLC7A11 expression. (D) 1-, 3-, and 5-years survival prediction reliability of SLC7A11 as a prognostic factor. (E,F) Forest plots of univariate and multivariate Cox analyses for SLC7A11 and other clinical traits. *p < 0.05.
The landscape of SLC7A11 expression differences with related biological pathways and correlation with TME
To further examine the underlying functions of SLC7A11 in LIHC, 371 samples were divided into two groups based on SLC7A11 expression levels (Figure 6A). We compared the DEGs in the two groups and discovered that SLC7A11, SPP1, REG3A, CPLX2, HSPB8, REG1A, LCN2, NQO1, AKR1B10 and ALDH3A1 were up-regulated genes, whereas SPP2, SLC10A1, IGF2, PGLYRP2, GNMT, APOA1, UROC1 and CYP2A6 were down-regulated ones (Figure 6B). Spearman correlation analysis exhibited a significant positive correlation between SLC7A11 and PD-L1 expression (p = 0.001, Spearman = 0.18), indicating that SLC7A11 may be a predictive biomarker for tumor immune checkpoint inhibitors (ICIs) therapy (Figure 6C). The CIBERSORT algorithm was then used to quantify immune infiltrating variations (Figure 6D, Supplementary Figure S3) and the proportion of 22 immune cells in low- and high-SLC7A11 expressing LIHC patients (Figure 6E, Supplementary Figure S3). T cell follicular helper, macrophage M0, mast cell resting, neutrophil enriched in SLC7A11 high expression group and T cell CD4+ memory resting, monocyte gained prominence in SLC7A11 low expression group (p < 0.05). GO entry and KEGG pathway enrichment analyses were used to identify relevant biological functions and pathways of DEGs in two samples with different expression levels of SLC7A11. KEGG results exhibited that up-regulated DEGs, including SLC7A11, were associated with the Wnt signaling pathway, central carbon metabolism in cancer, IL-17 signaling pathway, and other concerned pathways; however, down-regulated DEGs were engaged in bile secretion, histidine metabolism, cholesterol metabolism, retinol metabolism and other pathways related to liver physiological metabolism (Figure 6F). GO enrichment analysis suggested that up-regulated FRGs mainly focus on xenobiotic metabolic process, secondary metabolic process response toxic substance, tertiary alcohol metabolic process, etc. While the down-regulated ones prefer small molecular catabolic process, organic acid biosynthetic process, negative regulation of hydrolase activity and other biological processes (Figure 6G). These findings indicated the abnormalities and heterogeneity of immunological infiltration in SLC7A11 expression, which might serve as indicators and targets for immunotherapy, perhaps with important therapeutic ramifications.
[image: Figure 6]FIGURE 6 | Differential expressions of SLC7A11 in LIHC and its correlation with PD-L1 and immune infiltration. (A) Heatmap of differences in high- and low-SLC7A11 expression groups. (B) Volcano plot of up- and down-regulated DEGs between the high- and low-SLC7A11 expression groups. (C) Correlation analysis of SLC7A11 and PD-L1 expression. (D) Immune cell infiltration profiles and relative proportions (E) in groups of different SLC7A11 expressions. (F) KEGG bubble charts of up- and down-regulated DEGs. (G) GO bubble charts of up- and down-regulated DEGs. *p < 0.05, **p < 0.01, and ***p < 0.001.
Prognostic value of SLC7A11 across 33 cancers and association with diverse ICs
Given the potential significance of the key ferroptosis regulator SLC7A11 in LIHC progression and treatment, we performed a pan-cancer analysis of SLC7A11 based on TCGA and GTEx databases to examine the similarities and differences in prognoses and IC responsiveness across 33 tumor types. Differential analysis of paired 26,772 tumor and normal tissue samples showed that SLC7A11 was upregulated in 17 cancers (BRCA, CESC, CHOL, READ, LUAD, LUSC, PRAD, HNSC, KICH, KIRC, KIRP, LIHC, PAAD, SARC, STAD, COAD and UCEC) but only downregulated in GBM (p < 0.05, Figure 7A). Cox regression analysis of 33 cancers showed that SLC7A11 expression was significantly associated with worse OS in seven cancers, including KIRP, LIHC, LUAD, MESO, OV, UCEC, and UVM (p < 0.05, Figure 7B). Besides, our research manifested the correlation of SLC7A11 with 8 IC genes, namely CD274 (also known as PD-L1), HAVCR2, LAG3, SIGLEC15, PDCD1LG2, CTLA4, PDCD1, and TIGIT in 33 cancer types. And SLC7A11 responded well to ICs in most cancers, particularly the robust performance with PD-L1 in LIHC (p < 0.01, Figure 7C). In conclusion, the potential correlation between SLC7A11 expression patterns and IC gene responses may help understand the therapeutic mechanisms of SLC7A11 in LIHC and other cancer types.
[image: Figure 7]FIGURE 7 | Association of SLC7A11 expression with prognoses and PD-L1 responses in multiple cancers. (A) Expression of SLC7A11 in normal and tumor tissues in 33 cancers. (B) The effect of high SLC7A11 expression on prognoses of various cancers. (C) Association of SLC7A11 with ICs in 33 cancer types. *p < 0.05, **p < 0.01, and ***p < 0.001.
DISCUSSION
Ferroptosis, a novel iron-dependent programmed cell death bearing different fingerprints from another kind of programmed cell death, was initially described by Dixon in 2012 (Dixon et al., 2012). It has since been proven to offer intriguing promise in cancer therapies (Hassannia et al., 2019). Ongoing evidence has established that iron overload could exert toxic damage to the liver (Pantopoulos, 2018), and LIHC is vulnerable to ferroptosis, which has become a hotspot of clinical treatment and prognosis research (Capelletti et al., 2020). However, the underlying mechanism of ferroptosis regulators in the TME of LIHC is yet unknown. Therefore, we divided LIHC into three subtypes based on ferroptosis-related DEGs, and explored each subtype’s survival and prognosis traits as well as its interaction with the immune microenvironment. High expression of the key ferroptosis regulator SLC7A11 was found to be a major independent prognostic predictor of LIHC with characteristic heterogeneity of immune cell infiltration and PD-L1 expression. And on top of that, we unveiled the correlation of SLC7A11 predicting poor prognoses in various cancer types and association with multiple IC genes in the pan-cancer analysis.
The burgeoning development of molecular biology techniques and systematic biology provides technical support for the transformation from conventional histological classification to a more precise molecular profile, which is the foundation of individualized precise therapy (Malone et al., 2020). Given the complex heterogeneity of LIHC, patients may differ in disease progression, clinical efficacy, chemotherapeutic sensitivity and prognoses. Therefore, subtyping is imperative for the better identification of molecular-based strategies. Here, we performed cluster analysis on LIHC expression profiles and teased out three subtypes, which coincide with previous findings (Semaan et al., 2017), with cluster 3 having the highest PD-L1 expression and clearly poorer clinical stage and lethality than cluster 1/2. Many cancers have the ability of immune evasion, mainly by overexpressing PD-L1 on the tumor surface to dampen T cell attacks (Xu et al., 2018). Therefore, damaged and inactivated T cells might be detected in the LIHC patients, contributing to this cancer’s aggressiveness (Jia et al., 2015). This also meant the higher PD-L1 expression could be a possible biomarker to predict the sensitivity to anti-PD1/PD-L1 immunotherapy of patients in cluster 3.
TME-resident cytokines serve as the “battlefield” of immunotherapy and greatly impact tumor occurrence and metastasis, particularly when checkpoint-blocking therapies are used (Chen et al., 2019). Tfh and Tregs are both subsets of CD4+ helper T cells, and the expression of PD-L1 in LIHC causes Tfh depletion, which results in the inability to assist B cells to proliferate and produce antibodies in humoral immunity (Zhou et al., 2016). It has been well-established that up-regulated ICs increased the recruitment of numerous immunosuppressive cells in the TME, including Tregs and tumor-associated macrophages (TAMs), and form a synergistic network to trigger tumor cells evading immune surveillance by limiting the activity of effector T cells (Serrels et al., 2015; Saleh and Elkord, 2019). Aside from that, Tregs within TME can express ICs, which in turn building a positive feedback loop that promotes tumorigenesis and contributes to Treg-mediated acquired resistance against presently authorized ICIs (Saleh and Elkord, 2019). Mast cells density is essential in liver fibrosis and tumor immunology of LIHC (Terada and Matsunaga, 2000), and it works synergistically with Tregs (Ju et al., 2009) in terms of patient survival and prognosis of patients. Moreover, activated neutrophils form extracellular traps that trigger tumorous inflammation and hasten LIHC metastasis (van der Windt et al., 2018). Reversely, Cluster 1/2 are rich in B cell naive, NK cell resting, monocyte, macrophage M1, mast cell activated, showing relatively lower malignant biological behavior. As mentioned above, combining immunotherapeutic approaches with targeted TME might provide insights into optimal personalized medicine of LIHC.
The impressing role of ferroptosis in LIHC has been implicated. Sorafenib, an analogue of ferroptosis inducer erastin, blocks the cystine/glutamate antiporter system (system xc−), which primarily consists of SLC7A11 (also referred to as xCT) and SLC3A22 subunits, with the exchange of intracellular glutamate and extracellular cysteine, thereby impeding the expression of glutathione and inducing ferroptosis via ROS accumulation (Nie et al., 2018; Xia et al., 2019). According to recent research, SLC7A11 overexpression promotes tumor development by impeding ferroptosis (Dixon et al., 2012; Koppula et al., 2021). Our study also found that the highly expressed SLC7A11 in LIHC patients had adverse prognoses, indicating that these patients were more likely to respond to sorafenib. Additionally, the aforementioned immune cells (Tfh, MCs, TAMs, and neutrophils) associated with poor prognosis were also seen in the high SLC7A11 group. The crosstalk between SLC7A11 and other 32 malignancies with pan-cancer analysis revealed that SLC7A11 showed positive correlations with multiple ICs in most cancer types, but it also predicted a high risk of adverse outcomes in several cancers. Hence, SLC7A11 is expected to be a valuable prognostic signature informing future research into targeting SLC7A11 in cancer immunotherapy except in the LIHC scenario (Cheng et al., 2022).
CONCLUSION
LIHC is often diagnosed at an advanced stage with high recurrence rates and limited surgery eligibility, and no optimal treatment is available. In our study, we used the expression differences of FRGs in LIHC to distinguish three different subtypes and their clinical features and prognoses for better risk stratification. Subsequently, we found a robust association between FRGs and immune checkpoint PD-L1 and assessed the heterogeneity of TME among clusters. Among these selected FRGs, SLC7A11 was a unique prognostic biomarker whose high expression level suppressed ferroptosis and predicted unfavorable prognosis but potentially better anti-PD-L1 antibody responsiveness. Similar biological properties of SLC7A11 across cancers have also been detected. Ferroptosis-based immunotherapy has been well opening the door to prosper new avenues for LIHC curative. Nonetheless, further research is required to corroborate the kind of inferences that can be derived from this study.
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Mitophagy is suggested to be involved in tumor initiation and development; however, mitophagy heterogeneity in hepatocellular carcinoma (HCC) and its association with immune status and prognosis remain unclear. Differentially expressed genes (DEGs) were identified using expression profiles acquired from The Cancer Genome Atlas (TCGA). Mitophagy-related subtypes were identified using the ConsensusClusterPlus software. The differences in prognosis, clinical characteristics, and immune status, including immune cell infiltration, immune function, immune-checkpoint gene expression, and response to immunotherapy, were compared between subtypes. A mitophagy-related gene signature was constructed by applying least absolute shrinkage and selection operator regression to the TCGA cohort. The International Cancer Genome Consortium cohort and the cohort from Peking Union Medical College Hospital were utilized for validation. Carbonyl cyanide m-chlorophenylhydrazone was used to induce mitophagy in HCC cell lines to obtain our own mitophagy signature. Real-time polymerase chain reaction was used for the experimental validation of the expression of model genes. Two mitophagy-related subtypes with distinct prognoses, clinical characteristics, immune states, and biological function patterns were identified based on the mitophagy-related DEGs. The subtype that showed higher mitophagy-related DEG expression had worse survival outcomes, suppressed immune function, higher immune-checkpoint gene expression, and a better response to immunotherapy, indicating that this subpopulation in HCC may benefit from immune-checkpoint blockade therapy and other immunotherapies. A risk model consisting of nine mitophagy-related genes was constructed and its performance was confirmed in two validation cohorts. The risk score was an independent risk factor even when age, sex, and tumor stage were considered. Our study identified two distinct mitophagy subtypes and built a mitophagy signature, uncovering mitophagy heterogeneity in HCC and its association with immune status and prognosis. These findings shed light on the treatment of HCC, especially with immunotherapy.
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Introduction

Hepatocellular carcinoma (HCC) accounts for the majority of primary liver cancer cases, which is ranked the fifth in cancer-related death (1, 2). Despite much progress in the diagnosis and treatment of HCC, the prognosis of patients with HCC remains poor, with a median survival time of 9 months (3). For patients with HCC at early stage, curative treatments such as radiofrequency ablation and liver section can achieve a 40%-70% 5-year survival rate; and palliative treatments such as transarterial chemoembolization has been shown to improve median OS of intermediate stage HCC to approximately 20 months (4). For HCC at advanced stage or terminal stage, survival outcomes are still unsatisfactory even with the help of molecular therapy. Immunotherapies, such as immune-checkpoint blockade (ICB), have shown strong antitumor activity and lead to a substantial prolonged survival for advanced HCC, whereas only a subset of patients can benefit from these therapies (5). Therefore, there is an urgent need to explore the underlying molecular mechanisms of HCC and provide new targets and strategies for treatment.

Major breakthroughs in a mechanism called mitophagy have recently gained considerable attention (6). Mitophagy, also known as mitochondrial autophagy, eliminates denatured or damaged mitochondria, preventing the accumulation of mitochondrial DNA mutations and maintaining mitochondrial quality (7). Hence, mitophagy plays a vital role in regulating energy metabolism and removing excessive cytotoxic reactive oxygen species (8). Mitophagy plays a dual role in the development of cancer by suppressing tumors at an early stage and promoting tumors at an advanced stage (9). The ubiquitin-dependent PINK1/Parkin pathway is the most common mitophagy cascade, and some core genes within this pathway, such as PINK1 and PARK2, can predict prognosis in patients with papillary renal cell cancer (10, 11). However, the role of mitophagy-related genes (MRGs) in HCC is not fully understood. Several studies have reported heterogeneity in autophagy in other types of cancer (12, 13). As a specific form of autophagy, the heterogeneity of mitophagy likely influences the development and prognosis of HCC. Research focused on mitophagy may help to concretize problems. Therefore, we aimed to investigate the role of MRGs and mitophagy-related subtypes in HCC, focusing on the association with immune status and response to immunotherapy, as there has been massive interest in immunotherapy for HCC (14).

A flowchart of the study design is shown in Figure 1. In this study, we first screened differentially expressed MRGs (DEMs) between tumor and normal tissues of patients with HCC. Based on the expression profile of the DEMs, we classified the patients into two subtypes and explored their prognoses, clinical characteristics, immune states, and drug sensitivities. Subsequently, based on the MRG signature, a prognostic model was constructed and validated in two cohorts. Moreover, we explored the differences in biological functions between these subtypes and risk groups. Cell experiment and qPCR were performed to validate our results. Our findings are helpful in accurately characterizing HCC and providing personalized treatment for patients.




Figure 1 | Study flowchart. DEMs, Differentially expressed mitophagy-related genes; ICB, immune-checkepoint blockade.





Materials and methods


Data acquisition

We obtained two gene sets from public databases by searching the keyword “mitophagy”: one is Mitophagy-animal pathway (Entry: hsa04137), which contains 72 genes from the Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway database (https://www.kegg.jp/kegg/pathway.html), the other one is REACTOME-MITOPHAGY gene sets (source: R-HSA-5205647), which contains 29 genes from the C2:CP : REACTOME in Molecular Signatures Database with Gene Set Enrichment Analysis (GSEA) (http://www.gsea-msigdb.org). Since 20 genes overlapped in two gene sets, we eventually acquired a total of 81 MRGs for subsequent analyses. The RNA-seq and clinical information of HCC samples were downloaded from the Cancer Genome Atlas (TCGA) database (https://portal.gdc.cancer.gov/), which included 50 normal samples and 374 cancer samples. We also acquired two HCC cohort datasets for validation: one was downloaded from the International Cancer Genome Consortium (ICGC) database (https://dcc.icgc.org/), which included 243 cancer samples; the other was collected from Peking Union Medical College Hospital (PUMCH) and included 20 patients with HCC (Supplementary Table 1). The cohort from our center was approved by the Ethics Committee of PUMCH and CAMS (Chinese Academy of Medical Sciences) & PUMC (Peking Union Medical College), and written informed consent was obtained from all patients.



Identification and analysis of DEMs

DEMs between tumor tissues and normal tissues in TCGA were screened using the “limma” R package (15) based on the following criteria: |log2fold change| > 0.5 and false discovery rate < 0.05. The protein-protein interaction network of DEMs was obtained from the Search Tool for the Retrieval of Interacting Genes/Proteins (STRING) database (https://string-db.org), and the interaction between core genes was visualized using Cytoscape software (version 3.8.2) (16).



Consensus cluster analysis

We used the ConsensusClusterPlus software (17) of R to perform unsupervised consensus clustering of TCGA dataset based on the expression of DEMs. The optimal cluster number k was determined by evaluating the delta area, consensus cumulative distribution function, and consensus matrix. Principal component analysis was used to verify the results of the cluster analysis. The correlation between clusters and clinical variables was tested using Chi-square test.



Immune status analysis

To explore the impact of mitophagy on patient immune status, two mitophagy-related subtypes were compared in terms of differences in infiltrating immune cells, immune function, immune-checkpoint gene expression levels, and response to immunotherapy. We quantified the relative abundance of immune cell types and the activity of immune function in each sample using single sample GSEA algorithms through the R package “GSVA” (18). The expression levels of immune-checkpoint genes can reflect the response to ICB treatment; thus, the following well-known immune-checkpoint genes were chosen for expression level evaluation in each subtype: CTLA4, CXCL9, CD8A, TBX2, PDCD1, LAG3, HAVCR2, IFNG, TNF, and CD274. Moreover, Tumor Immune Dysfunction and Exclusion (TIDE) scores (19) of each HCC sample were calculated online (http://tide.dfci.harvard.edu/) and compared between subtypes to verify the differences in response to immunotherapy.



Drug sensitivity analysis

To discover potential drugs for patients with different mitophagy-related subtypes of HCC, we evaluated their responses to various antitumor drugs using the “pRRophetic” R package (20), which is based on the Genomics of Drug Sensitivity in Cancer database.



Construction and validation of risk model

First, we performed univariate Cox regression analysis on MRGs to screen for survival-related prognostic genes in the TCGA cohort. We then obtained genes for model construction by intersecting prognostic genes with DEMs, followed by least absolute shrinkage and selection operator (LASSO) regression using the “glmnet” R package (21) to form the final gene signature for the risk model. The risk score was formulated as follows:

	

where β represents the coefficient value of each gene. Patients in the training and validation cohorts were divided into high- and low-risk groups based on the median risk scores. The receiver operating characteristic (ROC) curves in each cohort were plotted using the R package “timeROC” (22), and the time-dependent area under the curve values were measured to evaluate the performance of the model. Univariate and multivariate Cox regression analyses were used to evaluate whether the risk score was an independent predictor.



Functional analysis

KEGG and Gene Ontology (GO) enrichment analyses were utilized for functional annotation of DEMs and differentially expressed genes (DEGs) between subtypes using the “ClusterProfiler” R package (23). Significant GO terms and pathways were selected with a p-value cutoff of < 0.01. The biological functions enriched in the high- and low-risk groups of the TCGA cohort were derived by GSEA of KEGG pathways.



Acquisition of mitophagy signature by inducing mitophagy in HCC cell lines

Human HCC cell line Huh 7 was purchased from Procell Life Science & Technology Co. Ltd. (Wuhan, China). MHCC97H was from the Liver Cancer Institute (Zhongshan Hospital, Fudan University, China). SNU398 was from ATCC (Manassas, VA, USA). Huh7 and MHCC97H were cultured in Dulbecco’s modified Eagle medium, supplemented with 10% fetal bovine serum and 1% antibiotics in 5% CO2 at 37°C. SNU398 was routinely cultured in RPMI-1640 medium supplemented with 10% fetal bovine serum and 1% antibiotics in 5% CO2 at 37°C. Then three HCC cell lines were treated with 10μM carbonyl cyanide m-chlorophenylhydrazone (CCCP, selleck,China), which was used to induce mitophagy, for 24 hours (24, 25). RNA sequencing for Huh 7, MHCC97H, SNU398 cells treated with or without CCCP by Beijing Auwigene Tech, Ltd (Beijing, China) using the Illumina second-generation high-throughput PE150 sequencing platform (Illumina, Inc., CA, United States). Between cell lines treated with and without CCCP, top 100 differentially expressed genes ranked by |log2fold change| were considered as mitophagy signature for validation.



Real-time polymerase chain reaction

Total RNA was extracted from liver tumors and peritumoral tissues using TRIzol (Invitrogen, Thermo Fisher, Waltham, MA, USA), following the manufacturer’s instructions. RNA (1 µg) was reverse transcribed using the Hifair® II 1st Strand cDNA Synthesis SuperMix for qPCR (gDNA digester plus) (Yeasen Biotechnology, Shanghai, China) in a 20 μl reaction. After 20-fold dilution, 4 μl of cDNA was used as a template in a 20 μl real-time polymerase chain reaction (PCR). For real-time PCR, amplification was performed for 40 cycles using BlasTaq™ 2X qPCR MasterMix (Applied Biological Materials Inc., Richmond, BC, Canada). Primers were designed on exon junctions to prevent co-amplification of genomic cDNA; the sequences are presented in the Supplementary Table 2.



Statistical analyses

All statistical analyses were performed using R (version 4.0), and relevant packages were applied for processing and visualization. The Wilcoxon test was used to compare differences in continuous variables. The overall survival was evaluated using the Kaplan–Meier analysis, and the survival curve was plotted using the R package “survminer” (http://cran.r-project.org/). The log-rank test was used to examine the differences between subtypes or groups. If not specifically stated, bilateral p < 0.05 was considered statistically significant.




Results


Profile and functional annotation of DEMs between tumor and normal samples

We collected 81 MRGs from the database gene sets, and 51 DEMs were identified between tumor and normal samples from the TCGA cohort. In order to verify DEMs acquired from one public database, we performed RNA sequencing on 8 pairs of HCC samples and peritumoral tissues, and the expression matrix can be found in Supplementary Table 1. Of 42 DEMs identified in our own samples, 35 DEMs overlapped with 51 DEMs from TCGA cohort, and 39 of 40 DEMs identified in ICGC cohort overlapped with those in TCGA cohort, indicating the reliability of DEMs identified in TCGA cohort. A heatmap of the 51 DEMs is shown in Figure 2A. Fifty of the DEMs were upregulated in tumors, primarily including genes involved in the PINK1/Parkin pathway (PINK1, PARK2, ATG family, and TOMM family) and receptor-mediated mitophagy (FUNDC1, PGAM5, and ULK1). In addition, oncogenes such as TP53, KRAS, and HRAS were also upregulated, as these genes may be related to hypoxic stress. Only one gene, JUN, was downregulated. We then performed protein-protein interaction analysis to determine the interactions between DEMs and the core network, as shown in Figure 2B; the TOMM family, MFN1, VDAC1, PARK2, and RPS27A were hub genes, and oncogenes such as HRAS, KRAS, and TP53 participated in the core network of mitophagy. The KEGG analysis in Figure 2C showed that, besides mitophagy and autophagy, these DEMs were also enriched in the PD-1/PD-L1 checkpoint pathway, which is related to the response to ICB treatment of HCC. Pathways involving hepatitis B and apoptosis were also enriched, and they were shown to be involved in tumorigenesis and the development of HCC (26, 27).




Figure 2 | Expression level, interactions and functional enrichment analysis of DEMs between tumor samples and normal samples. (A) Profile of DEMs based on sample type. Color represents expression level (blue to red). (B) Hub protein-protein interaction network among DEMs. Color represents confidence (blue to red). (C) KEGG analysis of DEMs. DEMs: Differentially expressed mitophagy-related genes, KEGG: Kyoto Encyclopedia of Gene and Genome.





Subpopulation of HCC on account of expression pattern of DEMs

Consensus clustering was applied to identify HCC subtypes based on the expression levels of the DEMs acquired from the previous step. We determined the k value as 2, at which point the relative change in area under the cumulative distribution function reached an approximate maximum and the consensus matrix showed a clear boundary simultaneously (Figures 3A–C). Therefore, two clearly distributed subtypes were classified; these were denoted as cluster 1 (containing 211 samples) and cluster 2 (containing 163 samples). To further verify the clustering result, principal component analysis was performed, and the principal component distribution was in accordance with the consensus matrix, ensuring the stability of consensus clustering (Figure 3D). The DEM expression and clinical features of each sample grouped by cluster are shown in a heat map (Figure 3E). Cluster 2 generally had higher DEM expression than cluster 1. Tumor stage and grade were found to be correlated with subtype. Cluster 2 had a higher proportion of tumors with advanced stage and high grade. Moreover, the Kaplan–Meier survival analysis showed that the two subtypes had significant differences in OS (Figure 3F). Cluster 2 tended to have worse outcomes than cluster 1 (p = 2.618e-04), with 5-year survival rates of 37.6% and 56.0%, respectively. The difference in prognosis between the two clusters was in accordance with their differences in tumor stage and grade. These findings confirm the existence of mitophagy heterogeneity in HCC and its impact on the development and prognosis of HCC.




Figure 3 | Identification of two mitophagy-related HCC subtypes with different prognosis. (A–C) Consensus matrix of HCC samples co-occurrence proportion for k = 2 (A), relative change in area under the CDF curve for k from 2 to 7 (B), consensus clustering CDF for k from 2 to 7 (C). (D) Principal component analysis of HCC samples grouped by subtype. (E) A heatmap showing the association of mitophagy-related subtypes with clinical characteristics and expression of DEMs. (F) The Kaplan–Meier plot showing the overall survival differences between the two subtypes. The asterisks represent the p value (*p < 0.05; **p < 0.01; ***p < 0.001). DEMs, Differentially expressed mitophagy-related genes. CDF, Cumulative distribution function.





Characterization of immune status and drug sensitivity affected by mitophagy heterogeneity in HCC

To compare the immune characteristics of the two mitophagy-related subtypes, we first estimated immunocyte infiltration and immune function using single sample GSEA algorithms. As shown in Figure 4A, compared with cluster 1, cluster 2 showed higher infiltration of activated dendritic cells (aDCs), immature dendritic cells (iDCs), macrophages, follicular helper T cell (Tfh), T helper 2 cell (Th2) and regulatory T cells (Treg). Regarding immune function in Figure 4B, cytolytic activity and type II interferon response were increased in cluster 1, while cluster 2 had strong antigen-presenting cell (APC) co-stimulation and major histocompatibility complex (MHC) class I reactions.




Figure 4 | The comparison of immune status between mitophagy-related subtypes. Box plots showing the differences of infiltrating immunocyte abundance (A), immune reaction activity (B), expression of immune-checkpoint genes (C) and violin plots showing Tumor Immune dysfunction and Exclusion (TIDE) score (D). The asterisks represent the p value (*p < 0.05; **p < 0.01; ***p < 0.001). ns, not significant.



To explore the effect of mitophagy on the response to ICB treatment, we compared the expression levels of immune-checkpoint genes in each subtype. As shown in Figure 4C, all immune-checkpoint genes were consistently overexpressed in cluster 2, indicating that cluster 2 tended to be more sensitive to ICB treatment. Furthermore, we calculated the TIDE score of every sample and the scores were significantly lower in cluster 2 than in cluster 1, further verifying that patients in cluster 2 may be more likely to benefit from immunotherapy (Figure 4D). In contrast, with higher TIDE scores, cluster 1 was more likely to achieve tumor immune escape and exhibit a lower response rate to ICB treatment.

We also evaluated the drug sensitivity of each subtype to identify potential chemotherapeutic drugs. Lower IC50 values indicate higher sensitivity. As shown in Figure 5, compared with cluster 2, cluster 1 was more sensitive to AKT inhibitor III, epidermal growth factor receptor inhibitors such as erlotinib, gefitinib, and lapatinib, and vascular endothelial growth factor receptor inhibitors such as axitinib and sunitinib. Conversely, cluster 2 had a higher response rate to AZD8055 (mTOR inhibitor), bleomycin, cisplatin, etoposide, sorafenib, and methotrexate.




Figure 5 | The difference of chemo drugs sensitivity between subtypes, including metformin (A), sorafenib (B), sunitinib (C), methotrexate (D), AKT.inhibitor.VIII (E), bleomycin (F), axitinib (G), AZD8055 (H), etoposide (I), lapatinib (J), cisplatin (K), erlotinib (L).





Functional annotation of DEGs between subtypes

To reveal the differences in biological functions between the two subtypes, we conducted GO and KEGG enrichment analysis on the DEGs between the two subtypes with a cutoff of |log2fold change|> 1 and false discovery rate < 0.05. A total of 260 DEGs met the criteria, and the results showed that complement and coagulation cascades, the peroxisome proliferators-activated receptors signaling pathway, bile secretion, chemical carcinogenesis, and drug and compound metabolism were significantly enriched in the KEGG pathway analysis (Figure 6A). The results of GO enrichment analysis are shown in Figure 6B.




Figure 6 | Functional enrichment analysis of DEGs between two mitophagy-related subtypes. Bar plots showing the biological function of DEGs using KEGG (A) and GO (B) enrichment. DEGs, Differentially expressed genes; KEGG, Kyoto encyclopedia of genes and genomes; GO, Gene ontology.





Constructing prognosis model of MRGs

Defining the TCGA dataset as a training cohort, we performed univariate Cox regression analysis on 81 MRGs, 35 of which were significantly associated with the OS of patients with HCC (p < 0.05). After intersection with 51 DEMs, we obtained 24 genes for model construction (Figure 7A). All 24 genes were risk genes with a hazard ratio of > 1 (Figure 7B). The LASSO regression model was then utilized, and nine genes were screened to build the prognostic risk model (Figures 7C, D). The risk score was calculated using the corresponding coefficients and gene expression. Finally, the risk score model was formulated as follows:

	




Figure 7 | Construction of a LASSO regression model and correlation between subtypes and risk groups. (A) Venn diagram showing intersection between DEMs and prognostic genes. (B) Forest plots showing the results of univariate Cox regression analysis of overlapped genes. (C, D) LASSO regression analysis of the overlapped genes. (E) The Sankey diagram showing the distribution of patients in mitophagy-related subtypes, risk groups and survival outcomes. LASSO, Least absolute shrinkage and selection operator.



Additionally, we created a Sankey diagram to show the connection among mitophagy subtypes, risk scores, and survival (Figure 7E).



Validation of model efficiency

To verify the performance of the risk model, we performed Kaplan–Meier survival analysis in the training and validation cohorts. The survival curves showed that improved survival rates of low-risk patients continued for nearly 7 years in the TCGA training cohort (p = 9.707e-04), and this advantage existed in the ICGC validation cohort (p = 1.749e-04) (Figures 8A, B). In addition, we used an HCC cohort (n=20) registered in our center to validate the risk model, and the difference in OS was still significant (p = 3.924e-02) (Figure 8C). Regarding model accuracy, the 1-year, 3-year, and 5-year AUC of the model for OS was 0.781, 0.690, and 0.650, respectively, in the TCGA training cohort (Figure 8D), and 0.709, 0.749, and 0.716, respectively, in the ICGC validation cohort (Figure 8E). The AUC of the model in PUMCH cohort was still satisfactory (Figure 8F). We ranked the risk scores of patients with HCC in all cohorts from low to high, and the survival status and time of each patient were plotted according to the risk score (Figures 8G–L). The plot revealed that high-risk patients generally had poorer survival rates than low-risk patients.




Figure 8 | The risk model performance in training cohort and two validation cohorts. (A–C) Kaplan-Meier curves for the OS of patients in the high- and low-risk group in the TCGA cohort (A), ICGC cohort (B) and PUMCH cohort (C). (D–F) AUC of time-dependent ROC curves in the TCGA cohort (D), ICGC cohort (E) and PUMCH cohort (F). (G–I) The distribution and median value of the risk scores in the TCGA cohort (G), ICGC cohort (H) and PUMCH cohort (I). (J–L) The distributions of risk scores, survival states and survival outcomes in the TCGA cohort (J), ICGC cohort (K) and PUMCH cohort (L). (M, N) Forest plots showing the univariate (M) and multivariate (N) Cox regression analyses regarding OS in the TCGA cohort. OS, Overall survival, AUC, area under the curve, ROC, receiver operating characteristic, TCGA, The Cancer Genome Atlas, ICGC, International Cancer Genome Consortium, PUMCH, Peking Union Medical College Hospital.



To determine whether the risk score is an independent risk factor for the prognosis of patients with HCC, we performed univariate Cox regression on the risk score and clinical variables (Figure 8M). The results showed that only the stage and risk scores were significantly associated with OS (p < 0.001). Next, these variables were included in the multivariate Cox regression analysis. After correction for other confounding factors, including age, sex, stage, and grade, the risk score was still significantly associated with OS, implying that the risk score was an independent risk factor (p < 0.001) (Figure 8N).



Functional enrichment analysis based on the risk score

We performed GSEA on the TCGA cohort, and the most significantly enriched KEGG pathways are shown in Figure 9. The cell cycle, mTOR signaling pathway, NOTCH signaling pathway, endocytosis, and pathways in cancer were enriched in the high-risk group. Primary bile acid biosynthesis, drug metabolism, cytochrome P450, fatty acid metabolism, glycine serine and threonine metabolism, and linoleic acid metabolism pathways were enriched in the low-risk group.




Figure 9 | Gene-set enrichment analysis identifying KEGG pathways enriched in the high- and low-risk group. KEGG, Kyoto Encyclopedia of Gene and Genome.





Validation of mitophagy heterogeneity through cell experiment

In order to validate mitophagy-related subtypes obtained using public mitophagy gene sets, we acquired mitophagy signature through inducing mitophagy in HCC cell lines for same analyses in TCGA HCC dataset. The expression matrix of HCC cell lines before and after mitophagy induction was demonstrated in Supplementary Table 1 and the expression levels of mitophagy signature genes were applied for clustering of TCGA HCC dataset. As shown in Figure 10A, tumor grade and stage were still correlated with clusters. And cluster 2 had significantly worse survival outcome than cluster 1 (p = 0.006) (Figure 10B). Similar to results in Figure 4A, cluster 2 had higher infiltration of aDCs, iDCs, macrophages, Tfh, Th2, and Treg than cluster 1 (Figure 10C). In terms of immune function, type II interferon response was still suppressed in cluster 2, while check-point, APC co-stimulation, APC co-inhibition, HLA, MHC class I, and proinflammation exhibited higher levels in cluster 2 (Figure 10D), which confirmed the association between mitophagy and immune status in HCC. In addition, regarding response to ICB treatment, all immune-checkpoint genes except CXCL9 were significantly overexpressed in cluster 2 (Figure 10E), and TIDE scores remained lower in cluster 2 than in cluster 1 (Figure 10F), indicating that patients in cluster 2 tended to benefit from ICB treatment. These findings following cell experiment further validated our results from using public MRGs.




Figure 10 | The validation of mitophagy-related HCC subtypes using mitophagy signature obtained from cell experiment. (A) A heatmap showing association between subtypes and clinical characteristics. (B) The Kaplan–Meier plot showing distinct prognosis between two subtypes. (C–E) Box plots showing the differences of infiltrating immunocyte abundance (C), immune reaction activity (D), and expression of immune-checkpoint genes (E) between two subtypes. (F) Violin plots comparing the Tumor Immune dysfunction and Exclusion (TIDE) score of each subtype. The asterisks represent the p value (*p < 0.05; **p < 0.01; ***p < 0.001). ns, not significant.





Validation of expression of model genes in tissue

To verify the reliability of the results acquired from the public database, we further validated the expression levels of the nine genes consisting of the mitophagy signature in five pairs of HCC tissues and peritumoral tissues. As shown in Figure 11, the tumor expressed significantly higher mRNA levels of all genes (ATG9A, ATG12, HRAS, MFN1, NRAS, PGAM5, SQSTM1, TOMM22, and TOMM5) than peritumoral tissue, which was consistent with the public database analysis.




Figure 11 | The experimental validation of nine genes consisting the risk model using Real-Time PCR, including TOMM5 (A), SQSTM1 (B), TOMM2 (C), PGAM5 (D), NRAS (E), MFN1 (F), ATG9A (G), ATG12 (H), HRAS (I). The asterisks represent the p value (*: p < 0.05; **: p < 0.01; ***: p < 0.001). PCR, polymerase chain reaction.






