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Despite progress in understanding the biology of adrenocortical carcinoma (ACC), treatment options have not dramatically changed in the last three decades, nor have we learned how to avoid some of its long-term side effects. Our goal was to improve the understanding of immune pathways that may include druggable targets to enhance immune responses of patients with ACC, focusing on immune evasion and the activation of immune cells against ACC. Our strategy was aimed at improving insight regarding gene expression without steroid interference. Using approaches based on high and low steroid phenotypes (HSP and LSP, respectively), we characterized immune pathways using The Cancer Genome Atlas (TCGA) ACC cohort data. Although previous studies have suggested that patients with ACC receive minimal benefit from immunotherapy, high expression of immune modulators was noted in patients with LSP, suggesting the activation of these biomarkers may be an important adjuvant therapy target after clearance of excess glucocorticoids. In addition, patients with LSP ACC had higher immune cell infiltration than patients with HSP ACC and other cancer subtypes. Our findings can be summarized as follows (1): we confirmed and improved the definition of two immune response pathways to ACC (HSP and LSP) based on in silico transcriptome analysis (2), we demonstrated the steroid profile should be considered, otherwise analyses of ACC immune characteristics can generate confounding results (3), among the overexpressed immunotherapy targets, we demonstrated that LSP was rich in PDCD1LG2 (PD-L2) and both HSP and LSP overexpressed CD276 (B7-H3), which was associated with resistance to anti-PD1 therapy and may have accounted for the modest results of previous clinical trials, and (4) identification of patients with LSP or HSP ACC can be used to help determine whether immunotherapy should be used. In conclusion, we highlighted the differences between LSP and HSP, drawing attention to potential therapeutic targets (CD276, PDCD1, and PDCD1LG2). Treatments to reduce immune evasion, as well as the use of other natural and pharmacological immune activators, should include prior pharmacological inhibition of steroidogenesis. Attempts to combine these with tumor cell proliferation inhibitors, if they do not affect cells of the immune system, may produce interesting results.
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Introduction

Adrenocortical carcinoma (ACC) is a rare highly aggressive malignancy ⁠of which >80% are steroidogenic (1–4)⁠⁠. Overt hypercortisolism is observed in 37.6% (197/524) of adults with ACC, excluding cases with elevated cortisol levels without clinical manifestations, which may also have some molecular impact (4)⁠. The phenotypes seen with molecular changes in ACC may be largely derived from the dominant co-secretion of cortisol and androgens. These differences in combinations of steroid underlie the importance of defining steroid phenotypes and identifying the relevant genetic alterations that characterize the various immune system profiles observed.

Pan-genomic and molecular characterizations of ACC have been the focus of diverse studies in an attempt to establish useful classifications for prognosis or therapy. Zheng et al. (5)⁠ suggested the differentiation of patients with ACC based on three CpG island hypermethylated phenotype (CIMP) statuses: high, intermediate, and low. To date, CIMP is the most robust biomarker for ACC pan-molecular subgroups (6)⁠. Despite providing meaningful prognosis, this classification cannot be translated into determining optimal target treatment options (6, 7)⁠. Besides DNA methylation status, other molecular strategies have been used to characterize ACC subtypes (5, 8, 9)⁠. Based on transcriptome profiling, de Reyniès et al. (8)⁠ and Giordano et al. (9)⁠ defined two ACC subgroups, C1A and C1B, while Zheng et al. (5)⁠ clustered ACC mRNA-seq data in two subgroups with a high steroid phenotype (HSP) and low steroid phenotype (LSP), separating the expression pattern of genes in the steroid synthesis pathway. This was further refined into four subgroups: HSP (n = 25), HSP + proliferation (n = 22), LSP (n = 27), and LSP + proliferation (n = 4). The proliferation profile was mainly associated with HSP, whereas the LSP + proliferation was restricted to only four cases in The Cancer Genome Atlas (TCGA) cohort (n = 78). These four subgroups demonstrated a high overlap of C1A and C1B subtypes, with most HSP patients classified as C1A and LSP patients classified as C1B (5)⁠. Zheng and colleagues found an immune signature associated with the LSP profile upon comparison of immune-suppressed ACC with strong steroidogenesis (5)⁠.

Landmark studies have extensively focused on profiling biomarkers and cells associated with cancer immunity with extensive immunogenomic analysis of tumors (10, 11)⁠. Thorsson et al. (11)⁠ provided new insights into the immune landscape of cancers using TCGA data. Assembling all ACC cases without consideration of more specific clinical or steroidal phenotypes, ACC was found to exhibit the second lowest leukocyte fraction among the cancer types studied (11). These investigators analyzed over 10,000 TCGA tumors and using cluster analysis of a robust list of immune expression signatures reported by other studies proposed six immune subtypes with specific features and prognoses: C1, wound healing; C2, IFN-γ dominant; C3, inflammatory; C4, lymphocyte depleted; C5, immunologically quiet; and C6, TGF-ß dominant (11). Based on the dominant sample characteristics, they proposed the ACCs in the TCGA database (patient ages ranging from 14 to 77 years) fit better within the C4 immune subtype, with a more prominent macrophage signature, suppression of T helper type 1 (Th1) cells, and a high M2 response (11). These cancers are among those with the least favorable outcome. This immunosuppressed profile is associated with hypercortisolism and low survival in the majority of adult patients with ACC (12)⁠, while younger children with a dominant androgen steroid phenotype have a better prognosis (13, 14)⁠.

