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Background: Adrenocortical carcinoma (ACC) is a rare malignant endocrine tumor derived from the adrenal cortex. Because of its highly aggressive nature, the prognosis of patients with adrenocortical carcinoma is not impressive. Hypoxia exists in the vast majority of solid tumors and contributes to invasion, metastasis, and drug resistance. This study aimed to reveal the role of hypoxia in Adrenocortical carcinoma and develop a hypoxia risk score (HRS) for Adrenocortical carcinoma prognostic prediction.
Methods: Hypoxia-related genes were obtained from the Molecular Signatures Database. The training cohorts of patients with adrenocortical carcinoma were downloaded from The Cancer Genome Atlas, while another three validation cohorts with comprehensive survival data were collected from the Gene Expression Omnibus. In addition, we constructed a hypoxia classifier using a random survival forest model. Moreover, we explored the relationship between the hypoxia risk score and immunophenotype in adrenocortical carcinoma to evaluate the efficacy of immune check inhibitors (ICI) therapy and prognosis of patients.
Results: HRS and tumor stage were identified as independent prognostic factors. HRS was negatively correlated with immune cycle activity, immune cell infiltration, and the T cell inflammatory score. Therefore, we considered the low hypoxia risk score group as the inflammatory immunophenotype, whereas the high HRS group was a non-inflammatory immunophenotype. In addition, the HRS was negatively related to the expression of common immune checkpoint molecules such as PD-L1, CD200, CTLA-4, and TIGIT, suggesting that patients with a lower hypoxia risk score respond better to immunotherapy.
Conclusion: We developed and validated a novel hypoxia risk score to predict the immunophenotype and response of patients with adrenocortical carcinoma to immune check inhibitors therapy. These findings not only provide fresh prognostic indicators for adrenocortical carcinoma but also offer several promising treatment targets for this disease.
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1 INTRODUCTION
Adrenocortical carcinoma (ACC) is a rare endocrine malignant tumor that is accompanied by clinical manifestations caused by the excessive production of adrenal steroid hormones (Pittaway, 2019). The annual incidence of ACC is 1 -2 per million people, accounting for 0.2% of cancer deaths (Cronin et al., 2018). Moreover, the incidence peak in children younger than 10 years old and female aged 40–50 (Mcateer et al., 2013). Due to the highly invasive nature of ACC, the prognosis of patients is not optimistic even after radical surgery, which is the predominant treatment of ACC (Puglisi et al., 2020). Once metastasis and recurrence occur, the effects of endocrine therapy and chemotherapy are limited (Puglisi et al., 2018). Mitotane is the only drug widely accepted to be appliable for the treatment of patients with advanced or postoperative residual ACC, however, most patients experienced only temporary and partial remission (Puglisi et al., 2020). Identically, according to a multicenter study, the overall survival rate of mitotane in combination with EDP (etoposide, doxorubicin and doxorubicin) or streptomycin remains poor (Fassnacht et al., 2012). Hence, a more effective treatment is required for patients with ACC.
In recent years, immunotherapy has shown significant superiority in a variety of cancers (Guirgis, 2018; Nakamura, 2019; Marinelli et al., 2020), and the research of immunological events of ACC has progressed. The majority studies focused on the treatment outcome of programmed death-1 (PD-1) and programmed death-ligand 1 (PD-L1) expression, microsatellite instability (MSI) and tumor mutational burden (TMB) (Li et al., 2020). In the clinical trial of avelumab, the patients with higher PD-L1 mRNA expression were associated with stronger immune response (Billon et al., 2019). However, under the treatment of pembrolizumab, the expression of PD-1 was not apparently associated with the infiltrating immune cell of ACC patients (Habra et al., 2019). In addition to immune statues, the prognosis of various immunotherapies in ACC remains controversial (Fay et al., 2015; Raj et al., 2020). At this point, it is necessary to distinguish patients who are sensitive to immunotherapy. Furthermore, immune cells within the tumor microenvironment (TME) are indispensable in the process of recognizing and attacking cancer cells, which results in a powerful response to immunotherapy (Yost et al., 2019). Hypoxia is the most common condition in the TME because of rapid tumor cell proliferation and inadequate angiogenesis (Jing et al., 2019). Hypoxia contributes to the genetic and epigenetic changes that are associated with cellular biological behaviors and physiological functions, ultimately accelerating tumor generation, metastasis, and drug resistance. Increased hypoxia-inducible factor 1α (HIF-1α) expression, a critical hallmark of hypoxia, has been reported in various neoplasms, including lung carcinoma (Yang et al., 2016), breast cancer (De Heer et al., 2020) and melanoma (Malekan and Ebrahimzadeh, 2021). There is also increasing evidence indicating that HIF-α is a major regulator of immune actions (Jing et al., 2019). Non-etheless, the effect of hypoxia on ACC immunotherapy is unclear.
In this study, our purpose was to explore the role of hypoxia in the TME of ACC and its predictive effect. After unsupervised classification, the TCGA-ACC cohort was divided into two clusters. According to the immune statues in TME, the cluster 2 was considered as an inflammatory immune phenotype, whereas cluster 1 was a non-inflammatory immune phenotype. Then we conducted a hypoxia risk assessment and associated it with immunological and clinical characteristics. Subsequently, the correlation was analyzed between hypoxia risk score (HRS) and immune checkpoint inhibitor (ICI) response for providing an alternative treatment for ACC.
2 METHODS AND MATERIALS
2.1 Data collection and preprocessing
We downloaded the fragments per kilobase per million mapped fragments (FRKM) and clinical information of ACC patients from The Cancer Genome Atlas (TCGA) (https://portal.gdc.cancer.gov/). The FRKM was then rendered into a transcripts per kilobase million (TPM) value. Three validation cohorts with mRNA expression matrix and GPL data, including GSE19750 (GPL570), GSE33371 (GPL570), and GSE76019 (GPL13158), were retrieved from the Gene Expression Omnibus (GEO) (https://www.ncbi.nlm.nih.gov/geo/) by the “GEOquery” R package. Clinical data are summarized in Supplementary Table S1.
2.2 Unsupervised clustering for hypoxia-related genes
Hypoxia-related genes were collected from the Molecular Signatures Database (MSigDB, version 7.0). We included 191 hypoxia-related genes for further analysis because of nine gene symbol mismatches in TCGA-ACC (Supplementary Table S9). Unsupervised cluster was used to distinguish different hypoxia conditions by the Consensus Clustering algorithm (maxK = 5, reps = 100, pItem = 0.8, distance = “euclidean”, clusterAlg = “km”) implanted in the “ConsensusClusterPlus” R package (Kiselev and Andrews, 2019; Chengquan et al., 2021). Finally, TCGA-ACC cohort was divided into cluster 1 and cluster 2.