Discussion

Emerging immunotherapy, especially ICB treatment, has become an effective and promising option to treat HCC (28). However, only a portion of patients respond to immunotherapy; thus, it is important to determine which groups of patients can benefit from immunotherapy, facilitating the progress of personalized treatment. Recently, mitophagy has attracted the attention of researchers as a potential therapeutic target for cancer. Hence, this study aimed to investigate mitophagy heterogeneity in HCC and its association with immune status, identify two mitophagy subtypes with distinct clinical and immune characteristics, and offer more detailed insights into immunotherapy or combination therapy for HCC.

HCC has been confirmed to exhibit high molecular heterogeneity (29). We identified two mitophagy subtypes in TCGA HCC samples based on the expression levels of DEMs, showing that these two subtypes with different mitophagy patterns were characterized by significantly different tumor stages and prognoses. This verified that mitophagy heterogeneity is associated with HCC development and has prognostic value in HCC, although the underlying mechanisms are still not well understood. Mitophagy appears to be tumor-promoting or tumor-suppressive, depending on the tumor type and intrinsic stage (30). For instance, PARK2, which encodes a core mitophagy protein, Parkin, was found to be inactivated in colon and lung cancer (31). Parkin-null mice are susceptible to spontaneous HCC (32). In contrast, upregulation of the mitochondrial inner membrane protein STOML2 can amplify PINK1/Parkin-mediated mitophagy and facilitate the migration and invasion of HCC cells, thus promoting HCC growth and metastasis (33). Previous studies have also found that hyperactivated mitophagy can induce sorafenib resistance in HCC under hypoxic stress (34). Therefore, the dual role of mitophagy may be involved in HCC heterogeneity. In our study, nearly all DEMs were upregulated in HCC samples compared with normal tissues, and cluster 2 had generally higher expression levels of DEMs but worse prognosis than cluster 1. Based on the above evidence, cluster 2 is likely to be characterized by higher mitophagy activity, which results in a more advanced tumor and worse survival outcome. Furthermore, regulation of various mitophagy pathways, such as PINK1/Parkin-mediated mitophagy and BNIP3/BNIP3L/FUNDC1-mediated mitophagy, may also be involved in HCC heterogeneity, which warrants further study.

To determine whether mitophagy heterogeneity has an impact on the tumor immune microenvironment, we evaluated the differences in immune characteristics between the two subtypes. Immune cell infiltration is closely related to clinical outcomes, and immune cells can serve as an immunotherapy target (35). Our single sample GSEA results indicated that cluster 2 had a higher abundance of regulatory T cells and macrophages, which are considered to be HCC promoting (36). Moreover, cluster 2 was characterized by higher expression levels of immune-checkpoint genes. Overexpression of immune-checkpoint genes can suppress the antitumor immune response so that tumor cells can easily evade immune surveillance. These findings explain the poor survival outcomes of cluster 2.

ICB therapy can restore dysfunctional immune system and has achieved remarkable results in cancer treatment. ICB agents against programmed cell death protein 1 (PD-1) and cytotoxic T lymphocyte antigen 4 (CTLA-4) have been approved for HCC by the FDA (37). However, the limited response rate makes it important to screen patients who are sensitive to ICB therapy. Cluster 2 showed higher expression levels of immune check-point genes, indicating a better response to ICB treatment. The TIDE algorithm is believed to perform better than the expression level of immune check-points in predicting the survival outcome of cancer patients treated with ICB agents (19). Corresponding to the prediction based on immune-checkpoint expression, the TIDE results revealed that cluster 2 was more likely to respond to ICB treatment. Therefore, ICB treatment may help reverse the poor prognosis of cluster 2. Taken together, mitophagy heterogeneity in HCC may influence immune status and can predict the response rate to ICB agents, revealing the association between mitophagy and immunity. This result enhanced our understanding of the heterogeneity of HCC, promoting personalized therapy in clinical practice and inspiring immunotherapy development in scientific research and trials. Furthermore, our study explored potential drugs for subpopulations with different mitophagy patterns, providing ideas for synergistic combination of ICB agents and targeted therapies. Systemic therapy in HCC should be explored to improve clinical efficacy (38).

To more precisely predict the prognosis of patients with HCC, we constructed a risk model based on a mitophagy signature. Notably, all nine genes were risk factors for HCC. Of these genes, ATG9A and ATG12 are core regulators of autophagy (39). MFN1, also known as mitofusin-1, was analyzed both in vivo and in vitro and its effects on HCC metastasis were revealed (40). PGAM5 is an atypical mitochondrial serine/threonine phosphatase that dephosphorylates FUNDC1 to activate mitophagy. Previous studies have reported that depleting PGAM5 inhibits tumor development and enhances the 5-fluorouracil sensitivity of HCC cells (41, 42). The TOMM complex (translocase of the outer mitochondrial membrane) imports nearly all mitochondrial proteins from the cytoplasm into the mitochondria, and TOMM22 functions as a central receptor (43). Although no significant increase in the expression of TOMM genes was observed in prostate cancer compared to normal tissues, our results demonstrated that this protein was elevated in HCC and may be a good candidate biomarker; this requires validation (44). Through ROC analysis in different cohorts, we found that our risk model showed better efficacy in predicting prognosis compared to models constructed based on other gene signatures, such as pyroptosis in HCC (45). Remarkably, the performance of the model was consistently stable and even better in the validation cohort of ICGC and our own cohort than in the training cohort, which verifies the robustness of our risk model.

Functional analyses revealed that various metabolic pathways were enriched in the mitophagy subgroups and risk groups. Metabolic reprogramming is a hallmark of tumor growth and progression (46). Mitophagy plays a critical role in the metabolic adaptation of cancer cells so that these cells can survive under stress factors produced in the tumor microenvironment, and these adaptions are closely related to the acquisition of metastatic potential and chemoresistance (47). Therefore, some metabolic regulators or pathways related to mitophagy may serve as new therapeutic targets for cancer. Additionally, metabolic pathway regulation can affect immune cell function and fate, leading to a connection to the immune microenvironment (48). This crosstalk between metabolic reprogramming and the immune microenvironment adds further layers to the search for novel therapeutic strategies, regardless of forthcoming challenges. Combining existing evidence and our results, we hypothesize that a metabolism-mitophagy-immunity network exists in HCC, which needs to be explored and validated in future studies.

Nevertheless, our study has several limitations. First, our study focused on the expression of genes, lacking multi-omics data, such as copy number variations and DNA methylation. Second, the study was conducted retrospectively based on data from a public database rather than using a prospective cohort. Furthermore, HCC cell lines and our own HCC cohort used for validation had limited sample sizes, though the results are still reliable. Finally, the mechanisms underlying mitophagy, metabolism, and immunity in tumors warrant further study.



Conclusion

In summary, we identified two prognostically and clinically relevant mitophagy subtypes in HCC. These two subtypes differed in multiple aspects, including immune characteristics, responses to immunotherapy, and biological functions. We also constructed a mitophagy-related risk model that exhibited stable efficiency and performed better than models based on other signatures. The expression of these model genes was subsequently validated using laboratory results. These findings suggest mitophagy as a potential treatment target and shed new light on the strategy of immunotherapy in HCC.
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Hepatocellular carcinoma (HCC) is one of the most common malignant tumors. This tumor presents with an insidious onset, rapid progression, and frequent recurrence. Ferroptosis is a newly discovered mode of programmed cell death that may play a key role in the progression of HCC. This study aimed to investigate the prognostic value of ferroptosis-related genes (FRGs) in HCC and their impact on tumor immune function, thereby providing new insights into targeted therapy for HCC. First, 43 differentially expressed FRGs were identified using the TCGA database, and four prognostically relevant methylation-driven FRGs (G6PD, HELLS, RRM2, and STMN1) were screened via survival and methylation analyses. Gene co-expression, mutation, and clinicopathological characterization indicated that these four pivotal FRGs play essential roles in tumor progression. We also validated these four genes using transcriptomic and proteomic data as well as cohort samples from our patients. Moreover, receiver operator characteristic (ROC) curves confirmed that the signatures of the four FRGs were independent prognostic factors in HCC. Gene set enrichment analysis of the four FRGs showed statistically significant associations with pathways related to HCC proliferation. Finally, the TIMER and TISIDB databases indicated that the four FRGs were statistically significantly correlated with tumor-infiltrating immune cells and immune checkpoint expression. Taken together, this study provides information guiding a novel therapeutic strategy targeting FRGs for HCC treatment.
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Introduction

Primary liver cancer is one of the most common malignant tumors, and its incidence is increasing annually. Asia and Africa have the highest incidence of liver cancer worldwide, with a greater than 50% incidence in China (1, 2). Most liver cancers occur following liver fibrosis or cirrhosis. Chronic infection with the hepatitis B or hepatitis C viruses are the main cause of these diseases; cirrhosis may also be caused by other risk factors, including alcohol consumption, alcoholic fatty liver associated with metabolic syndrome, and non-alcoholic fatty liver disease (3, 4).

Hepatocellular carcinoma (HCC) accounts for approximately 70%-90% of primary liver tumors and is the most common primary liver cancer. The first choice for HCC treatment is surgical resection and liver transplantation; however, patients often have to wait for a long time due to the shortage of donor livers and limitations in regard to immune matching (5). Second, sorafenib, which was approved for clinical use in 2007, represents a major advancement in drug therapy for HCC. However, its phase III clinical trial only extended the average survival time of patients from 7.9 months to 10.7 months (6). Therefore, it is particularly important to identify specific early diagnostic markers for HCC and to develop novel therapeutic measures for effective treatment.

The widespread use of next-generation sequencing and other gene microarray technologies has led to the creation of a large number of public tumor databases, and the integration and reanalysis of this data can provide valuable clues regarding the pathogenesis of malignancies. Ferroptosis is an iron-dependent form of programmed cell death induced by lipid peroxide damage (mainly in mitochondria) (7). During tumorigenesis, ferroptosis can regulate tumor development by relying on the release of damage-associated molecular patterns (DAMPs) in the tumor microenvironment and the activation of immune responses triggered by ferroptosis (8). Ferroptosis plays a crucial role in HCC development (9). A recent study reported that Rb may show beneficial effects in reference to sorafenib resistance by targeting iron death (10). In addition, it was also reported that CISD1 negatively regulates ferroptosis in HCC (11). However, the impact of ferroptosis-related genes (FRG) on the prognosis of HCC and immune regulation is not yet clear. In this study, we constructed four FRG prognostic signatures using The Cancer Genome Atlas (TCGA) database and validated the model using the Gene Expression Omnibus (GEO) cohort. Moreover, we validated mRNA expression levels in HCC samples and explored their potential mechanisms in HCC as well as their relationships with immune functions.



Materials and methods


Data acquisition

HCC transcriptome data from The Cancer Genome Atlas (TCGA; http://www.cancergenome.nih.gov/) were downloaded as an analytic dataset. HCC data from the International Cancer Genome Consortium (ICGC) and five original HCC-associated gene expression datasets, including GSE22058, GSE14250, GSE54236, GSE64014, and GSE63898, were downloaded from the NCBI GEO database (https://www.ncbi.nlm.nih.gov/nih.g/gds) as an external validation cohort. Ferroptosis-related genes were downloaded from the FerrDb database (http://www.zhounan.org/ferrdb/index.html), including 123 ferroptosis marker genes, 150 ferroptosis driver genes, and 109 ferroptosis suppressor genes. In total, 259 ferroptosis-related genes were obtained for analysis following the removal of duplicate genes from the three subgroups of the ferroptosis genome.



Differentially expressed FRGs: acquisition and functional analysis

According to the employed filtering criteria (|log2FC|>1.5 and an adjusted P-value of <0.05), differentially expressed genes in liver tumors and adjacent normal tissues were analyzed in the TCGA cohort using the “limma” package in R (The R Project for Statistical Computing, Vienna, Austria) and were intersected with FRGs to obtain differentially expressed genes for ferroptosis. To explore the potential biological functions of FRGs and related pathways, gene ontology (GO) enrichment and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway analysis were performed using the DAVID database (12) (https://david.ncifcrf.gov/).



Prognostic value of ferroptosis-related DEGs

We further identified the ferroptosis-related DEGs related to overall survival (OS) and relapse-free survival (RFS) using univariate Cox regression analysis. The “survival” package in R was used in the process of analysis, and a P-value of <0.05 was adopted as the screening criterion.



UALCAN and human protein atlas database analysis

The University of Alabama at Birmingham cancer data analysis (UALCAN) portal is a comprehensive, user-friendly, and interactive web resource built using Perl-CGI programming that generates high-quality graphics for analyzing cancer omics data (13). This database was used to evaluate the epigenetic regulation of expression for 11 FRGs via promoter methylation; four hub genes were selected from the 11 FRGs for analysis of protein expression levels and various clinical disease characteristics. The Human Protein Atlas (HPA) is a Swedish-based platform initiated in 2003 for the purpose of mapping all human proteins in cells, tissues, and organs through the integration of various omics technologies, including antibody-based imaging, mass spectrometry-based proteomics, transcriptomics, and systems biology. Protein expression data for four FRGs was obtained from the HPA database.



cBioPortal and GeneMANIA analysis

The cBio Cancer Genomics Portal (cBioPortal) is a tool that integrates visualization of somatic mutations as well as data on DNA copy number alterations, mRNA and microRNA expression, DNA methylation, protein abundance, and phosphoprotein abundance (14). The frequency of genetic alterations in the four FRGs in patients with HCC and their associations with survival outcomes were investigated using cBioPortal. The GeneMANIA database (https://www.genemania.org) was used to construct four FRGs and 30 related gene interaction networks (15).



Collection and validation of clinical specimens

Ten tumor and peri-tumor tissues collected from HCC patients at the Tianjin Medical University General Hospital between October 2015 and July 2017 were selected from evaluation in the present study. TRIzol reagent (Invitrogen, Waltham, MA, USA) was used to extract total RNA from the tissue; this was then reverse-transcribed into complementary DNA (cDNA) for quantitative revere transcription polymerase chain reaction (qRT-PCR). β-actin was used as an internal control, and the relative expression level was determined according to the fold change (2-ΔΔCT). The primer sequences are shown in Table S1. This study was approved by the ethics committee of the Tianjin Medical University General Hospital. All patients provided their informed consent before participating in the study.



Construction and validation of a prognostic signature with FRGs

We further evaluated the prognostic value of the candidate FRGs. The HCC dataset from the TCGA database and the GSE14520 dataset from the GEO database were employed to construct a predictive model based on ferroptosis-related prognostic characteristics using the Sangerbox tool. The integrated prognostic receiver operating characteristic (ROC) and survival curve tools for evaluating the relationship between risk scores and gene expression data, developed using the ggplot2 package in R, were used to perform multivariate Cox regression analysis for the four ferroptosis-related gene prognostic risk models. The median risk scores were used to classify patients into high- and low-risk groups.



Immune infiltration analysis

The TIMER database (https://timer.cistrome.org/) is a comprehensive resource for the systematic analysis of six immune infiltrate cells (B cells, CD4+ T cells, CD8+ T cells, neutrophils, macrophages, and dendritic cells) across diverse cancer types (16). This database was used to investigate the correlation between the expression of four selected FRGs and tumor immune infiltration abundance (B cells, CD4+ T cells, CD8+ T cells, neutrophils, macrophages, and dendritic cells), tumor purity, and genetic copy number variation (CNV). In addition, immune, stromal, and ESTIMATE scores were calculated using the ESTIMATE algorithm (17).



Relationship between pivotal FRGs and immune checkpoints in HCC

TISIDB (https://cis.hku/hk/TISIDB/) is a web portal for tumor and immune system interactions that integrates multiple heterogeneous data types (18). The expression correlations between the four FRGs and immune checkpoints in HCC were evaluated using the TISIDB database. R >0.1 and P <0.05 were established as the selection criteria for determining statistical significance.



Gene set enrichment analysis

Gene Set Enrichment Analysis (GSEA) is a method that uses predefined gene sets to rank genes according to their differential expression in two types of samples and then tests whether a predefined set of genes is enriched at the top or bottom of this ranking table (19). The HCC RNA-seq data from the TCGA database were downloaded and subjected to GSEA for four hub FRGs. After performing the permutation test 1,000 times, gene sets generating a P-value of <0.05 were considered statistically significant.



Statistical analysis

Statistical data were analyzed using GraphPad Prism software (version 8.0; San Diego, CA, USA). Differences between the two groups were compared using Student’s t-tests, and the results were expressed as means ± standard deviations. A P-value of <0.05 was considered the threshold for statistical significance.




Results


Identification of ferroptosis-related DEGs and enrichment analysis

A total of 2,873 DEGs were identified in the TCGA- liver hepatocellular carcinoma (LIHC) cohort, 43 of which were differentially expressed FRGs (Figure 1A); 17 genes were downregulated and 26 genes were upregulated (Figure 1C). The heatmap shows the distribution of the 43 FRGs (Figure 1B). GO and KEGG enrichment analyses were performed to elucidate the biological functions and pathways for 43 ferroptosis-related (FR)-DEGs. Regarding biological processes (BP), FR-DEGs were statistically significantly enriched within the following pathways: the oxidation-reduction process, response to oxidative stress, negative regulation of the apoptotic process, and cellular oxidant detoxification (Figure 1D). Cellular component (CC) analysis revealed that DEGs were mainly enriched in the cytosol, cytoplasm, nucleus, and nicotinamide adenine dinucleotide phosphate (NADPH) oxidase complex (Figure 1E). Regarding molecular function (MF), FR-DEGs were most strongly enriched in NADP binding, NAD(P)H oxidase activity, heme binding, and peroxidase activity pathways (Figure 1F). On KEGG pathway analysis, FRGs were notably associated with metabolic signaling pathways, tumor necrosis factor (TNF) signaling, arachidonic acid metabolism, and the p53 signaling pathway (Figure 1G).




Figure 1 | Identification of candidate ferroptosis-related differentially expressed genes (FR-DEGs) and enrichment analysis. (A) Venn plot of the 43 FR-DEGs in the TCGA-LIHC cohort. (B) the heat map showed the expression of 43 FR-DEGs in tumor and peri-tumor tissues. (C) Volcano plot of 43 FR-DEGs in TCGA-LIHC cohort. Blue dots: downregulated genes; Red dots: upregulated genes. (D) Biological processes (BP) terms. (E) Cellular components (CC) terms. (F) Molecular (MF) terms. (G) The Kyoto Encyclopedia of Genes and Genomes(KEGG) pathways.





Selection of hub ferroptosis-related DEGs

Univariate Cox regression analysis revealed that 11 FR-DEGs were statistically significantly associated with both OS and RFS (Figures 2A, B). Next, we ranked the differential expression of these 11 prognosis-related FRGs, as shown in Figure 2C. Moreover, we evaluated Pearson correlations between the 11 FRGs in the TCGA-LIHC cohort, with the results indicating statistically significant correlations between the FRGs (Figure 2D).




Figure 2 | Selection of hub ferroptosis-related differentially expressed genes. (A, B) Forest plot for the univariate Cox regression analysis of OS and RFS with 11 FRGs. P-value <0.05 exhibited statistical significance. (C) The differential expression ranking of 11 hub FGRs. (D) Pearson’s correlation analysis of 11 FRGs in TCGA-LIHC. *P <0.05; **P <0.01; ***P <0.001. (E) The methylation levels of G6PD, HELLS, RRM2, and STMN1 in HCC and peri-tumor tissues were determined using the UALCAN database.



DNA methylation (DNAm) is an essential epigenetic process that can affect pre-transcriptional genetic imprinting, genomic stability, and cell fate. Subsequently, to elucidate the potential mechanism of aberrant regulation of the 11 FRGs in HCC tissues, methylation expression level analysis was performed using UALCAN. The results revealed that the mean methylation levels of G6PD, HELLS, RRM2, and STMN1 were significantly lower in HCC tissues than in peri-tumor tissues (Figure 2E).



Identification of ferroptosis-interacting genes and analysis of genetic alterations in HCC

Next, GeneMania was used to construct the gene-gene interaction network for the four evaluated methylation-driven FRGs and the altered neighboring genes. The results showed that the 30 most frequently altered genes were strongly associated with the four FRGs (Figure 3A). Functional analysis indicated that these genes were notably related to metabolism-related pathways (Figure 3A). The genetic alterations of the four evaluated FRGs in patients with HCC were analyzed using cBioPortal.




Figure 3 | Interaction network and genetic alterations of four hub FRGs in HCC. (A) The gene-gene interaction network of four hub FRGs and 30 neighboring genes was constructed. (B) Alterations of the four FRGs in six datasets: (Liver Hepatocellular carcinoma, TCGA, Firehose Legacy; Liver Hepatocellular carcinoma, RIKEN, Nat Genet 2012; Liver Hepatocellular carcinoma, AMC, Hepatology 2014; Liver Hepatocellular Adenoma and Carcinomas, MSK, PLOS One 2018; Hepatocellular carcinomas, INSERM, Nat Genet 2015; Hepatocellular carcinomas, MSK, Clin Cancer Res 2018). (C) Alteration frequencies of 4 FRGs were based on the six datasets described earlier. (D) Kaplan-Meier plots comparing OS in cases with and without alterations 4 FRGs alterations. (E) Kaplan-Meier plots comparing DFS in cases with and without alterations 4 FRGs alterations.



A total of 1,022 patients were enrolled from within the following six HCC datasets: Liver Hepatocellular Carcinoma (TCGA, Firehose Legacy); Liver Hepatocellular Carcinoma, (RIKEN); Liver Hepatocellular Carcinoma (AMC); Liver Hepatocellular Adenoma and Carcinomas (MSK); Hepatocellular Carcinomas (INSERM); Hepatocellular Carcinomas (MSK). Genetic alterations of the four hub FRGs in the three datasets showed incidence rates of 8.49% (32/377), 0.87% (2/231), and 0.82% (2/243), respectively (Figure 3B). The four FRGs showed various genetic alterations, including in-frame mutations, missense mutations, truncating mutations, splice mutations, amplifications, and deep deletions (Figure 3C). Cases with four hub FRGs alterations were statistically significantly associated with a worse OS (P = 1.112e-3) in patients with HCC (Figure 3D). However, there was no statistical difference between the four hub FRG alterations and DFS (Figure 3E). Moreover, four FRGs were notably differentially expressed in HCC tissues in patients with different tumor grades, stages as well as differing characteristics in terms of age, gender, and race based on analysis conducted within the UALCAN dataset (Figures 4A–D).




Figure 4 | Expression of four hub FRGs in HCC stratified by clinical parameters in the UALCAN database. Boxplot showing the mRNA expression of four hub FRGs in HCC patients by stage, grade, age, sex, and race, respectively. (A) G6PD, (B) HELLS, (C) RRM2, (D) STMN1. *P <0.05; **P <0.01; ***P <0.00001.





Validation of the expression levels of four FRGs

To verify the transcript expression levels of the four evaluated hub FRGs, we downloaded the GSE22058, GSE14520, GSE54236, GSE64014, GSE63898, and ICGC datasets; we found that the transcript levels of the four FRGs showed the same tendencies as in the TCGA database, and similarly reached statistical significance (Figures 5A–F). In addition, the results of the bioinformatics analysis were validated using qRT-PCR conducted within 10 pairs of HCC and peri-tumor tissues. The results showed that G6PD, HELLS, RRM2, and STMN1 were highly upregulated in HCC tissues (Figure 5G), consistent with the bioinformatics findings. To validate the four FRGs at the protein level, protein expression data were obtained from the Clinical Proteomic Tumor Analysis Consortium (CPTAC) and Human Protein Atlas (HPA) databases. The protein expression levels of G6PD, HELLS, RRM2, and STMN1 showed a trend similar to that of the mRNA transcript levels (Figures 6A, B). All the above results indicate that four hub FRGs are overexpressed in HCC, in terms of both transcription and protein expression.




Figure 5 | Validation of the mRNA expression for four hub FRGs. (A) Validation of four hub FRGs in GSE22058. (B) Validation of hub FRGs in GSE14520. (C) Validation of four hub FRGs in GSE54236. (D) Validation of four hub FRGs in GSE64014. (E) Validation of four hub FRGs in GSE63898. (F) Validation of four hub FRGs in ICGC. (G) Scatter plots of G6PD, HELLS, RRM2, and STMN1 were constructed using qRT-PCR data of our own patients’ cohort. (*P <0.05; **P <0.01; ***P <0.001).






Figure 6 | Validation of the Protein expression for four hub FRGs. (A) Protein expressions of four hub FRGs were significantly up-regulated in patients with HCC from the CPTAC database. (*P <0.05; **P <0.01; ***P <0.00001) (B) Representative immunohistochemistry staining of four hub FRGs. Protein expression levels of G6PD, HELLS, RRM2, and STMN1 in HCC tissue were obtained from the Human Protein Atlas.





Construction and validation of four prognostic signatures

To explore the classification performance of the four FRG prognostic signatures, we used the TCGA cohort as a training dataset to construct a prognostic model. The Sangerbox tool was used to calculate the risk score for each sample and to classify TCGA cohort samples into high- and low-risk groups based on the median risk score. Consistently, Kaplan-Meier curves (Figure 7A) showed that OS was statistically significantly worse in the high-risk group of HCC patients (P <0.0001).




Figure 7 | Construction and validation of a four-FRGs prognostic risk signature. (A) Distribution of the four-FRG signature in Kaplan-Meier survival curve for the TCGA-LIHC training set. (B) ROC curve and AUC for predicting OS. (C) TCGA-LIHC training set focused on risk score, survival time, survival status, and expression of the four-FRG signature. (D) Distribution of the four-FRG signature in the Kaplan-Meier survival curve for the GSE14520 validation set. (E) ROC curve and AUC for predicting OS. (F) TGSE14520 validation set focused on risk score, survival time, survival status, and expression of the four-FRG signature.



Moreover, we evaluated the predictive effect of prognostic characteristics on OS in HCC patients using time-dependent ROC curves, with the area under the curve (AUC) showing OS rates of 0.75, 0.68, and 0.65 at one, three, and five years, respectively; these results reflect the high sensitivity and specificity of the prognostic model (Figure 7B). Risk scores, survival time, survival status, and heat maps for the four FGRs are shown in Figure 7C.

To check the robustness of the four FRG models constructed from the TCGA cohort, the GSE14520 dataset from the GEO database was externally validated. Consistent with the results obtained from the TCGA cohort, Kaplan-Meier survival curves constructed using data from the GSE14520 validation cohort showed that HCC patients in the high-risk group had a statistically significantly lower OS, as shown in Figure 7D (P = 0.0011). The AUCs for the four FRG signatures were 0.70, 0.72, and 0.73 at one year, three years, and five years, respectively (Figure 7E). Risk scores, survival time, survival status, and expression heatmaps for the four FGRs are shown in Figure 7F.



Investigation of statistically significant pathways for the four FRGs using GSEA

To further explore the potential functionality of G6PD, HELLS, RRM2, and STMN1 in HCC, GSEA was performed using TCGA-LIHC RNA-seq data. As shown in Figures 8A–D, G6PD, HELLS, RRM2, and STMN1 were each enriched in the “G2M checkpoint,” “mitotic spindle,” and “E2F target” pathways in the high expression groups. Meanwhile, the “DNA repair” gene set was enriched in the high expression groups for HELLS, RRM2, and STMN1, whereas “MTORC1 signaling” was enriched in the G6PD, HELLS, and RRM2 high-expression groups. In high-risk samples, these pathways in high-risk samples were closely associated with cellular metabolism and carcinogenesis.




Figure 8 | Gene set enrichment analysis (GSEA) of 4 hub FRGs in the TCGA-LIHC dataset. (A–D) Top five gene sets (according to GSEA enrichment score) for G6PD, HELLS, RRM2, and STMN1.





Correlation analysis: FRG expression and infiltrating immune cells

We applied the ESTIMATE algorithm to conduct calculations informing a better understanding of the relationship between the estimated/immune/stromal scores and the evaluated FRGs. We found that G6PD was positively associated with immune scores (Figure 9A), and HELLS, RRM2, and STMN1 were negatively correlated with stromal scores (Figures 9B–D). Regarding the relationship between the four evaluated FRGs and tumor-infiltrating immune cells, the TIMER database was used to detect correlations between four prognostic FRGs and the abundance of immune cells. HELLS, RRM2, and STMN1 expression were positively associated with tumor purity (Figure 9E). Interestingly, strong associations were observed between the four FRGs and the infiltration of B cells, CD4+ T cells, CD8+ T cells, neutrophils, macrophages, and dendritic cells, with details shown in Figure 9E. Conversely, null or weak relationships were detected between CNV in the four hub FRGs and tumor immune-infiltrating cells (Figure 9F).




Figure 9 | Association of four FRGs’ expression with immune infiltration level in HCC. (A–D) Association between immune/stromal/estimate score and four FRGs after ESTIMATE algorithm processed. (E) Correlation of FRGs including G6PD, HELLS, RRM2, and STMN1 with tumor purity and tumor infiltration immune cells. (F) The influence of copy number variation of G6PD, HELLS, RRM2, and STMN1 on the distribution of diverse infiltration immune cells. *P <0.05; **P <0.01; ***P <0.001.





Correlation between FRG expression immune checkpoints

The abnormal activation of immune checkpoints is one mechanism through which cancer evades the immune system (20). Given the potential oncogenic effects of the four FRGs in HCC, we evaluated the associations between the four evaluated FRGs and PDCD1, LAG3, HAVCR2, CTLA-4, and TIGIT expression within the TISIDB database. As shown in Figures 10A–D, G6PD, HELLS, RRM2, and STMN1 expression was statistically significantly and positively correlated with PDCD1, LAG3, HAVCR2, CTLA-4, and TIGIT expression in HCC. These results suggest that overexpression of these four FRG-mediated immune checkpoints may be involved in liver tumor immune escape.




Figure 10 | Correlation of four FRGs expression with immune checkpoint expression in HCC. (A) The expression correlation of G6PD with PDCD1, LAG3, HAVCR2, CTLA-4, and TIGIT expression in HCC was determined by the TISIDB database. (B) The expression correlation of HELLS with PDCD1, LAG3, HAVCR2, CTLA-4, and TIGIT expression in HCC was determined by the TISIDB database. (C) The expression correlation of RRM2 with PDCD1, LAG3, HAVCR2, CTLA-4, and TIGIT expression in HCC was determined by the TISIDB database. (D) The expression correlation of STMN1 with PDCD1, LAG3, HAVCR2, CTLA-4, and TIGIT expression in HCC was determined by the TISIDB database.






Discussion

HCC is a clinically occurring malignant tumor with a high population incidence. Most patients are in the middle and late stages at diagnosis, with a complicated disease presentation and poor prognosis (21). Ferroptosis is defined as iron-ion-dependent programmed cell death, and the induction of cellular ferroptosis is an emerging approach in cancer therapy. Recently, several studies have demonstrated that promoting the sensitivity of cancer cells to ferroptosis contributes to the efficacy of cancer therapy (22, 23). Therefore, elucidating the relationship between FRG expression and HCC prognosis and identifying ferroptosis-specific therapeutic targets in HCC is of great clinical significance in enhancing the efficacy of tumor treatment and improving the prognosis of HCC patients.

In this study, we systematically investigated the expression landscape of FRGs in HCC using the TCGA cohort and identified 43 FRGs that were differentially expressed between tumor and peri-tumor tissues. Functional enrichment analysis revealed that these genes were mainly involved in ferroptosis-related pathways, including metabolic and oxidative processes. Next, we observed that 11 of the 43 FRGs were statistically significantly associated with both OS and RFS, suggesting that FRGs affect the prognosis of patients with HCC. Epigenetic alterations have a profound impact on cancer genesis, development, and progression, and aberrant methylation changes frequently occur in tumors (24). Among the dysregulated DNAm driver genes, some may facilitate malignant transformation through oncogene overexpression, thereby creating a new balance in the TME and potentially serving as diagnostic and prognostic biomarkers (25). Therefore, the UALCAN database was used to explore the DNA methylation patterns of 11 prognosis-related FRGs that were aberrantly expressed in HCC. Four methylation-related ferroptosis genes (G6PD, HELLS, RRM2, and STMN1) were identified. Although these four methylation-related FRGs have previously been reported to be dysregulated in cancer or other diseases, their biological roles in HCC have not yet been thoroughly elucidated.

For instance, glucose-6-phosphate dehydrogenase (G6PD) plays an essential role in glucose metabolism by maintaining redox homeostasis and reductive biosynthesis in cells (26). The aberrant activation of G6PD contributes to enhanced cell proliferation and adaptation in multiple cancer types (26). Moreover, lymphocyte-specific HELLS, a SWI2/SNF2 chromatin remodeling enzyme, is upregulated in pancreatic cancer tissues and correlates with an advanced clinical stage and poor prognosis (27). However, the regulatory mechanisms for HCC remain unclear. Ribonucleotide reductase subunit M2 (RRM2) has been extensively reported to be involved in the progression of various tumors such as renal cell cancer (28) and lung cancer (29). However, the role of RRM2 in HCC remains to be elucidated. Stathmin 1 (STMN1), a gene encoding a cytoplasmic phosphoprotein, plays an important role in cell cycle progression, mitosis, and signal transduction (30).

Next, the frequency of genetic alterations in the four methylation-driven FRGs was investigated in HCC. The four FRGs mostly showed genetic alterations, such as gene amplification, and genetic alterations in the four FRGs were significantly associated with worse OS (P = 1.112e-3). Additionally, G6PD, HELLS, RRM2, and STMN1 were positively associated with higher tumor stage, grade, age, sex, and ethnicity, suggesting an influential contribution to the pathogenesis of HCC. We further validated the transcriptome and protein expression levels of the four central FRGs using our cohort of HCC patients and downloaded datasets, and the results demonstrated that the transcriptome and proteome expression levels were consistent. This also strengthens the reliability of the screened genes. To evaluate the classification performance of the G6PD, HELLS, RRM2, and STMN1 signatures, we constructed four FRGs prediction models using TCGA database. ROC curves showed that all four genes could be used as biomarkers to sensitively and accurately distinguish tumors from normal liver tissue. The prognostic value of these four FRGs signatures was further validated using the GSE14520 dataset. All four FGRs appear to be promising therapeutic targets and prognostic predictors. To further reveal the biological functions of the hub genes, we conducted GSEA for the four hub FGRs. The results indicated that some HALLMARK pathways related to tumorigenesis and cell cycle regulation, such as “G2M checkpoint,” “mitotic spindle,” “E2F targets,” and “DNA repair” were enriched in the high expression group of these pivotal FGRs, suggesting that their contribution to HCC proliferation progression. This indicated that our predictive model has promising clinical application value and could provide potential insights for the development of new targeted therapies.

Tumor-infiltrating immune cells exert antitumor immune functions by releasing cytokines that promote iron death in tumor cells (31). Our study showed that the expression of the four FRGs was associated with the majority of infiltrating immune cells in HCC tissue specimens, suggesting that ferroptosis may have a significant effect on hepatic tumor immunity. Similarly, in recent years, immunotherapy using immune checkpoint inhibitors (ICIs) has shown unprecedented breakthroughs in the treatment of various types of malignancies, as the immune checkpoint mechanism has been intensively studied (32). For instance, PD-1, LAG-3, TIM3, CTLA-4, and TIGIT antibodies have shown favorable results in relevant clinical trials (33, 34). However, the objective response rate and survival benefit of ICIs for numerous tumors remain low, in part due to the lack of tumor-infiltrating lymphocytes (35). Transforming these immune “cold” tumors into “hot” tumors that respond to ICIs is a hot topic in current research. Recently, ferroptosis was found to have a profound effect on the tumor immune response. Specifically, ferroptosis exhibits a synergistic antitumor immune response and may also have a suppressive effect on the antitumor immune response (31). In this study, we investigated the relationship between four FRGs and immune checkpoints. The results showed that the high expression of the four FRGs was strongly associated with PDCD1, LAG3, HAVCR2, CTLA-4, and TIGIT in HCC, suggesting that targeting ferroptosis may enhance the efficacy of immunotherapy in HCC.



Conclusion

Collectively, this study determined novel predictive models for four FRGs using multiple cohort datasets and bioinformatic analysis. The expression patterns of the four FRGs that were upregulated in HCC tissues may be associated with hypomethylation. Furthermore, our current findings also revealed that the four FRGs may influence HCC development by increasing tumor immune cell infiltration and immune checkpoint expression, which provides new insights into targeting or immunotherapy ferroptosis-related targets. However, further studies are needed to demonstrate their clinical value.
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Background

Hepatocellular carcinoma (HCC) is an aggressive and heterogeneous disease characterized by high morbidity and mortality. The liver is the vital organ that participates in tyrosine catabolism, and abnormal tyrosine metabolism could cause various diseases, including HCC. Besides, the tumor immune microenvironment is involved in carcinogenesis and can influence the patients’ clinical outcomes. However, the potential role of tyrosine metabolism pattern and immune molecular signature is poorly understood in HCC.



Methods

Gene expression, somatic mutations, copy number variation data, and clinicopathological information of HCC were downloaded from The Cancer Genome Atlas (TCGA) database. GSE14520 from the Gene Expression Omnibus (GEO) databases was used as a validation dataset. We performed unsupervised consensus clustering of tyrosine metabolism-related genes (TRGs) and classified patients into distinct molecular subtypes. We used ESTIMATE algorithms to evaluate the immune infiltration. We then applied LASSO Cox regression to establish the TRGs risk model and validated its predictive performance.