As tumors grow, they acquire mutations. These mutations may impair the function of the immune system in ACC subtypes (with both low and high steroidogenesis). These genetic changes include mutations in driver genes, DNA damage, copy number variation, aneuploidy, loss of heterozygosity, intratumor heterogeneity, and decreased telomere length (5, 15)⁠. Consequently, overall survival (OS) analyses are frequently less accurate in ACC cases because of the complex interactions between these changes in the tumor and the immune system (16)⁠. The worse prognosis for adults with ACC is explained by molecular differences and the higher frequency of elevated glucocorticoids (17–19)⁠. After C4 (49 of the 78 ACC cases), the second most common immune subtype was C3, found in 23 of the 78 ACC cases, predominantly in LSP (16/31). The C3 immune subtype is represented by an inflammatory response with higher presence of Th1 and Th17 responses and a balanced presence of macrophages and lymphocytes. In a pan-cancer analysis, the C3 immune subtype presented the best prognosis. The other six ACC cases were C5 (n = 3) and one each of subtypes C1, C2, and C6.

Lymphocyte expression signature, high number of unique T-cell receptor clonotypes, cytokines produced by activated CD4+ Th1 and Th17 lymphocytes, and M1 macrophages, which secrete pro-inflammatory cytokines and chemokines, are associated with improved OS in some cancer subtypes (11). The ability to kill transformed cells is essential for an effective anti-tumor response by the immune system. This ability relies on the cytotoxic activity of natural killer (NK) cells and CD8+ T lymphocytes (CD8+TL) (20)⁠. Activated NK cells are able to recruit dendritic cells and elicit an antitumor T-cell response (21)⁠. The presence of activated tumor-infiltrating CD8+TL in human cancers is associated with improved prognosis, expression of specific antigens, and increased immune-cancer interactions (10)⁠. For example, there is a positive correlation between melanoma-associated antigen 3 (MAGEA3) expression and CD8+TL infiltration in melanoma, explaining the success of the MAGEA3-based vaccine (22)⁠. Another successful example of immunomodulation is the stimulation of blood cells with bacille Calmette-Guérin (BCG) or recombinant BCG to enhance the expression of CD25 and CD69 on human CD4+ T cells, a highly effective immunotherapeutic agent against bladder cancer (23, 24)⁠. Interestingly, most patients with bladder cancer are diagnosed in their seventies when the immune system may be impaired (25)⁠. Similarly, more than 50% of adults with ACC are diagnosed in patients 50 years or older (26)⁠. As CD8+TL are crucial for protective immunity, it is vital to identify candidate activators of the host immune response to cancer. Specific driver mutations (e.g., TP53) are correlated with higher leukocyte levels across all cancers (11). This is not the case in pediatric ACC with the germline TP53 R337H variant, where higher CD8+TL infiltration is associated with other factors, such as stage 1 and diagnosis at a younger age (14)⁠. This is in line with the observed changes in the immune infiltrate composition at each tumor stage, where there is a decrease in T-cell density and an increase in T-follicular helper cells and innate immune cells with tumor progression (27)⁠.

T-cell activation requires two distinct signaling pathways, one mediated by the binding of T-cell receptor (TCR) with an antigen bound major histocompatibility complex (MHC) and the second by the binding of CD28 to T cells with B7-1 (CD80) or B7-2 (CD86) of antigen-presenting cells (28)⁠. In addition to B7-1 and B7-2, other B7 family proteins interact with other T-cell membrane molecules and may act as co-inhibitors, such as B7-H1, which is well known as programmed cell death ligand 1 (PD-L1), B7-DC, which is known as programmed cell death ligand 2 (PD-L2), and B7-H3 (CD276), among others (29)⁠. Blockade of immune checkpoint evasion was expected to provide a more effective treatment for patients with ACC. However, the use of antibodies targeting programmed cell death 1 (PD-1) expressed by T cells (30–32)⁠ or PD-L1 (33)⁠ is associated with poor efficacy. In the latter study (33)⁠, 50% of patients were under concomitant treatment with mitotane to block immunosuppressive glucocorticoids. However, this study did not consider the possibility of evasion through PD-1/PD-L2. Despite these setbacks, other approaches have been suggested to overcome the reported modest responses (7, 34)⁠.