2.3 Identification of hypoxia-related differentially expressed genes (DEGs) and functional analysis
We applied the “LIMMA” package to determine DEGs between clusters 1 and 2. The filtering criteria of DEGs were false discovery rate adjusted p < 0.05 and absolute log2 fold change (log2 FC) > 1. Based on the identified genes, we then used Kyoto Encyclopedia of Genes and Genomes (KEGG) and Gene Ontology (GO) through the gene set enrichment analysis (GSEA), and the enrichment of the interferon-γ (IFN-γ) pathway between the two clusters was determined also using GSEA. The gene sets of KEGG and GO were downloaded from https://www.gsea-msigdb.org/gsea/index.jsp, and the IFN-γ gene sets were collected from Mariathasan’s study (Hänzelmann et al., 2013) (Supplementary Table S2).
2.4 Identification of immunological characteristics of the TME in ACC
There are several critical procedures included in the cancer immunity cycle, and the activities of these processes were gathered from http://biocc.hrbmu.edu.cn/TIP/. It can be roughly summarized as the release and presentation of cancer cell antigens (steps 1 and 2), activation of the immune response (step 3), recruitment and invasion of immune cells (steps 4 and 5), and identification and killing of cancer cells by effector T cells (steps 6 and 7) (Chen, 2013). We then estimated the abundance of tumor-infiltrating immune cells in the TME using a single-sample gene set enrichment analysis algorithm (ssGSEA) (Wang et al., 2020), and the relevant immune cell gene sets acquired from Charoentong et al. (2017) (Supplementary Table S3). For the sake of persuasion, we applied six other algorithms incorporated in TIMER (Li et al., 2017), EPIC (Yang et al., 2021a), Cibersort-ABS (Tan and Wang, 2022), Quan-Tiseq (Plattner et al., 2020), x-Cell (Tan and Wang, 2022), and Mcp-counter (Becht et al., 2016) to validate the tumor immune cell infiltration level of which EPIS, Quan-Tiseq, TIMER, and x-Cell were applied by the “immunedeconv” R package, while we downloaded LM22 from http://cibersort.stanford.edu/and used the “MCPcounter” R package for verification (Li et al., 2017; Plattner et al., 2020; Xu et al., 2021) (Supplementary Table S3). We also made the correlation analysis between MSI, TMB and HRS.
2.5 Generation and validation of the HRS
According to the univariate Cox analysis, we selected 143 DEGs as prognostic for hypoxia. Then, using the least absolute shrinkage and selector operation (LASSO) regression analysis and cross validation, we screened out six genes (SLC7A4, ISL1, SLC30A10, HOXC11, LHX2, and ZIC2) to calculate the HRS. The random survival forest model is an ensemble tree method used for survival analysis (Jamet et al., 2021). We generated the HRS on the basis of six genes with optimal predictive value using the rfsrc function performed by the “randomForestSRC” R package (kogalur.github.io/randomForestSRC) (Jamet et al., 2021). Taking the intermediate value of HRS as the cut-off point, we divided the cohort into high-risk and low-risk score groups. The Kaplan-Meier method and log rank test were applied for survival and statistical significance analyses between risk groups, respectively. Moreover, we evaluated the accuracy of the HRS using receiver operating characteristic curves visualized by the area under the curve. The prognostic value of the HRS was further verified using three external validation cohorts (GSE19750, GSE33371, and GSE76019).
2.6 Clinical characterizes combined with HRS for prognosis prediction
Multivariate Cox analyses were conducted to determine whether age, sex, tumor node metastasis stage, and HRS were prognostic factors for ACC. The results were displayed by the “forestplot” R package. The nomogram depicted the degree of contribution of the clinical factors and HRS to the survival probability at different time points. To further validate the predictive performance of nomogram, we made decision curve analysis (DCA).
2.7 Statistical analyses
We explored the correlation between immune status and HRS, and the expression of immune check point molecules and the HRS, using Spearman coefficients and a Pearson correlation analysis. Continuous variables between binary groups were compared using either the t-test or Mann-Whitney U test. Comparisons of classification variables were performed using Chi-square or Fisher tests. Statistical tests were two-sided, and the level of significance was set at p < 0.05. All statistical data analyses were performed using R software, version 4.0.3 (http:www.r-project.org).
3 RESULTS
3.1 Hypoxia clusters correlated with immune phenotypes
According to the expression of hypoxia-related genes, we found that when K = 2, unsupervised classification was the most effective. Hence, TCGA-ACC cohort was divided into two independent clusters: cluster 1 (50 patients) and cluster 2 (29 patients) (Figure 1A, Supplementary Figures S1 A–E). The survival analysis indicated that the overall survival (OS) rate in cluster 2 was greater than in cluster 1 (p = 0.0023) (Figure 1B).
[image: Figure 1]FIGURE 1 | Hypoxia clusters correlated with immune phenotypes. (A) The TCGA-ACC cohort was divided into two distinct cluster when k = 2. (B) Survival analysis between cluster 1 and cluster 2. Cluster 1, red. Cluster 2, yellow. (C) Comparison of immune cycle activity involved in seven steps between cluster 1 and cluster 2. Cluster 1, red. Cluster 2, blue. (D) Comparison of various immune cell infiltration score between cluster 1 and cluster 2. Cluster 1, red. Cluster 2, blue. (E) The enrichment score of IFN-γ pathway in cluster 1 and cluster 2. |NES| > 1 and p < 0.01 were considered as statistically significant.
Next, we explored the relationship between clustering and immune phenotypes. Throughout the immune cycle, several steps in cluster 2 involved releasing and presenting cancer cell antigens, extensive recruitment of immune cells, such as CD8 T cells, macrophages, B cells, natural killer (NK) cells, and killing of tumor cells, was more active in cluster 2 than cluster 1, so cluster 2 might be an inflammatory immunophenotype (Figure 1C). Furthermore, we compared the number of infiltrating immune cells between the two hypoxia clusters and found that the enrichment of NK cells, macrophages, dendritic cells (DCs), and neutrophils involved in the innate immune response in cluster 2 was significantly higher than cluster 1 (Figure 1D). In addition, activated CD8 T cells, B cells, or Th1 and Th17 cells connected with specific immunity were richer in cluster 2 than in cluster 1 (Figure 1D). Hypoxia cluster 2 was considered an inflammatory immune phenotype, whereas hypoxia cluster 1 was a non-inflammatory immune phenotype. In the anti-tumor immune cycle, IFN-γ is a pivotal modulator induced by active T cells and NK cells, and promotes cancer cell death (Alspach and Lussier, 2019). Our results showed that the IFN-γ pathway in cluster 1 was inhibited compared to that in cluster 2. Therefore, we reasonably presumed that cluster 2 was more sensitive to immunotherapy (Figure 1E).