Results

In this study, we first described the alterations of 42 TRGs in HCC cohorts and characterized the clinicopathological characteristics and tumor microenvironmental landscape of the two distinct subtypes. We then established a tyrosine metabolism-related scoring system and identified five TRGs, which were highly correlated with prognosis and representative of this gene set, namely METTL6, GSTZ1, ADH4, ADH1A, and LCMT1. Patients in the high-risk group had an inferior prognosis. Univariate and multivariate Cox proportional hazards regression analysis also showed that the tyrosine metabolism-related signature was an independent prognostic indicator. Besides, receiver operating characteristic curve (ROC) analysis demonstrated the predictive accuracy of the TRGs signature that could reliably predict 1-, 3-, and 5-year survival in both TCGA and GEO cohorts. We also got consistent results by performing clone formation and invasion analysis, and immunohistochemical (IHC) assays. Moreover, we also discovered that the TRGs signature was significantly associated with the different immune landscapes and therapeutic drug sensitivity.



Conclusion

Our comprehensive analysis revealed the potential molecular signature and clinical utilities of TRGs in HCC. The model based on five TRGs can accurately predict the survival outcomes of HCC, improving our knowledge of TRGs in HCC and paving a new path for guiding risk stratification and treatment strategy development for HCC patients.





Keywords: hepatocellular carcinoma, tyrosine metabolism, tumor microenvironment, immunotherapy, prognosis model



Introduction

Hepatocellular carcinoma (HCC) is one of the most common digestive system malignancies that endanger human health. According to the latest research data released by the World Health Organization (WHO), HCC ranks the sixth most common and a third of mortality in all tumors worldwide (1, 2). The onset of HCC is usually indetectable and characterized by rapid progression, frequent metastasis, high recurrence, and poor prognosis (3). Even with the improvement of major clinical interventions, including surgery, drug-targeted therapy, radiotherapy, chemotherapy, immunotherapy, and transplantation, its prognosis remains poor, and the 5-year overall survival is less than 20% (4–6). Therefore, it is urgently needed to identify the novel molecular markers and develop a prognostic model to stratify and customize a therapeutic strategy for patients with HCC.

Tyrosine is an aromatic amino acid required for protein synthesis in all organisms, and alternative energy for molecular functions. The liver is the primary organ that participates in tyrosine catabolism. Five enzymatic reactions catalyze the tyrosine degradation. It has been reported that the disturbance of tyrosine metabolism could cause a variety of diseases like Huntington’ ‘s disease (7) and phenylketonuria (PKU) (8), as well as some cancers, including gastroesophageal malignancy (9) and lung cancer (10). Besides, previous studies also demonstrate that patients who suffered from hereditary tyrosinemia are more likely to develop HCC (11, 12). In HCC patients, the serum tyrosine is frequently upregulated (13, 14), indicating an imbalance tyrosine metabolic process in HCC. Nevertheless, poorly is understood the molecular alteration and profile of tyrosine catabolism in the development and progression of HCC.

Emerging evidence also indicates a crosstalk between tyrosine metabolism and the tumor immune microenvironment (15, 16). The tumor microenvironment (TME) plays a critical role in cancer development and clinical outcome (17). Besides the cancer cells, TME also comprises diverse cell types, including endothelial cells, immune cells, fibroblasts, and inflammatory cells, and extracellular components (growth factors, cytokines, hormones, etc.). Through the circulation and lymphatic system, malignant cells interact with neighboring cells and induce immune tolerance by releasing cell signaling molecules. In addition, tumor-infiltrating immune cells (TIICs) within the TME can also influence cancer progression (18). Currently, the majority of studies reveal only one or two tyrosine metabolism-related genes (TRGs) and cell types, while numerous genes interactions determine the antitumor impact. Therefore, understanding the characteristics of TME cell infiltration mediated by multiple TRGs may provide insights into the underlying mechanism of HCC tumorigenesis and immune response prediction.

In this study, we extensively analyzed the HCC datasets from The Cancer Genome Atlas (TCGA) and Gene Expression Omnibus (GEO) database to explore the expression patterns of TRGs and obtained an intratumoral immune landscape. We first stratified 371 patients with HCC into two distinct subtypes based on the levels of TRGs expression and prognosis. Furthermore, we established a scoring system for predicting survival outcomes and characterizing the immune landscape of HCC. Additionally, in combination with clinicopathological characteristics, our gene signature showed improved risk stratification and therapeutic predictive power for HCC, which provide new insights into precision and individualized medicine.



Methods


HCC data acquisition and processing

We downloaded gene expression (fragments per kilobase million, FPKM), the somatic mutations, copy number variation data and prognostic and clinicopathological information on HCC from the TCGA database. GSE14520 from the GEO database was used for the subsequent validation. After obtaining the raw microarray intensity “CEL” files, we adjusted the background and normalized the quantiles by using Robust Multichip Average. An average standard deviation of 1 was used to scale the RNA expression data. Gene expression of 424 samples (50 normal and 374 tumor samples) from 371 patients were downloaded from TCGA. The clinicopathological characteristics of the 371 HCC patients were summarized in Supplementary Table 1. All the analyses were performed with R (version 4.1.2) with R Bioconductor packages.



Consensus clustering of tyrosine metabolism-related genes

We retrieved a total of forty-two TRGs from the MSigDB (KEGG_TYROSINE_METABOLISM). Using the R package “ConsensusClusterPlus,” we performed unsupervised consensus clustering of TRGs and classified patients into distinct molecular subtypes. The clustering was conducted using the following criteria: first, the cumulative distribution function (CDF) curve upgraded steadily and smoothly. Second, each group had a sufficient sample size. Lastly, the correlation of intra-group correlations increased by clustering, whereas inter-group correlations descended.



Functional enrichment analysis

To explore the potential mechanism underlying two tyrosine metabolism subtypes involved in HCC, we performed the Gene Ontology (GO) enrichment and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway analysis using “clusterprofler” R package (19). A p<0.05 and q<0.05 were set as the thresholds. We then collected 50 gene sets of cancer hallmark-related pathways from the Gene Set Enrichment Analysis (GSEA) database. Meanwhile, the “GSVA” package was used to calculate the enrichment score of correlated pathways. The gene set “c2.cp.kegg.v7.4.symbols.gmt” was also downloaded from the MSigDB and performed as the reference gene set.



Construction of a TRGs-based prognostic model

Least Absolute Shrinkage and Selection Operator Regression (LASSO) is a form of penalized regression that can be used to screen variables from high-dimensional data to build a prognostic model (20). In this study, we excluded patients with incomplete survival information. Then we filtered the significant Tyrosine metabolism-related genes from HCC specimens and performed the optimum survival cutoff analysis by using the “surv_cutpoint” function of the “survminer” R package. Then, we used the LASSO method in a Cox regression model to pick out the most useful prognostic genes by using the R package “glmnet”. After that, a tyrosine metabolism-related scoring system for HCC patients was established by the combination of the expression of genes and the estimated Cox regression coefficient: tyrosine metabolism-related risk score =∑​(coefficient of gene* expression of a gene)

According to the best cutoff risk score, HCC Patients were divided into high-risk and low-risk groups and then subjected to the Kaplan-Meier (KM) survival analysis.



Characterization of the immune signature of HCC

We utilized the ESTIMATE algorithm to estimate the abundance of the immune cell between high-risk and low-risk groups using expression data from the TCGA database. In addition, we determined the immune cell infiltration levels in the HCC TME by using a single sample gene set enrichment analysis (ssGSEA) algorithm (21). We also analyzed the associations of PD-1 and PD-L1 expression between two subtypes.



Drug sensitivity analysis

Broad Institute’s Cancer Cell Line Encyclopedia (CCLE) project (22) (https://portals.broadinstitute.org/ccle/) contained the RNA expression profiles of 1019 cancer cell lines, of which included 16 different liver cancer cell lines. The drug sensitivity of cancer cell lines was retrieved from the Genomics of Drug Sensitivity in Cancer (GDSC2, https://www.cancerrxgene.org/) (23), which contained 809 cell lines and sensitivity data for 198 chemicals. Lower 50% inhibiting concentration (IC50) values suggested enhanced susceptibility to compound responses. Utilizing the “oncoPredict” R package, we calculated the TCGA-LIHC cohort’s medication susceptibility.



RNA interference

The following small interfering RNAs were purchased from Ruibo Biotechnology Co., Ltd. (Guangzhou, China): METTL6 (siG000131965A-1-5), GSTZ1(siB0006543A-1-5), ADH4 (siG000000127A-1-5), ADH1A (siG151029041002-1-5), and LCMT1 (siG000051451A-1-5). The manufacturer’s recommendations were followed for siRNA transfection when using Lipofectamine 2000 (Invitrogen, Carlsbad, CA, USA). Hep3B cells were seeded to be 70%–90% confluent at transfection. Then, 5 µl of Lipofectamine 2000 reagent and 5 µl of siRNA (10 mM) were mixed in 250 µl of OptiMEM medium. After 10 minutes of incubation at room temperature, the mixture was put dropwise into a culture dish containing 1 ml of the medium. After that, normal culture conditions (5% CO2, 37°C) were used to cultivate the transfected cells for 24 hours and the cells were then digested and resuspended for further experiments.



Colony formation and invasion analysis

The cells were treated with the siRNAs for 24 hours, digested, and seeded onto six-well plates at a density of 1,000 cells per well for the colony formation experiment. After fourteen days of incubation, the cells were fixed with 4% paraformaldehyde and stained with 0.5% crystal violet. Transwell plates with an 8-mm pore for polycarbonate membrane were used to measure the ability of cells to invasion (Corning, USA). Briefly, Matrigel-coated top chambers were seeded with 5x105 cells that had been suspended without serum (BD BioCoat, USA). The bottom chambers were placed with 600 µl of complete medium. The cells on the bottom side of the pore membrane were fixed and stained with crystal violet after being left alone for 24 hours.



Immunohistochemistry study

Tissue Microarray (TMA) contains 97 samples of liver cancer tissues (n=77) and normal liver tissues (n=20) from Xiangya Hospital. Briefly, the TMA slices were first deparaffinized, followed by antigen retrieval in citrate buffer (pH 6.0) and endogenous peroxidase activity inhibition in 0.3% H2O2. The relevant primary and secondary antibodies were continually incubated with the slides until peroxidase and 3,3′-diaminobenzidine tetrahydrochloride were used for visualization. Two pathologists blindly measured the expression of METTL6, GSTZ1, ADH4, ADH1A, and LCMT1 in the liver cancer tissues from the tissue microarray using the previously described histochemical score (H-score) (24, 25). The primary antibodies were METTL6 (Proteintech, China, 16527-1-AP), GSTZ1 (Proteintech, China, 14889-1-AP), ADH4 (Proteintech, China, 16474-1-AP), ADH1A (Sigma-Aldrich, USA, HPA047814), and LCMT1 (Novus Biologicals, USA, OTI2C9).

The Human Protein Atlas (HPA) (https://www.proteinatlas.org/) is a program that integrates diverse omics technologies to map human proteins in tissues, cells, and organs (26, 27). From the tissue atlas and pathology atlas in the HPA database, we respectively got representative immunohistochemistry results for the five target proteins in HCC tumors and normal tissues.



Statistical analysis

We performed a Chi-Square test for the analysis of differences between the two groups. The prognostic significance was evaluated by Kaplan-Meier curve analysis, including overall survival (OS), disease-specific survival (DSS), disease-free interval (DFI), progression-free interval (PFI), and relapse-free survival (RFS) with a two-tailed log-rank test. Multivariate Cox regression analysis was performed by using the R package “survival” to evaluate the role of Tyrosine metabolism-related score in the prognostic model of HCC. We used Pearson’ s correlation analyses to measure the degree of correlation between certain variables. All statistical analyses were performed using R software (version 4.1.2) and p< 0.05 was considered statistically significant.




Results


The genetic variation and expression landscape of TRGs in HCC

In this study, we included a total of 42 TRGs. Of the 364 HCC patients, genetic mutations of TRGs were found in 18.68% (68/364) of them (Figure 1A). Among these genes, TPO was the gene with the highest mutation rate, followed by AOX1, and MAOB. We also observed that missense mutation was the most frequent variant type, and C > T and C > A ranked the top single nucleotide variation (SNV) class. Then, we investigated the somatic copy number variations (CNVs) of TRGs and discovered universal copy number alterations across 42 TRGs. Of them, DCT, AOX1, ALDH1A3, ALDH3B1, ALDH3B1 and BUD23 showed widespread CNVs amplifications, while most of the TRGs had CNVs depletion (Figure 1B). Figure 1C presented the location of CNV alterations of Tyrosine metabolism-related genes on chromosomes. We further explored whether the genetic alterations could affect the gene expression patterns. By comparing the expression level between HCC tumors and normal tissues, we found that the TRGs expression levels were positively correlated with the CNV alterations. The TRGs with CNVs gain, like BUD23 and ALDH3B1, were increased in HCC patients, while the TRGs with CNVs loss were decreased in HCC samples (Figure 1D). Whereas some TRGs showed opposite or no difference in CNVs alterations and expression level, indicating a complex process in the regulation of gene expression.




Figure 1 | Genetic variations and transcriptional expression of TRGs in HCC. (A) The distribution and mutation frequencies of 42 TRGs in the TCGA HCC cohort. (B) Frequencies of CNV alterations of TRGs in HCC. The height of the column represents the alteration frequency. (C) Locations of CNV alterations in TRGs on chromosomes. (D) Expression distributions of 44 TRGs between HCC tumor and normal tissues. *p < 0.05, **p < 0.01, ***p  < 0.001. TRGs, tyrosine metabolism-related genes; HCC, hepatocellular carcinoma; TCGA, The Cancer Genome Atlas; CNV, copynumber variation.





Identification of tyrosine metabolism subtypes in HCC

To further explore the profile and characteristics of 42 tyrosine metabolism-related genes in HCC, we applied a consensus clustering algorithm to categorize the HCC patients based on the expression of 42 TRGs. To obtain the optimal clustering number (k value), we calculated the consistency coefficient and found that k = 2 was a preferable selection for sorting the entire cohort into Clusters A (n = 169) and B (n = 202) (Figure 2A). The principal component analysis (PCA) demonstrated that HCC patients were well distributed into two clusters (Figure 2B). The Kaplan-Meier survival analysis revealed that Cluster A had a superior OS (log-rank test, p =0.004), DSS (log-rank test, p<0.001) and PFI (log-rank test, p =0.03) among HCC patients, while the DFI between two subtypes was not statistically significant (Figures 2C–F).




Figure 2 | Characteristics of two TRGs subtypes divided by consistent clustering. (A) Consensus heatmap matrix and correlations areas of two clusters (k = 2). (B) PCA analysis demonstrates a distinctive difference between the two clusters. Univariate analysis shows 44 TRGs related to the OS (C), the DSS (D), the DFI (E), and the PFI (F). OS, overall survival; DSS, disease-specific survival; DFI, disease-free interval; DFI, progression-free interval.



Next, we compared the two subgroups’ clinicopathological features and tyrosine metabolism-related gene expression. Some TRGs were highly expressed in Cluster A, such as MAOB, MAOA, HPD, and AOX1, while some TRGs, including METTL6, BUD23, METTL2B, and LCMT1 were overexpressed in cluster B (Figure 3A). Moreover, we performed functional enrichment analysis to investigate the biological behavior of TRGs. GSVA enrichment analysis revealed that subtype A was significantly enriched in various substances’ metabolism (Figure 3B). The biological process (BP) indicated the enrichment function of the RNA metabolic process and ribonucleoprotein complex biogenesis. The cellular component (CC) showed that the TRGs were primarily correlated with nuclear speck, spindle and chromosomal region. For molecular function (MF), the transcription coregulator activity, catalytic activity, and cadherin binding were mainly enriched for the TRGs (Figure 3C). Moreover, the pathway analysis implied that these genes were frequently involved in the cancer-related pathways, various virus infections and substance metabolism (Figure 3D).




Figure 3 | Clinicopathological features, enrichment analysis and mutation landscape of two TRGs clusters. (A) Differences in clinicopathologic characteristics and expression levels of TRGs between the two subtypes. (B) GSVA of biological pathways between two subtypes, in which blue inhibited and red represent activated pathways, respectively. (C) GO enrichment analysis shows the BP, CC, and MF of two TRGs subtypes. (D) The bubble plot depicted the KEGG pathway enrichment analysis of the two clusters. (E) Mutation landscape of TRGs cluster (A–F) Mutation landscape of TRGs cluster (B) GSVA, gene set variation analysis; GO, gene ontology; BP, biological process; CC, cellular component; MF, molecular function; KEGG, Kyoto Encyclopedia of Genes and Genomes; TRGs, tyrosine metabolism-related genes.



Furthermore, we explored the genetic alterations between the two subtypes. In Cluster A, we found a relatively high mutation frequency with 171 of 195 (87.69%) samples (Figure 3E). Among them, TP53 had the highest mutation frequency (36%), followed by TTN (23%) and MUC16 (15%). Compared to Cluster A, the Cluster B cohort demonstrated a lower mutation frequency (134 of 161 samples, 83.23%). Differentially, CTNNB1 (44%) was the most frequently mutated gene, following TTN (24%) and TP53 (17%) (Figure 3F).



Characterization of the TME in different subtypes

To explore the role of TRGs in HCC TME, we evaluated the associations between the two subtypes and 23 human immune cell subsets using the ssGSEA method. We observed significant variations in the infiltration of some immune cells between the two subtypes (Figures 4A–B). The infiltration level of eosinophils, gamma delta T cells, immature dendritic cells, mast cells, and natural killer cells were remarkably elevated in subtype A, while activated CD4 T cells, activated dendritic cells, CD56dim natural killer cells, and type 2 T helper cells were significantly overexpressed in subtype B. We further investigated the profile of immune checkpoints between the two subgroups (Figure 4C). We discovered that most immune checkpoints were differentially expressed between the two groups, including CTLA4, LAG3, PDCD1 (PD-1), and CD274 (PD-L1), suggesting a potential role of the tyrosine metabolism-related subtypes in immunotherapy. Besides, by using the ESTIMATE R package, we evaluated the TME score, which included stromal score, ESTIMATE score, and immune score, between the two subtypes. For the TME score, the stromal or immune scores represented the content of stromal or immune cells in the TME, and the ESTIMATE scores implied aggregation of immune or stromal scores in the TME. We only found a higher immune score in subtype A, while there was no statistical difference in stromal score and ESTIMATE score between the two subtypes (Figure 4D).




Figure 4 | Correlations of tumor immune cell microenvironments and two HCC subtypes. (A) Heatmap of the tumor-infiltrating cells and clinical features in two HCC subtypes. (B) Expression abundance of 23 infiltrating immune cell types in the two HCC subtypes. (C) Immune checkpoints heatmap between the two subtypes, the red mark representing the checkpoints that are differentially expressed, with p < 0.05. (D) Correlations between the TME score and the two HCC subtypes. HCC, hepatocellular carcinoma; TME, tumor microenvironment. *p < 0.05, ***p < 0.001, ns, no significant difference.





Construction and validation of TRG risk model

To establish a predictive prognostic model for HCC patients, we explored the prognostic genes in the HCC TCGA training set. By using the univariate Cox regression analysis, HCC patients were classified into high- and low-risk groups based on the optimal cutoff of each gene. We identified that nine TRGs were associated with an inferior OS, and twelve genes were related to a favorable OS in HCC patients (Supplementary Figure 1A). Meanwhile, similar gene risk distribution was discovered in the DSS, DFI and PFI (Supplementary Figure 1B–D). Then, we performed LASSO and multivariate COX analysis on the prognostic-related genes with 10-fold cross-validation to narrow the gene scope (Figures 5A, B). Subsequently, we obtained a five-gene signature model with two high-risk genes (METTL6 and LCMT1), and three low-risk genes (GSTZ1, ADH4, and ADH1A). The risk score of each HCC patient was calculated according to the following formula:




Figure 5 | Construction of tyrosine metabolism-related genes prognostic model in the training set. (A) Ten-time cross-validation for tuning parameter selection by LASSO regression. (B) The screening of coefficients under LASSO analysis. A vertical line is drawn at the value chosen by 10‐fold cross‐validation of overall survival. Kaplan-Meier curves for survival outcomes of the two risk subtypes according to the OS (C), DSS (E), DFI (G), and PFI (I) (log-rank tests, p< 0.01). ROC curves to predict the sensitivity and specificity of 1-, 3-, and 5-year survival rates according to the risk score based on the OS (D), DSS (F), DFI (H), and PFI (J). LASSO, least absolute shrinkage and selection operator; OS, overall survival; DSS, disease-specific survival; DFI, disease-free interval; PFI, progression-free interval; ROC, receiver operating characteristic.



Risk score = (0.24* expression of METTL6) + (0.22* expression of LCMT1) + (−0.16* expression of GSTZ1) + (−0.23* expression of ADH4), + (−0.18* expression of ADH1A).

The HCC patients were categorized into high-risk and low-risk groups based on the best cutoff of the risk score. The Kaplan-Meier analysis revealed that the patients in high-risk group had an unfavorable OS (log-rank test, p<.001; Figure 5C), DSS (log-rank test, p<.001; Figure 5E), DFI (log-rank test, p = .002; Figure 5G), and PFI (log-rank test, p<.001; Figure 5I). We further performed the time-dependent receiver operating characteristic (ROC) curve with the area under the curve (AUC). The AUC values of 1-, 3-, and 5-year survival rates of OS-related prognostic subgroups were 0.719, 0.727, and 0.722, respectively (Figure 5D). We also analyzed the AUC values of 1-, 3-, 5-year survival rates of DSS (0.783, 0.622, and 0.644, respectively; Figure 5F), DFI (0.613, 0.611, and 0.588, respectively; Figure 5H), and PFI (0.619, 0.600, and 0.605, respectively; Figure 5J).

Next, to validate the prognostic performance of the TRGs model, we calculated the efficiency in the validation set (GSE14520). Similarly, we gained the parallel results in the validation sets, indicating the prognostic model of TRGs had an excellent predictive prognostic accuracy for HCC patients (Figures 6A–D). To further explore the predictive role of tyrosine metabolism-related signature, we performed univariate and multivariate Cox proportional hazards regression analysis in the HCC TCGA and GSE14520 datasets. The results showcased that the tyrosine metabolism-related signature was an independent risk factor for OS and RFS in patients with HCC (Figures 7A–H).




Figure 6 | Validation of prognostic model based on TRGs. Kaplan-Meier survival curves of high- and low-risk groups in validation dataset GSE14520 (A), OS. (C), RFS (log-rank tests, p<.001). The receiver operating characteristic curve for predicting 1-year, 3-year, and 5-year OS (B) and RFS (D) of HCC patients in GSE14520. TRGs, tyrosine metabolism-related genes; HCC, hepatocellular carcinoma; RFS, relapse-free survival.






Figure 7 | Independent prognosis analyses of TRGs risk model in TCGA and GES14520 HCC cohorts. (A, B), Univariate and Multivariate Cox regression of risk score based on OS in TCGA HCC cohort. (C, D), Univariate and Multivariate Cox regression of risk score based on DSS in TCGA HCC cohort. (E, F), Univariate and Multivariate Cox regression of risk score based on OS in GSE14520 HCC cohort. (G, H), Univariate and Multivariate Cox regression of risk score based on RFS in GSE14520 HCC cohort. TRGs, tyrosine metabolism-related genes; HCC, hepatocellular carcinoma; TCGA, The Cancer Genome Atlas; OS, overall survival; DSS, disease-specific survival; RFS, relapse-free survival.



In addition, we further compared our signature with two other metabolism-related prognostic models (28, 29). In Wu et al.’s study (28), they established a six metabolism-related mRNAs prognostic model for HCC patients. The ROC curve of AUC values of 1-, 3-, and 5-year survival rates of OS-related prognostic subgroups were 0.583, 0.595, and 0.582, respectively (Supplementary Figure 2A), and the AUC values of 1-, 3-, 5-year survival rates of RFS were 0.599, 0.568, and 0.528, respectively (Supplementary Figure 2B). For Dai et al.’s study (29), we also analyzed its predictive ability in HCC. The ROC curve of AUC values of 1-, 3-, and 5-year survival rates of OS-related prognostic subgroups were 0.603, 0.617, and 0.631, respectively (Supplementary Figure 2C), and the AUC values of 1-, 3-, 5-year survival rates of RFS were 0.616, 0.623, and 0.601, respectively (Supplementary Figure 2D). Taken together, our TRGs signature presented a better performance in predicting the prognosis of HCC patients.



Evaluation of TME and immune checkpoints in TRG risk models

We then performed the GSVA enrichment analysis between the two groups and found distinct functional enrichment in the two subtypes. The high-risk group was enriched in pathways of nucleotide excision repair, cell cycle, mismatch repair, and spliceosome, while the low-risk group was positively correlated with drug metabolism cytochrome p450 and complement and coagulation cascades (Figure 8A). To further explore the relationship between the tyrosine metabolism-related risk model and the TME signature, we investigated the correlation of risk subtypes and immune infiltration cells of HCC by the ESTIMATE algorithm (Figures 8B–C). The infiltration level of activated CD8 T cells, CD56bright natural killer cells, eosinophils, natural killer cells, and type 1 T helper cells were obviously elevated in the low-risk group. Besides, we calculated the TME score of high and low-risk groups and revealed that the stromal score and ESTIMATE score were upgraded in the low-risk subtype (Figure 8D). We then investigated the profile of immune checkpoints between the two subtypes, and we revealed that amounts of immune checkpoints were distinctively expressed between the two groups, such as CD276, CD80, CD86, and HAVCR2 (Figure 8E).




Figure 8 | Correlations of tumor immune cell microenvironments and two TRGs prognostic subtypes. (A) GSVA of biological pathways between two risk groups, in which red represent activated and blue inhibited pathways, respectively. (B) Heatmap of the clinicopathologic characteristics and tumor-infiltrating cells in the two risk groups. (C) Expression abundance of 23 infiltrating immune cell types in the two risk subtypes. (D) Correlations between the TME score and the two risk subtypes. (E) Expression of immune checkpoints between the two risk subtypes. *p < 0.05, **p < 0.01, ***p < 0.001, ns, no significant difference. TRGs, tyrosine metabolism-related genes; GSVA, gene set variation analysis; TME, tumor microenvironment.





Analysis and validation of the five TRGs for the prognostic signature

We further analyzed the expression levels of five prognostic TRGs in HCC patients. HCC is a complex disease driven by various extrinsic and intrinsic factors; we further investigated the TRGs risk model with other clinical signatures, such as tumor grade, stage, AFP level, cirrhosis and HBV status, and were summarized in Tables 1, 2. We explored that the expression of METTL6, GSTZ1, ADH4, and ADH1A were related to the grade classification (Figures 9A–E), and METTL6, ADH4, and ADH1A were also associated with the T stage of tumors (Figures 9F–J). We also found that the TRGs-related signature was associated with tumor size, HBV status, AFP level, ALT level, and tumor grade. Furthermore, we further compared our prognostic signature with multi-platform studies from the TCGA. We discovered that the high-risk group was associated with the subclass of MS1 in Shimada’s classification (30), G1/2 and G3 in Boyault’s subtype (31), and Proliferation in Chiang’s classification (32) (Supplementary Table 2). All the subclasses have been documented as the “proliferative” and “aggressive” phenotypes and characterized by inferior patient prognosis, which was in line with our study.


Table 1 | Clinicopathologic characteristics of TCGA HCC patients according to the Tyrosine -related signature.




Table 2 | Clinicopathologic characteristics of GSE14520 HCC patients according to the Tyrosine -related signature.






Figure 9 | Analysis of five TRGs for the prognostic signature, and their correlations of tumor immune infiltrating cells and therapeutic drugs. The boxplot showing the relationship of METTL6 (A), GSTZ1 (B), ADH4 (C), ADH1A (D), and LCMT1 (E) expression and grade stratification. The boxplot depicting the correlation of METTL6 (F), GSTZ1 (G), ADH4 (H), ADH1A (I), and LCMT1 (J) expression and T stage. (K) The correlation of five TRGs and TME score. (L) The relationship between five TRGs and 23 activated immune cells. (M) The correlation of five TRGs and immune checkpoints. (N) The relationship between five TRGs and common therapeutic drugs for HCC. *p<0.05, **p< 0.01, ***p < 0.001. TRGs, tyrosine metabolism-related genes; TME, tumor microenvironment.



Next, we then assessed the correlations between the TME scores and the five TRGs, and it is found that METTL6 and LCMT1 were negatively correlated with the TME scores (Figure 9K). We further investigated the relationship between the five TRGs and immune infiltrating cells. We observed that the METTL6 and LCMT1 were negatively related to most immune cells, whereas GSTZ1, ADH4, and ADH1A were positively correlated with various immune cells, except for activated CD4 T cell and CD56dim natural killer cell (Figure 9L). Besides, we also explored the correlations of five TRGs and immune checkpoints. It is obvious that METTL6 and LCMT1 were positively associated with a large number of immune checkpoints, while the GSTZ1, ADH4, and ADH1A were negatively related to a great proportion of immune checkpoints, except for IDO2 and CD160 (Figure 9M). In addition, we also investigated the correlations of five TRGs with the sensitivity of common chemotherapeutic drugs and targeted therapeutic drugs of HCC (Figure 9N). We discovered that, unlike METTL6, ADH1A was positively related to the response of Fluorouracil, and LCMT1 was negatively correlated to the therapeutic effect of Lenvatinib, indicating that these prognostic-related TRGs may also influence the therapeutic efficacy of HCC.

To further validate our exploration, we first performed clone formation, transwell invasion, and IHC analysis to validate our results. We silenced the expression of five TRGs through siRNA to further verify the biological functions of METTL6, GSTZ1, ADH4, ADH1A, and LCMT1. The results of colony formation indicated that depletion of METTL6, and LCMT1 inhibited the colony formation ability of Hep3B cells, while GSTZ1 and ADH4 accelerated the colony formation ability of the Hep3B cells, which was in line with their role in the prognostic model. However, there was no statistical significance upon ADH1A depletion and it need further exploration. Consistently, the silence of METTL6 and LCMT1 decreased cancer cell migration, and depletion of GSTZ1 and ADH4 increased the cancer cell migration ability (Figure 10A). In addition, we performed the IHC analysis of the five TRGs in the Xiangya HCC cohort, which included 77 HCC tumor tissues and 20 normal liver tissues. The IHC analysis revealed that METTL6 and LCMT1 were highly expressed in liver tumor tissues, while we did not observe significant differences in the GSTZ1, ADH1A and ADH4 expression between HCC tumors and normal tissues (Figure 10B). The survival analysis indicated that the overexpression of METTL6 was associated with an inferior prognosis, while the high expression of GSTZ1 and ADH4 had a favorable prognosis, which was consistent with their prognostic role in mRNA level (Figure 10C).




Figure 10 | Validation of the Five prognostic TRGs by functional analysis. (A) Clone formation and invasion analysis of Hep3B cells depleted with the five TRGs. (B) IHC analysis of the five TRGs in the Xiangya HCC cohort (n = 97), including normal liver tissue (n = 20) and HCC tumor tissues (n = 77). (C) Kaplan-Meier curve analysis of the five TRGs in HCC patients. Patients were divided into high- and low-expression groups based on the median expression of each gene. TRGs, tyrosine metabolism-related genes; HCC, hepatocellular carcinoma; IHC, immunohistochemistry. ***p < 0.001.



In addition, we then explored the expression of five TRGs in HCC cell lines by using the Cancer Cell Line Encyclopedia (CCLE) database, which contained 25 different HCC cell lines. The expression of five TRGs in diverse HCC cell lines were summarized in Supplementary Table 3 and Supplementary Figure 3. We discovered that SNU-423, SNU-182, SNU-761, and Huh-1, JHH5, SNU-878 cell lines represented the high-risk and low-risk subtypes, respectively. We further evaluated the responsiveness of these cell lines to the common HCC chemotherapeutic and targeted drugs through the Genomics of Drug Sensitivity in Cancer (GDSC) platform, which included 16 different cell lines (Supplementary Table 4). We only detected the responsiveness of SNU-423 and Huh-1 cell lines in the GDSC database. The results demonstrated that the SNU-423 was more sensitive to the 5-Fluorouracil, Oxaliplatin, and Irinotecan (Supplementary Figures 4A-C), indicating a higher degree of malignancy of the tumor and was consistent with the model classification of high-risk. Meanwhile, we also found that Huh-1 was more sensitive to Sorafenib compared with SNU-423 (Supplementary Figure 4D), which provided new perspectives for individualized therapy.

Moreover, we further analyzed the protein expression of the five TRGs using the Clinical Proteomic Tumor Analysis Consortium (CPTAC) cohort. We only detected four of the five TRGs in the proteomics data. We observed that ADH4, GSTZ1, and ADH1A were downregulated in HCC tumor tissues, while the LCMT1 was overexpressed in HCC tumor tissues compared with the normal tissues (Supplementary Figure 5), which were consistent with the mRNA expression level of HCC. Besides, we confirmed the protein expression of the five genes in human tissue samples. As illustrated in Supplementary Figure 6, ADH4, GSTZ1, and ADH1A were downregulated in HCC tumor tissues compared with the normal tissues, which were consistent with their role in HCC. However, we did not observe significant differences in the METTL6 and LCMT1 expression between HCC tumors and normal tissues, which needs further exploration.




Discussion

Tyrosine metabolism plays a vital role in substance catabolism, the disturbance of which has been recognized as the hallmark of disease development and tumorigenesis (33, 34). Recent studies suggested that tyrosine metabolism may have a potential relationship with the tumor microenvironment and immunogenicity of tumors (17, 35). However, the overall effect and the relationship between tyrosine metabolism gene signatures and tumor immune infiltration mediated by multiple TRGs in HCC have not been reported. In the meantime, it is crucial to investigate the TRGs molecular features for a better comprehension of the biological relationship between clinical outcomes and tumor immune environment.

In the present study, we revealed a landscape of tyrosine metabolism-related genes and TME signatures in HCC. The results of the present study demonstrated genetic and transcriptional variations in RRGs in HCC. We revealed two distinct molecular subtypes based on the expression of 42 tyrosine metabolism-related genes. Compared to patients in Cluster B, patients in Cluster A had a superior survival time. The GSVA enrichment analysis revealed that Cluster A was significantly enriched in various substances’ metabolism, such as tyrosine metabolism, fatty acid metabolism, and histidine metabolism, etc., and it can be considered highly metabolic. The pathways enriched in Cluster A indicated that they played essential roles in the development of HCC and there was crosstalk among the tyrosine metabolism and other signaling pathways. We also found features of the TME between the two clusters, which were characterized by some activation pathways’’ activation, such as cancer-related pathways, various virus infections and substance metabolism. Besides, we established an effective prognostic TRGs risk model that included five TRGs (METTL6, LCMT1, GSTZ1, ADH4, and ADH1A) and validated its predictive ability. The patients from the two subtypes had remarkably diverse survival outcomes. The multivariate Cox regression model proved that TRGs signature was an independent risk factor adjusting for clinical characteristics such as tumor size, nodule number, cirrhosis status, and alpha-fetoprotein (AFP) level. In addition, we explored the relationship between the TRGs risk model and TME, and revealed the strong association of METTL6, LCMT1, GSTZ1, ADH4, and ADH1A with the tumor immune infiltration and immune checkpoints. Unlike the previous work for individually analyzing the expression pattern and prognostic value of five particular genes involved in tyrosine catabolism in HCC (36), the current study demonstrated a comprehensive analysis of TRGs and the immune microenvironment. To the best of our knowledge, this is the first study which presents an unbiased tyrosine metabolism-related risk model in HCC. The TRGs prognostic model can be applied to categorize the prognosis of HCC patients, which will help to better understand the molecular mechanism of HCC and provide new insights for targeted and immune therapy.

Recently, there are an increasing number of studies working on the prognostic model of HCC based on ferroptosis phenotypes (37), cuproptosis-related genes (38), m5C regulatory genes (39), hypoxia-related angiogenic genes (40), et al. They all showed meaningful clinical implications to some extent. As we know the liver is the primary organ that participates in tyrosine catabolism. It has been reported that the disturbance of tyrosine metabolism could cause a variety of diseases, and patients suffering from hereditary tyrosinemia are more likely to develop HCC (12). In HCC patients, the serum tyrosine is frequently upregulated, indicating an imbalance tyrosine metabolic process in HCC (13). Therefore, tyrosine catabolism signaling cascades play an irreplaceable role in the development and progression of HCC. By comparing our signature with two other metabolism-related prognostic models (28, 29), our TRGs signature presented a better performance in predicting the prognosis of HCC patients.