The impact of excess steroids on the immune system interaction with ACC tumors, including a complete understanding of the related molecular profiles, has not been fully evaluated. Our aim was to perform a comprehensive and translational analysis of ACC immune biomarkers to identify those that could predict a favorable outcome with and without steroid interference. We evaluated possible modifiers of immune evasion (CD274 that encodes PD-L1 and PDCD1LG2 that encodes PD-L2), and investigated how these ligands correlate with CD8B expression in ACC, revisiting TCGA cohort data and the molecular steroidogenic classification established by Zheng et al. (5). Considering the hypothesis that HSP has a worse prognosis because of its effect on the immune system, we discuss strategies, supported by prior studies, for downregulating steroid biosynthesis before using possible immune activators.



Materials and Methods


Data Sources

Data sources used in this study were obtained from the ACC cohort in TCGA (5). Inclusion criteria, quality control, and characterization of these participants were previously described (5). The data are available on the National Cancer Institute (NCI) Genomic Data Commons (GDC) Data Portal (https://gdc.cancer.gov/about-data/publications/acc_2016). The transcriptome profiles of 78 patients with ACC for whom the steroid phenotype was available were used for the subsequent analysis. This group included 31 men and 47 women with a mean age of 46.7 years (range, 14–77 years). Based on mRNA data, the patients were classified as HSP (n = 25), HSP + Proliferation (n = 22), LSP (n = 27), and LSP + Proliferation (n = 4) (5). For the current study, we used only the steroid phenotype classification, HSP (n = 47) and LSP (n = 31). Clinical data were obtained using the R/Bioconductor package TCGABiolinks v 2.18.0 (35–37)⁠ from the GDC Data Portal. History of excessive hormone expression was downloaded from the GDC Data Portal and classified as (i) Cortisol Excess (n = 32) for patients with a history of excess Cortisol (n = 15), Mineralocorticoids|Cortisol (n = 1), and Androgen|Cortisol (n = 16); (ii) Mineralocorticoids Excess (n = 4) for patients with a history of Mineralocorticoids (n = 3) and Mineralocorticoids|Cortisol (n = 1); and (iii) Sexual Hormone Excess (n = 28) for patients with a history of excess Androgen (n = 8), Androgen|Cortisol (n = 16), Androgen|Estrogen (n = 2), and Estrogen (n = 2). There were no notations on hormone levels for 5 patients.

The data on immune characteristics were obtained from Thorsson et al. (11) (https://www.cell.com/cms/10.1016/j.immuni.2018.03.023/attachment/1b63d4bc-af31-4a23-99bb-7ca23c7b4e0a/mmc2) and xCell immune infiltrate cell scores were downloaded from TIMER2.0 (http://timer.cistrome.org/infiltration_estimation_for_tcga.csv.gz) (10, 38, 39)⁠. For comparison between two steroid groups, data were filtered using the patients’ barcodes.

The study was approved by the Ethics Committee of Pequeno Príncipe Hospital and National Research Ethics Committee (CAAE number 50622315.0.0000.0097), without use of a consent form as it involved only anonymous public data from the original cohorts deposited at TCGA.



Leukocyte Fraction and Immune Infiltrate Comparison

Leukocyte fractions data for pan-cancer analysis were extracted from Thorsson et al. (11). The study included 11,080 patients from TCGA of which 10,448 were annotated with a leukocyte fraction. TCGA studies were used and were arranged by median leukocyte fraction values. For grouping based on the ACC steroid phenotype, patients from this cohort were selected according to their barcode identifiers.

Previous studies used two methods to estimate immune cell infiltration in the ACC cohort: xCell (38)⁠ scores using a marker-gene-based approach, inferred by Sturm et al. (39)⁠, and Cibersort using a deconvolution-based approach (40)⁠, calculated by Thorsson et al. (11). A more detailed evaluation on the limitations and characteristics of these approaches has been reviewed by Sturm et al. (39)⁠.

The immune cell proportions based on Cibersort estimations were multiplied by the leukocyte fraction, resulting in a final score that could be used for intra- and inter-sample comparisons, as previously described (11). For the ACC cohort analysis, scores of CD8+TL and activated NK cells were used for pan-cancer comparisons, while the scores for all 22 cell types were used for intra-cohort analysis. For pan-cancer comparisons, the barcodes were merged with the Thorsson dataset, and xCell results for CD8+TL and NK cells of the TCGA study and were grouped and ordered by median values. For comparisons within the ACC cohort, samples were filtered for all xCell infiltrate estimates by patient barcodes. Beyond cell estimations, xCell offers microenvironment, immune, and stroma scores. However, the enrichment scores do not allow for a comparison between different cell types of the same sample, but does allow for comparison of the same cell type between different samples. Accordingly, the two groups of patients could be compared using this method, but the relative abundance of each cell type within a patient could not be compared.

The Wilcoxon test was used to compare the xCell and Cibersort immune infiltrate scores between the HSP and LSP groups. The R package ComplexHeatmap v 2.6.2 (41)⁠ was used for heatmap construction. Column-wise z-scores were calculated for the immune cell scores, and maximum and minimum values were limited to +2 and −2, respectively. Samples were clustered for immune characteristics and cell scores scaled data in a semi-supervised manner using the McQuitty and Euclidean distance methods.