3.2 Hypoxia related DEGs and functional analysis
We screened out 405 DEGs between the two hypoxia clusters, as shown in the heatmap (Figure 2A) and volcano plot (Figure 2B) (Supplementary Table S4). The expression levels of hypoxia-related genes between the clusters were almost the opposite. Furthermore, the GO analysis demonstrated the pathway containing adaptive immune response, leukocyte chemotaxis and adhesion, antigen receptor mediated signaling were suppressed in cluster 1 (Figure 2C). In addition, the T cell activation and regulation, T cell mediated cytotoxicity, signaling receptor and cytokine activity were down-regulated in cluster 1 (Supplementary Table S10). According to the results of the KEGG analysis, pathways involving chemokine signaling, natural killer cell mediated cytotoxicity, antigen processing and presentation and T cell receptor signaling were suppressed in cluster 1 (Figure 2D) (Supplementary Table S11). In view of the above results, we provided favorable evidence that hypoxia-related DEGs between the two clusters are strongly linked to immune activity and the immune response pathways were restrained in cluster 1 compared to cluster 2, which further confirmed that cluster 2 was more immunologically active.
[image: Figure 2]FIGURE 2 | Hypoxia related DEGs and functional analysis. (A) A heatmap depicts the between DEGs cluster1 and cluster 2. Higher expression DEGs with are displayed in red, and lower expression are displayed in blue. (B) A volcano plot depicts the DEGs between cluster 1 and cluster 2. DEGs with log2(FC)≥1 were shown in red while the genes with log2 (FC)≤ -1 were shown in blue, and the genes with indiscriminate expression were shown in gray. (C–F) GO and KEGG analysis of DEGs between cluster 1 and 2. (C) The pathway in GO functional enrichment comparison between cluster 1 and cluster 2. (D) The pathway in KEGG functional enrichment comparison between cluster 1 and cluster 2.
3.3 Development of the HRS and its role in clinical prognosis prediction
First, we selected 143 hypoxia related genes that were independently associated with the prognosis of TCGA-ACC discovery cohorts (Supplementary Table S7). Next, we screened out the optimal predictive genes: SLC7A4, ISL1, SLC30A10, HOXC11, LHX2, and ZIC2 (Figures 3A, B). Figure 3C shows that these six signatures were independent prognostic factors, and all but SLC7A4 were risk factors. Ultimately, we generated an HRS and used it to divide TCGA discovery cohort into high and low HRS groups. Obviously, patients in the low-risk group had better survival than those in the high-risk group (Figure 3D). In addition, the accuracy of the HRS in predicting 1-, 3-, and 5-year OS was 0.8 0.92, and 0.88, respectively (Figure 3E). Based on the excellent predictive performance, we combined the HRS with clinical characteristics for predicting the clinical outcome. A multivariate Cox analysis revealed that tumor stage and HRS were crucial independent risk factors (Figure 3F). Furthermore, our nomogram showed that the later the clinical stage and the higher the HRS, the worse the prognosis (Figure 3G). To be more convincing, we also tested whether the input data of independent prognostic analysis follow PH assumption. All of them follow PH assumption as expected (Supplementary Figure S10A) (Supplementary Table S12). Besides, we have analyzed the relationship between HRS and the clinicopathological characteristics of the patients. HRS were found to be significantly higher in high T and M stages, which indicates the important clinical predictive value. It also suggests that hypoxia in tumor microenvironment is more serious in ACC with higher stage (Supplementary Figure S2). Moreover, the DCA of nomogram indicated that the nomogram model we constructed was feasible to make valuable and profitable judgments for the survival rate of 3 or 5 years (Supplementary Figure S10B).
[image: Figure 3]FIGURE 3 | Development of HRS and the role in clinical prognosis prediction. (A) LASSO coefficient profiles of 143 hypoxia-related prognostic DEGs (B) Ten-fold cross-validation for tuning parameter selection in the LASSO model. The two dotted vertical lines are drawn at the optimal value using the minimum criteria. Optimal hypoxia genes with the best discriminative capability (6 in number) were selected for generating the HRS (C) Forest plot of hazard rations for six optimal hypoxia-related prognostic genes. (D) Survival analysis between the two different risk score group. Risk score high is shown red and risk score low group is shown yellow. (E) The predictive accuracy of the HRS for survival. (F) Results of univariate Cox analysis by integrating the HRS and clinicopathological characters. (G) The nomogram used to predict the 12-month,36-month, 60-month overall survival.
3.4 External validation of the HRS
To confirm the performance of the HRS, the GSE76019, GSE19750, and GSE33371 cohorts were used for external validation. Unsurprisingly, compared with the low-risk group, patients in the high-risk group had worse OS in the GSE76019 cohort (Figure 4A). The predictive accuracies for 1-, 3-, and 5-year OS were 0.63, 0.73, and 0.7, respectively (Figure 4B). In GSE19750, the OS of the high-risk group was poorer than that of the low-risk group (Figure 4C), and the predictive accuracies for 1-, 3-, and 5-year OS were 0.61, 0.73, and 0.79, respectively (Figure 4D). Consistently, the high-risk score group showed a lower OS rate in GSE33371 (Figure 4E). The predictive accuracies for 1-, 3-, and 5-year OS were 0.7, 0.74, and 0.73, respectively (Figure 4F). Besides, we have made multivariate regression analysis in the GEO datasets. Unfortunately, we only verified the independent prognostic value of HRS in GSE76019, but not in the other two GEO datasets (Supplementary Figure S3).
[image: Figure 4]FIGURE 4 | External validation of the hypoxia risk score. (A, B) Validation of the hypoxia risk score in GSE76019 (C, D) Validation of the hypoxia risk score in GSE19750 (E, F) Validation of the hypoxia risk score in GSE 33371.
