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Abstract

:

Background: The tumor immune microenvironment (TIME) of adrenocortical carcinoma (ACC) is heterogeneous. However, a classification of ACC based on the TIME remains unexplored. Methods: We hierarchically clustered ACC based on the enrichment levels of twenty-three immune signatures to identify its immune-specific subtypes. Furthermore, we comprehensively compared the clinical and molecular profiles between the subtypes. Results: We identified two immune-specific subtypes of ACC: Immunity-H and Immunity-L, which had high and low immune signature scores, respectively. We demonstrated that this subtyping method was stable and reproducible by analyzing five different ACC cohorts. Compared with Immunity-H, Immunity-L had lower levels of immune cell infiltration, worse overall and disease-free survival prognosis, and higher tumor stemness, genomic instability, proliferation potential, and intratumor heterogeneity. Furthermore, the ACC driver gene CTNNB1 was more frequently mutated in Immunity-L than in Immunity-H. Several proteins, such as mTOR, ERCC1, Akt, ACC1, Cyclin_E1, β-catenin, FASN, and GAPDH, were more highly expressed in Immunity-L than in Immunity-H. In contrast, p53, Syk, Lck, PREX1, and MAPK were more highly expressed in Immunity-H. Pathway and gene ontology analysis showed that the immune, stromal, and apoptosis pathways were highly enriched in Immunity-H, while the cell cycle, steroid biosynthesis, and DNA damage repair pathways were highly enriched in Immunity-L. Conclusions: ACC can be classified into two stable immune-related subtypes, which have significantly different antitumor responses, molecular characteristics, and clinical outcomes. This subtyping may provide clinical implications for prognostic and immunotherapeutic stratification of ACC.
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1. Introduction


Adrenal cortical carcinoma (ACC) is a rare but aggressive endocrine malignancy derived from the adrenal cortex. It has an annual incidence of 0.7–2.0 per million [1] and presents in most cases with signs and symptoms of adrenal steroid excess [2]. Currently, prognostic indicators for patients with ACC include tumor stage and tumor proliferation index, which are regarded as the strongest and most consistent prognostic markers [3]. To date, the widely used classification of ACC is based on the revised TNM classification by the European Adrenal Tumor Research Network (ENSAT) [4]. The current standard of care for unresectable or metastatic ACC is chemotherapy, radiation, and the adrenolytic drug mitotane, all of which are palliative [1]. Although unresectable or metastatic ACCs have an overall unfavorable prognosis, their outcomes are heterogeneous [5]. For example, based on four platforms’ datasets (DNA copy number, mRNA expression, DNA methylation, miRNA expression), The Cancer Genome Atlas (TCGA) network defined three molecular subtypes of ACC through Cluster of Cluster (CoC) analysis, namely CoC I, CoC II, and CoC III [6]. The subtype CoC I had the lowest rate of disease progression (7.0%), while another subtype, CoC III, had the highest rate of disease progression (96%).



Currently, immunotherapy, such as immune checkpoint blockade [7], has demonstrated success in treating a variety of cancers, including unresectable and metastatic cancers [8]. Nevertheless, only a fraction of patients can benefit from immunotherapy to date. Therefore, identification of predictive factors for immunotherapy is crucial. Some such factors have been identified, including tumor mutation burden (TMB) [9], PD-L1 expression [10,11], and deficient DNA mismatch repair [12,13]. Besides, the tumor immune microenvironment (TIME) is an important factor for response to immunotherapy [14]. The TIME can be simply classified as “cold” (without or lack of T-cell inflammation) and “hot” (with T-cell inflammation), depending on the production of pro-inflammatory cytokines and the level of T-cell infiltration [15]. It has been recognized that “hot” tumors respond better to immunotherapy than “cold” tumors [16]. Thus, distinguishing between “hot” and “cold” tumors may lead to optimal options for patients responding to immunotherapy. To distinguish between “hot” and “cold” ACCs, we performed hierarchical clustering of ACCs based on the enrichment of 23 immune-associated signatures to identify immune-specific subtypes of ACC. We demonstrated the stability and reproducibility of this classification in five independent cohorts. Furthermore, we analyzed subtype-specific molecular and clinical features, including the tumor microenvironment (TME), genomic features, pathways, phenotypes, and clinical outcomes. The identification of immune-specific subtypes of ACC may provide new insights into the pathogenesis and potential clinical implications for immunotherapy of this disease.




2. Materials and Methods


2.1. Datasets


From the genomic data commons (GDC) data portal (https://portal.gdc.cancer.gov/, accessed on 10 November 2020), we downloaded the data related to TCGA-ACC, including RNA-Seq gene expression profiles (RSEM-normalized, sample size: 79), somatic mutation profiles (whole exome sequence, sample size: 92), protein expression profiles (Reverse Phase Protein Array (RPPA)-normalized, sample size: 46), and clinical data (sample size: 92). From the NCBI Gene Expression Omnibus (GEO) (https://www.ncbi.nlm.nih.gov/geo/, accessed on 22 November 2020), we obtained four other ACC transcriptomic datasets: GSE10927 (Affymetrix Human Genome U133 Plus 2.0 Array, sample size: 33), GSE19750 (Affymetrix Human Genome U133 Plus 2.0 Array, sample size: 44), GSE90713 (Affymetrix Human Gene Expression Array, sample size: 58), and GSE143383 (GeneChip® PrimeView™ Human Gene Expression Array, sample size: 57). A summary of these datasets is shown in Supplementary Table S1.




2.2. Single-Sample Gene Set Enrichment Analysis


We used the “GSVA” R package [17] to perform the single-sample gene set enrichment analysis (ssGSEA). Based on gene expression profiles, the ssGSEA quantifies the enrichment level of a gene set in a sample. The ssGSEA score represents the degree to which the genes in the gene set are coordinately up- or down-regulated in the sample. We utilized the ssGSEA to evaluate the enrichment level of immune cells, biological processes, pathways, or phenotypic features based on the expression profiles of their marker or pathway genes. The marker or pathway genes are presented in Table S2.




2.3. Clustering Analysis


We hierarchically clustered ACCs based on the enrichment scores of 23 immune signatures. The 23 immune signatures included: cytokine and cytokine receptor (CCR), immune checkpoint molecules, cytolytic activity, human leukocyte antigen (HLA), inflammation-promoting, para-inflammation, T cell co-inhibition, T cell co-stimulation, tumor-infiltrating lymphocyte (TIL), activated CD8 T cell, central memory CD8 T cell, effector memory CD8 T cell, central memory CD4 T cell, T follicular helper cell, type 1 T helper cell, regulatory T cell, activated B cell, natural killer cell, myeloid-derived suppressor cell (MDSC), activated dendritic cell, macrophage, mast cell, and monocyte. The marker genes of these immune signatures are presented in Table S2. The hierarchical clustering first normalized the ssGSEA scores by Z-score and transformed them into distance matrices by the R function “dist” with the parameter: method = “Euclidean”. We ran the hierarchical clustering using the function “hclust” in the R package “Stats” with the parameters: method = “ward.D2” and members = NULL.