RNA-seq Filtering, Processing, and Differential Expression (DE)

High-throughput sequencing (HTSeq) mRNA data were obtained for the 78 ACC patients with steroid phenotype characterization using the R package TCGAbiolinks v 2.18.0 (35–37)⁠ and SummarizedExperiment v 1.20.0 (42)⁠. The 56,457 transcripts were filtered for protein-coding genes using EnsembleDb version 101 and notated using AnnotationHub R package v 2.22.0 (43)⁠. The genes with a sum of zero counts were excluded, resulting in the inclusion of 19,169 genes. The two steroid phenotype groups underwent DE analysis using the R package DESeq2 v 1.30.0 as previously described (44)⁠. P-values were calculated using Wald’s test and adjusted with Benjamini–Hochberg estimation. The gene count expression matrix was normalized by variance-stabilizing transformation using the DESeq2 package. Three genes had duplicated symbol names (PINX1, TMSB15B, and MATR3). To differentiate these three genes, we added an underscore after the first entry in the DE results.



Enrichment Analysis

After ordering based on adjusted p-values, the ranked genes list underwent gene set enrichment analysis (GSEA) with the Coincident Extreme Ranks in Numerical Observations (CERNO) test (45, 46)⁠ using the R package tmod v 0.46.2, as previously described (46, 47)⁠. The CERNO test is an application of modified Fisher p-value integration for creating a GSEA ranked list, which avoids the arbitrary choice of a p-value or log-fold change threshold (46)⁠. Two gene sets were used for the enrichment analysis. Hallmark gene sets were obtained from MSigDb v7.1 (https://data.broadinstitute.org/gsea-msigdb/msigdb/release/7.1/msigdb_v7.1.xml) (48, 49)⁠ and blood transcriptional modules (BTM) (50)⁠ were obtained from the tmod R package. The hallmark gene set is comprised of 50 modules summarizing the molecular signature database gene sets and reducing redundancy (49)⁠. These modules are divided into eight categories: cellular component, development, DNA damage, immune, metabolic, pathway, proliferation, and signaling. The other gene set consists of 334 BTMs combining information about adaptive and innate immune responses.



Expression of Immune Modulators and Immune Checkpoints

Expression profiles of the immunomodulatory genes listed by Thorsson et al. (11) (https://www.cell.com/cms/10.1016/j.immuni.2018.03.023/attachment/8d3ffc74-4db4-4531-a4ad-389dfc8bb7ec/mmc7.xlsx) were obtained from a variance stabilizing transformation gene expression matrix. Of the 75 immune modulators, only one (C10orf54) was not found in the expression matrix. CSF2 expression was added based on the study by Wang et al. (51)⁠, which showed its importance for dendritic cell recruitment in poorly immunogenic tumors. Adjusted p-values for the findings from the DE analysis were used for comparison between groups. The R package ComplexHeatmap v 2.6.2 (41)⁠ was used for heatmap construction, column-wise z-scores were calculated for immune modulator gene expressions, and maximum and minimum values were limited to +2 and −2, respectively. Columns were arranged following the order of the semi-supervised clusters of immune characteristics and cell scores determined previously. For expression of immune checkpoint genes CD8B, CD274 (PD-L1), and PDCD1LG2 (PD-L2), Pearson’s correlation coefficients and p-values were calculated and the confidence interval was inferred based on Fisher’s Z transformation.



Leukocyte Fractions and Mutations in the ACC Cohort

Pan-Cancer Atlas data from TCGA regarding ACC patients with mutations in TP53 (n = 16), CTNNB1 (n = 13), and MEN1 (n = 7) were obtained from the cBioPortal (https://www.cbioportal.org/) and merged with the leukocyte fraction information. Comparison between patients with and without mutations in these driver genes was performed using the Wilcoxon test.



Extracellular Communication Networks in Immune Subtypes

Extracellular communication networks were inferred based on the study by Thorsson et al. (11) and the data for the TCGA ACC cohort were obtained from iAtlas (https://isb-cgc.shinyapps.io/shiny-iatlas/). The networks involved ligand-receptor, cell-receptor, and cell-ligand pairs described by Ramilowski et al. (52)⁠ and enhanced by Thorsson et al. (11). Nodes with more than 50% abundance and concordance interaction greater than 2.5 were chosen as the C3 and C4 immune subtypes. The networks were reconstructed using R packages igraph v 1.2.6 and RedeR v 1.38.0 (53)⁠. The node line width varies proportionally to the abundance score and the edge width varies proportionally to the concordance.

A batch corrected and normalized gene expression matrix for the 11,060 TCGA samples was downloaded from the Supplemental Data of Hoadley et al. (54)⁠ (https://api.gdc.cancer.gov/data/9a4679c3-855d-4055-8be9-3577ce10f66e). The matrix was filtered for the 25 ligands and receptors present in the C3 and C4 networks. Samples were selected from primary tumors only and duplicate entries were removed. The matrix was merged with the Thorsson dataset according to the participant barcode. Gene expression data were ranked from lowest to highest counts for each gene, and patients were divided into terciles (low, intermediate, and high) and filtered for the ACC patients’ barcodes.