3.5 HRS correlated with the immune phenotype and immune checkpoint molecule expression
Similarly, we connected the HRS to immune cycle activation. As expected, several steps involved in the immune cycle, including T cell recruitment, Th1 cell recruitment, DC recruitment, macrophage recruitment, and infiltration of immune cells, were negatively correlated with the HRS (All p < 0.05) (Figure 5A) (Supplementary Table S6). In addition, the infiltration of most antitumor immune cells, including activated B cells, activated CD8 T cells, activated DCs, memory T cells, macrophages, and NK cells, were inversely related to the HRS (All p < 0.05) (Figure 5B) (Supplementary Table S6). To be persuasive, an additional six algorithms were used (Supplementary Figures S4–S9). Overall, all algorithms indicated that CD8 T cells were lacking in the high HRS group. In addition, many of the algorithms showed macrophages and DCs were negatively correlated with HRS (All p < 0.05) (Figure 5C). Based on these findings, we infer that the low HRS group exhibited an inflammatory phenotype with prominent anti-tumor ability. Inflammatory phenotype tumors generally show high expression of immune checkpoint molecules (Trujillo et al., 2018). Indeed, the HRS was negatively correlated with the expression of several common immune checkpoint molecules such as CD274 (PD-L1), CD200, CTLA-4, TIGIT (All p < 0.001) (Figure 5D) (Supplementary Table S8). The gathering factors involved in the T cell inflamed score also suggest an inflammatory TME (Hu et al., 2021). Consistently, HRS was negatively related to T cell inflammatory score (TIS) (All p < 0.01) (Figure 5E) (Supplementary Table S8). Effector molecules of cytotoxic lymphocytes play an indispensable role in killing tumor cells (Martinez-Lostao et al., 2015). Thus, we found that most of the effector molecules were significantly increased in the low HRS group (Figure 5F). It was regrettable that HRS was positively correlated with TMB and not related to MSI (Supplementary Figures S10C, D).
[image: Figure 5]FIGURE 5 | Differences in immunological characteristic between HRS groups. (A, B) Spearman correlation analysis of HRS with activity of cancer immunity cycle and immune cell in TME analyzed by ssGSEA. The positive correlation is shown in solid line. The negative correlation is shown in dotted line. The association strength was represented by the thickness of the lines. The different colors of the lines represent different p-values. (C) The associations between the HRS and the several anti-tumor immune cell in six different algorithms. (D) The correlations between HRS and immune checkpoint. (E) The correlations between HRS and T cell inflamed score. (F) A heatmap was drawn to depict the differences in cytotoxic effector molecule between high-risk score group and low-risk group.
4 DISCUSSION
Hypoxia is a pivotal hallmark in most solid tumors owing to an imbalance in oxygen supply and demand (Jing et al., 2019). Throughout the process of tumorigenesis, hypoxia plays an indispensable role in cell-intrinsic oncogenic and TME suppression, which induces changes in cellular biological functions, ultimately leading to poor prognosis (Roma-Rodrigues et al., 2019). On the one hand, hypoxia contributes to cancer cell phenotype changes such as the epithelial-to-mesenchymal transition, resulting in invasion and metastasis (Hapke, 2020). On the other hand, HIF-α overexpression not only drives the activation of immune-suppressor cells, such as T regulatory cells, but also inhibits anti-immune cell and antigen-presenting actions involving CD8 T cells, NK cells, and DCs. This tends to impair immune surveillance and anti-tumor ability subject to the TME (Vaupel and Multhoff, 2018). In this study, we constructed a hypoxia risk assessment that might serve as an overall immune status predictor in ACC for evaluating immune phenotype and the response to immune checkpoint inhibitors (ICIs) to ultimately achieve ACC patient prognosis prediction.
Due to the development of bioinformatics, numerous studies have uncovered the effect of hypoxia gene signatures and pathways in the progression, prognosis, and curative effects in various tumors. Zhang et al. selected three hypoxia-associated genes (PDSS1, CDCA8, and SLC7A11) to construct a model for liver cancer diagnosis, prognosis, and recurrence (Zhang et al., 2020a). In advanced and high-risk clear cell renal cancer, Chen et al. found that the expression of four hypoxia-related long non-coding RNAs was decreased (Chen et al., 2021). Liu et al. discovered that HIF1α upregulation in glioma was associated with disease severity and drug resistance (Liu et al., 2020a). In triple-negative breast cancer patients, Yang et al. established a comprehensive index of hypoxia and immune genes for risk stratification (Yang et al., 2021b). In our study, we selected six optimal hypoxia-related genes. Among these, ISL-1 was reported to drive gastric and breast cancer progression (Zhang et al., 2018; Guo et al., 2019). The long non-coding RNA-SLC30A10 was associated with the colorectal tumor proliferation (Hou et al., 2020). Cui et al. (2020) found that HOXC11 functions as a novel oncogene in colon adenocarcinoma and kidney renal clear cell carcinoma. The down-regulating of LHX2 was able to inhibit the nasopharyngeal carcinoma growth (Liang et al., 2019). Besides, the role of ZIC in different tumors remains controversial (Lu et al., 2017; Liu et al., 2020b). Nevertheless, the relationship between these predictive genes and ACC had not been reported.
The morbidity of adrenal neoplasms is about 3%–10% (Else et al., 2014), but only a minority are malignant (Crona, 2019). Furthermore, the 5-year survival for ACC in situ is approximately 60%–80%, though this is reduced sharply to 30% in advanced ACC, and the recurrence rate is up to 75% even after complete resection (Fassnacht et al., 2009; Fassnacht et al., 2010). Recently, increasingly studies have focused on targeted therapy for ACC. Ruggiero et al. revealed that hampering VAV2 may be a new approach to inhibit metastatic progression in ACC (Ruggiero et al., 2017). Fiorentini et al. found a 17α-hydroxylase inhibitor capable of restraining the vitality of ACC (Fiorentini et al., 2016). Nevertheless, the curative effect of ICIs in patients with ACC remains controversial. Parise et al. found that high CD8T cell counts in pediatric ACC are persuasive evidence for immune response activation (Parise et al., 2019). In a phase 1b clinical trial, Le Tourneau et al. (2018) discovered that some patients could benefit from PD-1/PD-L1 inhibitors. In contrast, Fay et al. (2015) reported that PD-L1 expression in ACC was not associated with clinical pathology parameters or the survival rate. At the same time, some studies have found that patients with ACC have an inconsistent prognosis in response to immunotherapy related to immune escape, molecular alterations and the level of glucocorticoid (Araujo-Castro et al., 2021). Consequently, it is essential to identify patients with ACC who are responsive to immunotherapy.