With greater numbers of tumor-infiltrating lymphocytes, tumor neoantigens, and checkpoints after standard therapy, the overall prognosis for HCC remains poor. Patients with HCC still exhibit heterogeneity in their outcomes despite recent advances in immunotherapy, suggesting the critical role of TME in the development and progression of HCC. Major biological components of TME include immune cells such as lymphocytes, granulocytes, and macrophages. These cells participate in various immunological reactions and activities, such as the inflammatory response orchestrated by tumors to aid in survival (41). TIICs, lymphocytes, fibroblasts, extracellular matrix (ECM), blood vessels, and inflammatory cells generated from bone marrow consist of the TME that surrounds tumor cells (42). Evidence has also demonstrated the critical influences of TME on tumor initiation, growth, and therapeutic resistance (43). In this study, we found that two TRGs subtypes differed considerably in the TME features as well as the relative abundance of 23 TIICs, which implies a vital role of TRGs in the development of HCC. In TRGs low-risk group, with a favorable prognosis, demonstrated an elevated infiltration level of activated CD8 T cells, CD56bright natural killer cells, eosinophils, natural killer cells, and type 1 T helper cells, implying that they play a beneficial role in HCC development. Besides, we discovered the diverse expression of immune checkpoints between the two TRGs subgroups, which helped to improve the efficacy of immunotherapy in the era of individualized therapy.

Among the five hallmark genes in the TRGs prognostic model, METTL6 and LCMT1 served as high-risk genes in the HCC cohort. METTL6 is a transfer RNA methyltransferase, whose function and mechanism in cancer development are poorly understood. Michael et al. (44) found that METTL6 was increased in highly proliferative luminal breast cancer, and Ignatova et al. (45) discovered that METTL6 was a crucial regulator of HCC cell proliferation and that its absence reduced the pluripotency of murine stem cells. Our results were consistent with the previous study suggesting its indispensable role in tumor progression. LCMT1 is a methyltransferase that catalyzes the methylation of protein phosphatase 2A(PP2A) (46). It has been reported that LCMT1 was related to oxidative stress (47) and was overexpressed in neuroblastoma cells (48), while it has not been reported in HCC yet. Our study provides a new idea for the molecular function of HCC and can be further investigated. Besides, we also identified three favorable genes (GSTZ1, ADH4, and ADH1A) in the TRGs prognostic model. GSTZ1 belongs to the Glutathione S-transferase (GST) superfamily and GSTZ1 has been reported to be downregulated in HCC and performed as a tumor suppressor in the HCC progression (49, 50), which is in line with our findings. ADH4 and ADH1A both belong to the alcohol dehydrogenase (ADH) superfamily and have revealed improved prognostic value in several cancer types, including non-small cell lung cancer, gastric cancer, and liver cancer (51–54). Our results were in accordance with previous studies, indicating its prognosis predictive role in HCC patients. In addition, we also revealed that ADH1A was positively related to the response of fluorouracil, and LCMT1 was negatively correlated to the therapeutic effect of Lenvatinib, implying that these prognostic-related TRGs may also influence the therapeutic efficacy of HCC.

In the present study, we characterized the tyrosine metabolism-related genes signature in HCC and established a TRGs prognostic model based on five hallmark genes, showing a strong capacity in HCC prognosis prediction and immunogenicity evaluation. However, there are still some limitations in our study. Firstly, all the samples used in our investigation were collected retrospectively and analyses were performed on data from public databases. Hence, the inherent case selection bias may affect the results, and a more convincing prospective study is required to confirm our findings. Secondly, because of the finite sample size, large-scale cohort studies are essential for evaluating the value of this model. Thirdly, to improve the knowledge of tyrosine metabolism in the future, it is also vital to validate the molecular understanding based on in vivo and in vitro functional experiments. Finally, some crucial clinical information, including surgery, targeted therapy and chemoradiotherapy, was not available for analysis in the majority of datasets, which would have impacted on the prognosis of immune response and the tyrosine metabolism state.



Conclusion

In summary, our integrative analysis demonstrated the possible molecular signature of TRGs in HCC and established a novel five-gene prognostic prediction model. The five hallmark genes (METTL6, LCMT1, GSTZ1, ADH4, and ADH1A) are prospective targets for determining the therapeutic efficacy of immunotherapy and targeted therapy, and accurately predict the survival of HCC patients. These findings highlight the significant clinical implications of TRGs and provide new perspectives for guiding individualized strategies for HCC patients.
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Background: Increasing evidence illustrated that m6A regulator-mediated modification plays a crucial role in regulating tumor immune and angiogenesis microenvironment. And the combination of immune checkpoint inhibitor and anti-angiogenic therapy has been approved as new first-line therapy for advanced HCC. This study constructed a novel prognosis signature base on m6A-mediated modification and explored the related mechanism in predicting immune and anti-angiogenic responses.
Methods: Gene expression profiles and clinical information were collected from TCGA and GEO. The ssGSEA, MCPCOUNT, and TIMER 2.0 algorithm was used to Estimation of immune cell infiltration. The IC50 of anti-angiogenic drugs in GDSC was calculated by the “pRRophetic” package. IMvigor210 cohort and Liu et al. cohort were used to validate the capability of immunotherapy response. Hepatocellular carcinoma single immune cells sequencing datasets GSE140228 were collected to present the expression landscapes of 5 hub genes in different sites and immune cell subpopulations of HCC patients.
Results: Three m6A clusters with distinct immune and angiogenesis microenvironments were identified by consistent cluster analysis based on the expression of m6A regulators. We further constructed a 5-gene prognosis signature (termed as m6Asig-Score) which could predict both immune and anti-angiogenic responses. We illustrated that high m6Asig-Score is associated with poor prognosis, advanced TNM stage, and high TP53 mutation frequency. Besides, the m6Asig-Score was negatively associated with immune checkpoint inhibitors and anti-angiogenic drug response. We further found that two of the five m6Asig-Score inner genes, B2M and SMOX, were associated with immune cell infiltration, immune response, and the sensitivity to sorafenib, which were validated in two independent immunotherapy cohorts and the Genomics of Drug Sensitivity in Cancer (GDSC) database.
Conclusion: We constructed a novel prognosis signature and identified B2M and SMOX for predicting immune and anti-angiogenic efficacy in HCC, which may guide the combined treatment strategies of immunotherapy and anti-angiogenic therapy in HCC.
Keywords: hepatocellular carcinoma, m6A modification, tumor microenvironment, prognostic signature, immunotherapy
INTRODUCTION
Hepatocellular carcinoma (HCC) is one of the most common malignant tumors and the third cause of cancer-related deaths in the world (Sung et al., 2021). Unfortunately, most patients with liver cancer are diagnosed at an advanced stage, and they have no chance of radical surgical resection (Xu et al., 2018). The combination treatment for advanced HCC clinical trials, IMbrave150 phase 3 trial (Atezolizumab plus Bevacizumab) (Finn et al., 2020a), ORIENT-32 phase 3 trial (Sintilimab plus bevacizumab similar IBI305) (Ren et al., 2021), COSMIC-312 (Cabozantinib plus Atezolizumab) phase 3 trial (Kelley et al., 2022), and KEYNOTE-524 phase 1b trial (Pembrolizumab plus Lenvatinib) (Finn et al., 2020b), and the LAUNCH phase 3 trial (Lenvatinib combined with transarterial chemoembolization) (Peng et al., 2022) have enhanced the overall survival and response rate. And the combination of immune checkpoint inhibitors and anti-angiogenic drug treatment has been authorized as a preferred first-line treatment for advanced HCC. However, only a small subset of HCC patients could benefit from this combination treatment.
With a further understanding, it has been realized that the tumor cells “do not act alone”, but interact directly or indirectly with stromal cells, immune cells, and non-cellular components (Fang and Declerck, 2013). Diverse environmental and genetic factors together regulated the HCC immune and angiogenesis microenvironment (Hou et al., 2020), which controls malignant progression and response to therapy. Up to now, the overall survival rate in the most effective IMbrave150 phase 3 trial was only 30%. And the phase III LEAP-002 study, immune checkpoint inhibitors combine with anti-angiogenic drug treatment (Lenvatinib plus pembrolizumab), as first-line therapy for advanced hepatocellular carcinoma had not achieved the expected results in advanced HCC (Finn1 et al., 2022). Therefore, a comprehensive analysis of the TIME components and anti-angiogenic subtypes pathways may predict and guide the combination treatment of immune and anti-angiogenic drugs, and find new therapeutic biomarkers (Binnewies et al., 2018).
m6A (N6-methyladenosine) is one of the most abundant RNA modifications in eukaryotic cells (He et al., 2019), which plays a considerable role in regulating the tumor immune microenvironment. As a dynamic reversible process, m6A modification is regulated through binding proteins, methyltransferases, and demethylases (Zaccara et al., 2019), also known as “readers”, “writers” and “erasers”. Furthermore, several studies have shown that the m6A-related signatures were associated with TIME in gastric cancer, colorectal cancer, low-grade glioma, as well as HCC (Zhang et al., 2020; Li et al., 2021a; Chong et al., 2021; Du et al., 2021). However, there were few studies focused on m6A-related signatures and the sensitivity of anti-angiogenic drugs.
In this study, we systematically analyzed 26 m6A regulators in HCC including the somatic mutation, copy number variation (CNV), and mRNA transcriptome. Besides, we identified three m6Aclusters with distinct immune and angiogenesis microenvironments and constructed a 5-gene prognosis signature (m6Asig-Score) based on m6A-related different genes (DEGs). We further found that two of five m6Asig-Score inner genes, B2M and SMOX, were associated with immune cell infiltration, immune response, and sensitivity to sorafenib. We validated these results in two independent immunotherapy cohorts and the Genomics of Drug Sensitivity in Cancer (GDSC) database. Understanding the interactions of m6A modification with immune and angiogenesis microenvironment was helpful to select the HCC patients who would benefit from immune and anti-angiogenic treatment.
DATA AND METHODS
HCC datasets collection and preprocessing
The analysis workflow was shown in Figure 1. The copy number variation (CNV), somatic mutation, mRNA transcriptome, and clinical information of the TCGA-LIHC cohort were collected from Xena (https://xenabrowser.net). The mRNA expression and clinical information of the GSE76427 cohort were downloaded from the NCBI GEO database (https://www.ncbi.nlm.nih.gov/geo/). A total of 592 HCC samples were included in this study, including those from TCGA-LIHC cohort (non-tumor = 50, tumor = 375) and GSE76427 dataset (non-tumor = 52, tumor = 115). The RNA Transcriptome data (FPKM format) were converted to the transcript format of millions per kilobase (TPM). The operational functions in the “SVA” package were employed to eliminate the batch effect between the GSE76427 queue and the TCGA-LIHC dataset (Yang et al., 2020). The “Rcircos” package was suitable for drawing the CNV diagram of 26 m6A regulators in HCC.
[image: Figure 1]FIGURE 1 | Overview of study design. A total of 490 HCC samples with completed transcriptome and survival information were concluded in this study. We first explored the multi-omics characteristic landscapes of 26 m6A regulators and identified three different m6Aclusters with distinct immune and angiogenesis phenotypes. Then, we further constructed a 5-genes prognosis signature termed as “m6Asig-Score” based on 420 m6A-related DEGs. The patients with high m6Asig-Score were associated with poor prognosis, advanced TNM stage and high TP53 mutation frequency. Finally, we explored the capability of m6Asig-Score and 5 hub genes in predicting immunotherapy and anti-angiogenic efficacy. Two independent immunotherapy cohorts (IMvigor210 and Liu. et al. cohorts) and the Genomics of Drug Sensitivity in Cancer (GDSC) database were used to validate the immunotherapy and anti-angiogenic efficacy respectively. And the HCC single immune cells sequencing datasets GSE140228 were performed to present the expression distribution of 5 hub genes.
Consensus molecular clustering of 24 m6A regulators by PAM
Based on published literature, we curated 26 acknowledged m6A regulators and analyzed them to identify divergent m6A-related patterns. The 26 m6A regulators included 15 readers (EIF3A, ELAVL1, HNRNPA2B1, HNRNPC, FMR1, IGF2BP1-3, YTHDC1/2, YTHDF1-3, LRPPRC, RBMX), 9 writers (CBLL1, METTL3/14/16, RBM15/15B, VIRMA, WTAP, and ZC3H13) and 2 erasers (ALKBH5 and FTO) (Meyer et al., 2015; Chen et al., 2020; Shulman and Stern-Ginossar, 2020; Li et al., 2021b). Among these 26 m6A regulators, METTL16 and VIRMA were not annotated in the GSE76427 cohort. Based on the expression of 24 overlapping regulators in the combined HCC cohort (GSE76427 and TCGA-LIHC), we performed a consistent cluster analysis of medoid (PAM) to determine different m6A-related modification patterns. The number and stability of clusters were determined by the R package “ConsensusClusterPlus”, and conducted for 1,000 times repetitions (Seiler et al., 2010; Wilkerson and Hayes, 2010).
Gene set variation analysis of KEGG pathways and calculation of VEGFR score
Gene set variation analysis (GSVA) algorithm was applied for investigating pathway variations among different m6A modification patterns via the “GSVA” package (Hanzelmann et al., 2013). The KEGG pathways in the MSigDB database (http://www.gsea-msigdb.org) were downloaded for GSVA analysis. The genes VEGR1-3 are the targets of anti-angiogenic drugs Regorafenib, Lenvatinib, Sorafenib, and Donafenib, which may indicate the therapeutic effect. And the VEGFR score was estimated by Gene set variation analysis (GSVA) based on VEGR1-3 gene expression.
Estimation of immune cell infiltration by ssGSEA, MCPCOUNT, and TIMER 2.0 algorithm
The fraction of infiltration immune cells was evaluated by the single-sample GSEA (ssGSEA) algorithm via the “GSVA” package, in which 28 immune cell types were identified by specific feature gene markers curated from previous studies (Charoentong et al., 2017; Jia et al., 2018). The ssGSEA enrichment score represents the relative abundance of each type of immune cell, and the unit distribution is normalized from 0 to 1. MCPCOUNT was employed to estimate the fraction of endothelial cells, fibroblasts, and 8 immune cell subsets with the mRNA transcriptome profiles (Becht et al., 2016). Tumor Immune Estimation Resource (TIMER 2.0; cistrome.shinyapps.io/timer) was used to estimate the molecular features of 6 immune cell subsets (Li et al., 2017).
Identification of m6A-related different expression genes
The previous algorithm “PAM” was employed to classify HCC patients into three different m6A modification clusters. The “limma” package was performed to evaluate DEGs in HCC samples, and the “heatmap” package was used for describing the expression landscape of DEGs among three different m6A clusters. Adjusted p value < 0.001 was considered the significant criterion for identifying DEGs.
Construction of a prognosis signature based on m6A-related DEGs
A total of 370 TCGA-LIHC samples with completed survival information were randomly divided into the TCGA training and TCGA testing cohorts via the “caret” package. The mRNA expression of 420 m6A-related DEGs was extracted from the TCGA training, TCGA testing, and GSE76427 cohorts. The process and outcome of the univariate-Cox, lasso-Cox, and multivariate-Cox regression analysis were performed via “survival” and “glmnet” packages. The m6A-related DEGs with a remarkable prognostic value (p < 0.05) were filtrated. In the multivariate Cox regression analysis, the m6A-related prognosis signature (termed as m6Asig-Score) was expressed as follows: m6Asig-Score = [image: image]. The optimal cutoff value of m6Asig-Score was selected by the “surv_cutpoint” function of “survival” package, and the patients in the TCGA training cohort were classified into the high- and low-m6Asig-Score groups. The TCGA testing and GSE76427 cohorts were also assigned into high- and low-m6Asig-Score groups by the same cutoff value. The Kaplan–Meier survival curves and time-ROC curves were performed via “survminer” and “survivalROC” packages.
Genomic and clinical data of the immunotherapeutic cohorts
We systematically explored the publicly obtained immunotherapeutic cohort, which contained gene expression profiles and integral clinical information. Two immunotherapeutic cohorts (IMvigor210 cohort and Liu et al. cohort) were finally enrolled in this study. The IMvigor210 cohort (Mariathasan et al., 2018) contained 348 metastatic urothelial carcinoma patients with Atezolizumab (anti-PD-L1 mAb) therapy and Liu et al. cohort (Liu et al., 2019) incorporated 121 melanoma patients with anti-PD-1/PD-L1 therapy. The transcriptome profiles of two immunotherapeutic cohorts were transformed into the TPM before further analysis.
Distribution of 5 hub genes in HCC single immune cells sequencing dataset
The GSE140228 cohort (Zhang et al., 2019)contained single-cell RNA sequencing of CD45+ immune cells from tumor tissue, peritumoral normal liver tissue, blood, and ascites in HCC patients. The corresponding sequencing data and the sample annotation information were downloaded in “https://www.ncbi.nlm.nih.gov/geo/”. The packages “Celldex” and “SingleR” (Aran et al., 2019) were used to annotate cell types based on reference cell markers, and to present the expression landscapes of 5 hub genes in different sites and immune cell subpopulations of HCC patients.
Estimation of anti-angiogenic drugs IC50 and the immune response biomarkers: IPS, TIS and TIDE
To explore the prediction of m6Asig-Score in anti-angiogenic drugs sensitivity. We performed Spearman correlation analysis between m6Asig-Score and the IC50 of Sorafenib, Erlotinib, Lapatinib, Dasatinib, and Pazopanib. The IC50 of anti-angiogenic drugs in GDSC (Genomics of Drug Sensitivity in Cancer) database, which contained a large panel of cancer cell lines, was calculated by the “pRRophetic” package (Geeleher et al., 2014). Immunophenoscore (IPS) is a powerful biomarker for predicting immunotherapy response, which was used to estimate the determinants of tumor immunogenicity based on four panels of immune-related molecules: MHC, immune checkpoints, effector cells and suppressor cells (Charoentong et al., 2017). The IPS data of TCGA-LIHC cohort were downloaded from the Cancer Immunome Atlas (https://tcia.at/). Tumor Inflammation Signature (TIS), an 18-gene signature, which symbolizes the presence of a suppressed adaptive immune response, was evaluated to predict anti-PD-1(pembrolizumab) therapy benefit, (antigen presentation, and IFN gamma and cytotoxic cells) in the TME (Danaher et al., 2018). In addition, Tumor Immune Dysfunction and Exclusion (TIDE) was applied to survey two different tumor immune escape mechanisms, cytotoxic T lymphocytes (CTLs) dysfunction and immunosuppressive factor rejection of CTL (Jiang et al., 2018). Patients with higher TIDE scores were more likely to escape anti-tumor immunity, thereby achieving lower effectiveness of Immunotherapy.
Statistical analyses
This study performed R-4.0.2 for statistical analyses. Student’s t-test or Wilcoxon rank-sum test were used to estimating the statistical significance of two groups’ comparisons (normally or non-normally distributed variables). For comparisons among three groups, the one-way ANOVA analysis and Kruskal–Wallis tests were applied as nonparametric and parametric methods (Hazra and Gogtay, 2016). Kaplan-Meier survival analysis was utilized to explain the prognosis association of distinct m6A modification patterns, m6Asig-Score, and the 5 hub genes expression. The mutation landscape of two m6Asig-Score subgroups was presented through the R package “maftools” (Mayakonda et al., 2018). The CNV landscape in human chromosomes of 26 m6A regulators was adopted by the “RCircos” package (Zhang et al., 2013). The test was bilateral, and p < 0.05 was considered significant, and the adjusted p-value (FDR, false discovery rate) was used for multi hypothesis test (Ferreira, 2007).
RESULTS
Multi-omics characteristic landscapes of 26 m6A regulators in HCC
The overview of this work was shown in Figure 1. In this study, we determined 26 m6A regulators, including 15 readers (EIF3A, ELAVL1, FMR1, HNRNPA2B1, HNRNPC, IGF2BP1-3, LRPPRC, RBMX, YTHDC1/2, YTHDF1-3), 9 writers (CBLL1, METTL3/14/16, RBM15/15B, VIRMA, WTAP and ZC3H13) and 2 erasers (ALKBH5 and FTO). Metascape analyses showed that 26 m6A regulators were markedly enriched in RNA methylation, RNA stability, and C-complex spliceosome pathways (Figure 2A). In the TCGA-LIHC cohort, we explored the somatic mutation landscape of 26 m6A regulators. The results showed that 35 of 361 (9.7%) HCC samples experienced somatic mutations, primarily including missense mutations, nonsense mutations, and splice site mutations (Figure 2B). The CNV landscape of 26 m6A regulators revealed that VIRMA, HNRNPC, METTL3, IGF2BP2, and YTHDF3 showed widespread CNV amplification, while ZCH13, YTHDF2, WTAP, ELAVL1, METTL16, and EIF3A presented a tendency to CNV deletions (Figure 2C). Further analysis demonstrated that IGF2BP1-3, METTL16, METTL3, RBMX, RBM15B, and VIRMA were significantly upregulated, whereas ALKBH5, CBLL1, EIF3A, METTL14, YTHDC1, and ZC3H13 were significantly downregulated (Figure 2D). We further explored the association between 26 m6A regulators and the prognosis of HCC patients through univariate Cox analysis. The forest-plot of disease-free survival (DFS) and overall survival (OS) showed that the ALKBH5 was significantly associated with better DFS and OS and could be recognized as a protective factor, while the IGF2BP2 was a risk factor and related to worse DFS and OS (Supplementary Figures S1A,B). The above analyses demonstrated a high heterogeneity of the multi-omics alteration landscape for 26 m6A regulators, which presented the crucial role of m6A regulators in HCC relapse and progression.
[image: Figure 2]FIGURE 2 | Multi-omics characteristic landscapes of 26 m6A regulators and relevant biological pathway of m6A modification pattern in HCC. (A) The intra-clusters similarities of 26 m6A regulators were visualized by the metascape enrichment network, and the cluster annotations were presented with color code, including methylation, stability, and C complex spliceosome. (B) Genetic mutations landscape of 26 m6A regulators was found in 35of the 361 HCC patients, with a frequency of 9.7%, and the mutation frequency of each regulator were shown on the right. (C) The bar plot indicated the CNV alterations frequency of regulators in the TCGA-LIHC cohort. The amplification frequency was presented in pink dot, and the deletion frequency was in green dot. (D) The transcriptome landscape of regulators between normal and HCC samples in TCGA-LIHC cohort. The statistical p-value was showed by the asterisks above (ns, p > 0.05; *p < 0.05; **p < 0.01; ***p < 0.001). (E) The interaction of expression on 24 m6A regulators were sequenced in both TCGA and GSE76427 HCC cohorts. The 24 m6A regulators were depicted into three RNA modification types by the left half of circle in different colors. Erasers, red, Readers, yellow; Writers, blue; and the lines connecting each m6A regulator represented their interaction with each other. The size of each circle was referring to the overall survival (OS) p–value. The green dot on the right half of circle indicated favorable factors for HCC prognosis, while the purple dot represented risk factors. (F) Kaplan-Meier curves of overall survival (OS) for merged HCC cohorts (TCGA-LIHC and GSE76427 cohorts) among three distinct m6A clusters. The numbers of patients in m6Aclusters A, B and C phenotypes are 159, 151, and 175, respectively (Log-rank test, p < 0.05). (G) Heatmap indicated the significant KEGG pathways curated from MSigDB in m6Acluster A vs. m6Acluster B.
Identification of m6A-related modification patterns and relevant biological pathway
TCGA-LIHC cohort and GSE76427 cohort with available survival data were enrolled in this study. Among 26 m6A regulators, METTL16 and VIRMA were not annotated in the GSE76427 cohort. The comprehensive interaction network of 24 m6A regulators illustrated the prognostic significance and their cross-talks in HCC patients (Figure 2E). Furthermore, we performed a consistent cluster analysis of medoid (PAM) and determined three disparate m6A-related modification patterns based on the expression of 24 m6A regulators (Supplementary Figures S2A–E). Three m6A-related modification patterns termed as the m6Acluster-A (n = 159), m6Acluster-B (n = 151) and m6Acluster-C (n = 175). The patients in m6Acluster-A dominated better overall survival, while the m6Acluster-C had the worst prognosis (p = 0.047, log-rank test). Moreover, the principal component analysis (PCA) demonstrated that m6A-related patterns were completely distinguished among three distinct m6Aclusters (Supplementary Figure S2F). We also noticed that YTHDC2, and ZC3H13 were significantly increased in the m6Acluster-A subtype; IGF2BP1, IGF2BP2, IGF2BP3, CBLL1, RBMX, METTL3 and RBM15B were significantly elevated in the m6Acluster-C subtype; and the m6Acluster-B subtype shared intermediate expression in most 26 m6A regulators (Supplementary Figure S3A). We further explored the biological behaviors of three distinct m6A-related patterns via GSVA analysis. The heatmap showed that m6Acluster-A enriched with immune activation including T cell receptor, NOD-like receptor, and Toll-like receptor signaling pathways (Figure 2G). The m6Acluster-B associated metabolic reprogramming pathways such as the PPAR signaling pathway and glycerolipid metabolism pathway (Supplementary Figure S3B). Whereas the m6Acluster-C was prominently related to the cell cycle pathway and base excision pathway (Supplementary Figure S3C).
Immune and angiogenesis microenvironment characteristics in three m6A-related modification patterns
Immune cell infiltration analyses demonstrated that the m6Acluster-A enriched active immune cells, such as CD8+ T cells and eosinophils. The m6Acluster-C was enriched in innate immune cells, such as CD4+ T cell, Type 2 T helper cell, and myeloid dendritic cell, but lower in eosinophil (Figure 3A). We further confirmed the immune cell infiltration characteristics with MCPCOUNT and TIMER2.0. The CD4+ T cell, monocyte/macrophage, and myeloid dendritic cell were remarkably enriched in m6Acluster-C (Figures 3B,C). Angiogenesis microenvironment characteristics analyses showed that FGFR-related and VEGF-related genes expression were significantly enhanced in m6Acluster-C (Figure 3D). However, the patients in m6Acluster-C did not exhibit a matching prognostic benefit in Figure 2F. The previous study showed that tumors with immune exclusion phenotypes also showed abundant immune cells distributed in the stroma circumambient tumor cell nests (Chen and Mellman, 2017). Therefore, we assumed that stromal and angiogenesis activation in m6Acluster-C may inhibit the anti-tumor effect of immune cells.
[image: Figure 3]FIGURE 3 | Immune and angiogenesis microenvironment characteristics in distinct m6A modification patterns. (A) The fraction of TME cells in three distinct m6A-related patterns. (B,C) The abundance of tumor-infiltrating immune cells in three m6A-related patterns were calculated via MCPCOUNT and TIMER2.0 algorithm. B, CIBERSORT; C, TIMER2.0. (D) The abundance of each 21 vascular-related gene expression in three m6A-related patterns. The top and bottom of the boxes manifested the value of the interquartile range, and the lines in the boxes represented median value. The fraction of TME infiltrating cells among three m6Acluster were compared via the Kruskal–Wallis H test, and gene expression difference was compared via the one-way ANOVA test.
Construction of a prognosis signature base on m6A-related DEGs
In total, we identified 420 significant m6A-related DEGs (different expression genes) and as shown in the Venn diagram (Figure 4A, adjusted p < 0.05). We further explored the GO enrichment analysis, and the result showed that 420 DEGs were mostly enriched in immune response pathways (Figure 4B). In the TCGA-LIHC training cohort, 61 of 420 DEGs were selected through univariate Cox, and 10 of 61 DEGs were further screened by the lasso-Cox regression algorithm (Figures 4C,D). Finally, 5 prognostic-related hub DEGs were identified by multivariate Cox regression analysis, The forest-plot showed the hazard ratio of 10 lasso genes and 5 hub genes (Figures 4E,F). Kaplan-Meier analysis indicated that the patients with high expression of B2M and LCAT were significantly related to poor prognosis (Supplementary Figures S4A,D; both p < 0.05, Log-rank test), while high expression of DPH2, SMOX and TLL2 indicated better prognosis (Supplementary Figures S4G,J,M; all p < 0.05, Log-rank test). And the prognosis value of B2M, DPH2 and TLL2 were confirmed in the TCGA-LIHC testing cohort and GSE76427 cohort (Supplementary Figures S4B,C,H,I,K,L; all p < 0.05, Log-rank test). While the prognosis of LCAT in GSE76427 cohort (Supplementary Figure S4F; p = 0.462, Log-rank test) and TLL2 in TCGA-LIHC testing (Supplementary Figure S4N; p = 0.680, Log-rank test) and GSE76427 cohorts (Supplementary Figure S4O; p = 0.158, Log-rank test) did not have a significant difference, which may due to tumor heterogeneity and the samples selection differences.
[image: Figure 4]FIGURE 4 | Construction of a prognosis signature based on m6A-related differential expression genes. (A) The Venn diagram indicated 420 m6A-related DEGs among three m6A-related clusters. (B) GO enrichment analysis for 137 m6A-related and prognosis significant DEGs. The dot size indicated the counts of genes enriched, and the dot color manifested the p value. (C,D) Lasso coefficient profiles and optimal parameter (lambda) selection used 5-fold cross-validation. A coefficient profile plot was produced against the log(lambda) sequence. The partial likelihood deviance (binomial deviance) curve was plotted versus log(lambda). Dotted vertical lines were drawn at the optimal values by using the minimum criteria and the 1-SE of the minimum criteria. Abbreviations: SE, standard error. (E,F) The Cox forest-plots of 10 Lasso genes and 5 multivariate Cox genes in the TCGA-LIHC training cohort.
We further constructed a prognosis signature termed as m6Asig-Score to predict the prognostic risk of HCC (details in Methods). The m6Asig-Score, survival time, alive status and the heatmap of 5 hub genes expression of HCC were exhibited in Figures 5A–I. The patients with increasing m6Asig-Score had a high fraction of death status, and high expression of DPH2, SMOX, TLL2, AND low expression of LCAT and B2M. The optimal cutoff value of m6Asig-Score was selected by the “surv_cutpoint” function of “survival” package, and the patients in the TCGA-LIHC training, TCGA-LIHC testing, and GSE76427 cohorts were classified into high m6Asig-Score and low m6Asig-Score groups. In the TCGA-LIHC training cohort, the Kaplan-Meier survival analysis indicated patients with low m6Asig-Score were probably led to a better prognosis than patients with low m6Asig-Score (Figure 5J, p < 0.001, Log-rank test), and the result was confirmed in TCGA-LIHC testing and GSE76427 cohorts (Figures 5K,L, both p < 0.001, log-rank test). In the TCGA-LIHC training cohort, the ROC curve analysis exhibited that the AUC values of 1-, 2-,3-, and 5-year survival was 0.760, 0.775, 0.816, and 0.721, respectively (Figure 5M). And similar results were found in TCGA-LIHC testing and GSE76427 validation cohorts (Figures 5N,O).
[image: Figure 5]FIGURE 5 | Estimation and validation of m6A significant score (m6Asig-Score). (A–C) The assessment of risk for m6Asig-Score in three distinct HCC cohorts, different colors of curves represented risk score. High risk was presented in tomato, and low risk was in green. (D–F) The plots of different colors and locations represented OS status and survival time in three HCC distinct cohorts. Blue, dead; green, alive. (G–I) The heatmap indicates 5 hub genes expression between high and low m6Asig-Score in three distinct HCC cohorts. (J–L) Kaplan-Meier analysis of overall survival (OS) for high and low m6Asig-Score groups in three distinct HCC cohorts. (M–O) Time-ROC curves of 1-, 2-,3-, and 5-year OS in three distinct HCC cohorts.
Relevance exploration of m6Asig-Score with clinical features and tumor somatic mutation
A total of 485 HCC patients were classified into the high m6Asig-Score and low m6Asig-Score groups based on the optimal cutoff value of m6Asig-Score (high group includes 138 patients and low group includes 347 patients). The patients with low m6Asig-Score led a better prognosis than patients with high m6Asig-Score in the total cohort as well as in different age (60 and above) and TNM stage (I/II and III/IV) subgroups (Figure 6A, Supplementary Figures S5A–D; all p < 0.001, Log-rank test). The alluvial diagram explained the analysis workflow of m6Aclusters, m6Asig-Score, TNM stage, and survival status (Figure 6B). And the consequences showed that m6Acluster-C exhibited a higher m6Asig-Score, advanced TNM stage and higher dead risk. Nevertheless, m6ACluster-A was associated with lower m6Asig-Score, early TNM stage and alive status. The m6Acluster-C exhibited the m6Asig-Score (Figure 6C, p < 0.001, Wilcoxon rank-sum test). Besides, the m6Asig-Score of patients in TNM stage II and III/IV was significantly higher than patients in TNM stage I (Figure 6D, p < 0.001, Wilcoxon test), and the m6Asig-Score of patients in dead status was also significantly higher than patients in alive status (Figure 6E, p < 0.001, Wilcoxon rank-sum test). The somatic mutation landscapes illustrated that the somatic mutation rates of TP53 (40% vs. 15%), OBSCN (11% vs. 5%) and FAT3(11% vs. 4%) were significantly higher in the high m6Asig-Score subgroup than in low m6Asig-Score subgroup (Figure 6F, p < 0.05, Fisher’s exact test). These data indicated the potentially complex interaction between the prognosis signature m6Asig-Score and HCC somatic mutations.
[image: Figure 6]FIGURE 6 | Relevance exploration of m6Asig-Score with clinical features and tumor somatic mutation. (A) Overall survival Kaplan-Meier analysis for high and low m6Asig-Score groups in merged HCC cohort (p < 0.001, Log-rank test). (B) The Alluvial diagram explained the analysis workflow of m6Acluster, m6Asig-Score, TNM stages and survival status. (C–E) The m6Asig-Score was compared among distinct m6Acluster, TNM stage and OS status. (F) The tumor somatic mutation waterfall between high m6Asig-Score (left) and low m6Asig-Score (right) subgroup in the TCGA-LIHC cohort. The upper number of the bar plot indicated tumor mutation burden (TMB), and the right number showed mutation frequency.
We further evaluated the TIME cell infiltration between two m6Asig-Score subgroups. The low m6Asig-Score subgroup was remarkably enriched in adaptive immune cells, such as activated CD8+ T cell, activated B cell, eosinophil, natural killer cell and Th 1 cell. While the high m6Asig-Score group was enriched in innate immune cells, such as CD4+ T cells, immature dendritic cells and Th 2 cells (Supplementary Figure S6A). Furthermore, we compared the RNA expression levels of 21 vascular-related genes between two m6Asig-Score subgroups. In the low m6Asig-Score subgroup, the VEGFR1-3 were significantly highly expressed, while the FGFR 1, FGFR 3, PDGFRL, VEGFA, and VEGFB were significantly low expressed (Supplementary Figure S6B). The results were confirmed in the correlation between m6Asig-Score and known TME signatures and the expression of vascular-related genes (Supplementary Figures S6C,D).
The potential of m6Asig-Score in predicting immunotherapeutic and anti-angiogenic therapy response
ICIs treatments represented by PD-1/PD-L1 inhibitors have made a great break in cancer treatment. As well as PD-L1, TMB, and MSI (Chen et al., 2019a; Chen et al., 2019b), the IPS, TIS, and TIDE were recently identified and widely applied to predict the immune response (Charoentong et al., 2017; Danaher et al., 2018; Jiang et al., 2018). Likewise, our study indicated that the TIS and IPS were markedly elevated in the low m6Asig-Score subgroup, and TIDE (Exclusion, MDSC, and M2) was prominently decreased in the low m6Asig-Score subgroup (Figures 7A–C, all p < 0.001). Furthermore, we investigated the capability of m6Asig-Score in predicting patients’ response to immunotherapeutic in two independent cohorts (IMvigor210 cohort and Liu et al. cohort). The results showed that patients in the IMvigor210 cohort with low m6Asig-Score presented significant prolong overall survival probability (Figure 7D, p < 0.001, Log-rank test), and the m6Asig-Score was significantly higher in CR/PR (complete response or partial response) patients than that in SD/PD (stable disease or progressive disease) patients (Figure 7E, p < 0.001, Wilcoxon test). And similar results were also found in Liu et al. cohort (Figure 7F, p < 0.001, log-rank test; Figure 7G, p = 0.019, Wilcoxon test).
[image: Figure 7]FIGURE 7 | Prediction of m6Asig-Score in immunotherapy and anti-angiogenic therapy. (A–C) The relative distribution comparison of TIS (A), IPS (B) and TIDE (C) between high m6Asig-Score and low m6Asig-Score groups. (D) Kaplan-Meier analysis between high m6Asig-Score and low m6Asig-Score groups in IMvigor210 cohort (p < 0.001, Log-rank test). (E) The comparison of m6Asig-Score between SD/PD and CR/PR two groups in IMvigor210 cohort. (F) Kaplan-Meier analysis between high m6Asig-Score and low m6Asig-Score groups in Liu. cohort (p = 0.002, Log-rank test) (G) The comparison of m6Asig-Score between SD/PD and CR/PR two groups in Liu. cohort. (H) Spearman correlations analysis between sorafenib-IC50 and m6Asig-Score. (I) Overall survival Kaplan-Meier curves for high VEGFR-score and low VEGFR-score groups in the merged HCC cohort (p = 0.003, Log-rank test). (J) Kaplan-Meier survival analyses for patients stratified by m6Asig-Score and VEGFR-score. H, high; L, Low; Ve., VEGFR; m6A., m6Asig-Score (p < 0.0001, Log-rank test).
To further explore the sensitivity prediction of m6Asig-Score in anti-angiogenic drugs. We performed Spearman correlation analysis between m6Asig-Score and the IC50 of Sorafenib and Pazopanib. The outcome indicated that m6Asig-Score was significantly positively correlated with the IC50 of Sorafenib and Pazopanib (Figure 7H and Supplementary Figure S7A, both p < 0.05, Spearman correlation test). This finding indicated that patients with low m6Asig-Score, were more likely to benefit from anti-angiogenic therapy.
We further explored the correlation between 5 hub genes and Sorafenib targeted genes. The heatmap showed that B2M significantly correlated with VEGFR1/2, while SMOX negatively correlated with VEGFR1-3 (Supplementary Figure S7B, p < 0.01, Spearman correlation test). The VEGR1-3 are the targets of anti-angiogenic drugs such as Sorafenib, Regorafenib and Lenvatinib, which may indicate the therapeutic effect. We further explored the correlation between vascular-related gene signatures and the IC50 of anti-angiogenic drugs. Our results revealed that m6Asig-Score significantly negatively correlated with the angiogenesis and VEGFR signatures, and positively correlated with the FGFR signature (Supplementary Figure S8A). And the VEGR and FGF signatures were significantly negatively correlated with the IC50 of Sorafenib (Supplementary Figures S8B,C; all p < 0.05, Spearman correlation test). The PDGFR and VEGF signatures significantly positively correlated with the IC50 of Sorafenib (Supplementary Figures S8D,E; all p < 0.05, Spearman correlation test). The FGFR, PDGF and angiogenesis signatures have no significant correlation (Supplementary Figures S8F–H; all p < 0.05, Spearman correlation test). These findings indicated that the VEGFR signature can predict the efficacy of the anti-angiogenic drug Sorafenib therapeutic. As expected, we found that the patients with high VEGFR signature presented a prolonged survival time (Figure 7I, p = 0.004, Log-rank test), and the patients with both high VEGFR signature and low m6Asig-Score exhibited a prominent survival benefit (Figure 7J, p < 0.001, Log-rank test). To sum up, our findings convincingly demonstrated that the m6Asig-Score was a powerful biomarker for predicting the immunotherapeutic and anti-angiogenic responses to HCC.
The potential mechanism of 5 hub genes in immunotherapeutic and anti-angiogenic therapy.
To explore the potential mechanism of 5 hub genes in immunotherapeutic and anti-angiogenic therapy. We first explored the correlation between 5 hub genes and immune cell infiltration. The correlation heatmap showed that the expression of B2M is significantly positively correlated with activate immune cells, such as M1 macrophages, CD8+ T cells, and gamma delta (γδ) T cells. And the expression of SMOX is significantly positively correlated with suppressive immune cells (Figure 8A, p < 0.01, Spearman correlation test). As expected, the patients in IMvigor210 and Liu et al. cohorts with high B2M expression presented significant prolong overall survival probability (Figures 8B,C; all p < 0.05, Log-rank test), and the patients with high SMOX led to poor immunotherapeutic benefit (Figures 8D,E; all p < 0.05, Log-rank test). In addition, the expression of B2M is significantly positively correlated with angiogenesis and VEGFR signatures, while SMOX is significantly positively correlated with PDGFR, VEGFR and FGFR signatures (Figure 8F, p < 0.01, Spearman correlation test). As expect, the expression of B2M were significantly positively correlated with Sorafenib-IC50 (Figure 8G, R = −0.32, p < 0.01, Spearman correlation test), and the expression of SMOX were significantly negatively correlated with Sorafenib-IC50 (Figure 8G, R = 0.11, p < 0.01, Spearman correlation test).
[image: Figure 8]FIGURE 8 | Potential mechanism of 5 hub genes in immunotherapy and anti-angiogenic therapy. (A) correlation heatmap between 5 hub genes and 22 infiltration immune cells. (B,C) Overall survival Kaplan-Meier analysis between patients with high and low B2M expression in IMvigor210 cohort (B) and Liu et al. Cohort (C). (D,E) Overall survival Kaplan-Meier analysis between patients with high and low SMOX expression in IMvigor210 cohort (D) and Liu et al. Cohort (E). (F) correlation heatmap of between 5 hub genes and the known vascular gene signatures score. (G,H) Correlation scatter plot of Sorafenib-IC50 and the expression of B2M (G) and SMOX (H). (I) The t-SNE plot of immune cell clusters in GSE140228 single immune cell cohort. (J,K) B2M expression in the t-SNE plot (J) and violin plot (K). (L,M) SMOX expression in t-SNE plot (L) and violin plot (M).
We further explored the distribution of 5 hub genes in single immune cells from tumor tissue, peritumoral normal liver tissue, blood, and ascites of HCC patients. Figure 8I presented the t-SNE plot of immune cell clusters in the GSE140228 single immune cell cohort. The t-SNE plot and violin plot showed that B2M was over-expressed in most immune cells (Figures 8J,K), while the SMOX was down-expressed (Figures 8L,M). Similar results were found in tumor tissue, peritumoral normal liver tissue, blood and ascites, respectively (Supplementary Figures S9A–L). The patients in IMvigor210 and Liu et al. cohorts with high expression of DPH2 were associated with immunotherapeutic benefits (Supplementary Figures S10A,B; all p < 0.05, Log-rank test), but the expression of LCAT and TLL2 were not significantly associated with immunotherapeutic response (Supplementary Figures S10D–E,G,H; all p > 0.05, Log-rank test). Besides, the expression of DPH2 was not significantly correlated with Sorafenib-IC50 (Supplementary Figure S10C, p = 0.9, Spearman correlation test), and the expression of LCAT was significantly negatively correlated with Sorafenib-IC50 (Supplementary Figure S10F, R = −0.25, p < 0.001, Spearman correlation test), and the expression of TLL2 were significantly positively correlated with Sorafenib-IC50 (Supplementary Figure S10I, R = 0.15, p < 0.001, Spearman correlation test).
DISCUSSION
In the present study, we elaborated on the relevance in terms of m6A modification and the immune microenvironment of liver cancer. First, we identified three distinct m6Aclusters with different tumor microenvironment. The m6Acluster-A was classified as an immune-inflamed phenotype with lymphocyte infiltration, which may predict a better immune response (Galon and Bruni, 2019). The m6Acluster-B was classified as an immune-desert phenotype, and m6Acluster-C was classified as an immune-excluded phenotype with stromal activation. We subsequently constructed a 5 genes prognosis signature termed as “m6Asig-Score” to evaluate the overall survival risk of individual HCC patients. As expected, the m6Asig-Score in immune-excluded and immune-desert phenotypes was high, as opposed to immune-inflamed phenotype. Further analyses illustrated that the high m6Asig-Score was associated with poor prognosis and advanced TNM stage, suggesting that the m6Asig-Score may serve as a new potential prognostic marker. Of note, the alteration of TP53 at a higher frequency and poorer immune response was also detectable in the high m6Asig-Score group, consistent with the previous study that TP53 gene mutation could down-regulated HCC immune response (Long et al., 2019). Besides, we discovered a clear correlation between the m6Asig-Score and immunotherapy response predictors such as IPS, TIS and TIDE (Charoentong et al., 2017; Danaher et al., 2018; Jiang et al., 2018), and validated it in two independent immunotherapy cohorts. Nowadays, anti-angiogenic drugs (VEGF inhibitors) combined with immune checkpoint inhibitors have become the first-line treatment against advanced HCC. Interestingly, the m6Asig-Score had a significant negative correlation with the VEGFR signature (details in method) as well as the sensitivity of anti-angiogenic drugs. And patients with H-VEGFR signature and L-m6Asig-Score presented the best survival benefit. This coincides with the combination strategies of immunotherapy and anti-angiogenic therapy in advanced HCC.
We further found that two of five m6Asig-Score inner genes, B2M and SMOX, were associated with immune cell infiltration, immune response, and sensitivity to sorafenib. B2M, as a crucial ingredient of MHC class I–mediated antigen presentation by tumor cells, has been announced to be presented in immune cells (Pereira et al., 2017; Wang et al., 2021). It is noteworthy that the alteration of B2M gene could prevail in the emergence of T-cell-based immunotherapy resistance (Riaz et al., 2017; Hellmann et al., 2018). On the contrary, the B2M with increased expression correlated with a more predominant immune response along with survival benefits (Martinez-Morilla et al., 2021). In our study, the patients with high B2M expression were enriched in CD8+ T cell infiltration and associated with better sorafenib sensitivity, which prompted better immune and anti-angiogenic efficacy. Similarly, our study also showed that the patients with high B2M expression were dominated by CD8+ T cell infiltration and exhibited higher sorafenib sensitivity, which prompted better immune and anti-angiogenic efficacy. SMOX is generally a critical polyamine catabolic enzyme, by which the polyamine spermine can be metabolized into spermidine plus H2O2, giving rise to inflammation and carcinogenesis (Gobert et al., 2018; Sierra et al., 2020). Several studies denoted that the SMOX was overexpressed and accelerated tumor growth in HCC or NSCLC patients (Hu et al., 2018; Huang et al., 2021). In our study, the patients with high SMOX were enriched in regulatory T cell (Tregs) infiltration and associated with disappointing sorafenib sensitivity, which prompted poor immune and anti-angiogenic efficacy.
Although we systematically reviewed the literature and selected 26 m6A methylation regulators, more new finding regulators should be incorporated to enhance our understanding of m6A methylation modification. The HCC cohorts in our study were collected from public datasets, which lacked clinical and sub-clinical information on sorafenib efficacy. In addition, in the absence of appropriate HCC immunotherapy datasets, we hope that two metastatic urothelial carcinoma and melanoma immunotherapy cohorts could verify the prediction of m6Asig-Score, and strengthen our findings. The m6Asig-Score was significantly negatively correlated with anti-angiogenic drug sensitivity.
CONCLUSION
All in all, our study indicated that the m6Asig-Score, B2M, and SMOX may act as new potential biomarkers in predicting immunotherapeutic and anti-angiogenic therapy responses. There are still needed more prospective HCC cohorts under immune and anti-angiogenesis drugs treatment to validate our conclusions. And more clinicopathological characteristics should be considered to improve the prediction accuracy.
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Background