Survival Analysis

The prognostic impact of LSP (n = 31) versus HSP (n = 47), immune subtype C3 (n = 23) versus C4 (n = 49), and LSP + Immune Subtype C3 (n = 16) versus other configurations (n = 62) were evaluated using Kaplan-Meier analysis for OS and progression-free interval (PFI) using R packages survival v3.2-7 (55, 56)⁠ and survminer v0.4.8. P-values were calculated using the log-rank test.



Statistical Analysis

Q values and false discovery rate (FDR) quantities were calculated using R package qvalue v2.20.0 (57)⁠. For DE results, q-values were calculated based on π estimation. Due to the small number of p-values available for π estimation, the q-value was determined using Benjamini-Hochberg estimation for enrichment analysis.




Results


Pan-Cancer Comparison Showed Significant Immune Infiltrates in Patients With LSP ACC

ACC had one of the lowest immune infiltrate profiles in the TCGA pan-cancer comparison (Figure 1A). However, when distinguishing by steroid profiles, patients with LSP ACC had considerable leukocyte infiltration, placing them in the top 40% of tumor types (Figure 1B). This was also seen with CD8+TL and NK cells infiltrates, as measured by the Cibersort and xCell scores (Figures 2A–D).




Figure 1 | Boxplot of the leukocyte fraction in the tumor microenvironment of 30 TCGA solid tumors. The leukocyte fraction was inferred by Thorsson et al. (11) for 10,448 participants included in The Cancer Genome Atlas (TCGA) database using molecular methods and compared with hematoxylin and eosin stained images, which demonstrated good correlation. Participants were grouped by TCGA cohort. The boxplot shows the median and interquartile range (IQR) for the leukocyte fraction of each cohort. Whiskers are set at 1.5 IQR and outliers (above and below the 1.5 IQR) are presented as points. TCGA cohorts were ordered by median values. (A) Patients with adrenocortical carcinoma (ACC) are represented as one group. (B) Patients with ACC are divided according to steroid phenotypes.






Figure 2 | TCGA pan-cancer comparison of immune infiltrates. Immune infiltrate scores (y-axis) were rescaled to range from 0 to 1. The maximum on the y-axis is independently set for each plot for better visualization. Participants were grouped by TCGA cohort and the boxplot shows median and IQR for immune cell infiltrate scores of each cohort. Whiskers are set at 1.5 IQR and outliers (above and below the 1.5 IQR) are not shown. TCGA cohorts were ordered by median values. Patients with ACC were divided according to steroid phenotypes (A, B) xCell scores for CD8+ T cells and T natural killer (NK) cells inferred by Sturm et al. (39). (C, D) Cibersort scores for activated CD8+ T cells and NK cells as inferred by Thorsson et al. (11) and multiplied by the leukocyte fraction as described by these authors.



The main clinical characteristics of HSP and LSP are shown in Table 1. Cortisol was the most frequently elevated hormone (57.4% in HSP and 16.1% in LSP) compared to less frequently observed sex steroids, mineralocorticoids, and others, as described by Zheng et al. (5). The prognostic differences were remarkable, with only 3 death events (9.7%) in patients with LSP versus 24 (51.1%) in patients with HSP. This was in addition to a higher proportion of advanced cancer stages observed in the HSP group, which may have been associated with a higher proliferation rate.


Table 1 | Clinical data.





Immune Activation Was Enriched in Patients With LSP ACC

The results from the DE analysis of LSP versus HSP are presented in Figure 3. The order is based on LSP versus HSP and is used in all analyses presented in this study. Opposite values for the log-fold change would have been determined if HSP versus LSP was used. The full DE results are available in Supplementary Table 1.




Figure 3 | LSP versus HSP DE in TCGA ACC cohort (n = 78). After filtering for protein-coding genes and excluding those with sums of zero counts, a total of 19,169 genes were used for a LSP versus HSP differential expression (DE) analysis. P-values were calculated using the Wald’s test and adjusted using Benjamini-Hochberg estimation. Genes with absolute log2 fold change lower than 0.5 and adjusted p-value greater than 0.05 are colored in gray. Above these cut-offs, genes upregulated in LSP and downregulated in HSP are indicated in red and genes downregulated in LSP and upregulated in HSP are indicated in blue.



Enrichment analysis using the hallmark gene sets is presented in Figure 4A and Supplementary Table 2. Most gene sets were enriched for genes related mainly to the immune response and were upregulated in LSP and downregulated in HSP. The gene sets significantly enriched with genes downregulated in LSP and upregulated in HSP were associated with estrogen response, cholesterol homeostasis, and hedgehog signaling (Figure 4A), which was consistent with the steroidogenic profile used for the DE analysis.




Figure 4 | Enrichment analysis for differentially expressed genes using the CERNO test. The CERNO test was applied to the differentially expressed genes using the hallmark gene sets (A) and blood transcriptome modules (BTMs) (B). The modules are ordered according to the adjusted p-values and are considered non-significant based on a false discovery rate (FDR) of 0.05. The number of genes in each module is presented before the module names in brackets. The charts are colored based on the DE results: red for module genes upregulated in low steroid phenotype (LSP) and downregulated in high steroid phenotype (HSP), gray for module genes with no significant p-value, and blue for module genes down-regulated in LSP and upregulated in HSP.