In our study, we clustered ACC patients with 191 hypoxia-related genes into immune inflammatory and non-inflammatory phenotypes, indicating that hypoxia is a potential prognostic factor for ACC. However, the number of genes that needed to be tested was too large to be feasible. As a result, we selected six optimal gene signatures for constructing the risk score by Random Forests, though there are also many manuscripts recommending the LASSO method (Tibshirani, 1997; Zhang et al., 2020b). Random Forests harbors the property of collecting vital predictors without restricting their pairwise correlation, while the mutual exclusion of highly correlated variables in LASSO modeling is likely to skip crucial variables that cause predictive performance impairment (Zhu et al., 2015). We found that the HRS can also be used to effectively evaluate the prognosis of patients with ACC. In addition, the tumor stage is generally negatively correlated with prognosis. According to the results, we discovered that both tumor stage and HRS were independent risk factors for ACC. Therefore, we can infer that patient with advanced stage ACC and a high HRS are expected to have a worse prognosis.
Subsequently, we evaluated whether the HRS predicted performance in the immune status and ICI response. Our results showed that the HRS was negatively associated with anti-cancer immune activity and immune cell infiltration. However, it is worth noting that M2 macrophages have a negative correlation with HRS in our study. A large number of studies have shown that M2 macrophages play an important role in the microenvironment of tumor immunosuppression (Xia et al., 2020). Nevertheless, the focus of our study is on the inflammatory and non-inflammatory typing of the tumor microenvironment. But the increase of anti-inflammatory immune cells, such as M2 macrophages, making no influence on overall inflammatory microenvironment. Hence, we infer that there is more infiltration of various pro-inflammatory immune cells in the inflammatory tumor microenvironment, resulting in the corresponding increase of anti-inflammatory immune cells. Furthermore, the majority of factors involved in TIS were low in high HRS status, among which CCL5 and CXCL9 strongly enhanced CD8 T cell chemotaxis (Romero et al., 2020). Collectively, the high HRS group indicated that the non-immune phenotype presented with increased anti-tumor immunity, while the low HRS group showed a reverse trend. Increasing evidence suggests that ICI treatment is more effective in patients with an inflammatory phenotype (Nishino et al., 2017; Petitprez et al., 2020). In patients with ACC, we found no significant correlation between PD-1 and HRS, probably because of inadequate clinical data. Nevertheless, it should be point out that the expression of several other critical immune checkpoint molecules, such as PD-L1, CD200, CTLA-4 and TIGIT were negatively correlated with HRS. Hence, we believe that ICIs are a potential and promising treatment for ACC patients with low HRS. However, the prediction ability of HRS in TMB and MSI were limited on account of inconsistent inspection standards and different algorithms. Combined with other results illustrated in our texts, HRS was able to predict the TMB subtypes effectively. Regrettably, since there is no data on ACC immunotherapy, we were not able to directly use HRS to predict the efficacy of immunotherapy, which is one of the limitations of our study.
It should be pointed out that there were several other limitations in our study. Primarily, all of our data came from public databases. Thus, the experimental evidence and clinical material were not directly available. Second, the credibility of our findings is weakened because of the rarity of ACC medical records. Third, we set the median as the optimal cutoff value of the HRS. This was a subjective decision and requires further careful consideration.
5 CONCLUSION
In summary, our study revealed that hypoxia is associated with immune status in ACC. Taking this into account, we developed an HRS for use of risk classification to predict the immune phenotype, ICI response, and prognosis in ACC. It not only provides novel prognostic indicators for ACC but also offers some promising treatment targets for this disease.
DATA AVAILABILITY STATEMENT
The original contributions presented in the study are included in the article/Supplementary Material; further inquiries can be directed to the corresponding authors.
AUTHOR CONTRIBUTIONS
Conception and design: YD, ST, and HL. Administrative support: ST and HL. Provision of study materials or patients: YD, JF, YP, ST, and YZ. Collection and assembly of data: YD, HL, JF, YP, ST, and SC. Data analysis and interpretation: YD, YZ, ST, and HL. Manuscript writing: All authors. Final approval of manuscript: All authors.
FUNDING
This work was supported by the National Natural Science Foundation of China (8187032317); National Natural Science Foundation of China (21636010); National Natural Science Foundation of China (82202866).
ACKNOWLEDGMENTS
We sincerely thank all participants in the study. We would like thank Editage (www.editage.cn) for English language editing.
PUBLISHER’S NOTE
All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.
SUPPLEMENTARY MATERIAL
The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fgene.2022.796681/full#supplementary-material
REFERENCES
 Alspach, E., and Lussier, D. M. (2019). Interferon γ and its important roles in promoting and inhibiting spontaneous and therapeutic cancer immunity. Cold Spring Harb. Perspect. Biol. 11 (3), a028480. doi:10.1101/cshperspect.a028480
 Araujo-Castro, M., Pascual-Corrales, E., Molina-Cerrillo, J., and Alonso-Gordoa, T. (2021). Immunotherapy in adrenocortical carcinoma: Predictors of response, efficacy, safety, and mechanisms of resistance. Biomedicines 9 (3), 304. doi:10.3390/biomedicines9030304
 Becht, E., Giraldo, N. A., Lacroix, L., Buttard, B., Elarouci, N., Petitprez, F., et al. (2016). Estimating the population abundance of tissue-infiltrating immune and stromal cell populations using gene expression. Genome Biol. 17 (1), 218. doi:10.1186/s13059-016-1070-5
 Billon, E., Finetti, P., Bertucci, A., Niccoli, P., Birnbaum, D., Mamessier, E., et al. (2019). PDL1 expression is associated with longer postoperative, survival in adrenocortical carcinoma. Oncoimmunology 8 (11), e1655362. doi:10.1080/2162402X.2019.1655362
 Charoentong, P., Finotello, F., Angelova, M., Mayer, C., Efremova, M., Rieder, D., et al. (2017). Pan-cancer immunogenomic analyses reveal genotype-immunophenotype relationships and predictors of response to checkpoint blockade. Cell. Rep. 18 (1), 248–262. doi:10.1016/j.celrep.2016.12.019
 Chen, D. (2013). Oncology meets immunology: The cancer-immunity cycle. Immunity 39 (1), 1–10. doi:10.1016/j.immuni.2013.07.012
 Chen, H., Pan, Y., Jin, X., and Chen, G. (2021). Identification of a four hypoxia-associated long non-coding RNA signature and establishment of a nomogram predicting prognosis of clear cell renal cell carcinoma. Front. Oncol. 11, 713346. doi:10.3389/fonc.2021.713346
 Chengquan, S., Jing, L., Xiaokun, Y., Wei, J., and Yonghua, W. (2021). Development and validation of an m6A RNA methylation regulators-based signature for predicting the prognosis of adrenocortical carcinoma. Front. Endocrinol. (Lausanne) 12, 568397. doi:10.3389/fendo.2021.568397
 Crona, J. (2019). Adrenocortical carcinoma - towards genomics guided clinical care. Nat. Rev. Endocrinol. 15 (9), 548–560. doi:10.1038/s41574-019-0221-7
 Cronin, K. A., Lake, A. J., Scott, S., Ma, J., Anderson, R. N., Firth, A. U., et al. (2018). Annual report to the nation on the status of cancer, part I: National cancer statistics. Cancer 124 (13), 2785–2800.