2.4. Prediction of the Immune-Specific Subtypes of ACC


To predict the immune subtypes of ACC by immune signatures, we first normalized the ssGSEA scores (attribute values) of the 23 immune signatures by Z-score. The Random Forest (RF) [18] classifier was used to perform class prediction. In the RF, we set 100 for the number of trees and took all 23 immune signatures as the attributes. We evaluated the classification performance using the accuracy and the weighted F-score. We performed the class prediction with Weka (version 3.8.5), a web tool for machine learning [19].




2.5. Survival Analysis


We compared overall survival (OS) and disease-free survival (DFS) rates between ACC subtypes using the Kaplan–Meier (K-M) method [20]. The K-M curves were utilized to show the survival rate differences, and the log-rank test was used to evaluate the significance of survival rate differences.




2.6. Evaluation of Tumor Immune Score, Stromal Score, and Intratumor Heterogeneity (ITH) Level


We used the ESTIMATE algorithm [21] to evaluate the tumor immune score and stromal score based on gene expression profiles. The immune score and stromal score represent the tumor immune infiltration level and stromal content, respectively. We used the DITHER algorithm [22] to evaluate ITH levels, which scores ITH at the DNA level based on the entropy of somatic mutations and copy number alterations (CNAs).




2.7. Evaluation of TMB and CNAs


TMB is the total count of non-synonymous somatic mutations in whole exons in the tumor, which was calculated with the input of the “maf” file. We obtained CNA (known as tumor aneuploidy) scores of TCGA-ACC from the publication by Knijnenburg et al. [23].




2.8. Logistic Regression Model


We used the logistic regression model to compare the contribution of TMB and CNA in predicting patients with high (>median) versus low (<median) activated CD8 T cell enrichment. We employed the R function “glm” to fit the binary model and the R function “lm.beta” in the R package “QuantPsyc” to calculate the standardized regression coefficients (β values) in the logistic regression analysis.




2.9. Pathway and Gene Ontology (GO) Analysis


We identified the KEGG [24] pathways highly enriched in Immunity-H and in Immunity-L, respectively. We first identified the differentially expressed genes (DEGs) using Student’s t tests with a threshold of false discovery rate (FDR) < 0.05 and fold change (FC) > 1.5. By inputting the upregulated genes in a subtype into the GSEA web tool [25], we obtained the KEGG pathways highly enriched in the subtype. Furthermore, we utilized the weighted gene co-expression network analysis (WGCNA) [26] to identify the gene modules enriched in the subtypes. Based on the expression correlations between the hub genes in gene modules, we displayed the representative GO traits to functional annotation.




2.10. Statistical Analysis


We used the Student’s t test (two-tailed) to compare two classes of normally distributed data, including gene expression levels, protein expression levels, and the ratios of two different immune signatures. In comparisons of two classes of non-normally distributed data, including ssGSEA scores of gene sets, TMB, CNA scores, immune scores, and stromal scores, we used the Mann–Whitney U test (one-tailed). We utilized Spearman’s method to evaluate correlations between two variables. The Fisher’s exact test was used to assess the correlation between two categorical variables. To adjust for p-values in multiple tests, we calculated FDR with the Benjamini and Hochberg method [27]. We performed all statistical analyses with the R programming language (version 3.6.0).





3. Results


3.1. Clustering Analysis Identifies Two Immune Subtypes of ACC


Based on the enrichment scores of 23 immune signatures representing diverse immune cell types or functions, we identified 2 immune subtypes of ACC consistently in 5 transcriptome datasets (TCGA-ACC, GSE143383, GSE90713, GSE19750, and GSE10927) (Figure 1A). Both subtypes, termed Immunity-H and Immunity-L, had high and low enrichment scores of these immune signatures, respectively. Notably, both immunostimulatory signatures (such as T cell co-stimulation, activated B cell, cytolytic activity, and natural killer cell) and immunosuppressive signatures (such as T cell co-inhibition, immune checkpoint molecules, regulatory T cells, and myeloid-derived suppressor cells) showed significantly higher enrichment levels in Immunity-H than in Immunity-L (one-tailed Mann–Whitney U test, p < 0.01) (Figure 1B). Nevertheless, the ratios of immunostimulatory/immunosuppressive signatures (CD8+/PD-L1 and CD8+/CD4+ regulatory T cells) were significantly higher in Immunity-H than in Immunity-L (two-tailed Student’s t test, p < 0.01) (Figure 1C). In addition, Immunity-H had higher immune scores than Immunity-L (one-tailed Mann–Whitney U test, p < 0.001) (Figure 1D). Taken together, these results suggest that Immunity-H has a stronger antitumor immune response than Immunity-L. Interestingly, PD-L1 expression levels were also significantly higher in Immunity-H than in Immunity-L in TCGA-ACC (p < 0.001).



To verify whether the classification is predictable, we used one of the five datasets as the training set and the other four datasets as test sets, in turn, to predict both immune subtypes of ACC. Notably, the 10-fold cross-validation accuracies and weighted F-scores in training sets were all greater than 90%, and the prediction accuracies and weighted F-scores in test sets were mostly above 90% (Figure 1E). Furthermore, the principal component analysis confirmed that the ACCs could be clearly separated into two subgroups based on the enrichment scores of immune signatures (Figure 1F). Overall, these results demonstrate that the immunological classification of ACC is robust and predictable.




3.2. Immunity-H Has More Favorable Clinical Outcomes Than Immunity-L


We compared OS and DFS rates between both immune subtypes in TCGA-ACC, which had related data available. We found that Immunity-H displayed significantly higher OS and DFS rates than Immunity-L (log-rank test, p < 0.05) (Figure 2A). It indicates that the immune signature enrichment has a positive association with survival prognosis in ACC. Indeed, the patients with high immune scores (>median) showed better OS and DFS prognosis than the patients with low immune scores (<median) in TCGA-ACC (p = 0.026 and 0.004 for OS and DFS, respectively) (Figure 2B).



Moreover, in TCGA-ACC, we found that Immunity-H harbored a higher proportion of tumor-free patients than Immunity-L (89% versus 41%; Fisher’s exact test, p = 0.0003) (Figure 2C). Again, it suggested that Immunity-H had a better prognosis than Immunity-L. Furthermore, the response (complete response) rate to chemotherapy followed the pattern: Immunity-H (100%) > Immunity-L (58%), supporting the better prognosis in Immunity-H versus Immunity-L (Figure 2C). The Weiss score represents the extent of tumor progression by the pathological assessment, with a higher Weiss score indicating higher invasiveness of tumors [28]. We found that Immunity-H harbored a significantly lower proportion of tumors with Weiss score ≥6 than Immunity-L (29% versus 59%; p = 0.038) (Figure 2C). The excess adrenal hormones are a risk factor for ACC prognosis [29]. We found that Immunity-H involved a significantly lower proportion of tumors with excess adrenal hormones than Immunity-L (33% versus 75%; p = 0.005) (Figure 2C). In addition, in GSE10927, Immunity-H harbored a significantly lower proportion of high-grade tumors compared with Immunity-L (22% versus 75%; p = 0.013) (Figure 2D). Taken together, these results suggest that Immunity-H has better clinical outcomes than Immunity-L.