As the immune response was strongly associated with the different steroid phenotypes, we conducted GSEA with the BTMs described by Li et al. (50)⁠. In general, modules associated with T lymphocytes and NK cells, monocytes, and antigen presentation displayed the strongest association with ranked genes, especially those upregulated in LSP. With exception of the “Cell Cycle and Transcription” module, most immune modules were markedly enriched with genes up-regulated in LSP and down-regulated in HSP, with some modules such as “Enriched in Antigen Presentation (II)” and “Leukocyte Activation and Migration” fully represented by DE genes up-regulated in LSP (Figure 4B).



Enrichment of T Cells, Monocytes, and Cytolytic Activity in LSP ACC

The column-wise z-scores for the xCell and Cibersort results for TCGA ACC patients are presented in Figure 5A. Both methods found a higher immune cell presence in patients with LSP compared to those in patients with HSP, which appeared immunosuppressed. Not all cell types identified using one method were present in the results obtained using the other method, indicating differences in some specificities. Consistent with the BTM enrichment analysis (Figure 4B), the presence of monocytes and T cells differed significantly between the two steroid phenotypes (Figures 5A, B). As xCell detected NK cells in only a few samples and Cibersort differentiated resting NK cells from activated NK cells but did not distinguish between subtypes of CD8+ T cells, the last two panels of Figure 5B show a boxplot comparison of the xCell T NK cells and the Cibersort activated NK cells. Because xCell generates arbitrary scores, y values were rescaled to a range of 0 to 1. Most discrepancies between the xCell and Cibersort scores were observed for B cells, plasma cells, naive CD4+ T cells, and eosinophils, which may have been a result of the spillover effect from the methods (39).




Figure 5 | Immune infiltrate comparison. (A) Heatmap with column-wise z-scores for TCGA ACC immune infiltrates as inferred by Sturm et al. (39) using xCell and by Thorsson et al. (11) using Cibersort. Maximum and minimum z-scores for the color gradient were set at +2 and −2 standard deviations from the mean. Each column represents a patient and columns were subjected to semi-supervised clustering. In addition to the immune infiltrate, Thorsson et al. (11) presented a classification of six immune subtypes (C1–C6) and inferred the leukocyte fraction and a molecular signature associated with the lymphocyte infiltrate score. xCell provides a stroma, immune, and microenvironment score in addition to the immune cell infiltrate. Lymphocyte infiltrate, immune, stroma, and microenvironment scores were rescaled to a range of 0 to 1. The clinical information was provided by Zheng et al. (5) and appears in the top annotation rows. The p-value calculated using the Wilcoxon test comparing LSP and HSP for each cell type is represented in the right as a color gradient ranging from 2 to 10 for −log10 (p-value), values lesser than 2 are set as white. (B) Boxplot comparing LSP and HSP in terms of monocytes, CD8+ T cells (xCell and Cibersort), T natural killer (NK) cells (xCell), and activated NK cells (Cibersort). All scores (y-axis) are rescaled from 0 to 1. The density plot shows the distribution according to the immune subtypes: C3 (green) and C4 (cyan). Each sample is shown in a rug plot and colored according to the HSP and LSP classification. The p-value calculated using the Wilcoxon test comparing both phenotypes is shown above each pair of boxplots.





LSP Was Associated With an Inflammatory Immune Response and HSP With a Lymphocyte Depleted Microenvironment

According to the classification by Thorsson et al. (11), ACC patients fit mainly into the C4 subtype (n = 46), with a subset of patients in C3 subtype (n = 23), where C3 seemed to be associated with LSP (n = 16) and C4 with HSP (n = 37) (Table 1 and Figure 5A). Only one participant each fit into the C1, C2, and C6 subtypes, and three patients presented with a C5 subtype profile. Density plots show the distribution of C3 and C4 ACC patients separated into the steroid phenotypes based on monocyte, CD8+TL, and NK cell scores (Figure 5B).

The higher immune activation of patients with LSP ACC was also seen in the expression of immunomodulator genes (Figure 6A). Patients with LSP had a higher expression pattern of immune activators and inhibitors compared to patients with HSP. From the immune characteristics analyzed by Thorsson et al. (11), the differences between LSP and HSP were significant for leukocyte fraction, lymphocyte infiltration score, and macrophage regulation (Figure 6B), which demonstrates immune activation and recruitment in patients with LSP, in contrast with the immunosuppressed tumor microenvironment (TME) seen in patients with HSP.