 Cui, Y., Zhang, C., Wang, Y., Ma, S., Cao, W., and Guan, F. (2020). HOXC11 functions as a novel oncogene in human colon adenocarcinoma and kidney renal clear cell carcinoma. Life Sci. 243, 117230. doi:10.1016/j.lfs.2019.117230
 De Heer, E. C., Jalving, M., and Harris, A. L. (2020). HIFs, angiogenesis, and metabolism: Elusive enemies in breast cancer. J. Clin. Investig. 130 (10), 5074–5087. doi:10.1172/JCI137552
 Else, T., Kim, A. C., Sabolch, A., Raymond, V. M., Kandathil, A., Caoili, E. M., et al. (2014). Adrenocortical carcinoma. Endocr. Rev. 35 (2), 282–326. doi:10.1210/er.2013-1029
 Fassnacht, M., Johanssen, S., Fenske, W., Weismann, D., Agha, A., Beuschlein, F., et al. (2010). Improved survival in patients with stage II adrenocortical carcinoma followed up prospectively by specialized centers. J. Clin. Endocrinol. Metab. 95 (11), 4925–4932. doi:10.1210/jc.2010-0803
 Fassnacht, M., Johanssen, S., Quinkler, M., Bucsky, P., Willenberg, H. S., Beuschlein, F., et al. (2009). Limited prognostic value of the 2004 international union against cancer staging classification for adrenocortical carcinoma: Proposal for a revised TNM classification. Cancer 115 (2), 243–250. doi:10.1002/cncr.24030
 Fassnacht, M., Terzolo, M., Allolio, B., Baudin, E., Haak, H., Berruti, A., et al. (2012). Combination chemotherapy in advanced adrenocortical carcinoma. N. Engl. J. Med. 366 (23), 2189–2197. doi:10.1056/NEJMoa1200966
 Fay, A., Signoretti, S., Callea, M., Telό, G. H., McKay, R. R., Song, J., et al. (2015). Programmed death ligand-1 expression in adrenocortical carcinoma: An exploratory biomarker study. J. Immunother. Cancer 3, 3. doi:10.1186/s40425-015-0047-3
 Fiorentini, C., Fragni, M., Perego, P., Vezzoli, S., Bonini, S. A., Tortoreto, M., et al. (2016). Antisecretive and antitumor activity of abiraterone acetate in human adrenocortical cancer: A preclinical study. J. Clin. Endocrinol. Metab. 101 (12), 4594–4602. doi:10.1210/jc.2016-2414
 Guirgis, H. M. (2018). The impact of PD-L1 on survival and value of the immune check point inhibitors in non-small-cell lung cancer; proposal, policies and perspective. J. Immunother. Cancer 6 (1), 15. doi:10.1186/s40425-018-0320-3
 Guo, T., Wen, X. Z., Li, Z. Y., Han, H. B., Zhang, C. G., Bai, Y. H., et al. (2019). ISL1 predicts poor outcomes for patients with gastric cancer and drives tumor progression through binding to the ZEB1 promoter together with SETD7. Cell. Death Dis. 10 (2), 33. doi:10.1038/s41419-018-1278-2
 Habra, M. A., Stephen, B., Campbell, M., Hess, K., Tapia, C., Xu, M., et al. (2019). Phase II clinical trial of pembrolizumab efficacy and safety in advanced adrenocortical carcinoma. J. Immunother. Cancer 7 (1), 253. doi:10.1186/s40425-019-0722-x
 Hänzelmann, S., Castelo, R., and Guinney, J. (2013). GSVA: Gene set variation analysis for microarray and RNA-seq data. BMC Bioinforma. 14, 7. doi:10.1186/1471-2105-14-7
 Hapke, R. (2020). Hypoxia-induced epithelial to mesenchymal transition in cancer. Cancer Lett. 487, 10–20. doi:10.1016/j.canlet.2020.05.012
 Hou, L., Liu, P., and Zhu, T. (2020). Long noncoding RNA SLC30A10 promotes colorectal tumor proliferation and migration via miR-21c/APC axis. Eur. Rev. Med. Pharmacol. Sci. 24 (12), 6682–6691. doi:10.26355/eurrev_202006_21655
 Hu, J., Yu, A., Othmane, B., Qiu, D., Li, H., Li, C., et al. (2021). Siglec15 shapes a non-inflamed tumor microenvironment and predicts the molecular subtype in bladder cancer. Theranostics 11 (7), 3089–3108. doi:10.7150/thno.53649
 Jamet, B., Morvan, L., Nanni, C., Michaud, A. V., Bailly, C., Chauvie, S., et al. (2021). Random survival forest to predict transplant-eligible newly diagnosed multiple myeloma outcome including FDG-PET radiomics: A combined analysis of two independent prospective European trials. Eur. J. Nucl. Med. Mol. Imaging 48 (4), 1005–1015. doi:10.1007/s00259-020-05049-6
 Jing, X., Yang, F., Shao, C., Wei, K., Xie, M., Shen, H., et al. (2019). Role of hypoxia in cancer therapy by regulating the tumor microenvironment. Mol. Cancer 18 (1), 157. doi:10.1186/s12943-019-1089-9