Based on a multi-omics analysis, the TCGA network identified three ACC subtypes in TCGA-ACC: CoC I, CoC II, and CoC III [29]. CoC I was highly enriched in immune-mediated pathways, and CoC III had the highest rate of disease progression and thus the worst prognosis. Interestingly, all CoC III patients were included in Immunity-L, suggesting that CoC III has low immunity. It is also in line with the fact that Immunity-L has a relatively poor prognosis among both immune subtypes. In contrast, more than 72% of Immunity-H patients belonged to CoC I, consistent with the high immunity in Immunity-H and CoC I (Figure 2E). In addition, based on gene expression profiles, the TCGA-ACC tumors were divided into two subgroups: C1A and C1B [29,30]. Among them, C1A was an aggressive subtype and C1B an indolent subtype. We found that around 67% of Immunity-L belonged to C1A as compared to 17% of Immunity-H. In contrast, around 33% of Immunity-L belonged to C1B versus 83% of Immunity-H. Again, it agrees with the worse prognosis in Immunity-L versus Immunity-H (Figure 2E).




3.3. Immunity-H has More Favorable Tumor Progression Phenotypes and Lower Levels of Genomic Instability Than Immunity-L


We compared several phenotypic features associated with tumor progression between Immunity-H and Immunity-L ACCs, including tumor stemness, proliferation potential, and ITH. Notably, Immunity-H displayed significantly lower stemness scores, proliferation potential, and ITH compared to Immunity-L (one-tailed Mann–Whitney U test, p < 0.05) (Figure 3A–C).



In TCGA-ACC, Immunity-H had significantly lower TMB and CNA scores than Immunity-L (one-tailed Mann–Whitney U test, p < 0.05) (Figure 3D). It indicated that Immunity-L had a higher level of genomic instability than Immunity-H. To compare the contribution of TMB and CNA in predicting antitumor immune responses in ACC, we used the logistic regression model to predict the activated CD8 T cell enrichment level with two predictors (TMB and CNA) in TCGA-ACC. Notably, CNA was a significant negative predictor of activated CD8 T cell enrichment (p = 0.017; β = −1.69), while TMB was not a significant predictor (p = 0.175) (Figure 3E). This result suggests that CNA has a stronger impact on antitumor immunity than TMB in ACC. It could explain why Immunity-L has a lower antitumor response than Immunity-H since Immunity-L has a higher level of CNA, which has been shown to correlate inversely with antitumor responses [31]. Furthermore, we compared the enrichment of nine major DNA damage repair (DDR) pathways between both subtypes. These pathways included mismatch repair, base excision repair, nucleotide excision repair, Fanconi anemia, homology-dependent recombination, non-homologous DNA end joining, direct damage reversal/repair, translesion DNA synthesis, and damage sensor. Notably, eight of the nine pathways displayed significantly higher enrichment in Immunity-L than in Immunity-H (one-tailed Mann–Whitney U test, p < 0.01) (Figure 3F). These results are justified since Immunity-L displays higher genomic instability than Immunity-H.




3.4. Identification of Genes with Significantly Different Mutation Rates between the Immune Subtypes of ACC


We observed 16 genes having significantly different mutation rates between Immunity-H and Immunity-L in TCGA-ACC (Fisher’s exact test, p < 0.05) (Figure 4). Of these genes, CTNNB1, TTN, SOWAHA, ERMP1, and ERCC2 showed significantly higher mutation rates in Immunity-L versus Immunity-H. Previous studies have shown that the CTNNB1 mutation may exert pro-tumorigenic function via activation of the Wnt/β-catenin pathway [32] and that ACCs overexpressing CTNNB1 have decreased antitumor immunity and poor prognosis [33,34]. It is consistent with a higher mutation rate of this gene in the subtype (Immunity-L) with a worse prognosis. ERCC2 encodes a protein functioning in regulating the nucleotide excision repair pathway [35]. Again, it is justified that this gene has a higher mutation rate in the subtype (Immunity-L) with higher genomic instability. In contrast, SPRR3, CTGF, E2F5, MIR663B, MFHAS1, SOLH, VWDE, MAP7, POLRMT, KCNQ4, and TMCO3 had significantly higher mutation rates in Immunity-H than in Immunity-L. A previous study has shown that POLRMT silencing or knockout can inhibit cell proliferation, migration, and invasion, and promote apoptosis [36]. It is consistent with the finding that this gene has a higher mutation rate in the subtype with higher immunity since apoptosis can promote antitumor immune responses [37].




3.5. Identification of Proteins Differentially Expressed between the Immune Subtypes of ACC


We compared the expression levels of 192 proteins between the immune subtypes of TCGA-ACC. Of them, 21 proteins were upregulated in Immunity-H relative to Immunity-L (two-tailed Student’s t test, FDR < 0.05) (Figure 5). These proteins included: Syk, Rad51, Lck, Annexin-1, ER-alpha, MAPK_pT202_Y204, PREX1, Bcl-2, FOXO3a, p70S6K_pT389, Chk1, Rab25, CD31, p53, p90RSK_pT359_S363, Chk2_pT68, CDK1, Notch1, BRCA2, N-Ras, and Mre11. In contrast, 14 proteins were upregulated in Immunity-L versus Immunity-H (Figure 5). These proteins included: PRAS40_pT246, p70S6K, eEF2, AMPK-α, mTOR, ERCC1, S6, eEF2K, Akt, ACC1, Cyclin_E1, β-catenin, FASN, and GAPDH.




3.6. Identification of Pathways and GO Enriched in the Immune Subtypes of ACC


GSEA [25] identified pathways highly enriched in Immunity-H and Immunity-L in TCGA-ACC (Figure 6A). As expected, many immune-related pathways were enriched in Immunity-H, such as: hematopoietic cell lineage, T cell receptor signaling pathway, natural killer cell-mediated cytotoxicity, antigen processing and presentation, Fc gamma R-mediated phagocytosis, chemokine signaling pathway, cytokine–cytokine receptor interaction, B cell receptor signaling pathway, cytosolic DNA-sensing pathway, NOD-like receptor signaling pathway, complement and coagulation cascades, leukocyte transendothelial migration, Fc epsilon RI signaling pathway, Toll-like receptor signaling pathway, cell adhesion molecules (CAMs), and the RIG-I-like receptor signaling pathway. Meanwhile, we observed some cancer-related pathways highly enriched in Immunity-H, including the pathways of mTOR signaling, focal adhesion, calcium signaling, TGF-β signaling, gap junction, VEGF signaling, Jak-STAT signaling, ECM–receptor interaction, ErbB signaling, apoptosis, glioma, and melanoma. In addition, many metabolism-related pathways were upregulated in Immunity-H, including glycerophospholipid metabolism, ascorbate and aldarate metabolism, starch and sucrose metabolism, drug metabolism—cytochrome P450, retinol metabolism, metabolism of xenobiotics by cytochrome P450, inositol phosphate metabolism, drug metabolism—other enzymes, tryptophan metabolism, ether lipid metabolism, PPAR signaling, tyrosine metabolism, and fatty acid metabolism. As expected, many of the cancer- and metabolism-related pathways showed significant positive correlations of their enrichment scores with immune scores in the five datasets (Spearman’s correlation, p < 0.05) (Figure 6C). Furthermore, we identified many pathways enriched in Immunity-L, including pathways of steroid biosynthesis, terpenoid backbone biosynthesis, butanoate metabolism, insulin signaling pathway, mismatch repair, pyruvate metabolism, cell cycle, β-alanine metabolism, hedgehog signaling, propanoate metabolism, glycolysis/gluconeogenesis, and axon guidance (Figure 6B). As expected, many of these pathways showed significant negative correlations of their enrichment scores with immune scores in the five datasets (p < 0.05) (Figure 6C).