Immunological-related genes (IRGs) play a critical role in the immune microenvironment of tumors. Our study aimed to develop an IRG-based survival prediction model for hepatocellular carcinoma (HCC) patients and to investigate the impact of IRGs on the immune microenvironment.



Methods

Differentially expressed IRGs were obtained from The Genomic Data Commons Data Portal (TCGA) and the immunology database and analysis portal (ImmPort). The univariate Cox regression was used to identify the IRGs linked to overall survival (OS), and a Lasso-regularized Cox proportional hazard model was constructed. The International Cancer Genome Consortium (ICGC) database was used to verify the prediction model. ESTIMATE and CIBERSORT were used to estimate immune cell infiltration in the tumor immune microenvironment (TIME). RNA sequencing was performed on HCC tissue specimens to confirm mRNA expression.



Results

A total of 401 differentially expressed IRGs were identified, and 63 IRGs were found related to OS on the 237 up-regulated IRGs by univariate Cox regression analyses. Finally, five IRGs were selected by the LASSO Cox model, including SPP1, BIRC5, STC2, GLP1R, and RAET1E. This prognostic model demonstrated satisfactory predictive value in the ICGC dataset. The risk score was an independent predictive predictor for OS in HCC patients. Immune-related analysis showed that the immune infiltration level in the high-risk group was higher, suggesting that the 5-IRG signature may play an important role in mediating immune escape and immune resistance in the TIME of HCC. Finally, we confirmed the 5-IRG signature is highly expressed in 65 HCC patients with good predictive power.



Conclusion

We established and verified a new prognosis model for HCC patients based on survival-related IRGs, and the signature could provide new insights into the prognosis of HCC.





Keywords: hepatocellular carcinoma, immune-related genes, prognosis model, immune infiltration, risk score



Introduction

Primary liver cancer is the third most common cause of cancer mortality worldwide (1). Hepatocellular carcinoma (HCC) is the most common type, accounting for approximately 75% of liver cancers (2). Despite significant advancements in HCC diagnosis and treatment, the 5-year survival rate remains poor (3). The most frequent scoring methods used to predict the prognosis of HCC patients and aid in the selection of treatment strategies include TNM staging, liver function prediction, and other scoring systems (4, 5). However, these conventional predictors are non-specific (6, 7) with unstable predictive power. Furthermore, the severity of the disease cannot be determined accurately since clinical indicators are hard to detect in most HCC patients in the early stages (8). Therefore, establishing reliable molecular biomarkers is critical for predicting HCC prognosis and treatment.

Immune-related genes (IRGs) might be one such essential mechanism in HCC that deserves attention. Immunogenomic classification can distinguish the immune status of HCC patients, which could impact the prognosis of the patients with HCC (9, 10). A prognostic model was conducted by Li R. et al (11), who reported the IRG-based signature that can enhance the prognostic assessment of non-small cell lung cancer. A prognostic signature based on IRGs can also indicate the survival and immunotherapy response of HCC patients (12). CMTM7 and ORM2 as IRGs, CMTM7 acts as a tumor suppressor by inhibiting cell cycle progression in liver cancer (13), and ORM2 is closely associated with cancer-promoting pathways for liver cancer (14). Previous studies have confirmed that the tumor immune microenvironment (TIME) affects the promotion of immune tolerance and escape through various mechanisms and will affect the efficacy of ICIs (15, 16). Evidence suggests that the molecular mechanism underlying the immunological genomic is critical for the prognosis of HCC patients and their response to therapy (17, 18). IRGs may be biomarkers for predicting the prognosis and treatment response in HCC patients. However, little is known about the role of IRGs in HCC.

Various studies have recently revealed genetic indicators for predicting the prognosis of human tumors. The expression pattern of IRGs has been reported to be linked to the risk of developing HCC in individuals with hepatic cirrhosis (19). In hepatitis B virus (HBV)-related HCC patients, an immune score based on immune cell type shows promise as a possible marker to assess overall survival (OS) (20). Wang WJ et al. (21) developed a prognostic model using survival-related IRG to inform prognosis prediction and immunotherapy for HCC patients. A previous study found that 3 immune-related gene signatures (LPA, BIRC5 and ROBO1) could help predict the prognosis of HCC patients (22). Most previous prediction models about IRGs focused on all differentially expressed

genes, not specifically up-regulated genes. However, detecting high-expression markers in real-world clinical testing is easier and more accurate.

The present study aimed to establish a prognostic model by screening survival-related up-regulated IRGs from The Cancer Genome Atlas (TCGA) database and validated the model in the International Cancer Genome Consortium (ICGC) database. Further, we used bioinformatics methods to explore the relationship between the risk score model and immune infiltration. The prognostic model may predict the prognosis as well as provide useful information for selecting more specific immunotherapy in HCC patients.



Methods


Data collection

Transcriptome RNA-sequencing data and the clinical follow-up information of HCC patients were downloaded from the Genomic Data Commons Data Portal (TCGA) database and the International Cancer Genome Consortium (ICGC) database. Pretreatment of RNA-sequencing data involved the following: (1) removal of HCC patients without OS; (2) removal of recurring HCC samples; (3) and removal of genes with total counts less than 2 in the RNA-seq analysis. Overall, 371 cases of HCC and 50 nontumor tissues were selected from the TCGA database, while 230 cases of HCC were obtained from the ICGC database for external validation. Next, an immunology database and analysis portal (ImmPort) (https://immport.niaid.nih.gov) was used to identify IRGs.



Differential gene analysis

Differentially expressed genes between HCC and adjacent non-tumors were identified using the “DEseq2” R package (23) with criteria of (1) false discovery rate (FDR) p-value< 0.05 and (2) log2 |fold change| > 1.Then, all differentially expressed genes were filtered for IRGs.



Enrichment analysis and protein-protein interaction networks

The R package “clusterProfiler” was used to conduct a Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway enrichment analysis to investigate the putative biological mechanism of differentially expressed IRGs. In addition, the Protein-Protein Interaction Networks (PPI) was constructed to explore the interactions between IRGs by Cytoscape software. Correlation coefficients > 0.7 and p-value of<0.05 was selected as the threshold.



Construction and validation of the immune‐related signature for HCC

Patients with an OS of less than 30 days were excluded from the prognostic risk model to avoid the effect of irrelevant variables. The training set for the prognostic risk model contained the remaining 343 HCC samples from the TCGA dataset. To screen out the prognosis-related differentially expressed IRGs, univariate Cox regression analysis was used, and IRGs with a p-value of 0.05 was chosen for OS prediction. The prognosis-related differentially expressed IRGs were subjected to least absolute shrinkage and selection operator (LASSO) Cox regression analysis using the R “glmnet” package. The risk score model was calculated by weighting the estimated Cox regression coefficients. The prediction model’s risk score was calculated as follows:

	

where, exprIRGi is the standardized expression value of IRG, and coefi is the coefficient of IRG in multivariate Cox regression analysis.

Based on the median threshold for the risk score, the patients were separated into low-risk and high-risk groups. The differences in OS between the two groups were assessed using the Kaplan-Meier technique. The receiver operating characteristic (ROC) curve and the area under the curve (AUC) were used to measure the prediction capacity of the risk model. The external validation was conducted using 230 HCC samples with survival information in the ICGC dataset.



Clinical value of the prognostic signature

This study explored the clinical value of DEIRGs in the prediction model, the univariate and multivariate cox regression analyses were performed to estimate the independent effect of the risk score on the OS and clinical variables (age, sex, pathological T stage) of HCC patients.



Immune cell infiltration analysis

The proportions of immune and stromal cells were estimated using the ESTIMATE method (24). The “estimate” and “limma” R packages were used to calculate the immunological and stromal scores for each HCC sample. Variations in the quantity of tumor-infiltrating immune cells were checked with CIBERSORT (25, 26) for 22 categories of immune cells in the low-risk and high-risk groups. The expression of common immune checkpoint molecules was then compared between the low-risk and high-risk groups.



RNA-sequencing

To validate the expression levels of the model signature genes, we analyzed RNA sequencing data from tumor tissues and paired adjacent normal tissues of 65 HCC patients. Adjacent non-tumor tissues: the area of tissues 1cm~2cm beyond the edge of the lesion site. RNA sequencing was performed by Hepalos Bio. The raw sequencing reads were preprocessed by fastp v0.23.0 (27), and HISAT2 (Hierarchical Indexing for Spliced Alignment of Transcripts) (28) was used to align the transcriptome sequencing Reads to the reference genome, and HTSeq (29) was used for Reads Count calculation. Human samples were obtained from HCC patients in Guangxi Medical University Cancer Hospital after written informed consent was obtained. Patient survival information was obtained through the disease management follow-up system. The study protocol was approved (Approval Number: LW2022118) by the Ethics Committee of the Center of Guangxi Medical University Cancer Hospital.



Statistical analysis

For differential analysis, the “DEseq2” R package was used. LASSO regression analysis was performed using the “glmnet” R package to decrease OS prediction genes and avoid overfitting. Median survival and survival probability were calculated using the Kaplan-Meier method with the “ survivor” R package.The log-rank test was used to perform the Kaplan-Meier survival analysis. A univariate Cox regression analysis was utilized to identify genes associated with OS, and a multivariate Cox proportional hazard regression analysis was used to generate the prediction model. The prognostic significance of the risk score and other clinical-pathological features were evaluated using univariate and multivariate Cox regression analyses. ANOVA analysis was used to examine expression level in different pathological T stage.The correlation was performed by Pearson correlation analysis. Student t-tests were used to examine differences in the infiltration of immune cells between the two groups. Paired-samples t-test was used to compare the expression levels of the 5-IRGs in HCC tissues and adjacent normal tissues. All statistical tests were considered significant if the p-value was less than 0.05. R version 4.0.3 (R Foundation for Statistical Computing, Vienna, Austria) was used to perform all statistical analyses.




Results


Screening and identification of IRGs

Of the 371 HCC and 50 non-tumor tissue samples studied, 237 genes were up-regulated in tumors, and 164 genes were down-regulated using the specified thresholds of |log FC| > 1 and an FDR p-value< 0.05 (Figure 1).




Figure 1 | Differentially expressed IRGs in HCC. (A) Heatmap of IRGs between HCC and adjacent tissues in TCGA database. (B) The volcano plot of differential expression IRGs.





Function enrichment analysis and PPI

We applied a functional enrichment approach to identify 1,549 GO keywords and 74 significant KEGG pathways to explore the possible practical implications of the 401 differentially expressed IRGs. The dot plot (Figure 2A) depicts the top 30 enrichment GO analysis, whereas the barplot (Figure 2B) represents the principal 30 enrichment KEGG analysis. “Second-messenger-mediated signaling”, “external side of the plasma membrane,” and “receptor-ligand activity”, were the most abundant GO keywords. KEGG pathway enrichment analyses showed that these genes were associated with signaling pathways relevant to the immune system, including “Cytokine receptor interaction”, “Neuroactive ligand interaction”, and “Viral protein interaction with cytokine and cytokine receptor”. The PPI network clearly illustrates the regulatory relationship between these IRGs (Figures 2C–E).




Figure 2 | Gene functional enrichment analysis of differentially expressed IRGs. (A) The top 30 significant terms of GO function enrichment. BP biological process, CC cellular component, MF molecular function. (B) The top 30 significant terms of KEGG analysis.Protein–protein interaction network based on IRGs: all 401 DEIRGs (C), 237 up-regulated IRGs (D), 63 IRGs related to OS (E).





Establishment of an immune‐related prognostic signature for HCC

According to the univariate Cox regression analysis, 63 of the 237 up-regulated IRGs were considered to have a statistically significant relationship with the OS of HCC patients (Table S1). Next, the 63 differentially expressed IRGs were analyzed with LASSO-penalized Cox regression (Figures 3A, B). The most significant IRGs were considered risk factors for HCC and used to construct the prediction model (Table 1, Figure 3C). Based on the median of the risk scores calculated by the prediction model, all patients were divided into high-risk (n = 171) and low-risk (n = 172) groups. The risk score, survival status, and gene expression heatmap are shown in Figures 4A–C. According to the Kaplan-Meier analysis, patients in the high-risk group had a far poorer prognosis than those in the low-risk group (Figure 4D). The IRGs prognostic signature demonstrated high sensitivity and specificity for predicting the OS with AUC rates of 0.784, 0.720 and 0.697 at 1-year, 3-year and 5-year, respectively (Figure 4E).




Figure 3 | Establishment of Immune-related prognostic signature. (A) Screening of optimal parameter (lambda) at which the vertical lines were drawn. (B) Lasso coefficient profiles of the seventeen IRGs with non-zero coefficients determined by the optimal lambda. (C) The forest plot of multivariate cox analysis to develop a prognostic index based on 5 IRGs.




Table 1 | Multivariate Cox regression analyses of five IRGs in risk models in HCC.






Figure 4 | Construction of the immune-based prognostic risk signature in the TCGA cohort. (A) The risk score distribution of HCC patients. (B) Survival status and duration of patients. (C) Heatmap of the expression of the immune-related genes. (D) Survival curves for the low risk and high-risk groups. (E) Time-independent receiver operating characteristic (ROC) analysis of risk scores for prediction the OS in the TCGA dataset.





Validation of the immune-related prognostic signature for HCC

We verified the communalism-related signature using an independent verification dataset (ICGC series). According to the median risk score, 230 HCC patients were divided into high-risk (n=115) and low-risk (n=115) groups. Patients in the high-risk group demonstrated significantly poorer OS than those in the low‐risk group (Figure 5D). The predictive IRG risk scores, survival status, and gene expression heatmaps are displayed in Figures 5A–C. The 1-year, 3-year, and 5-year OS rates had AUCs of 0.783, 0.788, and 0.738, respectively (Figure 5E). Therefore, the predictive indicator was found to be trustworthy in the independent verification dataset.




Figure 5 | Validation of the immune-based prognostic risk signature in the ICGC cohort. (A) The risk score distribution of HCC patients. (B) Survival status and duration of patients. (C) Heatmap of the expression of the immune-related genes. (D) Survival curves for the low risk and high-risk groups. (E) Time-independent ROC analysis of risk scores for prediction the overall survival in the ICGC dataset.





Clinical value of the prognostic signature

Our evaluation of the independent prediction ability of the 5-IRG risk signature via univariate and multivariate Cox regression analyses of signature and other common prognostic factors showed that pathological grade and risk score were associated with OS in the univariate independent prognostic analysis in both datasets (Figures 6A, B). Pathological grade and risk score might be independent prognostic factors for survival in HCC patients (Figures 6C, D). The expression levels of SPP1, BICR5 and GLP1R differed among the different clinicopathological stages, while STC2 and RAET1E did not(Figure 7). Moreover, the overexpression of SPP1, BIRC5, STC2, GLP1R, and RAET1E was associated with a worse survival rate in HCC patients (Figure S1).




Figure 6 | Univariate and multivariate independent prognostic analysis of independent risk factors for OS in patients with HCC. Univariate (A) and multivariate (B) in the TCGA dataset. Univariate (C) and multivariate (D) in the ICGC dataset.






Figure 7 | Five IRGs mRNA expression in different pathological T stage in the TCGA cohort. (A) the expression of SPP1. (B) the expression of BIRC5. (C) the expression of STC2. (D) the expression of GLP1R. (E) the expression of ARET1E. *p<0.05; ** p<0.01; *** p<0.001; ns, not signifcant.





Correlation between IRGs and immune cell infiltration

Based on the ESTIMATE methodology, we analyzed the capability of the immune-related prognostic signature to predict the TIME by calculating the scores for both immune and stromal cells. According to the results, a higher risk score is associated with a higher immune score (Figure 8A). As a follow-up, the CIBERSORT method was used to gather data on the percentage of 22 types of immune cells and then examined the differences between the low-risk and high-risk groups (Figure 8B). The infiltration abundance of 22 types of immune cells differed between the risk groups, with M0 macrophages, regulatory T cells, and resting dendritic cells being more abundant in the high-risk group than in the low-risk group, and naive B cells, CD8+ T cells, and activated dendritic cells being less abundant (Figure 8C).




Figure 8 | Immune cell infiltration analysis. (A) The correlation of Risk score with ESTIMATE analysis in HCC. (B) Histogram of the proportion of 22 immune cells in HCC samples. (C) The expression of 22 immune cells in low-risk and high-risk groups based on the TCGA dataset. (D) Comparisons of immune regulatory molecules in low risk and high-risk groups. *p<0.05; ** p<0.01; *** p<0.001; ns, not signifcant.





Assessment of the immune checkpoint response in the risk subtypes of HCC patients

HCC samples from low-risk and high-risk groups were compared in terms of expression of the immune checkpoint molecules (PD-L1, CTLA-4, LAG3, LMTK3). Compared to low-risk HCC patients, high-risk HCC patients had greater levels of the immune checkpoint molecules, CTLA-4 and LMTK3, indicating that they may be more responsive to therapy using immune checkpoint inhibitors CTLA-4 and LMTK3 (Figure 8D).



External sample sequencing validation

To further validate the signature genes, their expression levels were measured using HCC tissues and adjacent normal tissues. The RNA sequencing data based on 65 HCC specimens were validated the given signature set of 5 IRGs (Figures 9A–E and Table S3). According to the median risk score, the two risk subgroups showed significantly different survival in 65 HCC patients (Figure 9F and Figure S2), demonstrating the prognostic model’s good discriminatory ability. Meanwhile, the prognostic model presented a good predictive power with AUC rates of 0.806, and 0.830 at 1-year, and 2-year, respectively (Figure 9G).




Figure 9 | Validation of five IRGs mRNA expression by RNA sequencing in 65 HCC patients. (A) the expression of SPP1. (B) the expression of BIRC5. (C) the expression of STC2. (D) the expression of GLP1R. (E) the expression of ARET1E. (F) Survival curves for the low risk and high-risk groups. (G) Time-independent ROC analysis of risk scores for prediction the OS.






Discussion

Because the tumor biology of each patient is unique, it is difficult to accurately predict the clinical outcome and immunotherapy response using only a single biomarker. Integrated HCC genomic and transcription data as well as immune response parameters may provide new ideas for the effective prediction of patient prognosis and immune response. Previous research has established that cancer cells regulate the expression pattern of IRGs in healthy cells, thus inhibiting the anti-tumor immune response (30, 31). Tumor cells are exposed to immune cells that regulate IRGs at certain immunological checkpoints. IRGs may serve as new potential biomarkers for HCC prognosis.

In this study, 401 differentially expressed IRGs were screened from the TCGA database, including 237 up-regulated and 164 down-regulated genes. The function enrichment analysis presented the KEGG metabolic pathways as significantly enriched. Considering that the detection of high-expression biomarkers is easier and more accurate in actual clinical testing, we constructed a prediction model based on 237 up-regulated IRGs. Using univariate Cox regression analysis, we identified 63 IRGs that were substantially related to OS. Subsequently, we included the 63 IRGs in the LASSO Cox regression analysis, and the resulting five IRGs were finally included in the prediction model, including SPP1, BIRC5, STC2, GLP1R, and RAET1E. High expression of the five IRGs in the model resulted in a worse HCC prognosis. HCC patients were classified into two groups (high-risk and low-risk) based on the prediction model’s median risk score.

Dysregulated expression of IRGs may act through metabolic pathways and be involved in hepatocellular carcinoma. A multi-omics study of HCC by Come Hall Z’s team confirmed that specific lipid metabolic pathways are coherently altered when hepatocytes switch to proliferation (32). Aerobic glycolysis acts as a hallmark of hepatocellular carcinoma metabolism and regulates the progression of HCC, such as the PI3K/Akt pathway, AMPK and HIF-1α (33). By modulating epidermal growth factor (EGFR) activation, SPP1 can influence the immune escape and malignant biological activity of tumor cells, and its overexpression enhances HCC development and metastasis (34, 35). BIRC5, also known as survivin, is the most effective inhibitor of apoptosis (36), and its high expression in HCC cells promotes proliferation (37). The prognosis of HCC patients with high STC2 expression is poor, and STC2 can promote the formation of local blood vessels, tumor proliferation, and metastasis (21, 38). Although the predictive value of GLP1R and RAET1E in HCC patients has not been reported, they can be used as potential biomarkers. In the verification set, the 5-IRG signature demonstrated strong predictability and repeatability. Our prediction model has a high level of resilience compared to those of other studies (12, 39), and the AUC exhibits excellent discrimination. The model can provide useful prognostic information independently after correcting for other clinical characteristics and might be useful as a potent predicting tool. Consistently, our RNA sequencing analysis revealed that mRNA levels of five IRGs are up-regulated in HCC tissues and that HCC patients with high prognostic features have a poorer OS.

According to the results of clinical trials on ICIs, immune cell infiltration of TIME is a valuable indicator of patient prognosis and the response to immunotherapy (40). ESTIMATE was used to evaluate immune infiltration and found a higher immune infiltration level in the high-risk group, suggesting that the 5-IRG signature may play a key role in mediating the immune escape and immune resistance in the TIME. Among the 22 types of immune cells, Tregs, macrophages M0, dendritic cells, memory CD4 + T cells, and follicular helper cells were more abundant in high-risk patients. It has been reported that tumor-associated neutrophils in HCC can recruit macrophages and Treg cells into the TIME to form an immunosuppressive microenvironment (41–43).In summary, we postulate that the expression pattern of IRGs influences the degree of immune cell infiltration in HCC, hence reducing the antitumor immune response. However, we acknowledge that further experimental verification is required. Immune checkpoints are inhibitory pathways in the immune system, and some immune checkpoint molecules are targets of immunotherapy. Overexpression of the programmed cell death ligand 1 (PD-L1) in HCC inhibits the proliferation and activation of T cells, and blocking the PD-1/PD-L1 interaction can enhance immune normalization and the antitumor response (44–47). The anti-CTLA-4 monoclonal antibody tremelimumab demonstrates good antitumor activity, both in a single drug and in combination with other drugs (48, 49). Our findings imply that anti-CTLA-4 and LMTK3 antibodies may be an effective treatment for high-risk HCC patients.

This study had some limitations. Firstly, the clinical and pathological information of HCC patients obtained from public databases is limited, which may decrease the predictive power of our model. Secondly, our research was retrospective, so multicenter prospective clinical studies are needed to confirm the model’s predictive potential. The effectiveness of the 5-IRG signature and the mechanism behind the five IRGs remain unclear and require further investigation.



Conclusion

We established an HCC prognosis prediction model based on five IRGs and verified that the risk score had an excellent predictive performance for the prognosis of HCC patients. The risk score can represent the immune cell infiltration in the TIME, indicating a patient’s immunotherapy response. This prediction model may contribute to more tailored and precise therapy for patients, ultimately resulting in a better patient prognosis.
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Background

Hepatocellular carcinoma (HCC) is the most prevalent pathological type of liver cancer worldwide with high mortality and poor prognosis. N6-methyladenosine (m6A) can modify RNAs such as mRNA, lncRNA, miRNA, and tRNA, thereby playing a critical role in the pathogenesis of HCC. However, the role of m6A-associated small nuclear RNA (snRNA) in the prognostic value and immunotherapeutic response in HCC remains unclear.



Materials and methods

In this study, snRNA expression data, gene mutation data, and clinical data of HCC patients were acquired from The Cancer Genome Atlas (TCGA) database. We used the least absolute shrinkage and selection operator (LASSO) Cox regression analysis to identify significant prognostic m6A-associated snRNAs, and then developed a multivariate Cox model based on the selected snRNAs. HCC patients were split into low- and high-risk groups based on the median risk score. We subsequently performed Kaplan-Meier curve analysis to estimate overall survival (OS) by clinicopathological characteristics and tumor mutational burden (TMB) status in low- and high-risk HCC patients. Finally, we compared the immunotherapeutic response as represented by tumor immune dysfunction and exclusion (TIDE) scores between the two risk groups.



Results

Eight m6A-associated snRNAs were selected as independent predictors to develop the risk model. Our results revealed that the OS of HCC patients in the high-risk group was significantly worse than that in the low-risk group on clinicopathologic characteristics, including age (≤65 years and >65 years), gender (male), grade (G I-II and G III-IV) and TNM staging (Stage I-II and Stage III-IV). In addition, the OS of low-TMB and low-risk group was longer than that of high-TMB and high-risk group. The TIDE score indicated that HCC patients in the high-risk group were more susceptible to immunotherapy.



Conclusion

Our study suggests that m6A-associated snRNAs may be useful biomarkers for the prognosis of HCC and that m6A-associated snRNA models can predict the effect of immunotherapy in HCC patients.





Keywords: m6A, snRNA, hepatocellular carcinoma, prognosis, immunotherapy



Introduction

Primary liver cancer (PLC) is a prevalent malignant tumor, ranking sixth in incidence and third in mortality among all types of tumors in the world (1). Hepatocellular carcinoma (HCC), the main pathological type of PLC, develops from chronic hepatitis and cirrhosis through a series of pathophysiological processes (2, 3). Hepatocarcinogenesis is associated with many risk factors, such as hepatitis virus infection, alcohol addiction, dietary toxin exposure, and genetic aberrations (4–7). Current treatments for HCC include hepatectomy, chemotherapy, radiotherapy, targeted therapy, immunotherapy, and liver transplantation (8, 9). However, more than 70% of patients with advanced HCC usually obtain limited therapeutic benefits. Most HCC patients may experience recurrence or distant metastasis after first-line therapy (10). Thus, clarifying the molecular mechanisms of HCC pathogenesis and exploring new targets are crucial for the diagnosis and therapy of HCC.

m6A is the most important internal modification of RNA epitranscriptomes in eukaryotes (11). m6A-mediated RNAs, including mRNA, rRNA, tRNA, microRNA (miRNA), long noncoding RNA (lncRNA), and small nuclear RNA (snRNA), play imperative roles in many cellular processes through post-transcriptional regulation of gene expression (12). m6A methylation process is dynamic and reversible. The biological activity is balanced by methyltransferases to add m6A modifications (writers), demethylases to remove m6A (erasers), and m6A-binding proteins to recognize m6A (readers) (13, 14). Dysregulation in writers, erasers, and readers can lead to many diseases, such as HCC. For example, writer METTL3 was associated with poor prognosis in HCC. Decreased METTL3 could reduce HCC cell proliferation and migration, and suppress HCC tumorigenicity and lung metastasis (15). In addition, eraser FTO could demethylate pyruvate kinase M2 (PKM2) mRNA and enhance translation. Knockdown of FTO inhibited HCC cell proliferation and induced G0/G1 phase arrest (16). However, the comprehensive molecular mechanism of m6A-mediated RNA in HCC pathogenesis remains unclear.

Small nuclear RNAs are non-coding RNAs of approximately 150 nucleotides which are commonly observed in the splicing speckles and Cajal bodies in eukaryotic cells (17). In the nucleus, snRNAs may splice pre-messenger RNAs, mediate transcription factors, and regulate gene expressions (18, 19). snRNA always binds to some specific proteins to form a complex called small nuclear ribonucleoprotein (snRNP), mainly composed of U1, U2, U4, U5, and U6 spliceosomal RNAs (20). Recent studies found that m6A-modified snRNAs may affect RNA biogenesis, and play a vital role in tumorigenesis and cancer progression (21, 22). For example, m6A modification of U6 snRNA could be catalyzed by the methyltransferase METTL16 and removed by the demethylase FTO (23–26). U6 snRNA was overexpressed in breast cancer and cervical carcinoma (27, 28), which was useful for the diagnosis, treatment, and prognosis of these cancers. Nevertheless, the biological function of m6A-mediated snRNAs in the pathogenesis of HCC remains ambiguous.