 Kiselev, V. Y., and Andrews, T. S. (2019). Challenges in unsupervised clustering of single-cell RNA-seq data. Nat. Rev. Genet. 20 (5), 273–282. doi:10.1038/s41576-018-0088-9
 Le Tourneau, C., Hoimes, C., Zarwan, C., Wong, D. J., Bauer, S., Claus, R., et al. (2018). Avelumab in patients with previously treated metastatic adrenocortical carcinoma: Phase 1b results from the JAVELIN solid tumor trial. J. Immunother. Cancer 6 (1), 111. doi:10.1186/s40425-018-0424-9
 Li, T., Fan, J., Wang, B., Traugh, N., Chen, Q., Liu, J. S., et al. (2017). Timer: A web server for comprehensive analysis of tumor-infiltrating immune cells. Cancer Res. 77 (21), e108–e110. doi:10.1158/0008-5472.CAN-17-0307
 Li, X., Gao, Y., Xu, Z., Zhang, Z., Zheng, Y., and Qi, F. (2020). Identification of prognostic genes in adrenocortical carcinoma microenvironment based on bioinformatic methods. Cancer Med. 9 (3), 1161–1172. doi:10.1002/cam4.2774
 Liang, T. S., Zheng, Y. J., Wang, J., Zhao, J. Y., Yang, D. K., and Liu, Z. S. (2019). MicroRNA-506 inhibits tumor growth and metastasis in nasopharyngeal carcinoma through the inactivation of the Wnt/β-catenin signaling pathway by down-regulating LHX2. J. Exp. Clin. Cancer Res. 38 (1), 97. doi:10.1186/s13046-019-1023-4
 Liu, J., Gao, L., Zhan, N., Xu, P., Yang, J., Yuan, F., et al. (2020). Hypoxia induced ferritin light chain (FTL) promoted epithelia mesenchymal transition and chemoresistance of glioma. J. Exp. Clin. Cancer Res. 39 (1), 137. doi:10.1186/s13046-020-01641-8
 Liu, Z. H., Chen, M. L., Zhang, Q., Zhang, Y., An, X., Luo, Y. L., et al. (2020). ZIC2 is downregulated and represses tumor growth via the regulation of STAT3 in breast cancer. Int. J. Cancer 147 (2), 505–518. doi:10.1002/ijc.32922
 Lu, S. X., Zhang, C. Z., Luo, R. Z., Wang, C. H., Liu, L. L., Fu, J., et al. (2017). Zic2 promotes tumor growth and metastasis via PAK4 in hepatocellular carcinoma. Cancer Lett. 402, 71–80. doi:10.1016/j.canlet.2017.05.018
 Malekan, M., and Ebrahimzadeh, M. A. (2021). The role of Hypoxia-Inducible Factor-1alpha and its signaling in melanoma. Biomed. Pharmacother. 141, 111873. doi:10.1016/j.biopha.2021.111873
 Marinelli, D., Mazzotta, M., Pizzuti, L., Krasniqi, E., Gamucci, T., Natoli, C., et al. (2020). Neoadjuvant immune-checkpoint blockade in triple-negative breast cancer: Current evidence and literature-based meta-analysis of randomized trials. Cancers (Basel) 12 (9), 2497. doi:10.3390/cancers12092497
 Martinez-Lostao, L., Anel, A., and Pardo, J. (2015). How do cytotoxic lymphocytes kill cancer cells?Clin. Cancer Res. 21 (22), 5047–5056. doi:10.1158/1078-0432.CCR-15-0685
 Mcateer, J. P., Huaco, J. A., and Gow, K. W. (2013). Predictors of survival in pediatric adrenocortical carcinoma: A surveillance, epidemiology, and end results (SEER) program study. J. Pediatr. Surg. 48 (5), 1025–1031. doi:10.1016/j.jpedsurg.2013.02.017
 Nakamura, Y. (2019). Biomarkers for immune checkpoint inhibitor-mediated tumor response and adverse events. Front. Med. 6, 119. doi:10.3389/fmed.2019.00119
 Nishino, M., Ramaiya, N. H., Hatabu, H., and Hodi, F. S. (2017). Monitoring immune-checkpoint blockade: Response evaluation and biomarker development. Nat. Rev. Clin. Oncol. 14 (11), 655–668. doi:10.1038/nrclinonc.2017.88
 Parise, I. Z. S., Parise, G. A., Noronha, L., Surakhy, M., Woiski, T. D., Silva, D. B., et al. (2019). The prognostic role of CD8+ T lymphocytes in childhood adrenocortical carcinomas compared to ki-67, PD-1, PD-L1, and the weiss score. Cancers (Basel) 11 (11), 1730. doi:10.3390/cancers11111730
 Petitprez, F., Meylan, M., De ReynièS, A., Sautes-Fridman, C., and Fridman, W. H. (2020). The tumor microenvironment in the response to immune checkpoint blockade therapies. Front. Immunol. 11, 784. doi:10.3389/fimmu.2020.00784
 Pittaway, J. F. H. (2019). Guasti L Pathobiology and genetics of adrenocortical carcinoma. J. Mol. Endocrinol. 62 (2), R105–r119.