WGCNA [26] identified eight gene modules that significantly differentiated ACCs by survival status, survival time, and the immune subtypes (Figure 6D). Notably, six gene modules (indicated in blue, green, red, brown, pink, black, and turquoise, respectively) showed significantly different enrichment between Immunity-H and Immunity-L (p < 0.05). As expected, the immune response gene module (indicated in turquoise) had the strongest positive correlation with Immunity-H (R = 0.80; p = 4.00 × 10−18). Meanwhile, this module correlated negatively with OS and DFS survival status (OS: R = −0.40 and p = 4.00 × 10−4; DFS: R = −0.48 and p = 9.0 × 10−6). These results are consistent with the higher antitumor immune response in Immunity-H versus Immunity-L and the significant positive correlation between immune scores and survival prognosis in ACC. The extracellular matrix gene module (indicated in pink) was more highly enriched in Immunity-H versus Immunity-L (p = 0.03). It indicated that Immunity-H had more abundant stromal content than Immunity-L. Indeed, Immunity-H had significantly higher stromal scores than Immunity-L (p < 0.01) (Figure 6E). Consistent with the results from the pathway analysis, the cell cycle gene module was upregulated in Immunity-L relative to Immunity-H (p = 7.00 × 10−5). Additionally, this module correlated positively with OS and DFS status (OS: R = 0.50 and p = 4.00 × 10−6; DFS: R = 0.54 and p = 6.00 × 10−7). Again, the steroid biosynthetic process gene module was highly enriched in Immunity-L (p = 7 × 10−5). Additionally, this module had positive correlations with OS and DFS survival status (OS: R = 0.46 and p = 3.00 × 10−5; DFS: R = 0.43 and p = 9.00 × 10−5).





4. Discussion


This study classified ACC based on the enrichment of 23 immune signatures and identified 2 immune-specific subtypes: Immunity-H and Immunity-L, which had high and low antitumor immunity, respectively. We demonstrated that this classification was reproducible and predictable by analyzing five different datasets. Furthermore, we showed that both subtypes had significantly different clinical and molecular characteristics. Compared with Immunity-H, Immunity-L had lower levels of immune cell infiltration, lower stromal content, worse overall and disease-free survival prognosis, lower response rate to chemotherapy, and higher tumor stemness, proliferation capacity, genomic instability, and ITH. Pathway and GO analysis showed that the immune, stromal, and apoptosis pathways were highly enriched in Immunity-H, while the cell cycle, steroid biosynthesis, and DDR pathways were highly enriched in Immunity-L (Figure 7).



Notably, the steroid biosynthetic process, which plays an immunosuppressive role in ACC [38], was prominently enriched in Immunity-L. In fact, ACC is an endocrine malignant tumor, often accompanied by spontaneous secretion of steroid hormones, including cortisol, sex hormones, and steroid precursors or aldosterone [39]. Previous studies have revealed that ACC patients with a high steroid phenotype have significantly weaker immune capabilities than those with a low steroid phenotype [40]. Many studies have indicated that excessive glucocorticoid hormones, including cortisol, result in immunosuppression by blocking the growth and maturation of immune cells and inhibiting activation and inducing apoptosis in lymphocytes [41,42]. In addition, glucocorticoids also block the function of peripheral T lymphocytes, leading to immune escape [42]. A recent immunotherapy clinical trial uncovered a pattern of immune resistance among cortisol-secreting ACCs (CS-ACCs) [43]. The CS-ACC patients showed a higher rate of immunotherapy failure compared to non-CS-ACC patients [44,45]. Therefore, ACC-induced hypercortisolism may be the main cause of “immune coldness” in some ACC patients.



Of the 21 proteins upregulated in Immunity-H, many function in the positive regulation of antitumor immune responses. For example, Syk as a tumor suppressor has a role in driving antitumor immune responses [46]. Lck incites antitumor immune responses by regulating T cell development [47]. CD31 encodes a protein that is a member of the immunoglobulin superfamily and is likely involved in leukocyte migration, angiogenesis, and integrin activation [48], supporting the higher tumor immunity in Immunity-H versus Immunity-L. PREX1 acts as a guanine nucleotide exchange factor for the RHO family of small GTP-binding proteins (RACs) to promote antitumor immune responses [49]. Furthermore, we observed that the most important tumor suppressor, p53, had significantly higher expression levels in Immunity-H than in Immunity-L. It conforms to previous findings that disfunction of p53 inhibits antitumor responses [37]. In addition, several protein kinases involved in signal transduction were included in the list of the 21 proteins, including MAPK and Lck. Of the 14 proteins upregulated in Immunity-L, β-catenin acts as a coactivator for transcription factors, leading to activation of Wnt-responsive genes to regulate cell adhesion [50]. The protein kinase mTOR acts as a central regulator of cellular metabolism, growth, and survival in response to hormones, growth factors, nutrients, and stress signals. The mTOR signaling pathway has been shown to be deregulated in many cancers [51]. Akt regulates many cancer-associated biological processes, including metabolism, proliferation, cell survival, growth, and angiogenesis [52]. Previous studies have revealed that AMPK plays a key role in modulating the response to immune checkpoint blockade and suggest that AMPK agonists may promote the efficacy of immunotherapy [53]. It supports our finding that AMPK is upregulated in “cold” tumors. The upregulation of these tumor invasion-associated proteins in Immunity-L could explain why Immunity-L had a worse prognosis than Immunity-H.



The pathway analysis supported the previous results. For example, the upregulation of steroid biosynthesis in Immunity-L indicated that steroids were more abundant in Immunity-L than in Immunity-H, consistent with the finding that the steroid phenotype is a risk factor for ACC [39]. The mismatch repair pathway was upregulated in Immunity-L versus Immunity-H, supporting the higher genomic instability in Immunity-L [54,55]. In addition, the upregulation of the cell cycle in Immunity-L reflected a higher cell proliferation potential in this subtype, consistent with previous results.



It is interesting to observe that Immunity-L has higher TMB than Immunity-H. It appears to conflict with the positive association between TMB and antitumor immune responses in many other cancers [56]. Nevertheless, our previous studies have revealed that the association between TMB and antitumor immune responses is cancer type-dependent [57]. That is, the association between TMB and antitumor immune responses could be positive or negative, depending on cancer types. Furthermore, Immunity-L has higher levels of CNA than Immunity-H. It is consistent with the negative effect of CNA on the antitumor immune infiltration [31]. Moreover, the logistic regression analysis demonstrated a stronger impact of CNA on antitumor immunity compared with TMB in ACC. Again, it supports previous findings that CNA has a stronger association with antitumor immune responses than TMB.



Previous studies have identified molecular subtypes of ACC, such as three subtypes identified by integration of multi-omics data in TCGA: CoC I, CoC II, and CoC III [29], and two subtypes defined by the gene expression profiles: C1A and C1B [30]. Our immune-specific subtyping demonstrated high overlaps with both CoC and C1A/B subtyping, with most of the aggressive C1A or CoC III patients belonging to Immunity-L. Although these previous subtyping methods have certain prognostic values, they have no translational relevance of targeted therapies or immunotherapy. In contrast, our immune-specific subtyping may provide clinical implications for immunotherapy recommendations in ACC. Meanwhile, we also observed significantly higher expression levels of FATE1 in Immunity-L than in Immunity-H. It is in line with previous studies showing that FATE1 expression is associated with increased steroidogenesis and reduced immune responses and thus is a robust prognostic indicator in ACC patients [58].