Figure 6 | Gene expression of immune modulators and Thorsson and colleagues’ immune signatures. (A) Heatmap with column-wise z-scores for expression of immune modulator genes. The maximum and minimum z-scores for the color gradient is set at +2 and −2 standard deviations from the mean. Each column represents a patient. The order from Figure 5A was maintained. The p-value for the DE analysis for each gene determined using the Wald’s test is represented in the right. The −log10 (p-value) color gradient is set as white up to the minimum value of 2 and the maximum is set to 10; however, its range exceeds 20 for GZMA, CCL5, and CD40LG. The absolute p-values for all differentially expressed genes can be found in Supplementary Table 1. *Clinical cortisol excess and the molecular classification were described by Zheng et al. (5) and presented in the top annotation. **Immune subtype classification and the five molecular immune signatures rescaled to a range of 0 to 1 were according to Thorsson et al. (11) and are shown in the top annotation. (B) Boxplot comparing LSP and HSP for leukocyte fractions and the five immune signatures associated with lymphocyte infiltrate scores, macrophage regulation, wound healing, IFN-γ response, and TGF-ß response according to Thorsson et al. (11). The scores for each of the five signatures are rescaled to a range of 0 to 1 (y-axis). The density plot shows the distribution according to the immune subtypes C3 (green) and C4 (cyan). Each sample is shown in a rug plot and colored according to HSP and LSP classification. The p-value calculated using Wilcoxon test comparing both phenotypes is shown above each pair of boxplots.



Thorsson et al. (11) also evaluated the T-cell receptor (TCR) and B-cell receptor (BCR) repertoire. However, this information for most patients with ACC unfortunately could not be retrieved from bulk mRNA sequencing, probably due to the small numbers of these cell fractions in the TME. For instance, only 5 of 78 patients had information regarding BCR (3 LSP and 2 HSP) and 37 regarding TCR (21 LSP and 16 HSP) of which 16 had a 0 score on TCR Shannon entropy (3 LSP and 13 HSP).



Steroid Phenotype Generated a Confounding Effect on the Correlation Between Leukocyte Fraction and Driver Gene Mutations

Thorsson et al. (11) reported that mutations in driver genes are significantly correlated with the leukocyte fraction. Among driver genes, the most common mutations found in the ACC cohort were in TP53 (n = 16), CTNNB1 (n = 13), and MEN1 (n = 7); however, these mutations were mainly present in patients with HSP (n = 13 of 16, n = 13 of 13, and n = 6 of 7, respectively). It was not possible to determine whether differences in the leukocyte fraction were caused by the mutations or due to the steroid phenotype. Using the Wilcoxon test to evaluate the differences in the leukocyte fraction based on the presence or absence of these mutations resulted in p-values of 1.8 × 10-1, 3.8 × 10-2, and 4.8 × 10-1 for TP53, CTNNB1, and MEN1, respectively.



Extracellular Communication Networks and Possible Immunotherapy Targets Associated With Steroid Phenotypes

Based on the study by Thorsson et al. (11), two extracellular communication networks were reconstructed for ACC subtypes C3 and C4 with 50% abundance and 2.5 concordance thresholds (Figure 7A). A small network was also obtained for the C5 subtype with these parameters centered on macrophages; however, as it contained only 3 patients and was not further considered in the current study. The abundance was representative of the prevalence of the node in the samples (%), while concordance was relative to the concordance to discordance ratio (a pair with concordant high or low expression versus a pair with distinct expression patterns in each sample).




Figure 7 | iAtlas explorer-extracellular communication network. (A) The extracellular communication network according to Thorsson et al. (11) and available on CRI Atlas (https://isb-cgc.shinyapps.io/shiny-iatlas/) was reconstructed for the C3 and C4 patients of TCGA ACC cohort. Nodes with greater than 50% abundance and a concordance interaction larger than 2.5 were selected. The node line width varies proportionally to abundance and the edge width varies proportionally to concordance. Green arrows represent interactions of C3 patients and cyan arrows represent interactions of C4 patients. Node colors represent immune cells (light green), receptors (pink), and ligands (yellow). (B) The receptors and ligands present in the network were evaluated based on gene expression levels in a pan-cancer comparison. Gene expression of the 25 nodes in the network were ranked among 9,361 primary tumor samples available in the TCGA database and classified as low (grey), intermediate (yellow), or high (green) expression level based on ranking terciles. Each column represents a patient with ACC. Column order is maintained from Figures 5A and 6A heatmaps. Steroid phenotype and immune subtype classifications are indicated in the top annotation.



The nodes in the C3 and C4 networks were used to compare all TCGA participants. The ACC patient classification is shown in Figure 7B. Most ACC patients, despite phenotype distinction, were in the top third group for expression of CD276 (B7-H3), GPC1, vascular endothelial growth factor A (VEGFA), vascular endothelial growth factor B (VEGFB), and vascular endothelial growth factor receptor 1 (VEGFR1) FLT1 (Figure 7B).

Despite its greater representativity in the ACC cohort (49 of 78 patients), C4 formed a smaller network (Figure 7A) with generally lower abundance and weaker connections. Curiously, a high abundance of TNFSF9 (4-1BB-L), commonly expressed by antigen-presenting cells, was found to be related to the C4 network, but not its receptor TNFRSF9 (4-1BB), which is normally expressed in CD8+ T cells.