In this study, we aimed to explore the role of m6A-associated snRNAs in predicting the prognosis and immunotherapeutic response of HCC patients. We developed a risk model based on m6A-associated snRNA to analyze the OS of HCC patients on clinicopathologic characteristics (including age, gender, grade, and TNM staging) and TMB. We also used TIDE scores to analyze the effect of immunotherapy based on the m6A-associated snRNA risk model. Our study may be helpful for the guidance of personalized immunotherapy for HCC patients.



Materials and methods


Data acquisition and processing

We obtained RNA-seq transcriptomic data, clinical information (including age, gender, grade, TNM staging, survival time and survival status) (Table 1), and gene mutation data of HCC patients from TCGA database on June 15, 2022. A total of 424 samples were obtained from TCGA, including 374 tumor tissues and 50 non-tumor tissues. The RNA-sequencing data files were merged into one RNA matrix file by a Perl script. The RNA-matrix was converted into an array of gene symbols for further analysis. Using the GRCh38 annotation file downloaded from the GENCODE database, 1872 snRNAs and 19573 mRNAs were identified based on the gene symbols. R package edgeR was applied to assess differentially expressed snRNAs and differentially expressed mRNAs between tumor and non-tumor tissues for further analysis. Thresholds were set for |log2 (fold change) | > 1 and adjusted p < 0.05. Since all of these data from TCGA are public, no ethics committee approval is required.


Table 1 | Clinical profiles of HCC patients from TCGA dataset.





Selection of m6A genes and m6A-associated snRNAs

We obtained expression profiles of 23 m6A regulators from transcriptome data. 95 m6A-associated snRNAs were identified by the Pearson’s correlation test with the standard of Pearson cor > 0.1 and P < 0.05. Then, the R package “ggalluvial” was used to visualize the association network between 23 m6A-regulator genes and snRNAs.



Establishment and validation of m6A-associated snRNA model

To identify potentially optimal m6A-associated snRNAs, we randomly split HCC patients from TCGA database into training and testing datasets in a 1:1 ratio. First, nine significant prognostic m6A-associated snRNAs were filtered out by univariate Cox regression analysis. Then, Least Absolute Shrinkage and Selection Operator (LASSO) Cox regression analysis was employed to confirm the nine significant prognostic m6A-associated snRNAs with penalty parameters estimated by 1000-fold cross-validation. Finally, multivariate Cox regression analysis was conducted to establish a risk model based on eight m6A-associated snRNAs which were selected from the nine significant prognostic snRNAs in this process. Risk score was computed by the following method: Risk score =Σn i=1 coefi × expri, where coefi indicated the coefficient of the corresponding m6A-associated snRNA, and expri represented the expression level of the m6A-associated snRNA. According to the median risk score, the HCC patients were split into high- and low-risk groups. Subsequently, principal component analysis (PCA) was conducted to observe the distributions of the low- and high-risk groups. The distribution of risk scores, survival status and heatmaps of m6A-associated snRNAs were evaluated in the training and testing datasets.



Independent prognosis analysis of m6A-associated snRNA model

Univariate and multivariate Cox regression analyses were used to assess the accuracy of prognostic m6A-associated snRNA signatures as independent risk factors compared with other clinicopathological characteristics (including age, gender, grade and TNM staging) in HCC patients. Receiver operating characteristic (ROC) curves were constructed to evaluate the accuracy of m6A-associated snRNA models in predicting HCC prognosis, and the area under the curve (AUC) was calculated.



Kaplan-Meier survival analysis

Kaplan-Meier survival analysis was performed to assess OS based on clinicopathological characteristics in low- and high-risk HCC patients by using the R package “survMiner”. A matched comparison was conducted on clinicopathological characteristics, including age (≤65 years and >65 years), gender (male and female), grade (G I-II and G III-IV), and TNM staging (Stage I-II and Stage III-IV). A P value less than 0.05 indicated a statistical significance.

We applied the R package “maftools” to evaluate gene mutation data in low- and high-risk HCC patients. TMB was evaluated according to tumor-specific mutated genes. Kaplan-Meier curve analysis was conducted to assess OS in HCC patients based on TMB status. A P value less than 0.05 indicated a statistical significance.



Functional analysis

We conducted Gene Ontology (GO) functional enrichment analysis (including biological processes, cellular components, and molecular functions) to explore the potential signaling pathways of m6A-associated snRNAs in HCC. R package “clusterProfiler” was utilized to perform this analysis. Subsequently, significant GO terms were visualized in a bar graph by using “enrichplot” package. In addition, we explored the immune functions in HCC patients based on m6A-associated snRNA model, and distinguished the difference in immune activities and functions between low- and high-risk HCC patients. This process utilized the R package “pheatmap”. A P value less than 0.05 indicated a statistical significance.



Exploration of m6A-associated snRNA models in immunotherapeutic response

Tumor Immune Dysfunction and Exclusion (TIDE) is a computational framework for assessing the potential of tumor immune escape (29). A low TIDE score means weak potentiality of tumor immune escape, and while these patients may exhibit a strong immunotherapeutic response. In this study, we conducted TIDE algorithm based on m6A-associated snRNA model to predict immunotherapeutic response in HCC patients. A P value less than 0.05 indicated a statistical significance.




Results


Identification of m6A-associated snRNAs in HCC patients

The flow diagram of this study was shown in Figure 1A. The expression matrix of 23 m6A regulator genes and 1872 snRNAs were abstracted from TCGA database. The association network of m6A regulators and snRNAs was visualized in Figure 1B, and 95 m6A-associated snRNAs were selected in this study. The associations between 23 m6A regulator genes and eight significant prognostic snRNAs were shown in Figure 1C, which showed that RNU6-510P had significant associations with 20 m6A regulator genes, while RNU6-247P had a significant association with one m6A regulator gene (ALKBH5).




Figure 1 | Flowchart and association analysis between m6A regulators and snRNAs. (A) Flowchart of this study. (B) Association between m6A RNA regulators and snRNAs. (C) Heatmap of prognostic snRNAs associated with m6A RNA regulators.





Construction and validation of m6A-associated snRNA risk model

We conducted LASSO-Cox regression analysis to identify nine significant prognostic snRNAs selected from 95 m6A-associated snRNAs to construct risk scores for the prediction of prognosis in HCC patients (Figures 2A–C). Then we conducted multivariate Cox regression analysis to establish the risk model based on eight m6A-associated snRNAs which were selected from the nine significant prognostic snRNAs in this process. The expression of eight m6A-associated snRNAs was obviously higher in tumor tissues than in non-tumor tissues (Figures 2D, E). HCC patients were divided into low- and high-risk groups according to the median risk score. The distribution of risk scores for the entire dataset between low-risk and high-risk groups was shown in Figure 3A. Figure 3B showed that HCC patients with higher risk scores had shorter survival times than those with lower risk scores. The relative expression of the eight m6A-associated snRNAs in the entire dataset was shown in Figure 3C. Survival analysis indicated that OS was longer in the low-risk group than in the high-risk group (p < 0.001) (Figure 3D). To verify the accuracy of the m6A-associated snRNA model in predicting HCC prognosis, we divided HCC patients into training and testing datasets. Figures 3E–L showed the distribution of risk scores and survival statuses, the expression of the m6A-associated snRNAs, and the OS in the training and testing datasets, indicating that the OS of HCC patients in the high-risk group was worse than that in the low-risk group (Figures 3H, L).




Figure 2 | Construction of a risk model based on m6A-associated snRNAs. (A) Lasso Cox regression analysis of prognostic snRNA associated with m6A RNA regulators. (B) Cross-validation of parameter tuning and selection in the LASSO model. (C) Forest plot of predictive prognostic snRNAs associated with m6A RNA regulators. (D) Heatmap of eight m6A-associated snRNA expression. (E) Expression of eight m6A-associated snRNAs between non-tumor and tumor tissues.






Figure 3 | Prognostic value of the risk model based on eight m6A-associated snRNAs. Risk score distribution of HCC patients in the entire dataset (A), the training dataset (E), and the testing dataset (I). Distribution of survival status of HCC patients in the entire dataset (B), the training dataset (F), and the testing dataset (J). Heatmap of prognostic m6A-associated snRNA expression in HCC patients in the entire dataset (C), the training dataset (G), and the testing dataset (K). OS of HCC patients based on risk scores in the entire dataset (D), the training dataset (H), and the testing dataset (L).





PCA verifies the grouping capability of the m6A-associated snRNA model

PCA was conducted to test for different distributions between low-risk and high-risk groups in terms of the entire genes, 23 m6A regulator genes, 95 m6A-associated snRNAs, and the risk model constructed from eight m6A-associated snRNAs (Figures 4A, D). Figures 4A–C showed that distributions of high-risk and low-risk groups were relatively dispersed. However, the results based on the m6A-associated snRNA model indicated that the low-risk and high-risk groups had obviously different distributions (Figure 4D).




Figure 4 | Principal component analysis (PCA) between high- and low-risk groups based on m6A-associated snRNAs. PCA between high- and low-risk groups based on the entire gene expression profiles (A), the entire m6A-associated gene expression profiles (B), the entire m6A-associated snRNA expression profiles (C), and the risk model of eight m6A-associated snRNAs (D).





Independent prognosis analysis of the risk model

We performed univariate and multivariate Cox regression analyses to assess whether m6A-associated snRNA models could independently predict prognosis in HCC. In univariate Cox regression analysis, the HR for the risk score and 95% confidence interval (CI) were 1.239 and 1.134–1.354 (p < 0.001), respectively (Figure 5A). In multivariate Cox regression analysis, the HR was 1.199 and 95% CI was 1.092–1.316 (p <0.001) (Figure 5B), indicating that the m6A-associated snRNA risk model was independent compared with some clinicopathological characteristics, such as age, gender, grade, and TNM staging. On the other hand, the concordance index of the m6A-associated snRNA risk score was superior to other clinicopathological characteristics, such as age, gender, grade, and TNM staging, indicating that the risk score could predict the prognosis of HCC (Figure 5C). Besides, the AUC value on the risk score was also higher than other clinicopathological features, indicating that the m6A-associated snRNA risk model for HCC was reliable (Figure 5D).




Figure 5 | Independent prognostic analysis of the risk model. Forest plots of univariate (A) and multivariate (B) Cox regression analyses of the risk score and clinical characteristics. Concordance indexes (C) and ROC curve analysis (D) of the risk score and clinical characteristics.





The OS analysis of the low-risk and high-risk HCC patients on clinicopathologic characteristics and TMB status

We analyzed the OS of low- and high-risk HCC patients based on clinicopathologic characteristics, including age, gender, grade, and TNM staging. Our findings indicated that high-risk HCC patients had poorer OS than low-risk HCC patients in terms of clinicopathological characteristics, including age (≤65 years and >65 years), gender (male), grade (G I-II and G III-IV), and TNM staging (Stage I-II and Stage III-IV). However, female high-risk HCC patients did not have significantly poorer OS than those low-risk HCC patients (Figure 6A). Furthermore, we conducted a subgroup OS analysis by clinicopathological characteristics (including age, grade, and TNM staging) to elucidate the difference between female and male. In female HCC patients, our results showed that high-risk group (G III-IV) had significantly poorer OS than that of low-risk group (Supplementary Figure 1). However, female high-risk HCC patients did not have significantly poorer OS than female low-risk HCC patients in terms of other clinicopathological characteristics, including age (≤65 years and >65 years), grade (G I-II), and TNM staging (Stage I-II and Stage III-IV) (Supplementary Figure 1). In male HCC patients, our results showed that high-risk group had significantly poorer OS than low-risk group in terms of some clinicopathological characteristics, including age (≤65 years and >65 years), grade (G III-IV), and TNM staging (Stage I-II) (Supplementary Figure 2). However, male high-risk HCC patients (G I-II and Stage III-IV) did not have significantly poorer OS than male low-risk HCC patients (Supplementary Figure 2).




Figure 6 | Kaplan-Meier curve analysis of OS in the low- and high-risk HCC patients on clinicopathological characteristics and TMB status. (A) Kaplan-Meier curve analysis of OS in the low- and high-risk HCC patients on clinicopathological characteristics (including age, gender, grade, and TNM staging). Waterfall plot of genes with high mutation frequencies in the high-risk group (B) and the low-risk group (C). Kaplan-Meier curve analysis of OS based on TMB status (D) and both TMB status and risk scores (E).



Also, we analyzed the OS of high- and low-risk HCC patients on TMB status. The top 20 mutated genes with the highest rate of alterations in the high- and low-risk groups were displayed in Figures 6B, C, showing that 84.53% and 84.48% of HCC samples in the high-risk and low-risk groups were genetically altered, respectively. In addition, the low-TMB and low-risk groups had better OS than the high-TMB and high-risk groups (Figures 6D, E).



Functional analysis and estimation of immunotherapeutic response

We conducted GO enrichment analysis to investigate molecular biological mechanisms of m6A-associated snRNAs in HCC. Our results showed that m6A-associated snRNAs played important roles in the pathogenesis of HCC through several biological processes, cellular components, and molecular functions, such as collagen metabolic process, basal plasma membrane, and serine hydrolase activity (Figure 7A). We then analyzed the biological activities and functions of several immune cells in HCC through the m6A-associated snRNA risk model. Our results indicated that the low-risk and high-risk groups had significant differences in certain immune functions, such as type II IFN response, APC co-stimulation, and cytolytic activity (Figure 7B). Subsequently, we explored the role of the m6A-associated snRNA model in immunotherapeutic response in HCC patients using the TIDE algorithm. Our results indicated that the TIDE score in the high-risk group was significantly lower than in the low-risk group, revealing that high-risk HCC patients may be more susceptible to immunotherapy (Figure 7C).




Figure 7 | Functional analysis and estimation of immunotherapeutic response based on the m6A-associated snRNA model. (A) GO enrichment analysis based on the m6A-associated snRNA model. (B) Heatmap of the indicated standards of the immunity index based on the m6A-associated snRNA model. (C) TIDE scores in high- and low-risk HCC patients.






Discussion

HCC is the main pathological type of liver cancer, with high mortality and poor prognosis. Numerous studies have focused on the occurrence, development, and treatment of HCC, and some studies have found that ncRNAs could predict the survival and immunotherapeutic response of HCC patients (30, 31). snRNA is a class of ncRNAs in the nucleus, which may splice pre-messenger RNAs, mediate transcription factors, and regulate gene expression (18, 19). Some studies showed that snRNAs could be involved in the carcinogenesis process of various cancers, including HCC. For example, Ding Y et al. revealed that the expression of snRNA RNU5E-1 was lower in HCC tissues than in adjacent tissues (32). In addition, snRNA RNU5E-1 was associated with tumor size, vascular tumor thrombus, differentiation degree, TNM staging, tumor recurrence, and long-term survival in HCC patients. snRNA RNU5E-1 may be a useful biomarker to predict the diagnosis and prognosis of HCC patients (32).

As the most prevalent internal modification of RNA epitranscriptomes in eukaryotes, m6A plays a pivotal role in regulating mRNA transcription, splicing and translation, and the biological function of snRNA (14, 23, 33, 34). Several studies suggested that m6A-mediated modifications may have important implications for HCC pathogenesis and drug response (35, 36). For example, Lin Z et al. found that the depletion of m6A writer METTL3 promoted sorafenib resistance in HCC by reducing METTL3-mediated FOXO3 mRNA stability, while the overexpression of FOXO3 induced m6A-dependent sorafenib sensitivity by suppressing autophagy in HCC (37). These results indicated m6A methylation may be an important therapeutic target for addressing sorafenib resistance in HCC patients. As stated above, both m6A and snRNAs are important regulators of HCC tumorigenesis.

Due to the role of m6A-associated snRNAs in HCC, we constructed an independent risk model based on m6A-associated snRNAs. Our results revealed that the m6A-associated snRNA model could be used as an independent risk predictor for the OS of HCC patients, and high-risk HCC patients had poorer prognosis than low-risk HCC patients. Besides, the model was superior to conventional clinicopathologic characteristics in predicting survival in HCC patients. For example, TNM staging is a crucial factor in predicting the prognosis of HCC patients. However, HCC patients of the same TNM staging may have apparently distinct prognosis, suggesting that the present prediction methods may be inaccurate. In our study, the concordance index and AUC of m6A-associated snRNA risk scores were superior to other clinicopathologic characteristics, suggesting that the risk model was independently accurate for prognostic prediction in HCC patients.

TMB refers to the number of somatic mutations in tumor genomes, which may induce the emergence of neoantigens to elicit an immune response (38, 39). Recent studies revealed that the TMB could predict prognosis and immune responses in HCC patients (39). Our study indicated that low-TMB and low-risk HCC patients obtained better OS than high-TMB and high-risk HCC patients. In addition, the TIDE prediction score could also predict the effect of immunotherapy on a variety of cancers (40, 41).. In our study, the predictions of the TIDE algorithm suggested that high-risk HCC patients had a better response to immunotherapy. Therefore, we inferred that the m6A-associated snRNA model may provide efficacy prediction for HCC immunotherapy.

Our study also provides new insights into the potential regulatory mechanisms of m6A-associated snRNAs in HCC. GO enrichment analysis revealed that m6A-associated snRNAs played a vital role in the pathogenesis of HCC through biological processes, such as serine hydrolase activity and collagen metabolism. Previous studies showed that U1 snRNA chimeric ribozymes could inhibit the synthesis of collagen I and reduce deposition of collagen I in hepatic stellate cells (HSCs), thus alleviating HSC activation and suppressing hepatic fibrosis and carcinogenesis (42). Iwai et al. found that HCV nonstructural protein 3 within serine hydrolase catalytic domain in its N-terminal region could interact with Sm-D1 component of snRNP complexes, thus affecting post-translational pathway and HCV-induced hepatocarcinogenesis process (43). In addition, m6A-associated snRNAs had regulatory effects on some biological activities and functions of immune cells, such as type II IFN response, APC co-stimulation, and cytolytic activity. Sadik et al. found that U1-snRNA could induce the expression of IFN-β, and had an anti-inflammatory potential and contributed to apoptosis and efferocytosis (44). However, the exact regulatory mechanisms of m6A-associated snRNAs in these biological processes remain unclear. For example, do m6A-associated snRNAs act as oncogenes or tumor suppressors, and can they induce immune-mediated hepatocarcinogenesis? How do m6A-associated snRNAs interact with m6A regulators, and how do these interactions affect immune responses? In the future, further studies are warranted to clarify the comprehensive molecular mechanisms of m6A-associated snRNAs in the pathogenesis of HCC.



Conclusions

Our study suggested that m6A-associated snRNAs may be useful biomarkers for the prognosis of HCC and that the m6A-associated snRNA model could predict the effect of immunotherapy in HCC patients. Our study provided new clues to the potential biological mechanism of m6A-associated snRNAs in HCC.
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Hepatocellular carcinoma (HCC) remains a major challenge to clinicians due to its unacceptably high mortality and morbidity. The etiology of HCC is multi-faceted, including viral infection, alcoholism and non-alcoholic fatty liver disease. Dysregulated host immunity contributes to tumorigenesis among these susceptible individuals with pre-existing condition(s). IL-32 and IL-34 are key cytokines driving the development of chronic inflammatory conditions such as rheumatoid arthritis, systemic lupus erythematosus, as well as chronic liver diseases. IL-32 and IL-34 play an important role augmenting the development of HCC, due to their direct influence over host inflammation, however, new roles for these cytokines in HCC are emerging. Here we comprehensively review the latest research for IL-32 and IL-34 in HCC, identifying a subset of potential therapeutic targets for use in precision medicine.
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HCC

Hepatocellular carcinoma (HCC), the most common primary liver cancer, continues to have unacceptably high mortality and morbidity (1), as diagnosis at later stages of disease is common and distant metastasis prevalent. The etiology of HCC is complex, with a number of risk factors including chronic hepatitis B and/or C viral infection (2), followed by non-alcoholic liver disease or diabetes mellitus (3). The incidence of new HCC caused by hepatitis viruses decreases gradually with age, due to increasing rates of vaccinations against viral infection and/or application of effective anti-viral medications for infected individuals (2). The precise underlying mechanism of HCC remains to be elucidated, but the causes of HCC likely include genetical susceptibility, viral triggers, alcoholic or non-alcoholic hepatic persistent damage and dysregulated host immunity trigging tumorigenesis, particularly among susceptible individuals with these pre-existing condition(s) (4). Cirrhosis caused by any trigger is a chief driver for the development of HCC (2). Although liver biopsy remains the gold standard for accurate diagnosis of HCC, it is not always acceptable to patients and/or doctors, due to its invasive nature. Alternative non-invasive approaches use a combination of routine biochemistry and sonography with relatively lower sensitivity and specificity (5). Thus, exploring biomarkers with more sensitivity and specificity for the detection of HCC at an early stage would be ideal for the management of such a devastating disease. In addition, hepatocarcinogenesis is very complicated, but host inflammation/immunity in the local affected livers of the susceptible individuals contributes to the pathogenesis of liver damage, repair and mutation, eventually progressed toward malignancy (6).



IL-32

IL-32 was originally named natural killer cell transcript 4 (NK4) because of its selective production by activated NK cells and T cells (7), is considered to be a pro-inflammatory cytokine, because IL-32 stimulates production of NK cells and other leucocytes as well as amplifying the activity of inflammatory mediators, such as TNF, IL-1β, and IL-6 (8). In in vitro assays, IL-32 stimulates NK cells to produce pro-inflammatory cytokines. In addition, IL-32 is substantially co-localized with pro-inflammatory cytokines (TNF, IL-1β, IL-6) in inflamed tissues in the context of inflammatory bowel disease, in synovial tissues from rheumatoid arthritis or serum from psoriasis patients (9). Taken together, this data strongly suggests that IL-32 promotes inflammation in the focal regions of diseased tissues. However, it remains to be clarified if IL-32 is enhancing or suppressing the development of malignant tumors, which will be further discussed below. This is linked with another proinflammatory cytokine, IL-34, for the pathogenesis in HCC, and will be reviewed below.



IL-34

IL-34, a member of interleukin 1 family, is also classified as a pro-inflammatory cytokine. IL-34 is secreted by a number of cells including macrophages, fibroblasts, and hepatocytes (10). The close structural homology between IL-34 and CSF-1 enables both IL-34 and M-CSF to promote differentiation, proliferation and survival of mononuclear cells via CSF-1R (11). Like IL-32, IL-34 is also up-regulated in diseased tissues including for inflammatory bowel disease (12), rheumatoid arthritis (13), and ischemia/reperfusion injury driven acute kidney injury (14), however it is down-regulated in gastric cancer (15). M-CSF contributes to the survival, proliferation and differentiation of mononuclear phagocytes (16). Interestingly, a close correlation is observed between IL-34 and M-CSF in liver injury among chronic hepatitis C patients who had high fibrosis scores and possibly cirrhosis (10). Furthermore, serum IL-34 is correlated with hepatic inflammation and fibrosis in chronic hepatitis B patients (17), which are considered to be major markers of the development of cirrhosis and liver malignancy.



Host immunity and cancer

It is well-known that host immunity plays a critical role in carcinogenesis (18), however the mechanisms are complex and it is not simply a matter of host immunity protecting or augmenting the development of malignancy. While not yet fully understood, it is likely that host immunity status, whether pro-inflammatory or anti-inflammatory, in the microenvironment during the development of malignancy, either boosts or inhibits the growth of a cancer (19). IL-32 and IL-34 are two relatively new pro-inflammatory cytokines, involved in inflammation/immunity in the host. The interaction among tumor cells, macrophages, activated endothelial cells and secreted cytokines plays an important role in determining tumor development in the microenvironment (20). Cytotoxic T cell mediated pro-inflammatory immunity contributes to inhibition/killing of cancer; whereas regulatory T cells promote the development of cancer (21). Furthermore, the role of tumor associated macrophages (TAMs) in the microenvironment has been the subject of considerable debate (22). TAMs enhance tumor invasion directly, promote formation of new blood vessels and lymphatic vessels, and promote migration of tumor cells indirectly (23), perhaps by suppressing host immunity/inflammation (24). Interestingly, it has also been reported that TAMs inhibit cancer growth and metastasis (25). The differential roles of TAMs likely relate to their terminal differentiation into classically activated M1 macrophages and alternatively activated M2 macrophages based on the surface biomarkers and their functionalities (22). M1 or M2 TAMs are promoting to activity of Tc or Treg cells in response to the different microenvironments (26).



IL-32 and HCC

There is a constitutive level of intra-hepatic IL-32 expression in the non-cancer liver (27, 28). The expression of intra-hepatic IL-32 is significantly upregulated in the livers of HCC patients at both an mRNA and protein level, particularly near the vascular invasive region (27), suggesting that IL-32 augments local invasion and/or distance metastasis. The elevated intra-hepatic IL-32 is localized in the cytoplasm and nucleus, suggesting IL-32 acts in autocrine and paracrine fashions during the development of HCC. The upregulated intra-hepatic IL-32 is consistent with increased serum IL-32 from HCC patients, compared to that of non-HCC controls (27). Interestingly, serum IL-32 is gradually increased from the cohorts of the control, acute hepatitis, chronic hepatitis, liver cirrhosis, and HCC (27), further linking IL-32 and its pro-inflammatory effects with the severity and duration of hepatic damage. Using siRNA to suppress IL-32, the proliferation and survival of HCC cell lines is inhibited via classical p38 MAPK and NF-kB pathways, adding further evidence that IL-32 augments the development of HCC. In addition, suppressing IL-32 contributes to caspase mediated apoptosis of HCC cells, which is in line with the concept that caspases are important in activating target cells to undergo apoptosis (29) and/or pyroptosis (30).

Furthermore, some correlations between serum IL-32 and clinicopathological parameters in HCC patients have been observed (28). A relationship between circulating IL-32 and metastasis or local invasion (28) has been reported, suggesting that IL-32 is critical in local invasion or distance metastasis perhaps via inhibiting NK or TCL activities against HCC (31). Another research team reports a correlation between circulating IL-32 and the area of VEGF staining in the HCC tissues, suggesting that IL-32 may also augment the development of HCC via boosting neovascularisation, which offers some evidence for the management of HCC patients with combined anti-IL32 and anti-VEGF therapy (32).

Surprisingly, no correlation has yet been detected between IL-32 and age or sex, though only one limited study has so far been reported, with included patients of a maximum of 60 years old, with the number of HCC patients from the younger group being almost 4 times more than these from the older cohort (72 vs. 28) (28). Moreover, the poor gender balance of this study (male 80 vs. female 20), was a further limitation. In addition, most of the study patients were >50 years old, who likely have almost no benefit from estrogen in reducing the incidence of malignancy, a phenomenon seen in females of fertile age (33, 34). The small sample size also contributed the absence of significant statistical difference among patients stratified into well, moderate and poor differentiations (n = 16, 60, 24). Similarly, the small sample size was also likely a driver of a lack of significant difference detected between single and multiple HCC tumors, or alpha-fetoprotein (AFP) higher vs. low, or the different causative agents (HBV, HCV, or others) (28). Thus, it remains desirable to more thoroughly investigate the role of IL-32 in the oncogenesis of HCC in future studies by extending the sample size of the HCC patients, including healthy cohorts from multiple centers and as well as patients from different racial backgrounds (28).

Similarly, there was no significant difference in IL-32 levels between HCC patients with and without cirrhosis, although the sample number was relatively large (60 vs. 40) (28). This is supported by a report showing that disturbed local immunity augments the tumorigenesis and development of HCC (2), independent of the presence or absence of cirrhosis. Further, IL-32 has an established role in the development of non-alcoholic fatty liver disease (35) and in attenuating experimental induced liver injury (36, 37), providing additional evidence for the pro-inflammatory role of IL-32 in targeted tissue (liver), possibly initiating tumorigenesis in this context, among genetically susceptible individuals. There is currently no information available about the correlation between IL-32 expression and grade/stage of HCC or tumor size, which should be explored in future. Taken together, IL-32 is a promising target for the development of novel therapeutic targets for precision medicine in the management of inflammatory-driven liver disease including HCC.



IL-34 and HCC

There is a constitutive level of intra-hepatic IL-34 expression in healthy hepatocytes (5). The expression of intra-hepatic IL-34 is significantly upregulated in the livers of HCC patients (5), localized in the cytoplasm of hepatocytes, compared to that of non-cancer cohorts (5). This is further supported by evidence of a correlation between elevated intra-hepatic IL-34 and serum IL-34 from HCC patients, compared to non-HCC cohorts (5). Based on these studies, it is suggested that IL-34 acts in both autocrine and paracrine fashions (5) to augment the development of HCC. This notion is supported by observations of significantly higher intra-hepatic IL-34 detected in HBV induced HCC patients, compared non-cancer or chronic hepatitis B or hepatitis B viral induced-cirrhosis patients, particularly that IL-34 is localized in the cytoplasm of hepatocytes of HCC (5). Interestingly, intra-hepatic IL-34 is lower in the liver of chronic hepatitis B or cirrhosis patients, compared to healthy cohorts (5), suggesting that the pathophysiological function of the hepatocytes from the inflamed liver (chronic hepatitis B liver) or cirrhotic liver is compromised leading them to produce less IL-34. AFP is a biomarker which has been routinely applied in the clinic for diagnosis of HCC, although it is challenged for its accuracy and sensitivity (38). Significant differences in intra-hepatic IL-34 between normal and higher AFP HCC patients, further support that IL-34 promotes the development of HCC (5).

Strong correlations between IL-34 and clinicopathology from HCC patients provides further evidence of a role for IL-34 in the development of HCC. There is a positive correlation between intra-hepatic IL-34 and the size of HCC, when the tumor size is smaller than 5 cm (5), but an inverse correlation with HCC if the tumor size is >5 cm. This could be due to intra-hepatic IL-34 being partially derived from hepatocytes from HCC patients if the HCC tumor size is smaller than 5 cm, a scale that would allow for sufficient blood supply and nutrition, maintaining pathophysiological conditions, and allowing IL-34 to act as an autocrine and paracrine factor. However, the microenvironment would be disrupted when the HCC tumor size is >5 cm due to nutritional competition and/or physical compression due to space limitations (39), resulting in central necrosis of the large HCC.

This is supported by the finding that circulating IL-34 is significantly reduced in the HCC patients following transarterial chemoembolisation (TACE), which is minimally invasive but may cause the destruction of substantial numbers of HCC cells in the affected liver following the local intervention (40). It is common that HCC patients treated with TACE often have multiple, large sized HCC tumors and may not be suitable for surgical resection. However, there is no significant downregulation of circulating IL-34 from the HCC patients prior to and post-surgery (5). This may be due to the factor that the HCC patients who were eligible for surgery had relatively small in size of HCC or a smaller number of tumors. Thus, surgical resection of HCC tumor may not have major impact on IL-34 production, compared to the HCC patients had TACE (5). Recent advances and development in surgery, may change the surgical indications and/or suitability for HCC patients in the future. Furthermore, circulating IL-34 seems to be a reliable biomarker for prognosis of non-viral related HCC patients (41), but not HBV induced HCC (5). Such findings suggest there is differential role of IL-34 during the development of HCC among patients with different etiologies. Since IL-34 seems to act in autocrine and paracrine fashions during the development of HCC, targeting IL-34 either systemically or via TACE may offer a therapeutic approach for the management of HCC.

Although the information above suggests that IL-32 and IL-34 promote the development of HCC, it remains to be explored whether there is alteration of local and/or circulating IL-32 or IL-34 following chemo- and/or radiotherapy. However, we speculate that both local and/or circulating IL-34 would decrease following chemo- and/or radio- therapy, which is supported by the finding that IL-34 is significantly decreased after transarterial chemoembolisation (40). Such information would be useful to understand the effective of the treatment(s) and monitor disease progression.

Searching bioinformatics databases to investigate the underlying mechanism of IL-34 during the development of HCC, identifies that miR-28-5p is targeting IL-34 (42), which is consistent with the finding of an inverse correlation between miR-28-5p and metastasis, recurrence, and poor survival. To confirm the role of IL-34 during the development of HCC, miR-28-5p transfected HCC cells which interfere with the function of downstream IL-34 were studies (42). In a xerograph model, tumors were significantly increased in the recipients (nude mice) of miR-28-5p transfected HCC cells, compared to that of mock-transfected HCC cells, accompanied with reduced TAMs (42). This finding provides further evidence that IL-34 augments the development of HCC in vivo. However, there is room for improvement from the study of Zhou et al. in that the recipients are nude mice, which are lacking host immunity and unable to mount an effective host defense, despite the positive outcomes in manipulating miR-28-5p related IL-34 in the development human HCC (42). Thus, this early finding should be further verified in humanized animals with full immunity in the future, particularly inoculating via the portal vein to better mimic real-world conditions, to investigate the role of the hosts local and systemic immunity in the augmentation of HCC, particularly in relationship with IL-34, perhaps using IL-34 manipulated animals.

A correlation between intra-hepatic IL-34 and load of HBV from HBV induced HCC patients has also been observed, suggesting local and systemic IL-34 participates in the host immunity against HBV infection and subsequent inflammation, and eventually toward malignancy following long-term persistent liver damage (5). It is well-known that HBV is a major cause of HCC in Asia, particularly in China; whereas HCV is a more common contributing factor for the development of HCC in Western countries. Intra-hepatic IL-34 is substantially increased in HCV induced fibrosis compared to healthy cohorts (10), perhaps via enhancing hepatic satellite cells to produce collagen in the microenvironment. HCV induced inflammation augments hepatocytes to produce IL-34 and macrophage colony-stimulating factor (M-CSF) (10); whereas M-CSF is important in recruitment of macrophages (Kupffer cells in the liver). Another important point is that there is huge amount of recruitment of macrophages in the liver from the HCV liver via production of MCSF (10).

There is also a correlation between intra-hepatic TAMs and HCC differentiation or the number of HCC tumors in the liver (5), suggesting that intra-hepatic TAMs from the HCC provide protection during the development of HCC. Interestingly there is no significant difference in total TAMs between healthy control and HBV induced HCC (5), although there is significantly lower Kupffer cells from CHB and cirrhotic patients. Reduced Kupffer cells from CHB or cirrhotic patients, compared to the healthy control, perhaps is due to compromised local immunity from CHB (43) or cirrhotic patients (44). The explanation for no significant difference of Kupffer cells between the healthy control and HCC (5) is such: although it isn't sufficiently effective, local immunity is being boosted for killing of malignant hepatocytes during the development of HBV induced HCC, resulting in recruitment of circulating macrophages into the microenvironment. In addition, as stated above, it is unknown which subset of these Kupffer cells (TAMs) dominate in the liver from HCC patients. TAMs are classified as M1 and M2 with distinctive roles during the development of cancer. However, there is no classification of these TAMs from the study (5), which should be explored in future and may offer the potential role of these TAMs and the correlation with survival.

However, observations about the role of IL-34 in other cancer types has so far shown contrary trends. For instance, in gastric cancer IL-34 expression is significantly reduced, compared to the paired non-cancer tissues (45), although there is no significant difference in circulating IL-34 between gastric cancer patients and healthy control. This observation in the context of gastric cancer suggests that IL-34 plays a protective role during the development of malignancy, in contrast to that in HCC. The discrepancy of IL-34 expression between HCC and gastric cancer may be related to the fact that these are different organ systems with almost completely different microenvironments (46), despite both liver and stomach being covered with epithelial cells and belonging to the digestive system. Since IL-34 is an independent biomarker for predicting the development of gastric cancer (15), as well as an important regulating factor for the differentiation of HCC (45), IL-34 may be a therapeutic target in the management of HCC or gastric cancer, but in the almost completely opposite way, i.e., boosting or inhibiting the expression of IL-34, in application of targeting of IL-34 for precision medicine.



Conclusion

We conclude that IL-32 contributes to the tumorigenesis of HCC in both autocrine and paracrine fashions by promoting local invasion and/or distance metastasis, confirming evidence that siRNA suppressed IL-32 inhibits HCC cell proliferation via caspase mediated apoptosis. The effectiveness of anti- IL-32/VEGF targeted therapy is justified by close correlation between intra-hepatic IL-32 and VEGF from HCC patients. Furthermore, the inverse correlation between IL-34 and 5-year survival implies that IL-34 augments HCC development, particularly among HBV induced HCC in paracrine and autocrine fashions. There is a differential role for IL-34 during the development of HCC among patients with different etiologies. Targeting IL-34 systemically or via TACE may offer a novel therapeutic approach for the management of HCC. The role of TAMs in HCC remains to be explored, depending on the subset of TAMs, i.e., M1 for inhibiting but M2 for promoting the development of HCC. A schematic figure has been added to illustrate the interaction among these factors (Figure 1). The precise relationship among IL-32, IL-34, and TAMs will be determined in the future with important implications for precision medicine.
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FIGURE 1
 Schematic demonstrating (A) the key interactions between IL-32 and HCC driving increased HCC proliferation, invasion and metastasis via promoting M2, but inhibiting M1 cells and (B) the links between IL-34 and HCC, which also ultimately lead to increased HCC tumorigenesis. miR-28-5p blocks the pro-tumor effects of IL-34.
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Background

Hepatocellular carcinoma (HCC) is one of the most common malignant tumors in the world with high morbidity and mortality. Identifying an effective marker for predicting the prognosis and therapeutic response is extremely meaningful. Angiogenesis-related genes (ARGs) play important roles in the tumor progression and immune-suppressive microenvironment formation.