In ACC, the Weiss score is the most widely accepted pathological system for classifying adrenocortical tumors (ACTs) as benign (adrenocortical adenoma (ACA)) or malignant (adrenocortical carcinoma (ACC)). A total score of ≤2 indicates an ACA, while a score of ≥3 is indicative of an ACC [55]. In addition, previous studies have identified multiple genes and pathways as potential prognostic biomarkers for patients with ACC, such as the driver genes IGF2, TP53, CTNNB1 [6], NR5A1, and FSCN1 [59,60], and the p53-RB and WNT-β-catenin pathways [56]. Hyperactivation of the β-catenin pathway and loss of p53 function are potential intrinsic tumor drivers in ACC [57]. Increased secretion of steroids also contributes to the immunosuppressive microenvironment in ACC [36]. Both NR5A1 and FSCN1 are adverse prognostic factors in ACC [59,60]. Notably, both genes displayed significantly higher expression levels in Immunity-L than in Immunity-H in all five datasets, in agreement with the worse prognosis in Immunity-L versus Immunity-H. Although surgery, chemotherapy, and radiotherapy are currently being used to treat ACC, these treatment strategies are often not effective for unresectable or metastatic ACC patients [58]. On the other hand, immunotherapy has achieved success in treating many unresectable or metastatic cancers, including ACC [41,42,59]. Thus, the new immune-based classification has the potential to identify the patients more suitable for immunotherapy to achieve better clinical outcomes.



This study has several limitations. First, because ACC is a rare cancer, the sample size of ACC patients is relatively small. Second, we obtained the results by bioinformatics analysis, but lacked experimental validation. Third, although our classification has potential value in stratifying ACC patients for immunotherapy, a further validation of its clinical applicability is needed.




5. Conclusions


This study demonstrated the stability and reproducibility of immune-specific subtyping of ACC. The subtype with high immunity had a better survival prognosis, higher response rate to chemotherapy, and lower tumor stemness, proliferation capacity, genomic instability, and ITH, compared to the subtype with low immunity. This analysis provides new insights into the tumor biology as well as potential clinical values for the management of this disease.








Supplementary Materials


The following supporting information can be downloaded at: https://www.mdpi.com/article/10.3390/biom13010104/s1, Table S1: A summary of the datasets analyzed. Table S2: The gene sets representing immune signatures, pathways, and biological processes.





Author Contributions


Q.L., software, validation, formal analysis, investigation, data curation, visualization, writing—original draft, writing—review and editing; R.N., investigation, visualization, writing—review and editing; J.L., software, investigation; X.W., conceptualization, methodology, resources, investigation, writing—original draft, writing—review and editing, supervision, project administration, funding acquisition; L.Y., investigation, supervision. All authors have read and agreed to the published version of the manuscript.




Funding


This research was funded by Xiaosheng Wang, grant number 3150120001, and the APC was funded by Linjun You.




Data Availability Statement


The datasets analyzed during the current study are available from the corresponding author upon reasonable request.




Conflicts of Interest


The authors declare no conflict of interest.




References


	



Else, T.; Kim, A.C.; Sabolch, A.; Raymond, V.M.; Kandathil, A.; Caoili, E.M.; Jolly, S.; Miller, B.S.; Giordano, T.J.; Hammer, G.D. Adrenocortical carcinoma. Endocr. Rev. 2014, 35, 282–326. [Google Scholar] [CrossRef] [PubMed]

	



Landwehr, L.S.; Altieri, B.; Schreiner, J.; Sbiera, I.; Weigand, I.; Kroiss, M.; Fassnacht, M.; Sbiera, S. Interplay between glucocorticoids and tumor-infiltrating lymphocytes on the prognosis of adrenocortical carcinoma. J. Immunother. Cancer 2020, 8, e000469. [Google Scholar] [CrossRef]

	



Jouinot, A.; Bertherat, J. MANAGEMENT OF ENDOCRINE DISEASE: Adrenocortical carcinoma: Differentiating the good from the poor prognosis tumors. Eur. J. Endocrinol. 2018, 178, R215–R230. [Google Scholar] [CrossRef] [PubMed]

	



Fassnacht, M.; Johanssen, S.; Quinkler, M.; Bucsky, P.; Willenberg, H.S.; Beuschlein, F.; Terzolo, M.; Mueller, H.H.; Hahner, S.; Allolio, B.; et al. Limited prognostic value of the 2004 International Union Against Cancer staging classification for adrenocortical carcinoma: Proposal for a Revised TNM Classification. Cancer 2009, 115, 243–250. [Google Scholar] [CrossRef] [PubMed]

	



Abiven, G.; Coste, J.; Groussin, L.; Anract, P.; Tissier, F.; Legmann, P.; Dousset, B.; Bertagna, X.; Bertherat, J. Clinical and Biological Features in the Prognosis of Adrenocortical Cancer: Poor Outcome of Cortisol-Secreting Tumors in a Series of 202 Consecutive Patients. J. Clin. Endocrinol. Metab. 2006, 91, 2650–2655. [Google Scholar] [CrossRef] [PubMed]

	



Zheng, S.; Cherniack, A.D.; Dewal, N.; Moffitt, R.A.; Danilova, L.; Murray, B.A.; Lerario, A.M.; Else, T.; Knijnenburg, T.A.; Ciriello, G.; et al. Comprehensive Pan-Genomic Characterization of Adrenocortical Carcinoma. Cancer Cell 2016, 29, 723–736. [Google Scholar] [CrossRef]

	



Ribas, A.; Wolchok, J.D. Cancer immunotherapy using checkpoint blockade. Science 2018, 359, 1350–1355. [Google Scholar] [CrossRef]

	



Fridman, W.H.; Zitvogel, L.; Sautes-Fridman, C.; Kroemer, G. The immune contexture in cancer prognosis and treatment. Nat. Rev. Clin. Oncol. 2017, 14, 717–734. [Google Scholar] [CrossRef]

	



McGrail, D.; Pilié, P.; Rashid, N.; Voorwerk, L.; Slagter, M.; Kok, M.; Jonasch, E.; Khasraw, M.; Heimberger, A.; Lim, B.; et al. High tumor mutation burden fails to predict immune checkpoint blockade response across all cancer types. Ann. Oncol. 2021, 32, 661–672. [Google Scholar] [CrossRef]

	



Patel, S.P.; Kurzrock, R. PD-L1 Expression as a Predictive Biomarker in Cancer Immunotherapy. Mol. Cancer Ther. 2015, 14, 847–856. [Google Scholar] [CrossRef]

	



Raj, N.; Zheng, Y.; Kelly, V.; Katz, S.S.; Chou, J.; Do, R.K.G.; Capanu, M.; Zamarin, D.; Saltz, L.B.; Ariyan, C.E.; et al. PD-1 Blockade in Advanced Adrenocortical Carcinoma. J. Clin. Oncol. 2020, 38, 71–80. [Google Scholar] [CrossRef]

	