 Plattner, C., Finotello, F., and Rieder, D. (2020). Deconvoluting tumor-infiltrating immune cells from RNA-seq data using quanTIseq. Methods Enzymol. 636, 261–285. doi:10.1016/bs.mie.2019.05.056
 Puglisi, S., Calabrese, A., Basile, V., PiA, A., Perotti, P., and Terzolo, M. (2020). New perspectives for mitotane treatment of adrenocortical carcinoma. Best. Pract. Res. Clin. Endocrinol. Metab. 34 (3), 101415. doi:10.1016/j.beem.2020.101415
 Puglisi, S., Perotti, P., Cosentini, D., Roca, E., Basile, V., Berruti, A., et al. (2018). Decision-making for adrenocortical carcinoma: Surgical, systemic, and endocrine management options. Expert Rev. Anticancer Ther. 18 (11), 1125–1133. doi:10.1080/14737140.2018.1510325
 Raj, N., Zheng, Y., Kelly, V., Katz, S. S., Chou, J., Do, R. K. G., et al. (2020). PD-1 blockade in advanced adrenocortical carcinoma. J. Clin. Oncol. 38 (1), 71–80. doi:10.1200/JCO.19.01586
 Roma-Rodrigues, C., Mendes, R., Baptista, P. V., and Fernandes, A. R. (2019). Targeting tumor microenvironment for cancer therapy. Int. J. Mol. Sci. 20 (4), 840. doi:10.3390/ijms20040840
 Romero, J. M., Grünwald, B., Jang, G. H., Bavi, P. P., Jhaveri, A., Masoomian, M., et al. (2020). A four-chemokine signature is associated with a T-cell-inflamed phenotype in primary and metastatic pancreatic cancer. Clin. Cancer Res. 26 (8), 1997–2010. doi:10.1158/1078-0432.CCR-19-2803
 Ruggiero, C., Doghman-Bouguerra, M., Sbiera, S., Sbiera, I., Parsons, M., Ragazzon, B., et al. (2017). Dosage-dependent regulation of VAV2 expression by steroidogenic factor-1 drives adrenocortical carcinoma cell invasion. Sci. Signal. 10 (469), eaal2464. doi:10.1126/scisignal.aal2464
 Tan, H., and Wang, L. (2022). Role of suprabasin in the dedifferentiation of follicular epithelial cell-derived thyroid cancer and identification of related immune markers. Front. Genet. 13, 810681. doi:10.3389/fgene.2022.810681
 Tibshirani, R. (1997). The lasso method for variable selection in the Cox model. Stat. Med. 16 (4), 385–395. doi:10.1002/(sici)1097-0258(19970228)16:4<385::aid-sim380>3.0.co;2-3
 Trujillo, J. A., Sweis, R. F., Bao, R., and Luke, J. J. (2018). T cell-inflamed versus non-T cell-inflamed tumors: A conceptual framework for cancer immunotherapy drug development and combination therapy selection. Cancer Immunol. Res. 6 (9), 990–1000. doi:10.1158/2326-6066.CIR-18-0277
 Vaupel, P., and Multhoff, G. (2018). Hypoxia-/HIF-1α-Driven factors of the tumor microenvironment impeding antitumor immune responses and promoting malignant progression. Adv. Exp. Med. Biol. 1072, 171–175. doi:10.1007/978-3-319-91287-5_27
 Wang, Z., Guo, X., Gao, L., Deng, K., Lian, W., Bao, X., et al. (2020). The immune profile of pituitary adenomas and a novel immune classification for predicting immunotherapy responsiveness. J. Clin. Endocrinol. Metab. 105 (9), e3207–e3223. doi:10.1210/clinem/dgaa449
 Xia, Y., Rao, L., Yao, H., Wang, Z., Ning, P., and Chen, X. (2020). Engineering macrophages for cancer immunotherapy and drug delivery. Adv. Mat. 32 (40), e2002054. doi:10.1002/adma.202002054
 Xu, Q., Xu, H., Deng, R., Wang, Z., Qi, Z., Zhao, J., et al. (2021). Multi-omics analysis reveals prognostic value of tumor mutation burden in hepatocellular carcinoma. Cancer Cell. Int. 21 (1), 342. doi:10.1186/s12935-021-02049-w
 Yang, S. L., Ren, Q. G., Wen, L., and Hu, J. I. (2016). Clinicopathological and prognostic significance of hypoxia-inducible factor-1 alpha in lung cancer: A systematic review with meta-analysis. J. Huazhong Univ. Sci. Technol. Med. Sci. 36 (3), 321–327. doi:10.1007/s11596-016-1586-7
 Yang, X., Weng, X., Yang, Y., Zhang, M., Xiu, Y., Peng, W., et al. (2021). A combined hypoxia and immune gene signature for predicting survival and risk stratification in triple-negative breast cancer. Aging 13, 19486–19509. doi:10.18632/aging.203360
 Yang, Z., Wei, X., Pan, Y., Xu, J., Si, Y., Min, Z., et al. (2021). A new risk factor indicator for papillary thyroid cancer based on immune infiltration. Cell. Death Dis. 12 (1), 51. doi:10.1038/s41419-020-03294-z
 Yost, K., Satpathy, A., Wells, D., Qi, Y., Wang, C., Kageyama, R., et al. (2019). Clonal replacement of tumor-specific T cells following PD-1 blockade. Nat. Med. 25 (8), 1251–1259. doi:10.1038/s41591-019-0522-3
 Zhang, B., Tang, B., Gao, J., Li, J., Kong, L., and Qin, L. (2020). A hypoxia-related signature for clinically predicting diagnosis, prognosis and immune microenvironment of hepatocellular carcinoma patients. J. Transl. Med. 18 (1), 342. doi:10.1186/s12967-020-02492-9
 Zhang, Y., Wang, L., Gao, P., Sun, Z., Li, N., Lu, Y., et al. (2018). ISL1 promotes cancer progression and inhibits cisplatin sensitivity in triple-negative breast cancer cells. Int. J. Mol. Med. 42 (5), 2343–2352. doi:10.3892/ijmm.2018.3842
 Zhang, Z., Lin, E., Zhuang, H., Xie, L., Feng, X., Liu, J., et al. (2020). Construction of a novel gene-based model for prognosis prediction of clear cell renal cell carcinoma. Cancer Cell. Int. 20, 27. doi:10.1186/s12935-020-1113-6
 Zhu, X. W., Xin, Y. J., and Ge, H. L. (2015). Recursive random forests enable better predictive performance and model interpretation than variable selection by LASSO. J. Chem. Inf. Model. 55 (4), 736–746. doi:10.1021/ci500715e
GLOSSARY
TME tumor immune microenvironment
ACC Adrenocortical carcinoma
TIS T cell-inflamed score
ICI Immune checkpoint inhibitor
HRS hypoxia risk score
ROC receiver operating feature
AUC area under the ROC curve
RSF Random survival forest
GSEA Gene Set Enrichment Analysis
FPKM fragments per kilobase per million mapped fragments
TPM transcripts per kilobase million
FDR false discovery rate
log2 FC log2 Fold change
KECG Genes and Genomes
GO Gene Ontology
BP biological process
CC cellular component
MF molecular
GEO Gene Expression Omnibus
MSigDB Molecular Signatures Database
ssGSEA single-sample gene-set enrichment analysis interferon-γ (IFN-γ)
LASSO least absolute shrinkage and selector operation
K-M Kaplan-Meier
DEGs differentially expressed genes
OS Overall survival
TNM Tumor Node Metastasis
Th1 cell Type 1 T helper cell
Th17 cell Type 17 T helper cell NK: nature killer
DC dendritic cell
CTL cytotoxic T lymphocyte.
MSI Microsatellite instability
TMB tumor mutational burden
DCA decision curve analysis
HIF-1α hypoxia-inducible factor 1α
PD-1 programmed death-1
PD-L1 programmed death-ligand 1
M2 Macrophage 2.
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