Methods

The differential expressed ARGs associated with the prognosis of HCC were identified in the TCGA dataset. Univariate Cox and least absolute shrinkage selection operator (LASSO) regression were applied to construct a ARGs Scoring model. The prognostic value of the ARGs Scoring model was assessed by Cox regression, Kaplan-Meier (KM) and ROC curve analyses. Then the model was further validated in an external dataset, ICGC dataset. The patients were split into two groups based on the ARGs Score and the clinical features were compared. TIMER, CIBERSORT and xCell algorithms were utilized to analyze the correlation between the ARGs Score and tumor immune microenvironment (TIME). Furthermore, we analyzed the efficacy of the model in predicting the therapeutic response for immunotherapy, targeted therapy and TACE treatment in different cohorts.



Results

A total of 97 differential expressed ARGs were identified relating to the prognosis of HCC patients from the TCGA dataset. Then the ARGs Scoring model based on a 9-gene signature was constructed using the Cox and LASSO regression analyses. Higher ARGs Score had a poor clinical outcome and was considered to be an independent prognostic predictor for HCC in the multivariate Cox analysis. The ARGs Score was related to the enrichment of various immune cells, such as CD4+ T cells, Treg, macrophage, neutrophil and dendritic cells, exhibiting a more immunosuppressive phenotype. Higher ARGs Score was correlated with higher expression of immune checkpoint genes and poor response to immunotherapy. Furthermore, higher ARGs Score indicated poor therapeutic response in the sorafenib and TACE treatment cohorts, individually.



Conclusions

The ARGs Scoring model exhibited robust predictive value for the prognosis and TIME for HCC patients. Higher ARGs Score indicated poor therapeutic response of the immunotherapy, sorafenib and TACE treatment. The ARGs Scoring model could be used as a biomarker to help physicians to develop more individualized treatment for HCC patients.
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Introduction

Primary liver cancer is the sixth most commonly diagnosed cancer with the third largest cancer mortality in the world in 2020 (1). The most common primary liver cancer is hepatocellular carcinoma (HCC) accounting for 90% of cases (2). The main risk factors for HCC are the infection by hepatitis B virus and hepatitis C virus. In addition, especially in the West, non-alcoholic steatohepatitis (NASH) is becoming the fastest increasing cause of HCC (3). There are some treatments for HCC including surgical resection, radiofrequency ablation, transcatheter arterial chemoembolization (TACE), targeted therapy, immunotherapy and liver transplantation (4). There are no specific clinical manifestations in the early stage of HCC. And owing to the lack of a parameter contributing to stratify the different stages, many patients are diagnosed at advanced stage and miss the best time for treatment. Only 10% of newly diagnosed HCC were considered ideal candidates for resection (5) and the major treatments for advanced HCC were targeted therapy and systemic chemotherapy (4). However, the overall survival (OS) has not improved significantly and nearly 70% HCC patients after surgery experience recurrence or extrahepatic metastasis within 5 years (6). Therefore, searching for new potential markers for prognostic prediction and therapeutic response is of important clinical significance to improve the prognosis of HCC patients.

Angiogenesis is a biological process that generates new vessels from the endothelium of existing vasculature for tissue growth, wound healing, and pregnancy (7, 8). Angiogenesis could supply oxygen and nutrients to the whole body, but on the other hand, it could nourish rapid growth and metastasis of tumor. The size of tumor cells could be no larger than 1–2 mm3 without angiogenesis due to hypoxia and poor nutrition (9). When the ratio of pro-angiogenic signals to anti-angiogenic signals increased, the endothelial cell proliferated and migrated to promote pathological angiogenesis making the tumor more aggressive. And angiogenesis is also an important immune evasion mechanism. Many evidences showed that sustained angiogenesis would lead to immune evasion through the induction of a highly suppressive tumor immune microenvironment (TIME) (10, 11). Angiogenesis is a crucial factor affecting the progression of HCC which is a typical hypervascular tumor. Drugs inhibiting angiogenesis such as sorafenib and lenvatinib are the first-line and systemic treatment for HCC patients (12). Immune checkpoint inhibitors (ICIs) could regulate and stimulate durable effective antitumor immune responses in many types of cancers including HCC (13, 14). And angiogenesis inhibitors combined with the ICIs could optimize the clinical outcome (15). However, sorafenib has a moderate antiangiogenic activity and some patients have to stop the therapy because of adverse effects or drug resistance (16). As to the ICIs, the immune-related adverse events can affect all organ systems and can be lethal in certain cases (17).

Hence, we systematically analyzed the expression of angiogenesis-related genes (ARGs) and explored the potential prognostic value for the prognosis and therapeutic response for HCC patients. A previous study demonstrated that ARGs signature could be used to predict the prognosis of HCC (18). In our study, we established a novel ARGs Scoring model based on 9 prognostic ARGs of HCC in The Cancer Genome Atlas (TCGA) dataset to predict the prognosis and validated this model in the International Cancer Genome Consortium (ICGC) dataset. Then we further analyzed the relationship of ARGs Score with the clinical features, TIME, drug sensitivity and therapeutic response of sorafenib and TACE treatment in HCC patients. These results indicated that the ARGs Scoring model could be utilized as a biomarker to predict the prognosis and therapeutic response in HCC. This study provided a novel tool that could be applied to help physicians to develop more individualized treatment for HCC patients.



Materials and methods

The flowchart of the entire study is shown in Figure 1.




Figure 1 | The flowchart of the entire study.




Data collection

The RNA sequencing dataset and corresponding clinical information were downloaded using UCSC Xena from TCGA dataset (https://portal.gdc.cancer.gov/) and ICGC dataset (https://dcc.icgc.org/). The TCGA-LIHC cohort containing 365 HCC samples with complete survival information was used as the training set, and the ICGC cohort containing 231 HCC samples was used as the validation set. The clinical features of the enrolled patients are detailed in Table 1. In addition, we obtained 67 HCC patients treated with sorafenib from GSE109211 cohort and 147 patients treated with TACE from GSE104580 cohort for therapeutic response analyses.


Table 1 | Clinical features of the enrolled HCC patients.



The ARGs were downloaded from the GeneCards and Molecular Signatures Database (MSigDB, http://www.broad.mit.edu/gsea/msigdb). A total of 1138 ARGs was obtained from the GeneCards database, and the screening criteria were protein coding genes and relevance scores greater than the median value (Supplementary Table S1). And 48 ARGs were downloaded from MSigDB (Supplementary Table S2).



Identification of prognostic ARGs and functional enrichment analysis

The expression of ARGs between HCC and normal samples in the TCGA cohort was compared using R package “limma”. A false discovery rate of p value<0.05 and |log2FC | >1 were considered as statistically significant. Univariate Cox proportional hazards regression and Kaplan-Meier (KM) analyses were performed using the “survival” R package to screen ARGs associated with OS. p-value less than 0.05 was selected for further analysis. Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analyses were performed with the “clusterProfiler” R package.



Consensus clustering analysis of ARGs

HCC patients from TCGA-LIHC dataset were clustered into distinct subtypes using the “ConsensusClusterPlus” package in R software according to the expression of the prognostic ARGs with the parameters of 1000 iterations, resample rate of 0.8. The optimal number of clusters was determined when the cumulative distribution function (CDF) curve in the range of 0.1–0.9 was near flat. The heatmap was applied to show the correlation between clusters and clinical features. The OS analysis of different clusters was evaluated by the KM plot.



Construction and validation of the ARGs scoring model

To screen the most relevant ARGs with the prognosis of HCC patients, the least absolute shrinkage and selection operator (LASSO) analysis with the “glmnet” package was used to build a prognostic model to avoid overfitting (19). The candidate genes that constituted the prognostic model and their coefficients were consequently identified through the optimal penalty parameter λ associated with the smallest 10-fold cross validation. Then the ARGs Score for each sample was calculated according to the following formula: ARGs score=∑(Expi * coefi) , where Expi represents the candidate gene expression level and coefi represents the corresponding coefficient. HCC patients in the training and validation cohorts were divided into high-score and low-score group according to the median ARGs score. Principal component analysis (PCA) was performed by the “prcomp” function in the “stats” R package to validate the reliability of clustering based on the ARGs Score. OS analysis based on the KM curve was conducted between the two groups. To study the predictive ability of the ARGs Scoring model over time, the “TimeROC” R package was used to present the time-dependent receiver operating characteristic (ROC) curve.

The differences of clinical features between high-score and low-score groups were analyzed by Wilcoxon signed-rank test and Chi-square test in the TCGA dataset. To verify the independency of the ARGs Score as a prognostic predictor, the univariate and multivariate Cox analysis was performed in the training and validation cohorts.



Analysis of tumor somatic mutations and tumor mutation burden

The tumor somatic mutations data from TCGA dataset was analyzed between high-score and low-score groups by the “maftools” R package. The top 20 mutation genes were obtained and then compared between ARGs Score subgroups. Tumor mutation burden (TMB) was defined as the total number of somatic mutations per megabase in each tumor sample. The TMB of each sample was calculated and then compared between the high-score and low-score groups. The prognostic value of TMB was evaluated by the KM plot.



Immune landscape analysis

The infiltrating immune cells levels were calculated by TIMER (20), CIBERSORT (21) and xCell (22) algorithms in each HCC sample and compared between the high-score and low-score groups. ESTIMATE algorithm was applied to perform the calculation of the immune score, stromal score and estimate score based on the proportion of immune cells and stromal cells (23).



Evaluation of the immunotherapy efficacy and drug sensitivity analysis

The Tumor Immune Dysfunction and Exclusion (TIDE) algorithm (24) is utilized to model tumor immune evasion and has been applied in many studies to evaluate immunotherapy efficacy. And the immunophenoscore (IPS) from The Cancer Immunome Atlas (TCIA) database (https://tcia.at/) was used to predict the immunotherapy response (anti-PD-1 and anti-CTLA4) as described previously. The TIDE and IPS were compared between the high-score and low-score groups to predict immunotherapy efficacy to ICIs. We further utilized the “oncoPredict” R package to assess the chemotherapeutic response by predicting the half-maximal inhibitory concentration (IC50) based on Genomics of Drug Sensitivity in Cancer (GDSC) (https://www.cancerrxgene.org/). The estimated IC50 was compared between the different ARGs Score groups.



Statistical analysis

All statistical analyses were performed using R version 4.1.1 and various R packages. The Chi-squared test was applied to compare the constituent ratio of two subgroups. Continuous variables in two or more groups were compared using Wilcoxon rank-sum test or Kruskal–Wallis test. The correlation between two continuous variables was measured by Spearman correlation analysis. Univariate and multivariate Cox regression analysis was utilized to confirm the independent prognostic value of the ARGs Score. All statistical p-values were two-sided, with p< 0.05 considered as statistically significant.




Results


Identification of prognostic differentially expressed ARGs and functional enrichment analysis

A total of 1146 ARGs from GeneCards database and MSigDB were enrolled for analysis in our study. We obtained 249 differentially expressed ARGs between tumor and normal tissues in TCGA-LIHC dataset according to the threshold of |log2FC| ≥1 and p< 0.05 (Figure 2A and Supplementary Table S3). Next, we sought to evaluate the predictive value of ARGs for prognosis in HCC. Univariate Cox proportional hazards regression and KM analysis were employed to screen the prognostic genes in the differentially expressed ARGs in HCC patients. Finally, a total of 97 ARGs were considered to be associated to the OS of HCC patients (Figure S1 and Supplementary Table S4).




Figure 2 | Identification of prognostic differentially expressed ARGs. (A) Volcano plots showed the prognostic differentially expressed ARGs in TCGA dataset. (B) GO analysis of the identified ARGs. (C) KEGG analysis of the identified ARGs.



GO and KEGG pathway enrichment analyses were performed with a cut-off of p< 0.05. GO analysis showed that the identified prognostic ARGs were mainly enriched in regulation of binding, regulation of angiogenesis, regulation of vasculature development and regulation of protein serine/threonine kinase activity (Figure 2B). KEGG pathway analyses showed that the identified prognostic ARGs were mainly involved in the angiogenesis regulating and epithelial cell proliferation/migration, such as regulation of vasculature development, regulation of angiogenesis, ameboidal−type cell migration and epithelial cell proliferation (Figure 2C). These enrichment analyses suggested that the identified ARGs were closely related to the angiogenesis regulation and pathways.



Molecular clustering based on the prognostic ARGs

In order to investigate the relationship between the expression of ARGs and prognosis of HCC, a consensus clustering analysis was performed in TCGA-LIHC dataset. The results of consensus clustering suggested that 365 HCC patients could be divided into two clusters according to the expression of the identified prognostic ARGs, and the optimal number of clusters (k = 2) was determined by CDF curve (Figures 3A–B and Figure S2). KM analysis showed that Cluster1 was significantly correlated with a worse OS than the Cluster2 (Figure 3C). The heatmap showed that the clusters were correlated with the expression of prognostic ARGs, 10 genes were upregulated in Cluster2 while the rest 87 genes were upregulated in the Cluster1 (Figure 3D). Then we investigated the clinical features of the two clusters in the TCGA-LIHC dataset. The Cluster1 was correlated with a higher histological grade, T stage and clinical stage (Figure S3A–E). The surviving fraction was higher in Cluster2 than in Cluster1 (Figure 3E).




Figure 3 | Consensus clustering analysis of identified prognostic ARGs in TCGA dataset. (A) Consensus matrix heatmap defining two clusters (k = 2). (B) Consensus clustering cumulative distribution function (CDF) with k valued 2 to 9 in TCGA dataset. (C) KM curve for the two clusters. (D) Differences in clinical characteristics and ARGs expressions between the two distinct clusters. (E) The surviving fraction compared between Cluster 1 and Cluster 2.





Construction of a prognostic ARGs scoring model

To construct a more applicable classifier to predict the prognosis of HCC patients, we performed LASSO regression analysis of the 97 prognostic ARGs to remove redundant genes and avoid overfitting problems. Lambda.min exhibited minimum partial likelihood deviance and was considered as the optimal λ for fitting the model (Figure 4A). Each curve corresponds to a gene and the vertical axis represents the coefficient of each gene (Figure 4B). As a result, 9 signature ARGs were retained (Figure 4C) and the model coefficients could be calculated at the value of Lambda.min (Figure 4D). Of them, PON1 and CYP2C9 were protective genes for HCC survival with HR<1, and HMMR, SPP1, CCDC134, HTATIP2, BSG, TKT and EFNA3 were risk genes with HR>1 (Figure 4C and Supplementary Table S4). The ARGs Score of each HCC patient was calculated using the gene expression profiles and estimated regression coefficients according to the formula mentioned in the method. Then HCC patients in the training cohort, TCGA-LIHC, were divided into a low-score group and a high-score group according to the median ARGs Score. The risk plot showed that the mortality rate in the training cohort increased with the increasing ARGs Score (Figure 5A). The PCA analysis further validated that HCC patients could be well separated into two groups based on the ARGs Score (Figure 5C). KM survival curve indicated that high-score HCC patients had poorer prognosis than low-score patients (Figure 5E). Then this ARGs Scoring model was evaluated by time-dependent ROC analysis. The area under the ROC curve (AUC) for 1-, 3- and 5-year OS in the TCGA dataset were 0.79, 0.71 and 0.71, respectively (Figure 5F). These results indicated that the ARGs Score had good predictive accuracy for prognosis of HCC in the TCGA cohort.




Figure 4 | The LASSO regression analysis in the TCGA dataset. (A) Selection of the optimal parameter (lambda.min) in the LASSO model. (B) LASSO coefficient profiles of ARGs in TCGA dataset. (C) The retained 9 candidate genes. (D) LASSO coefficient of the 9 candidate genes for ARGs Scoring model construction.






Figure 5 | Construction and validation of the ARGs Scoring model. The distribution of the ARGs Score, survival status and ARGs expression of HCC patients in the (A) TCGA and (B) ICGC cohorts. PCA analysis of the HCC patients based on the ARGs Score in the (C) TCGA and (D) ICGC cohorts. KM analyses of the ARGs Score in the (E) TCGA and (H) ICGC cohorts. Time-dependent ROC curve of the ARGs Score in the (F) TCGA and (G) ICGC cohorts.





Validation of the ARGs scoring model

To demonstrate the predictive value of the ARGs Scoring Model, the ICGC dataset was employed as the validation cohort. The ARGs Score of each patient was calculated according to the same formula in the training cohort and the patients were then assigned into two groups depending on the median of ARGs Score. The risk plot presented a clear separation of survival status between the two groups and the red dots represented deceased patients and blue ones alive patients (Figure 5B). Similarly, PCA analysis showed a clear distribution between the two groups (Figure 5D) and high-score group was significantly correlated to a poorer prognosis than the low-score group (Figure 5H). Besides, the ROC analysis of the ARGs Scoring Model in the validation cohort showed that the AUCs was 0.74 in 1-year, 0.74 in 2-year, and 0.73 in 3-year (Figure 5G), suggesting that the ARGs Scoring Model had an excellent predictive value in the prognosis of HCC patients.



Analysis of the correlation between ARGs score and clinical features

Then we investigated the correlations between the ARGs Score and clinicopathological features of HCC patients in TCGA-LIHC dataset. The high-score group had a markedly worse disease-free survival, disease-specific survival and progression-free survival than the low-score group (Figures 6A–C). The ARGs Score was much higher in the patients with vascular invasion, especially in the patients with macrovascular invasion (Figure 6D). Increased ARGs Score was significantly associated with the progression of HCC, such as the advanced histological grade, clinical stage and T stage (Figure 6E). The ARGs Score was significantly positively correlated with the AFP level, but did not vary with the age and gender (Figure 6F).




Figure 6 | Correlation between the ARGs Score and clinical features in TCGA dataset. (A–C) The disease-free survival, disease-specific survival and progression-free survival analyses between the high-score and low-score groups. (D) The relationship between the ARGs Score and vascular invasion type. (E, F) Correlation of the ARGs Score with clinical stage, T stage, histological grade, age, gender and AFP level.



To further determine the independency of the ARGs Score as a prognostic predictor for OS in HCC patients, univariate and multivariate Cox regression was conducted in the TCGA-LIHC and ICGC datasets, individually. In univariate Cox regression analysis, the clinical stage, T stage and ARGs Score were significantly associated with OS in the TCGA-LIHC cohort (Figure 7A). After correction for other confounding factors, multivariate Cox regression analysis further confirmed that ARGs Score was an independent prognostic factor in HCC (Figure 7B). The results were verified in the ICGC cohort (Figures 7C–D).




Figure 7 | Univariate and multivariate Cox regression analysis of the ARGs Score. Univariate Cox regression analysis in the (A) TCGA and (C) ICGC cohorts. Multivariate Cox regression analysis in the (B) TCGA and (D) ICGC cohorts.





Analysis of the correlation between ARGs score and mutation landscape

We next investigated the tumor somatic mutations between different ARGs Score groups based on TCGA dataset. The top 20 variant mutations in the TCGA-LIHC cohort were identified and a higher fraction of patients with mutated genes appeared in the high-score group than the low-score group (90.17% vs. 84.36%, Figure 8A). A much higher TP53 mutation frequency existed in the high-score group than the low-score group (46% vs. 15%, Figure 8B). And the TP53 expression was higher in the high-score group (Figure 8C). TMB is attributed to genomic instability and is considered as a predictor of the immunotherapy in various tumors. We calculated the TMB for each HCC patient. TMB was slightly higher in the high-score group than in the low-score group (p=0.074, Figure 8D) and the higher TMB was related to the poor prognosis of HCC (Figure 8E), suggesting that the ARGs Score can also reflect the level of tumor mutation burden. The combination analysis of ARGs Score and TMB showed that the high ARGs Score and high TMB were related to the poor prognosis of HCC (Figure 8F).




Figure 8 | The mutation landscape and tumor mutation burden analysis. (A) Waterfall plots about the mutation distribution of the top 20 most frequently mutated genes in HCC patients from the TCGA dataset. (B) Comparison of the top 10 mutation genes between low-score and high-score groups. (C) The expression of TP53 between low-score and high-score groups. (D) TMB between low-score and high-score groups. (E) KM analysis of HCC patients stratified by TMB. (F) The survival analysis of HCC patients based on the combination of ARGs Score and TMB.





Analysis of the correlation between ARGs score and immune landscape

To further explore the potential correlation between the ARGs Score and the immune landscape of HCC, we consequently evaluated immune infiltration between the high-score group and low-score group. In the TIMER algorithm, the B cell, CD4+ T cell, neutrophil, macrophage and myeloid dendritic cell were much higher in the high-score group (Figure 9A). While more subgroups of immune cells were analyzed with CIBERSORT and xCell algorithm, the B cell, Th1 cell, Th2 cell, Treg cell, NKT cell and macrophages were higher in the high-score group (Figures 9B–C). Then the immune score, stromal score, and ESTIMATE score were analyzed and compared between the low-score and high-score group using the ESTIMATE algorithm (Figure 9D). The immune score was significantly higher in the high-score group than the low-score group, implying that the immune cells were abundant in the high-score group. There was no difference of stromal score and ESTIMATE score between the two groups, indicating that the stromal cells and tumor purity were not significantly associated with the ARGs Score.




Figure 9 | The landscape of tumor immune microenvironment. The composition of tumor infiltration immune cells was compared between high-score and low-score groups based on the TIMER (A), CIBERSORT (B) and xCell (C). (D) Stromal score, Immune score and ESTIMATE score between high-score and low-score groups in TCGA. *p< 0.05; **p< 0.01; ***p< 0.001. ns, not significant.





The prognostic value of the ARGs score in the prediction of therapeutic response

As the ICIs are widely used in clinical treatment, we further investigated the relationship between ARGs Score and the expressions of immune checkpoints, such as CTLA-4, TIGIT, PD-1, PD-L1 and LAG3. We found that these genes were significantly up-regulated in the high-score group (Figure 10A). TIDE and IPS are widely used to evaluate the immunotherapy response of ICIs. And higher TIDE and lower IPS suggest more effective response to immunotherapy. To better illustrate the predictive value of the ARGs Score for immunotherapy, we applicated TIDE and IPS in the TCGA cohort. The patients in the high-score group had higher TIDE score and lower IPS score (Figures 10B–C), indicating that HCC patients with higher ARGs Score had more immune dysfunction and poorly respond to immunotherapy. Next, we estimated the IC50 values of drugs to explore if the ARGs Score was related to the drug sensitivity. Patients in the low-score group were significantly more sensitive to cisplatin, vinblastine and sorafenib (Figure 10D).




Figure 10 | Evaluation of therapeutic response and drug sensitivity based on the ARGs Scoring model. (A) The correlation between ARGs Score and immune checkpoints genes. Difference in TIDE (B) and IPS (C) between the high-score and low-score groups. (D) Drug sensitivity analysis. IC50 of different drugs were compared between high-score and low-score groups. (E) Comparison of ARGs Score between sorafenib responder and non-responder. The fraction of sorafenib responder between subgroups based on ARGs Score classifier. (F) Comparison of ARGs Score between TACE responder and non-responder. The fraction of TACE responder between subgroups based on ARGs Score classifier.



To further validate the predictive value of ARGs Score for other treatments, we analyzed the ARGs Score for HCC patients who received sorafenib and TACE treatment. In the sorafenib treatment cohort, patients who achieved a significant extended recurrence-free survival were considered as the responders (25). The ARGs Score was calculated and compared between the two groups. As shown in the Figure 10E, the ARGs Score was significantly higher in the non-responders than the responders. Compared to the patients in the low-score group, there was a much lower fraction of sorafenib responders in the high-score group (17% vs. 48%, p<0.001), indicating that the higher ARGs Score was a valuable predictor for poor response with sorafenib. We further explored the predictive power of the ARGs Scoring model in a TACE treatment cohort. The evaluation of the response to TACE was assessed by extramural reviewers using the modified Response Evaluation Criteria in Solid Tumors (26). The patients with a complete response or a partial response were grouped as having an objective response to TACE, whereas patients with stable disease or progressive disease were grouped as having non-response to TACE. Similar to the results in sorafenib treatment cohort, the ARGs Score was higher in the high-score group and the percentage of responders was much higher in the low-score group (70% vs. 40%, Figure 10F).




Discussion

HCC is a leading cause of cancer-related death in many areas of the world. Although the measures of prevention, surveillance, early detection, diagnosis and treatment have been widely implemented, the incidence and mortality of HCC continue to increase in many countries. Compared with the decreasing disease burden of many other major cancers, the overall burden of HCC worldwide is still increasing over time (27). Angiogenesis is the process of generating new capillaries regulated by angiogenic and anti-angiogenic factors. Angiogenesis can provide adequate oxygen and nutrients for tumor cells contributing to the tumorigenesis, metastasis, and migration. HCC is a highly hypervascularised tumor and characterized by hypoxia which promotes the tumor growth and progression (28). Several pro-angiogenic growth factors such as vascular endothelial growth factor (VEGF), platelet-derived growth factor (PDGF), insulin-like growth factor-1 (IGF-1), transforming growth factor (TGFβ) and fibroblast growth factor (FGF) are overexpressed in HCC patients (16). Anti-angiogenic agents such as tyrosine-kinase inhibitors (TKI) and VEGF inhibitors, targeting various pro-angiogenic signaling pathways have been validated to improve survival in advanced HCC (12).

In our study, we identified 249 differentially expressed ARGs in HCC samples from the TCGA dataset, and 97 of them were significantly associated with the prognosis. The identified prognostic ARGs were mainly involved in the biological processes of angiogenesis, such as regulation of angiogenesis, regulation of vasculature development and epithelial cell proliferation. Then an ARGs Scoring model was constructed based on a 9-gene signature using the Cox and LASSO regression. HCC patients could be classified into high-score and low-score groups according to the ARGs Score. The survival analysis demonstrated that the higher ARGs score was significantly associated with the poor prognosis of HCC, including OS, disease-free survival, disease-specific survival and progression-free survival. And the PCA analysis further validated the ARGs Score could be used as a good classifier for HCC patients. The ARGs Score was proved as an independent prognostic factor for the clinical outcome. The predictive ability of the ARGs Score was determined by the time-dependent ROC curve, showing a relatively robust diagnostic value in predicting 1-year survival (AUC = 0.79) and 5-year survival (AUC = 0.71). Besides, the ARGs Scoring model was further demonstrated in the validation cohort, ICGC dataset. And we observed that higher ARGs Score significantly suggested more remarkable progression of clinical stages, histological grades and T stages in HCC patients. ARGs Score was also positively correlated with severe vascular invasion. These results indicated that the ARGs Scoring model could be utilized as a prognostic biomarker for HCC patients.

The TIME of HCC is a complex mixture of hepatic non-parenchymal resident cells, tumor cells, immune cells and tumor-associated fibroblasts (29). The interplay between the tumor cells and TIME plays important roles in tumor initiation, progression, metastasis and response to therapies. The adaptive immune response in patients with HCC is weakened with exhaustion or dysfunction of tumor-infiltrating lymphocytes, particularly CD4+ and CD8+ T cells (30). CD8+ T cells, as the cytotoxic T lymphocytes that can recognize tumor-associated antigens and then destroy tumor cells, have significant correlation to OS (31). The subsets of CD4+ T cells include Th1, Th2, Th17, Treg cells and Tfh cells. Treg cells increase in HCC and the function of CD8+ T cells are impaired by Treg cells resulting in the promotion of tumor evasion and disease progression (32). Some evidences showed that Th1, Th2 and Treg cells make contributions to angiogenesis via various mechanisms (11) (33). The immunosuppressive cells of HCC mainly include tumor-associated macrophages (TAMs), tumor-associated neutrophils (TANs), DCs and Treg cells. In our study, the CD8+ T cells were slightly higher in the low-score group which had a better survival than the high-score group. And the higher ARGs Score was positively correlated to the enrichment of Th1, Th2, Treg, TAMs, DCs and TANs. Thus, the ARGs Score could reflect the TIME in HCC and exhibited a more suppressive immune phenotype. However, the immune cell composition was calculated based on the various algorithm and it is still inaccurate compared with immunohistochemistry and flow cytometry. Even so, the TIME analysis could still contribute to learn more about tumor immunity. Overall, the ARGs Score was significantly correlated with tumor infiltrating cells indicating that it might contribute to the immune regulation involving in the progression of HCC.

As the inhibitory immunoreceptors expressed by effector immune cells, immune checkpoints can restraint the overactivation of the effector immune cells. This physiological mechanism is utilized by HCC and other solid tumors to avoid anti-tumor immune responses with the expression of the corresponding ligands in tumor and stromal cells (34). CTLA4 is mainly expressed on the surface of activated T cells and Treg cells regulating T cell tolerance (35). PD-1 is expressed on various immune cells, including the activated T cells, NK cells, Treg, MDSCs, monocytes and DCs. It can bind to its ligands PD-L1 and PD-L2 which are expressed in many tumors including HCC, transmitting inhibitory signals to T cells and resulting in the immune evasion of tumor cells. ICIs targeting PD1, PD-L1, and CTLA-4 are the most commonly used immunotherapy in the field of advanced HCC. Various immune-related adverse events, such as pneumonitis, myocarditis, hypophysitis, diabetes and so on, can be induced by ICIs, limiting the widely application for many patients in need. Therefore, it is very important to predict the therapeutic effect and balance the benefits and adverse effects for patients receiving the ICIs treatment. In our study, we evaluated the relationship of the ARGs Score with the immunotherapy efficacy. The results showed that the ARGs Score was significantly positively correlated with the expression of immune checkpoints, CTLA4, PD1 and PD-L1. TIDE and IPS have been applied in many studies to evaluate immunotherapy response of ICIs. Our work showed that the ARGs Score was presenting a similar trend in predicting the immunotherapy response as the TIDE and IPS. These results indicated that the ARGs Score could be employed as a robust predictor of immunotherapy response for HCC patients.

Many patients were initially diagnosed with unresectable HCC. As the first drug of first-line systemic treatment for patients with advanced-stage HCC, sorafenib has been shown to extend the survival of patients (36). TACE has been commonly used as the standard treatment for the intermediate-stage HCC patients (37). The response rate was about 52.4% and the major adverse events included the liver enzyme abnormalities, fever and haematological or bone marrow toxicity (38). In our study, the drug sensitivity analysis found that the IC50 value of sorafenib was lower in the low-score group indicating that patients with low ARGs Score might had a better response to sorafenib treatment. Then in the sorafenib treatment cohort, more sorafenib responders existed in the low-score group which means that the ARGs Score could be used as a predictive marker for sorafenib treatment response. The similar results were also observed in the TACE treatment cohort. These results showed that the ARGs Score is of great clinical significance for predicting the therapeutic responses for HCC patients.

Taken together, we conducted a relatively comprehensive study and constructed an ARGs Scoring model to predict the prognosis and therapeutic response for HCC patients. Meanwhile, we recognized some limitations in this study. Firstly, the ARGs Scoring model was constructed and validated based on the gene expression files from the public datasets and required to be further verified through prospective cohort studies. Secondly, we need more independent immunotherapy cohorts to verify the predictive value of ARGs Score for immunotherapy efficacy. Lastly, further experimental validation is needed in order to confirm these observations in the future.