Le, D.T.; Uram, J.N.; Wang, H.; Bartlett, B.R.; Kemberling, H.; Eyring, A.D.; Skora, A.D.; Luber, B.S.; Azad, N.S.; Laheru, D.; et al. PD-1 blockade in tumors with mismatch repair deficiency. J. Clin. Oncol. 2015, 33, 2509–2520. [Google Scholar] [CrossRef]

	



Lim, A.; Rao, P.; Matin, S. Lynch syndrome and urologic malignancies: A contemporary review. Curr. Opin. Urol. 2019, 29, 357–363. [Google Scholar] [CrossRef] [PubMed]

	



Binnewies, M.; Roberts, E.W.; Kersten, K.; Chan, V.; Fearon, D.F.; Merad, M.; Coussens, L.M.; Gabrilovich, D.I.; Ostrand-Rosenberg, S.; Hedrick, C.C.; et al. Understanding the tumor immune microenvironment (TIME) for effective therapy. Nat. Med. 2018, 24, 541–550. [Google Scholar] [CrossRef] [PubMed]

	



Duan, Q.; Zhang, H.; Zheng, J.; Zhang, L. Turning Cold into Hot: Firing up the Tumor Microenvironment. Trends Cancer 2020, 6, 605–618. [Google Scholar] [CrossRef] [PubMed]

	



Galon, J.; Bruni, D. Approaches to treat immune hot, altered and cold tumours with combination immunotherapies. Nat. Rev. Drug Discov. 2019, 18, 197–218. [Google Scholar] [CrossRef]

	



Hänzelmann, S.; Castelo, R.; Guinney, J. GSVA: Gene set variation analysis for microarray and RNA-Seq data. BMC Bioinform. 2013, 14, 7. [Google Scholar] [CrossRef]

	



Breiman, L. Random forests. Mach. Learn. 2001, 45, 5–32. [Google Scholar] [CrossRef]

	



Frank, E.; Hall, M.; Trigg, L.; Holmes, G.; Witten, I. Data mining in bioinformatics using Weka. Bioinformatics 2004, 20, 2479–2481. [Google Scholar] [CrossRef]

	



Bland, J.M.; Altman, D.G. Statistics Notes: Survival probabilities (the Kaplan-Meier method). BMJ 1998, 317, 1572–1580. [Google Scholar] [CrossRef]

	



Yoshihara, K.; Shahmoradgoli, M.; Martínez, E.; Vegesna, R.; Kim, H.; Torres-Garcia, W.; Trevino, V.; Shen, H.; Laird, P.W.; Levine, D.A.; et al. Inferring tumour purity and stromal and immune cell admixture from expression data. Nat. Commun. 2013, 4, 2612. [Google Scholar] [CrossRef]

	



Li, L.; Chen, C.; Wang, X. DITHER: An algorithm for Defining IntraTumor Heterogeneity based on EntRopy. Briefings Bioinform. 2021, 22, bbab202. [Google Scholar] [CrossRef] [PubMed]

	



Knijnenburg, T.A.; Wang, L.; Zimmermann, M.T.; Chambwe, N.; Gao, G.F.; Cherniack, A.D.; Fan, H.; Shen, H.; Way, G.P.; Greene, C.S.; et al. Genomic and Molecular Landscape of DNA Damage Repair Deficiency across The Cancer Genome Atlas. Cell Rep. 2018, 23, 239–254.e6. [Google Scholar] [CrossRef] [PubMed]

	



Kanehisa, M.; Furumichi, M.; Tanabe, M.; Sato, Y.; Morishima, K. KEGG: New perspectives on genomes, pathways, diseases and drugs. Nucleic Acids Res. 2017, 45, D353–D361. [Google Scholar] [CrossRef]

	



Subramanian, A.; Tamayo, P.; Mootha, V.K.; Mukherjee, S.; Ebert, B.L.; Gillette, M.A.; Paulovich, A.; Pomeroy, S.L.; Golub, T.R.; Lander, E.S.; et al. Gene set enrichment analysis: A knowledge-based approach for interpreting genome-wide expression profiles. Proc. Natl. Acad. Sci. USA 2005, 102, 15545–15550. [Google Scholar] [CrossRef] [PubMed]

	



Langfelder, P.; Horvath, S. WGCNA: An R package for weighted correlation network analysis. BMC Bioinform. 2008, 9, 559. [Google Scholar] [CrossRef]

	



Benjamini, Y.; Hochberg, Y. Controlling the False Discovery Rate: A Practical and Powerful Approach to Multiple Testing. J. R. Stat. Soc. Ser. B 1995, 57, 289–300. [Google Scholar] [CrossRef]

	



Libe, R. Adrenocortical carcinoma (ACC): Diagnosis, prognosis, and treatment. Front. Cell Dev. Biol. 2015, 3, 45. [Google Scholar] [CrossRef]

	



Zheng, S.; Cherniack, A.D.; Dewal, N.; Moffitt, R.A.; Danilova, L.; Murray, B.A.; Lerario, A.; Else, T.; Knijnenburg, T.A.; Ciriello, G.; et al. Comprehensive Pan-Genomic Characterization of Adrenocortical Carcinoma. Cancer Cell 2016, 30, 363. [Google Scholar] [CrossRef]

	



de Reyniès, A.; Assié, G.; Rickman, D.S.; Tissier, F.; Groussin, L.; René-Corail, F.; Dousset, B.; Bertagna, X.; Clauser, E.; Bertherat, J. Gene Expression Profiling Reveals a New Classification of Adrenocortical Tumors and Identifies Molecular Predictors of Malignancy and Survival. J. Clin. Oncol. 2009, 27, 1108–1115. [Google Scholar] [CrossRef]

	



Davoli, T.; Uno, H.; Wooten, E.C.; Elledge, S.J. Tumor aneuploidy correlates with markers of immune evasion and with reduced response to immunotherapy. Science 2017, 355, eaaf8399. [Google Scholar] [CrossRef] [PubMed]

	



Pai, S.G.; Carneiro, B.A.; Mota, J.M.; Costa, R.; Leite, C.A.; Barroso-Sousa, R.; Kaplan, J.B.; Chae, Y.K.; Giles, F.J. Wnt/beta-catenin pathway: Modulating anticancer immune response. J. Hematol. Oncol. 2017, 10, 101. [Google Scholar] [CrossRef]

	



Liu, S.; Ding, G.; Zhou, Z.; Feng, C. beta-Catenin-driven adrenocortical carcinoma is characterized with immune exclusion. Oncotargets Ther. 2018, 11, 2029–2036. [Google Scholar] [CrossRef] [PubMed]

	



Ragazzon, B.; Libé, R.; Gaujoux, S.; Assié, G.; Fratticci, A.; Launay, P.; Clauser, E.; Bertagna, X.; Tissier, F.; de Reyniès, A.; et al. Transcriptome Analysis Reveals that p53 and beta-Catenin Alterations Occur in a Group of Aggressive Adrenocortical Cancers. Cancer Res. 2010, 70, 8276–8281. [Google Scholar] [CrossRef] [PubMed]

	



Duell, E.J.; Wiencke, J.K.; Cheng, T.J.; Varkonyi, A.; Zuo, Z.F.; Ashok, T.D.S.; Mark, E.J.; Wain, J.C.; Christiani, D.C.; Kelsey, K.T. Polymorphisms in the DNA repair genes XRCC1 and ERCC2 and biomarkers of DNA damage in human blood mononuclear cells. Carcinogenesis 2000, 21, 965–971. [Google Scholar] [CrossRef] [PubMed]

	



Zhou, T.; Sang, Y.-H.; Cai, S.; Xu, C.; Shi, M.-H. The requirement of mitochondrial RNA polymerase for non-small cell lung cancer cell growth. Cell Death Dis. 2021, 12, 1–12. [Google Scholar] [CrossRef]

	



Jiang, Z.; Liu, Z.; Li, M.; Chen, C.; Wang, X. Immunogenomics Analysis Reveals that TP53 Mutations Inhibit Tumor Immunity in Gastric Cancer. Transl. Oncol. 2018, 11, 1171–1187. [Google Scholar] [CrossRef]

	



Baechle, J.J.; Hanna, D.N.; Sekhar, K.R.; Rathmell, J.C.; Rathmell, W.K.; Baregamian, N. Integrative computational immunogenomic profiling of cortisol-secreting adrenocortical carcinoma. J. Cell. Mol. Med. 2021, 25, 10061–10072. [Google Scholar] [CrossRef]

	



Vanbrabant, T.; Fassnacht, M.; Assie, G.; Dekkers, O.M. Influence of hormonal functional status on survival in adrenocortical carcinoma: Systematic review and meta-analysis. Eur. J. Endocrinol. 2018, 179, 429–436. [Google Scholar] [CrossRef]

	



Muzzi, J.C.; Magno, J.M.; Cardoso, M.A.; de Moura, J.; Castro, M.A.; Figueiredo, B.C. Adrenocortical Carcinoma Steroid Profiles: In Silico Pan-Cancer Analysis of TCGA Data Uncovers Immunotherapy Targets for Potential Improved Outcomes. Front. Endocrinol. 2021, 12, 672319. [Google Scholar] [CrossRef]

	



Cain, D.W.; Cidlowski, J.A. Immune regulation by glucocorticoids. Nat. Rev. Immunol. 2017, 17, 233–247. [Google Scholar] [CrossRef] [PubMed]

	



Taves, M.D.; Ashwell, J.D. Glucocorticoids in T cell development, differentiation and function. Nat. Rev. Immunol. 2020, 21, 233–243. [Google Scholar] [CrossRef] [PubMed]

	



Habra, M.A.; Stephen, B.; Campbell, M.; Hess, K.; Tapia, C.; Xu, M.; Rodon Ahnert, J.; Jimenez, C.; Lee, J.E.; Perrier, N.D.; et al. Phase II clinical trial of pembrolizumab efficacy and safety in advanced adrenocortical carcinoma. J. Immunother. Cancer 2019, 7, 253. [Google Scholar] [CrossRef] [PubMed]

	



Head, L.; Kiseljak-Vassiliades, K.; Clark, T.J.; Somerset, H.; King, J.; Raeburn, C.; Albuja-Cruz, M.; Weyant, M.; Cleveland, J.; Wierman, M.E.; et al. Response to Immunotherapy in Combination With Mitotane in Patients With Metastatic Adrenocortical Cancer. J. Endocr. Soc. 2019, 3, 2295–2304. [Google Scholar] [CrossRef] [PubMed]

	



Cosentini, D.; Grisanti, S.; Dalla Volta, A.; Laganà, M.; Fiorentini, C.; Perotti, P.; Sigala, S.; Berruti, A. Immunotherapy failure in adrenocortical cancer: Where next? Endocr. Connect. 2018, 7, E5–E8. [Google Scholar] [CrossRef]

	



Krisenko, M.O.; Geahlen, R. Calling in SYK: SYK’s dual role as a tumor promoter and tumor suppressor in cancer. Biochim. Et Biophys. Acta-Mol. Cell Res. 2015, 1853, 254–263. [Google Scholar] [CrossRef] [PubMed]

	



Palacios, E.H.; Weiss, A. Function of the Src-family kinases, Lck and Fyn, in T-cell development and activation. Oncogene 2004, 23, 7990–8000. [Google Scholar] [CrossRef]

	



Thompson, R.D.; Wakelin, M.W.; Larbi, K.Y.; Dewar, A.; Asimakopoulos, G.; Horton, M.A.; Nakada, M.T.; Nourshargh, S. Divergent effects of platelet-endothelial cell adhesion molecule-1 and beta 3 integrin blockade on leukocyte transmigration in vivo. J. Immunol. 2000, 165, 426–434. [Google Scholar] [CrossRef]

	



Welch, H.C.; Coadwell, W.J.; Ellson, C.D.; Ferguson, G.J.; Andrews, S.R.; Erdjument-Bromage, H.; Tempst, P.; Hawkins, P.T.; Stephens, L.R. P-Rex1, a PtdIns(3,4,5)P-3- and G beta gamma-regulated guanine-nucleotide exchange factor for Rac. Cell 2002, 108, 809–821. [Google Scholar] [CrossRef]

	



Krishnamurthy, N.; Kurzrock, R. Targeting the Wnt/beta-catenin pathway in cancer: Update on effectors and inhibitors. Cancer Treat. Rev. 2017, 62, 50–60. [Google Scholar] [CrossRef]

	



Laplante, M.; Sabatini, D.M. mTOR signaling at a glance. J. Cell Sci. 2009, 122, 3589–3594. [Google Scholar] [CrossRef] [PubMed]

	



Luo, J.; Manning, B.D.; Cantley, L.C. Targeting the PI3K-Akt pathway in human cancer: Rationale and promise. Cancer Cell 2003, 4, 257–262. [Google Scholar] [CrossRef] [PubMed]

	



Trillo-Tinoco, J.; Sierra, R.A.; Mohamed, E.; Cao, Y.; de Mingo-Pulido, Á.; Gilvary, D.L.; Anadon, C.M.; Costich, T.L.; Wei, S.; Flores, E.R.; et al. AMPK Alpha-1 Intrinsically Regulates the Function and Differentiation of Tumor Myeloid-Derived Suppressor Cells. Cancer Res. 2019, 79, 5034–5047. [Google Scholar] [CrossRef] [PubMed]

	



Bonneville, R.; Krook, M.A.; Kautto, E.A.; Miya, J.; Wing, M.R.; Chen, H.-Z.; Reeser, J.W.; Yu, L.; Roychowdhury, S. Landscape of Microsatellite Instability Across 39 Cancer Types. JCO Precis. Oncol. 2017, 2017, 1–15. [Google Scholar] [CrossRef]

	



Medina-Arana, V.; Delgado, L.; González, L.; Bravo, A.; Diaz, H.; Salido, E.; Riverol, D.; González-Aguilera, J.J.; Fernández-Peralta, A.M. Adrenocortical carcinoma, an unusual extracolonic tumor associated with Lynch II syndrome. Fam. Cancer 2011, 10, 265–271. [Google Scholar] [CrossRef]

	



Samstein, R.M.; Lee, C.-H.; Shoushtari, A.N.; Hellmann, M.D.; Shen, R.; Janjigian, Y.Y.; Barron, D.A.; Zehir, A.; Jordan, E.J.; Omuro, A.; et al. Tumor mutational load predicts survival after immunotherapy across multiple cancer types. Nat. Genet. 2019, 51, 202–206. [Google Scholar] [CrossRef]

	