Conclusion

We constructed an ARGs Scoring model for predicting the prognosis and TIME of HCC with high accuracy. Higher ARGs Score indicated poor therapeutic response of the immunotherapy, sorafenib and TACE treatment. The ARGs Scoring model could be used as a biomarker to help physicians to develop more individualized treatment for HCC patients.
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Background: Hepatocellular carcinoma (HCC) is a prevalent malignancy with a high mortality rate. Cellular senescence, an irreversible state of cell cycle arrest, plays a paradoxical role in cancer progression. Here, we aimed to identify Hepatocellular carcinoma subtypes by cellular senescence-related genes (CSGs) and to construct a cellular senescence-related gene subtype predictor as well as a novel prognostic scoring system, which was expected to predict clinical outcomes and therapeutic response of Hepatocellular carcinoma.
Methods: RNA-seq data and clinical information of Hepatocellular carcinoma patients were derived from The Cancer Genome Atlas (TCGA) and International Cancer Genome Consortium (ICGC). The “multi-split” selection was used to screen the robust prognostic cellular senescence-related genes. Unsupervised clustering was performed to identify CSGs-related subtypes and a discriminant model was obtained through multiple statistical approaches. A CSGs-based prognostic model-CSGscore, was constructed by LASSO-Cox regression and stepwise regression. Immunophenoscore (IPS) and Tumor Immune Dysfunction and Exclusion (TIDE) were utilized to evaluate the immunotherapy response. Tumor stemness indices mRNAsi and mDNAsi were used to analyze the relationship between CSGscore and stemness.
Results: 238 robust prognostic differentially expressed cellular senescence-related genes (DECSGs) were used to categorize all 336 hepatocellular carcinoma patients of the TCGA-LIHC cohort into two groups with different survival. Two hub genes, TOP2A and KIF11 were confirmed as key indicators and were used to form a precise and concise cellular senescence-related gene subtype predictor. Five genes (PSRC1, SOCS2, TMEM45A, CCT5, and STC2) were selected from the TCGA training dataset to construct the prognostic CSGscore signature, which could precisely predict the prognosis of hepatocellular carcinoma patients both in the training and validation datasets. Multivariate analysis verified it as an independent prognostic factor. Besides, CSGscore was also a valuable predictor of therapeutic responses in hepatocellular carcinoma. More downstream analysis revealed the signature genes were significantly associated with stemness and tumor progression.
Conclusion: Two subtypes with divergent outcomes were identified by prognostic cellular senescence-related genes and based on that, a subtype indicator was established. Moreover, a prognostic CSGscore system was constructed to predict the survival outcomes and sensitivity of therapeutic responses in hepatocellular carcinoma, providing novel insight into hepatocellular carcinoma biomarkers investigation and design of tailored treatments depending on the molecular characteristics of individual patients.
Keywords: cellular senescence, immune microenvironment, therapeutic response, prognosis, hepatocellular carcinoma
1 INTRODUCTION
Hepatocellular carcinoma (HCC) is the most prevalent type of liver cancer, the fourth leading cause of death among all cancers, and its incidence is rising rapidly in recent years (Couri and Pillai, 2019; Yang et al., 2019). In the past decades, tremendous progress has been made in epidemiology, risk factors, and molecular and genetic profiles of HCC, contributing to the evolution of prevention, surveillance, early diagnosis, and treatment (Huang et al., 2020; Petrick et al., 2020). Surgical intervention, including surgical resection and liver transplantation, is the best choice of treatment for patients with early liver cancer and the only way to enable patients to achieve long-term survival and even cure (Fan, 2012; Fonseca and Cha, 2014). However, surgical intervention is restricted to a small proportion of HCC patients with extremely specific clinical characteristics (Forner et al., 2010). Since sorafenib, a molecularly targeted drug for advanced HCC, was approved in 2007, the research and development of cancer-targeted drugs have been a hot topic worldwide (Cheng et al., 2009). Moreover, tumor immunotherapy is in the ascendant, encouraging us to start a new era of cancer treatment, mainly including programmed cell death 1 (PD-1) and cytotoxic T lymphocyte-associated antigen 4 (CTLA-4) checkpoint inhibitors (Sangro et al., 2013; Chang Lee and Tebbutt, 2019). As far as we know, the heterogeneity of the HCC tumor microenvironment (TME) leads to different therapeutic effects of targeted drugs and immunocheckpoint inhibitors (ICIs) on HCC patients. Therefore, the molecular profiling and subtype identification of HCC patients could contribute to the efficacy of personalized treatment and prognostic prediction.
Cell senescence is a process in which cells stop dividing or lose their proliferative capacity, can be induced by a couple of stresses such as the activation of oncogenes and DNA damage caused by conventional chemotherapies/radiotherapies (Fei and El-Deiry, 2003; Gewirtz et al., 2008; Ewald et al., 2010; Petrova et al., 2016). Therefore, cell senescence was once considered a defense mechanism against cancer because of its ability to maintain a stable cell cycle arrest (Campisi, 2013). Tumor-suppression characteristic of cell senescence has paved the way for a novel idea that enhances the senescence in tumor cells for cancer patients (Gertler et al., 2004; Collado et al., 2005; Calcinotto and Alimonti, 2017). However, a growing number of studies pointed out that cellular senescence caused genomic perturbations and played a paradoxical role in tumorigenesis, being both tumor-promoting and tumor-suppressive (Perez-Mancera et al., 2014; Ruhland et al., 2016; Ou et al., 2021). In terms of tumor-promoting, senescent cancer cells remain metabolically active and secrete multiple types of factors, such as cytokines, chemokines, and proteases, known as the senescence-associated secretory phenotype (SASP), which can induce the proliferation of neighboring non-senescent cancer cells (Kuilman et al., 2010; Jackson et al., 2012).
Triggered by the p53 tumor suppressor, cellular senescence has been recognized as a suppressive factor of HCC by inducing the cell-autonomous program of cell-cycle arrest or apoptosis (Kang et al., 2011; Lujambio et al., 2013). In line with the finding that SASP can promote tumorigenesis by disturbing the tumor immune microenvironment (TIME), several studies reported that cellular senescence was capable of promoting HCC progression (Yoshimoto et al., 2013; Ohtani, 2014; Huang et al., 2021). In this study, we attempted to reveal the influence of cellular senescence-related genes (CSGs) on the prognosis of HCC, which would provide novel biomarkers for CSGs-related prediction for the prognosis and therapeutic response of HCC. With tumor-specific CSGs obtained from the intersection between a senescence-related gene set and the differentially expressed genes (DEGs) in the TCGA-LIHC cohort, we used an unsupervised clustering method to identify two CSGs-related subtypes with divergent clinical outcomes in HCC. Next, LASSO (Least absolute shrinkage and selection operator) Cox regression and random forest were performed, and then TOP2A and KIF11 were found as key indicators for CSGs-related subtype classification. Based on the two subtypes, a five-gene scoring system called “CSGscore” was established to predict the survival status in HCC. We confirmed the reliability and robustness of CSGscore for the prognostic prediction with internal and external datasets. Moreover, we observed the potential of CSGscore in predicting HCC patients’ response to immunotherapy or chemo-/targeted therapy. The flowchart of this study was shown in Figure 1.
[image: Figure 1]FIGURE 1 | Flowchart of this study.
2 MATERIALS AND METHODS
2.1 Data acquisition and preprocessing
We downloaded the gene expression files of 370 HCC and 50 adjacent normal tissues from the TCGA database (https://portal.gdc.cancer.gov/) using the “TCGAbiolinks” package (Colaprico et al., 2016). The corresponding clinicopathologic characteristics and their survival information including overall survival (OS), disease-free survival (DFS), progression-free survival (PFS), and disease-specific survival (DSS) were also gathered. The one-class logistic regression (OCLR)-based mRNAsi and mDNAsi for evaluating the differentiation degree from bulk sequencing were obtained as previously described (Malta et al., 2018). For survival-related analysis, 336 of 370 patients with the survival time of >1 month were included (Cai et al., 2020; Guo et al., 2022), which were divided into the training and validation datasets with the ratio of 2:1 (222 vs. 114). The transcriptome profiles and survival data of 238 HCC patients from the International Cancer Genome Consortium (ICGC) database (ICGC-LIRI-JP) were acquired to serve as the external validation set. All data were normalized and processed as previously reported (Guo et al., 2022; Tang et al., 2022). 1,259 cellular senescence-related genes (CSGs) including 525 positive CSGs and 734 negative CSGs were retrieved from a recently published paper (Wang et al., 2022). All the patient data used for model construction in the current study were summarized in Supplementary Table S1.
2.2 Identification of prognostic differentially expressed CSGs (DECSGs) and unsupervised clustering
Differentially expressed genes (DEGs) between HCC and adjacent normal tissues were screened by using the “limma” package (Ritchie et al., 2015), with the criteria cutoff of adj.P.Val<0.01 and | logFC|>1. To balance the samples between the tumor and normal groups, we utilized the subset-based method as we previously described (Guo et al., 2021). Generally, five subsets were randomly generated from the tumor group with the sample size of 74, yielding a ratio of 1.48:1 for tumor and normal. The common DEGs in the five subset-based analyses were obtained by plotting a Venn diagram, which were further intersected with 1,259 CSGs (Wang et al., 2022) to acquire the DECSGs in HCC. Subsequently, Kaplan-Meier survival analysis and log-rank test were used to identify the prognostic DECSGs for OS. To enhance the stability, we adopted the “multi-split” approach as we reported with some modifications (Tang et al., 2020; Guo et al., 2022; Zhang et al., 2022). Next, the prognostic DECSGs were utilized to perform unsupervised clustering for the patients with complete survival information, and the R package “ConsensusClusterPlus” was used to explore novel CSG patterns of HCC (Wilkerson and Hayes, 2010; Wang et al., 2021; Guo et al., 2022).
2.3 DEGs between HCC subtypes and function enrichment
The package “limma” was utilized to screen the DEGs between two CSG subtypes of HCC, followed by the enrichment analysis of biological functions and pathways. The “clusterProfiler” R package was applied to conduct the Gene Ontology (GO) enrichment and the most significant terms were visualized by using the “ggplot2” package. Meanwhile, the online DAVID tool (https://david.ncifcrf.gov/tools.jsp) was used to perform the Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway analysis, and a network showing the most significant enriched pathways was drawn by the package “ggraph.”
2.4 Gene set variation analysis (GSVA) and gene set enrichment analysis (GSEA)
The Gene set variation analysis process was completed to calculate the enrichment scores of 50 hallmark gene sets of the molecular signature database (Liberzon et al., 2015) for the TCGA-LIHC cohort by the “GSVA” package (Hanzelmann et al., 2013). Differential analysis was then performed by the “limma” package to reveal the relative activities of these hallmark pathways in the two CSG subtypes, which was determined by the criterion of p < 0.01 combined with absolute t > 2.5 (Lambrechts et al., 2018; Zhang et al., 2022). GSEA was further employed to verify the GSVA results using the GSEA software with default settings. The cutoff of FDR <0.25 was considered significant as recommended (Zhang et al., 2022).
2.5 Building a CSG subtype predictor in HCC
In this section, all 336 samples from the TCGA-LIHC cohort were randomly classified into the training set (n = 222) and the validation set (n = 114) at a ratio of 2:1, and the ICGC-LIRI-JP dataset (n = 238) was selected as an external validation set. In the training set, two feature selection algorithms suitable for high dimensionality were applied to screen the most subtype-relevant features: LASSO regression and the Random Forest. The expression of the top 208 DEGs between two CSG subtypes with the cutoff of |logFC| > 1.5 and adj.P.Val<0.01 was used as the input variable and the CSG subtype status was used as the binary outcome (0 or 1). For the LASSO selection operator, the “multi-split” strategy was adopted to minimize the effect of arbitrary choice in the random sample split process (Xu et al., 2017; Luo et al., 2020). We subsampled 75% of the training dataset 1,000 times and only those repeatedly occurred more than 700 times were selected. Moreover, random forest was carried out for variable elimination with the OOB error as the minimization criterion. The intersecting genes were further narrowed down by comparing them with the hub genes in HCC that were reported before (Tang et al., 2020; Zhang et al., 2021). Afterward, two overlapping critical genes were used to fit a binary prediction model with multivariate logistic regression analysis (Xu et al., 2017; Luo et al., 2020; Wang et al., 2021). The discriminative performance of the CSG subtype predictor was investigated by the receiver operating characteristic (ROC) curves and the areas under the ROC curve (AUCs) in the training and validation datasets. The optimal cutoff value derived from the training set according to the maximum Youden’s index was applied to the training and validation datasets to generate the predicted outcomes and confusion matrixes. Finally, the CSG subtypes for the external dataset ICGC-LIHC-JP were predicted in a similar way and the prognostic value of the CSG subtype was further validated.
2.6 Prognostic CSGs scoring system (CSGscore) establishment
We examined the utility of the CSGs for the construction of a prognostic CSGs scoring system with the aforementioned prognostic DECSGs. Based on the TCGA training dataset, all the 238 robust prognostic DECSGs were subjected to LASSO-COX and stepwise regression algorithms to generate the best subset of prognostic genes, which were subsequently used to build the prognostic CSGs signature: CSGscore = Σ(coef (β)*EXPβ), where β indicates each selected prognostic DECSG. Next, the CSGscores for the HCC patients in the training, validation, and external dataset were computed, and all the patients were categorized into the high- and low-risk groups depending on the median CSGscores in the training set. Kaplan-Meier survival curves and log-rank tests were used to compare the divergent survival outcomes in both groups. Time-dependent receiver operating characteristic (tROC) curves were drawn to evaluate the predictive power of CSGscore. Besides, stratified survival analysis was used to explore its additional prognostic value in subgroups divided by clinicopathologic variables.
Univariate and multivariate analyses were conducted to verify the independent prognostic capacity of CSGscore. Based on the results of Univariate analysis, a CSGscore-integrated nomogram was established with the “rms” package. Calibration curves were plotted to estimate the consistency between predicted probabilities of 3- and 5-year survival and actual ones. The decision curve analysis (DCA) curves at 1-, 3-, and 5- years were depicted to compare the net benefits of the nomogram and that of the pathologic stage or tumor burden status. Kaplan-Meier analysis was further applied to test the clinical relevance of the nomogram for OS, DFS, PFS, and DSS.
2.7 Therapeutic sensitivities prediction by CSGscore
Based on the whole TCGA-LIHC cohort, the potential role of CSGscore in predicting the immunotherapeutic efficacy of HCC was preliminarily assessed by comparing the gene expression of 50 immune checkpoint genes (ICGs) between distinct CSGscore groups. Immunophenoscore (IPS) representing the tumor immunogenicity of each sample was acquired from The Cancer Immunome Atlas (TCIA) (https://tcia.at/home), and a lower IPS stands for worse sensitivities to immunotherapy (Charoentong et al., 2017). The tumor immune dysfunction and exclusion (TIDE) score, which was designed to predict the influences on survival and immunotherapeutic responses based on two mechanisms of immune evasion: T-cell exclusion and T-cell dysfunction (Jiang et al., 2018), was computed with the expression profiles of the whole TCGA-LIHC cohort and the ICGC-LIRI-JP dataset. Wilcoxon test was used to compare the TIDE scores between the high- and low- CSGscore groups, and Chi-square test was used to analyze the ratio of responders or non-responders in both groups. Meanwhile, the “pRRophetic” package was used to calculate the semi-inhibitory concentration (IC50) values of 138 chemo/targeted drugs (Geeleher et al., 2014).
2.8 Correlation of CSGscore with immune infiltration
For the immune infiltration landscape, we utilized the CIBERSORT algorithm (Newman et al., 2015) to estimate the relative percentage of 22 tumor immune cell types based on the whole TCGA-LIHC cohort. The tumor immune cell infiltration for the high- and low-risk groups were computed and presented with a heatmap. Spearman correlation analysis was used to investigate the correlation of immune cell infiltration and CSGscore as well as the expression of CSGscore genes, followed by the visualization of a correlation heatmap.
2.9 Comprehensive exploration of the CSGscore genes
The innovative OCLR machine-learning algorithm-derived stemness indices including mRNAsi and mDNAsi have correlated with multiple clinical observations in malignant tumors such as poor survival, tumor metastasis, and therapeutic resistance (Malta et al., 2018; Wang et al., 2021; Huang et al., 2022). Thus, we used the whole TCGA-LIHC cohort to compare the mRNAsi and mDNAsi in the two CSGscore risk groups by Wilcoxon test. Spearman correlation analysis was then performed to validate the relationship between each CSGscore gene and mRNAsi or mDNAsi. The differential expression patterns of these CSGscore genes were further verified by paired HCC and non-cancerous tissue samples (n = 50). Finally, the correlation of CSGscore genes’ expression and clinicopathologic parameters including tumor grade, pathologic stage, tumor burden status, and CSG subtype was also investigated via boxplots.
2.10 Statistical analysis
Kaplan-Meier and log-rank tests were used to compare the survival outcomes for OS, DFS, PFS, and DSS in different groups. Wilcoxon test or Kruskal-Wallis test was used for the comparisons of continuous variables in two or three groups. Correlation coefficients and statistical significance were calculated by Spearman correlation analysis. Pearson Chi-square test was utilized to examine the distribution differences of categorical variables. The R package “glmnet” and “randomForest” were used to perform the LASSO and random forest algorithms for dimensionality reduction. The “pROC” package was used to assess the predictive accuracies for the CSG subtype predictor and the “timeROC” package was used to determine the prognostic reliability of the CSGs scoring system. All data visualization was completed in RStudio (Version 1.1.383, https://www.rstudio.com/).
3 RESULTS
3.1 Identification of CSG subtypes of HCC
Applying the “limma” package with the screening criteria of |logFC| > 1 and adj.P.Val <0.01, we extracted 1997 overlapping DEGs among five randomly subsampled subsets from TCGA-LIHC dataset using the subset-based approach (Figures 2A,B). Next, we intersected the previously reported 1,259 cellular senescence genes (CSGs) with these 1997 DEGs to obtain 331 DEGs associated with CS (DECSGs) (Figure 2C). Currently, a growing body of evidence has linked CS with cancer progression and metastasis, which in turn affects the prognosis (Wang et al., 2022). Therefore, we screened the robust DECSGs significantly correlated to the prognosis of HCC patients by the “multi-split” method, and 238 DECSGs were observed to be associated with prognosis in more than 990 of 1,000 subsamples (Supplementary Table S2), and by those genes, two subtypes of HCC were recognized by unsupervised clustering analysis (Figures 2D–F, Supplementary Figure S1). Furthermore, by utilizing Kaplan-Meier analysis, we found that patients in the two subtypes had distinct clinical outcomes, and patients in subtype 2 had a significantly shorter survival time than the patients in subtype 1 (Figure 2G). We also exhibited the gene profiles of the 238 DECSGs in the two HCC subtypes along with clinical traits (Figure 2H).
[image: Figure 2]FIGURE 2 | Identification of prognostic DECSGs and consensus clustering. (A) Screening of the DEGs in HCC with the subset-based approach. (B) Venn diagram showing the 1997 DEGs shared by the five subset-based DEGs. (C) Venn diagram showing the 331 DECSGs in HCC. (D–F) Two subtypes of HCC were recognized with 238 robust prognostic CSGs using unsupervised consensus clustering. (G) Kaplan-Meier survival plots of two CSG subtypes for OS, DFS, PFS, and DSS. (H) The 238 gene profiles of two CSG subtypes with clinical traits. DECSGs, differentially expressed cellular senescence genes; DEGs, differentially expressed genes; OS, overall survival; DFS, disease-free survival; PFS, progression-free survival; DSS, disease-specific survival.
3.2 Clinical significance and biological functions of the CSG subtypes of HCC
Differential analysis of clinicopathologic characteristics between the two HCC subtypes from the TCGA-LIHC cohort was performed. Notably, Chi-square test results showed significantly differential sample distribution for pathologic stage, tumor grade, OS status, and progression status of HCC concerning the defined CSG subtype. (Figure 3A). More patients with advanced stage (35.5% vs. 18.8%), high grade (50.7% vs. 25.9%), and poor progression status (61.1% vs. 44.9%) were clustered into subtype 2 than subtype 1, corresponding to the poorer prognosis of subtype 2.
[image: Figure 3]FIGURE 3 | Clinical significance and molecular characteristics of CSG patterns of HCC. (A) Proportions of subgroups divided by tumor stage, grade, tumor burden, OS status, and progression status in different CSG subtypes. (B,C) GO (B) and KEGG (C) enrichment analysis of the DEGs between CSG subtypes. (D,E) Significant hallmark pathways enriched by GSVA (D) and GSEA (E) between CSG subtypes. GO, gene ontology; KEGG, Kyoto Encyclopedia of Genes and Genomes; GSVA, gene set variation analysis; GSEA, gene set enrichment analysis.
GO enrichment analysis revealed that the most significant terms enriched by the DEGs between the two subtypes were the biological process (BP) of DNA replication, cellular component (CC) of chromosomal region, and molecular function (MF) of catalytic activity acting on DNA (Figure 3B). For the KEGG enrichment analysis, DEGs between the two CSG subtypes mostly participated in the pathways of metabolic pathways and cell cycle (Figure 3C). GSVA regarding hallmark gene sets was performed in the two HCC subtypes. As Figure 3D shows, the CSG subtype 2 was significantly associated with several cell cycle-related pathways such as G2M checkpoint, E2F targets, and mitotic spindle pathway while those from subtype 1 were associated with immune- and metabolism-related pathways such as coagulation, xenobiotic metabolism, and fatty acid metabolism pathway. Meanwhile, GSEA confirmed the differences in hallmark pathways enriched in the two HCC subtypes. Similar to the results of GSVA analysis, we observed that multiple cell cycle- and cancer-related pathways were more frequently enriched in subtype 2 (Figure 3E).
3.3 Construction of CSGs-related subtype predictor
Preliminary work inspired us to investigate potential biomarkers with indicative roles in the classification of CSGs-related HCC subtypes to achieve a precise and concise model for CSG subtype categorization of HCC. We first picked out the top 208 of 784 DEGs between the two HCC subtypes with the cutoff of |logFC| > 1.5 (Supplementary Table S3). Next, we conducted LASSO regression and random forest with the 208 DEGs and screened out nine and 14 variables, respectively. Five genes (GINS1, TOP2A, KIF11, KIF2C, and MELK) were found in common by both algorithms. Interestingly, TOP2A and KIF11 were widely recognized as hub genes of HCC, which were also presented to be strongly associated with the CSGs-related subtype classification. Figure 4A outlined the screening process of these two critical hub genes (TOP2A and KIF11), which were further used to construct the CSGs-related subtype predictor. Confusion matrixes showed that the expression of TOP2A and KIF11 in HCC patients could precisely predict the CSGs-related subtype in the TCGA training cohort (totally 217 of 222 samples were correctly predicted) and the TCGA validation cohort (totally 109 of 114 samples were correctly predicted) and ROC curves also demonstrated the reliability of the two-gene subtype predictor (Figures 4B,C). Moreover, the confusion matrix and ROC curve for the whole TCGA-LIHC cohort were shown in Supplementary Figure S2. Additionally, we performed CSG subtype prediction with the subtype predictor for the ICGC-LIRI-JP dataset and 238 patients were successfully classified into two groups with distinct OS status (Figures 4D,E).
[image: Figure 4]FIGURE 4 | Construction and evaluation of the CSG subtype predictor of HCC. (A) Workflow for building the CSG subtype predictor. (B,C) Confusion matrixes and ROC curves of the CSG subtype predictor for the binary classification in the TCGA training (B) and validation (C) datasets. (D) Unsupervised hierarchical clustering of the two selected hub genes in the CSG subtype predictor for the ICGC-LIRI-JP dataset. (E) Kaplan-Meier survival plots showing the significantly different OS between the two CSG subtypes.
3.4 Construction and validation of the CSGscore model
To evaluate the capability of CSGs in the prognosis prediction of HCC, the abovementioned 238 robust prognostic DECSGs were applied as the input variables for the LASSO-COX regression analysis to construct a prognostic model, which resulted in 10 potential genes for the next incorporation into the stepwise regression (Figure 5A). The final model consisting of PSRC1, SOCS2, TMEM45A, CCT5, and STC2 generated a minimal AIC value (AIC = 709.63). Therefore, the final prognostic CSGscore risk model was constructed with the five prognostic CSGs, whose coefficients and significance levels in the model were shown in Figure 5B. To evaluate the prognostic value of the CSGscore model for HCC, all patients in the TCGA training set were classified into high- and low-risk groups according to the median value of CSGscore (0.9824545), and the CSGscore distribution, survival status, and expression profile of HCC patients were exhibited Figure 5C. As shown in Figure 5D, Kaplan-Meier analysis showed that high-risk patients had exceedingly lower OS rates relative to low-risk patients in the TCGA training cohort. The time-dependent receiver operating characteristic curve showed the area under the ROC curve (AUC) of 0.871, 0.801, and 0.784 in 1-year, 3-year, and 5-year OS, respectively, suggesting the high accuracy of CSGscore for OS prediction (Figure 5E). Moreover, we also found the high-risk group had a worse prognosis for DFS, PFS, and DSS (Figures 5F–H). Notably, stratified analysis indicates the CSGscore signature could recognize different risk status significantly in all subgroups divided by clinicopathologic parameters, which denotes its good potential and clinical application to exert additional prognostic value to existing risk factors (Supplementary Figure S3).
[image: Figure 5]FIGURE 5 | Construction and evaluation of the CSGs scoring system (CSGscore) of HCC based on the TCGA training dataset. (A) LASSO-COX was applied to identify 10 potential genes, followed by the stepwise method to select the final five of them for the construction of the CSGs scoring system. (B) Forest plot showing the coefficients and significant levels of the five CSGscore genes in the model. (C) Patients in the TCGA training set were classified into the high- and low-risk groups according to the median value of CSGscores, and (C) shows the distribution of their CSGscores, survival status, and the expression profile of the five CSGscore genes. (D,E) The Kaplan-Meier survival plots (D) and tROC curves (E) for the OS of CSGscore in the training dataset. (F–H) The Kaplan-Meier survival plots of CSGscore for the DFS, PFS, and DSS of HCC.
To validate the stability and robustness of CSGscore for OS prediction, we adopted the TCGA-validation dataset and the whole TCGA cohort as internal validation sets and chose the ICGC-LIRI-JP dataset as an external set. Using the same cutoff value that was derived from the training set (0.9824545), all patients in each validation set were categorized into high- and low-risk groups. As Figure 6 shown, the CSGscore was consistent in predicting the prognosis of HCC in all of them, and CSGscore-defined high-risk patients had a significantly worse prognosis than the low-risk group.
[image: Figure 6]FIGURE 6 | Validation of the prognostic value of CSGscore in HCC. (A–C) The left panels indicate the distribution of CSGscore, survival status, and the expression of the five CSGscore genes in the TCGA validation set (A), the whole TCGA cohort (B), and the ICGC-LIRI-JP dataset (C). The middle and right panels indicate the Kaplan-Meier survival plots (the middle panels) and the tROC (the right panels) of CSGscore for the OS of the TCGA validation set (A), the whole TCGA cohort (B), and the ICGC-LIRI-JP dataset (C).
The correlation between CSGscore and clinicopathologic features was subsequently explored. As presented in Figure 7A and Supplementary Figure S4, the CSG subtype, tumor burden, stage, and tumor grade were significantly related to CSGscore, while other clinical characteristics showed no significant association with CSGscore.
[image: Figure 7]FIGURE 7 | Integration of clinicopathologic characteristics and CSGscore to construct the nomogram. (A) Comparison of CSGscore distribution based on clinicopathologic parameters using the whole TCGA cohort. (B) Univariate and multivariate analysis of CSGscore and other clinicopathologic traits based on the whole TCGA cohort. (C) The CSGscore-integrated nomogram. (D) Calibration curves of the nomogram. (E–G) Decision curve analysis (DCA) plot of the nomogram for 1-year (E), 3-year (F), and 5-year (G) OS prediction. (H) Kaplan-Meier curves of the nomogram for the OS, DFS, PFS, and DSS of HCC. *p < 0.05, **p < 0.01, ***p < 0.001, and ns indicates no significance.
3.5 CSGscore-integrated nomogram establishment
The accurate preoperative prediction of OS might help surgeons to make better clinical decisions and comprehensive nomograms can be used for the combined diagnosis or disease status prediction with multiple indicators. In this situation, accuracy was of the essence, so we were prompted to construct a novel nomogram combing the CSGscore model and multiple clinicopathologic traits to constitute a quantitative tool for predicting the clinical outcomes of HCC patients. While univariate analysis identified the CSGscore classifier, stage, CSG subtype, and tumor burden were prognostic variables, in multivariate analysis, only CSGscore and tumor stage were proved to be independent prognostic indicators for HCC (Figure 7B). Afterward, by integrating the prognostic factors including CSGscore, stage, tumor burden, and CSG subtypes, we established an integrative nomogram to predict the 1-, 3-, and 5-year OS of HCC patients (Figure 7C). Well-fitted calibration curves demonstrated that the nomogram had excellent consistency between the predicted and observed 3- and 5-year OS (Figure 7D). Moreover, The 1-, 3-, and 5-year DCA curves showed that the CSGscore-integrated nomogram could yield better net benefits compared with other indices for the vast majority of threshold probabilities (Figures 7E–G). Importantly, Kaplan-Meier analyses of OS, DFS, PFS, and DSS for low- and high-risk HCC patients classified by the median value of the nomogram score suggested that the CSGscore-integrated nomogram was a utilizable tool in evaluating the prognosis of HCC patients (Figure 7H).
3.6 CSGscore correlates with tumor immune infiltration and therapeutic responses
Ongoing efforts are being made to decipher the interplay between cellular senescence and immune response in the tumor microenvironment to determine whether senescence changes the role of the immune system from anti-tumor to pro-tumor response. In this context, we eagerly mined the potential correlation between CSGscore and the tumor immune microenvironment of HCC. We found most of the immune checkpoint genes (ICGs) were highly expressed in the CSGscore-defined high-risk group compared to the low-risk group (Figure 8A). Moreover, Immunophenoscore (IPS), an index to measure the overall immunogenicity of tumors with machine learning, was designed to predict patients’ response to immunocheckpoint inhibitors (ICIs) therapy, and a higher IPS was representative of a more immunogenic tumor. As Figure 8B shows, in the whole TCGA-LIHC cohort, the low-risk patients had higher scores of IPS, IPS-CTLA4, and PD1/PD-L1/PD-L2 blocker than high-risk patients, which demonstrated that low-risk patients had higher sensitivity to ICIs therapy. Also, we performed TIDE scoring on patients in the TCGA-LIHC cohort and the ICGC-LIRI-JP dataset, both of which showed the low-risk patients had significantly lower TIDE scores and a higher proportion of predicted responders (Figures 8C,D). By the CIBERSORT algorithm, we calculated the correlation matrix of the expression levels of the five CSGscore genes and 22 immune cells, respectively. Interestingly, we found that the CSGscore genes were all significantly associated with the M0 macrophage infiltration, positively or negatively in HCC, corresponding to their hazard ratio of them inside the model (Figure 8E). The relative abundance of the 22 immune cell types for the whole TCGA cohort was also shown in Supplementary Figure S5.
[image: Figure 8]FIGURE 8 | The potential role of CSGscore in predicting immunotherapeutic efficiency and correlation analysis of CSGscore genes and TME cell infiltration. (A) The discrepancy of the gene expression of ICGs in two risk groups of the whole TCGA cohort. (B) Differences of IPS scores between the two risk groups of the whole TCGA cohort. (C) Comparison of TIDE scores between the high- and low-risk groups in the whole TCGA cohort and the ICGC-LIRI-JP dataset. (D) The proportions of predicted responders or non-responders in the high- and low-risk groups of the whole TCGA cohort and the ICGC-LIRI-JP dataset. (E) The correlation matrix of the five CSGscore genes, CSGscore, and the abundance of 22 immune cell types. *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001, and ns indicates no significance.
In addition, we evaluated the potential application of CSGscore for predicting the HCC patients’ responses to chemo-/targeted therapy. The IC50 values of 138 chemo-/targeted drugs were calculated by “pRRophetic” algorithm for HCC patients and 10 common chemo/targeted drugs were selected to show the different IC50 values of them in low- and high-CSGscore groups (Supplementary Figure S6).
3.7 Comprehensive analysis of the CSGscore genes
Significant correlations of cellular senescence levels with tumor stemness have been reported previously (Wang et al., 2022), thus, we suppose the statistical linkage between CSGscore and stemness indices. As shown in Figure 9A and Figure 9B, mRNAsi and mDNAsi both showed significantly different between the low- and high-risk groups, and we noticed that patients in the high-risk group had higher tumor stemness indices, suggesting a worse prognosis in patients with a higher stemness level. Specifically, four CSGscore genes (STC2, SOCS2, CCT5, and PSRC1) were found significantly correlated with mRNAsi while three CSGscore genes (SOCS2, STC2, and TMEM45A) had significant correlations with mDNAsi (Figures 9C,D). Further, we validated the differential expression of the five signature genes with paired boxplots using the TCGA-LIHC dataset (Figure 9E). To seek the clinical relevance of the CSGscore, we analyzed their expression levels according to tumor grade, pathologic stage, tumor status, and CSG subtype. Consequently, most of them showed statistical differences in different subgroups of tumor grade and pathologic stage (Figures 9F,G), implying that they may good indicators for tumor progression. While only TMEM45A was associated with tumor burden status, all of the five signature genes were strongly related to CSG subtypes (Supplementary Figure S7), suggesting their close relationships with the CSG patterns of HCC.
[image: Figure 9]FIGURE 9 | Comprehensive analysis of the five CSGscore genes using the TCGA-LIHC dataset. (A,B) Comparison of mRNAsi (A) and mDNAsi (B) between the high- and low- CSGscore risk groups. (C,D) Spearman correlations of the expression of CSGscore genes and mRNAsi (C) or mDNAsi (D). Only significant results are shown. (E) Validation of the differential expression of the five CSGscore genes between the tumor and normal tissues with paired boxplots. (F,G) Comparison of the expression of the five CSGscore genes between subsets of stage and tumor grade.
4 DISCUSSIONS
In recent years, numerous studies have identified the carcinogenic properties of cellular senescence, contrary to previous perceptions of it (Ruhland et al., 2016; Calcinotto and Alimonti, 2017). What role cellular senescence plays in the tumorigenesis and development of HCC is far from fully understood. Here, we first identified 238 robust prognostic DECSGs by intersecting DEGs obtained from the TCGA-LIHC cohort with 1,259 CSGs published by a previous study, as well as the “multi-split” selection. Based on these prognostic DECSGs, 336 HCC patients were categorized into two subtypes with distinct survival outcomes and functional characteristics. Subsequently, a CSG subtype predictor was successfully established with two hub genes (TOP2A and KIF11). Then, we proposed a novel CSGs-related prognostic model with five prognostic CSGs: CSGscore, to predict the OS and therapeutic response of HCC.
In the present study, we identified two CSGs-related subtypes of HCC via consensus clustering, and subtype 2 exhibited a significantly larger percentage of HCC patients with a high grade or pathologic stage together with a worse survival outcome. GO and KEGG enrichment analysis demonstrated that the most remarkable differences in the functional characteristics of the two subtypes were cell cycle and metabolic pathways, an observation that was strengthened by GSVA and GSEA analysis, both of which revealed that subtype 2 mainly enriched in G2M checkpoint and E2F targets pathways while subtype 1 mainly enriched in multiple metabolism pathways. Thus, the categorization of CSG subtypes corresponds to two dimensions molecularly: cell cycle and metabolism. As well-recognized hallmarks of cancer, cell cycle and metabolism are inextricably linked (Liu et al., 2021b; Wiley and Campisi, 2021). In cancer biology, G2M checkpoint is a hallmark halting the cell cycle in order to repair DNA damage, and its dysregulation is an important contributor to carcinogenesis (Dasika et al., 1999; Bartek and Lukas, 2003). E2F transcription factors and their target genes form a pathway that regulates cell proliferation, and their misexpression leads to the promotion of tumorigenesis (Kent and Leone, 2019). Next, we were prompted to construct a precise and concise predictor for CSGs-related subtypes. With the combination of LASSO regression and random forest, we found that the expression of two key genes (TOP2A and KIF11) could be used to predict the CSG subtype with high accuracies both in the training set and the validation set. Based on the established predictive model, the CSG subtypes for the ICGC-LIRI-JP dataset were further identified, and differential survival outcomes were observed in the two subtypes. TOP2A is an isoform of the Topoisomerase II (TOP2), typically expressing at high levels in rapidly proliferating and growing cells, especially tumor cells, in which overexpression of TOP2A is associated with poor clinical outcomes (Zhao et al., 2008; Liu et al., 2019a). Similar to TOP2A, KIF11, acting as an oncogene that promotes the proliferation of tumor cells, is negatively correlated with decreased overall survival (Jungwirth et al., 2021; Wei et al., 2021a). To this point, we found a novel transcriptional subtype classification of HCC using critical CSGs as the mediators.
To deeply investigate the clinical value of CSGs in HCC, we performed LASSO Cox regression analysis to identify five vital genes (PSRC1, SOCS2, TMEM45A, CCT5, and STC2) from 238 robust prognostic DECSGs, which were subsequently employed to construct the CSGscore risk signature as a scoring system for HCC prognostic prediction. The following validation of the internal and external validation datasets revealed that patients in the high-risk group defined by CSGscore were proved to have a worse prognosis. Among these CSGscore genes, PSRC1, TMEM45A, CCT5, and STC2 were high-risk factors, while SOCS2 was a protective factor. A few studies reported that PSRC1 was a key gene in cancer. For instance, Wei et al. identified PSRC1 as a poor prognostic gene in HCC (Wei et al., 2021b), and Mange et al. (2012) found PSRC1 participating in the progression of breast cancer. In HCC, the expression of PSRC1 was found to be positively associated with cell proliferation and tumor development (Meroni et al., 2021). TMEM45A, a transmembrane protein, which has been proposed as a biomarker of clear cell renal cell carcinoma (ccRCC), was also reported to be associated with chemoresistance in breast cancer and HCC cells (Flamant et al., 2012; Wrzesinski et al., 2015). Recently, a study reported that CCT5 induced epithelial-mesenchymal transition (EMT) to promote gastric cancer lymph node metastasis, and another study reported it promoted lung adenocarcinoma cell migration and invasion (Meng et al., 2021; Li et al., 2022). Similarly, CCT5 overexpression could promote the proliferation, migration, and G1–S transition in HCC cell lines (Liu et al., 2021a). Belonging to a conserved, secreted glycoprotein hormone family, STC2 plays a critical role in regulating the homeostasis of calcium, glucose homeostasis, and phosphorus metastasis (Takei et al., 2012; Qie and Sang, 2022). The dysregulation of STC2 was reported as a major risk factor of EGFR tyrosine kinase inhibitor (TKI) resistance in non-small cell lung cancer (NSCLC) and a predictive marker for lymph node metastasis in esophageal squamous cell carcinoma (Kita et al., 2011; Liu et al., 2019b). Consistent with our study, a remarkable work completed by Chen et al. (2022) found that SOCS2 promoted ferroptosis and radio sensitization in HCC thus improving the prognosis of HCC patients. Importantly, univariate and multivariate analyses confirmed that CSGscore was an independent factor for the prediction of HCC patients’ clinical outcomes. The integrated nomogram, composed of CSGscore, stage, tumor burden, and CSG subtype, was subsequently developed and showed great potential as an ideal quantitative tool to predict 1-, 3-, and 5-year OS in HCC patients.
In advanced HCC, immunotherapies have rapidly evolved in recent years, and most of them focused on monoclonal antibodies against CTLA-4 and PD-1 that block immune checkpoints pathways to reactivate the tumor-killing activity of immune cells in the TME (Cho et al., 2017; Seidel et al., 2018). Although various immunotherapeutic clinical trials have been conducted for HCC, there are still insufficient convincing biomarkers as indicators of therapeutic effects and prognosis. So we explored whether the CSGscore system could classify HCC patients with different intrinsic TME immunity. Encouragingly, the expression levels of almost all ICGs were lower in low-risk HCC patients, indicating that they had a more favorable TIME. IPS and TIDE analyses also validated that the low-risk group had significantly higher sensitivity to anti-CTLA-4 and anti-PD1/PD-L1 immunotherapies. Besides, all five CSGscore genes were found strongly associated with M0 macrophage infiltration in TIME of HCC and the correlation was consistent with the risk coefficient, which might help explain the immune regulatory mechanism for the risk categorization of CSGscore. We virtually computed the IC50 values of 138 chemo/targeted drugs in the two-risk groups and revealed that patients of the low-risk group might respond better to more chemo/targeted drugs than the high-risk group. These results raise the possibility that CSGscore might be a reliable signature in predicting therapeutic response to aid personalized medicine for HCC.
It is well known that cancer stem cells (CSCs) contribute to a high rate of cancer recurrence, as well as resistance to radiotherapy or chemotherapy (Lee et al., 2013). To dig deeper into the performance of the model, we performed correlation analyses between CSGscore and two stemness indices, mRNAsi and mDNAsi, respectively. It turned out that high-risk patients had higher stemness, implying that CSGscore was associated with the stemness in HCC and the signature genes were well worth continued research in the future.
Taken together, we comprehensively evaluated the cellular senescence patterns in HCC and proposed a novel CSG subtype classification system with clinical significance. A CSG subtype predictor was successfully established with high accuracy. In addition, we constructed a novel CSGs-based prognostic signature - CSGscore, which was proved to be a robust and precise indicator for the prediction of OS and therapeutic responses. The correlations of CSGscore genes and immune cell infiltration might advance the dynamic interplay between TIME and cellular senescence in different subgroups of HCC. Finally, the integrative analysis of the CSGscore genes also suggests they are of great importance in the process of tumor progression and represents a promising direction for novel biomarker development of HCC.
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Survival status Alive 245

Dead 132
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Genes Primer sequence (5-3°)

C7 (human)-F AATGGCTGTACCAAGACTCAGA
C7 (human)-R GCTGATGCACTGACCTGAAAA
MAGEA6 (human)-F AGGGGAGGGAAGACAGTATCT
MAGEA6 (human)-R AAAGCCCACTCATGCAGGAG
HK2(human)-F GAGCCACCACTCACCCTACT
HK2(human)-R CCAGGCATTCGGCAATGTG
CYP26B1(human)-F GGCAACGTGTTCAAGACGC
CYP26B1(human)-R TGCTCGCCCATGAGGATCT
EPO (human)-F GGAGGCCGAGAATATCACGAC

EPO (human)-R CCCTGCCAGACTTCTACGG
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