Wang, X.; Li, M. Correlate tumor mutation burden with immune signatures in human cancers. BMC Immunol. 2019, 20, 4. [Google Scholar] [CrossRef]

	



Doghman-Bouguerra, M.; Finetti, P.; Durand, N.; Parise, I.Z.S.; Sbiera, S.; Cantini, G.; Canu, L.; Hescot, S.; Figueiredo, M.M.O.; Komechen, H.; et al. Cancer-testis Antigen FATE1 Expression in Adrenocortical Tumors Is Associated with A Pervasive Autoimmune Response and Is A Marker of Malignancy in Adult, but Not Children, ACC. Cancers 2020, 12, 689. [Google Scholar] [CrossRef]

	



Sbiera, S.; Schmull, S.; Assié, G.; Voelker, H.-U.; Kraus, L.; Beyer, M.; Ragazzon, B.; Beuschlein, F.; Willenberg, H.S.; Hahner, S.; et al. High Diagnostic and Prognostic Value of Steroidogenic Factor-1 Expression in Adrenal Tumors. J. Clin. Endocrinol. Metab. 2010, 95, E161–E171. [Google Scholar] [CrossRef]

	



Poli, G.; Ruggiero, C.; Cantini, G.; Canu, L.; Baroni, G.; Armignacco, R.; Jouinot, A.; Santi, R.; Ercolino, T.; Ragazzon, B.; et al. Fascin-1 Is a Novel Prognostic Biomarker Associated With Tumor Invasiveness in Adrenocortical Carcinoma. J. Clin. Endocrinol. Metab. 2018, 104, 1712–1724. [Google Scholar] [CrossRef]








[image: Biomolecules 13 00104 g001a 550][image: Biomolecules 13 00104 g001b 550][image: Biomolecules 13 00104 g001c 550] 





Figure 1. Hierarchical clustering of ACC tumors based on the enrichment of 23 immune signatures. (A) Clustering analyses uncovering two immune subtypes of ACC: Immunity-H and Immunity-L, which have high and low immune cell enrichment scores, respectively, consistently in five datasets. Comparisons of the enrichment scores of immunostimulatory signatures (T cell co-stimulation, activated B cell, cytolytic activity, and natural killer cell) and immunosuppressive signatures (T cell co-inhibition, immune checkpoint molecules, regulatory T cells, and myeloid-derived suppressor cells). (B) Ratios of immunostimulatory to immunosuppressive signatures (CD8+/PD-L1, CD8+/CD4+ regulatory T cells) between the two immune subtypes. (C) Immune scores evaluated by ESTIMATE [7]. (D) One-tailed Mann–Whitney U test (B,D) and Student’s t test (C) p-values are shown. ** p < 0.01, *** p < 0.001. It also applies to the following figures. (E) Prediction of the three immune subtypes of ACC by Random Forest based on the enrichment scores of 23 immune cell types. The 10-fold cross-validation results in the training set and prediction results in the other datasets are shown. (F) PCA confirms that ACCs can be clearly separated into two subgroups based on the ssGSEA scores of the immune signatures. 






Figure 1. Hierarchical clustering of ACC tumors based on the enrichment of 23 immune signatures. (A) Clustering analyses uncovering two immune subtypes of ACC: Immunity-H and Immunity-L, which have high and low immune cell enrichment scores, respectively, consistently in five datasets. Comparisons of the enrichment scores of immunostimulatory signatures (T cell co-stimulation, activated B cell, cytolytic activity, and natural killer cell) and immunosuppressive signatures (T cell co-inhibition, immune checkpoint molecules, regulatory T cells, and myeloid-derived suppressor cells). (B) Ratios of immunostimulatory to immunosuppressive signatures (CD8+/PD-L1, CD8+/CD4+ regulatory T cells) between the two immune subtypes. (C) Immune scores evaluated by ESTIMATE [7]. (D) One-tailed Mann–Whitney U test (B,D) and Student’s t test (C) p-values are shown. ** p < 0.01, *** p < 0.001. It also applies to the following figures. (E) Prediction of the three immune subtypes of ACC by Random Forest based on the enrichment scores of 23 immune cell types. The 10-fold cross-validation results in the training set and prediction results in the other datasets are shown. (F) PCA confirms that ACCs can be clearly separated into two subgroups based on the ssGSEA scores of the immune signatures.



[image: Biomolecules 13 00104 g001a][image: Biomolecules 13 00104 g001b][image: Biomolecules 13 00104 g001c]







[image: Biomolecules 13 00104 g002 550] 





Figure 2. Comparisons of clinical outcomes between two immune subtypes of ACC. (A) Comparisons of overall survival (OS) and disease-free survival (DFS) rates between the immune subtypes by Kaplan–Meier curves. The log-rank test p-values are shown. (B) Comparisons of OS and DFS between high immune score (>median) and low immune score (<median). Comparisons of neoplasm status, the response rate to chemotherapy, Weiss score, and excess adrenal hormones, between the two immune subtypes in TCGA-ACC (C), and comparisons of grade between two immune subtypes in GSE10927 (D). The overlap between immune subtypes and CoC or C1A/C1B subtypes (E). The Fisher’s exact test p-values are shown (C–E). 
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Figure 3. Comparisons of phenotypic and molecular features between the immune subtypes of ACC. Comparisons of the tumor stemness and proliferation (A,B), intratumor heterogeneity (ITH) (C), comparisons of CNA scores and TMB between the two ACC subtypes (D), and logistic regression models predicting high immune signature scores (>median) versus low immune signature scores (<median) of ACCs using CNA scores and TMB. CNA: copy number alteration. TMB: tumor mutation burden. Immune signature: activated CD8 T cell (E), comparisons of DNA damage repair (DDR) pathways (mismatch repair (MMR), base excision repair (BER), nucleotide excision repair (NER), Fanconi anemia (FA), homologous recombination (HR), non-homologous end joining (NHEJ), translesion DNA synthesis (TLS), and damage sensor (DS), p-values are shown. ** p < 0.01, *** p < 0.001 (F). The one-tailed Mann–Whitney U test p-values are shown in (A–D,F). 
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Figure 4. Different mutation rates between the immune subtypes of ACC. Eleven genes more frequently mutated in Immunity-H than in Immunity-L ACC (Fisher’s exact test, p < 0.05). 
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Figure 5. Differently expressed proteins between the immune subtypes of ACC. Heatmap showing the proteins with significant expression differences between Immunity-H and Immunity-L in TCGA-ACC (two-tailed Student’s t test, FDR < 0.05). 
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Figure 6. Pathways and gene ontology (GO) enriched in the immune subtypes of ACC. The KEGG pathways highly enriched in Immunity-H and Immunity-L in TCGA-ACC (A,B). (C) Spearman correlations between the enrichment scores of pathways upregulated in Immunity-H, Immunity-L, and immune scores in ACC. The correlation coefficients (ρ) and p-values are shown. * p < 0.5, ** p < 0.01, *** p < 0.001. (D) Eight gene modules that significantly differentiated ACC by subtype, survival time, or survival status identified by WGCNA. (E) Comparisons of stromal scores evaluated by ESTIMATE [7] between the immune subtypes of ACC (one-tailed Mann–Whitney U test, p < 0.01). 
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Figure 7. A summary of molecular and clinical characteristics of the immune subtypes of ACC. The figure was created with BioRender.com. 
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