In the C3 network, which was mainly associated with patients with LSP (Figure 7A), antigen presentation molecules and some of their receptors were prominently present. It is noteworthy that PDCD1LG2 (PD-L2), but not CD274 (PD-L1), appeared in good concordance with its receptor PDCD1 (PD-1). Interestingly, a relative positive correlation was observed between CD8B and CD274 expression, but it was more evident between CD8B and PDCD1LG2 expression (Figure 8).




Figure 8 | Correlation between CD274/PDCD1LG2 and CD8B expression. Gene expression levels for CD274, PDCD1LG2 and CD8B were normalized using a variance-stabilizing transformation from DESeq2 R package. Pearson’s correlation coefficients and p-values are shown in the scatter plots, as well as the regression line. The confidence interval was inferred using Fisher’s Z transform. Point colors are set according to the steroid phenotype: salmon for HSP and blue for LSP. Point shapes are set according to the patient’s vital status: triangles for dead and circles for alive. In the rug plot, navy blue indicates the presence of cortisol excess, gray indicates absence, and white indicates non-annotated patients regarding cortisol levels. In the density plot, p-values determined using Wald’s test for DE analysis between LSP and HSP is shown.



Finally, CD276 (B7-H3) and FLT1 (VEGFR1) were present in abundance in both networks. CD276 was in concordance with CD8+ T cells in C3 and in concordance with dendritic cells in C4, while FLT1 was in concordance with VEGFA in C4 and in concordance with VEGFB in C3.



Steroid Phenotype Was More Predictable of Outcome Than Immune Subtype Alone

Based on Kaplan-Meier analysis, LSP presented better outcomes, both in OS (p = 2 × 10-4) and PFI (p-value < 1 × 10–4) (Figure 9A). When comparing the C3 and C4 immune subtypes, a slightly better prognosis was seen for C3 (p = 3.2 × 10-2 for OS and p = 4.7 × 10-2 for PFI) (Figure 9B). The separation between C3 and patients with LSP from the other configurations showed a significant difference in survival analysis (p = 4.5 × 10-3 for OS and p = 7.1 × 10-3 for PFI) (Figure 9C).




Figure 9 | Survival analysis. Kaplan-Meier analysis for overall survival (OS) and progression free interval (PFI) of ACC profiles. The p-value was calculated using a log-rank test and the confidence interval is shown. Below each plot a survival table with the absolute number of participants over time. (A) OS and PFI for LSP (n = 31) versus HSP (n = 47). (B) OS and PFI for immune subtype C3 (n = 23) versus immune subtype C4 (n = 49). (C) OS and PFI for LSP and C3 patients (n = 16) versus other combinations (LSP C2, C4, C5, and C6, or HSP C1, C3, C4, and C5; total n = 62).






Discussion

We present a complementary approach to the analyses of the pioneering studies by Zheng et al. (5) and Thorsson et al. (11) and revisit the potential biomarkers underlying the immunological processes in ACC, considering important contributions from previous studies (7–9, 12)⁠. The interplay between steroid production and the immune response in ACC has been a topic of recent studies (5, 12, 14, 18, 19)⁠. We have uncovered further interesting findings from the ACC datasets, deepened the investigation of immune pathways, and revealed possible druggable targets that may guide the selection criteria for ACC-targeted immunotherapy.

We demonstrated the immune system capabilities were dramatically better in patients with LSP (Figures 1 and 2), which is in agreement with studies describing the immune suppression caused by excess glucocorticoids (12)⁠. This higher immune activation seen in a subset of patients with ACC was in contrast with worst outcomes previously demonstrated for ACC in a pan-cancer analysis of solid tumors, which considered all patients with ACC without distinction of subtypes (5, 11). Our analyses, which considered steroid phenotype, improved our understanding of how the immune system reacts to ACC.

The immune cell composition in the TME is associated with important prognostic and therapeutic characteristics (14, 39)⁠. Our analysis of TME was based on scores inferred by previous studies (11, 39)⁠ and used two different methods, xCell and Cibersort, to detect immune cells according to bulk RNA-seq data. Some observed divergences (e.g., native CD4+ T cells) may be explained by limitation of the methods, such as background prediction or the spillover effect, as discussed by Sturm et al. (39)⁠. However, a higher immune cell infiltrate was observed in general for patients with LSP compared with that for patients with HSP (Figures 5A, B). Furthermore, both methods showed a significantly higher presence of cells associated with cytotoxic activity (Figure 5B), such as CD8+ T cells (p = 4.3 × 10−8 for xCell and p = 7 × 10−8 for Cibersort scores), T NK cells (p = 1.1 × 10−5 for xCell scores), and activated NK cells (p = 3.8 × 10−6 for Cibersort scores).

Notably, we observed an activation of immune system-related genes (Figure 6A), as well as expression of immune evasion-related genes in patients with LSP (Figures 6A and 8). We also demonstrated a positive correlation between CD8B and CD274 (PD-L1) expression (R = 0.61, p = 1 × 10−11) and CD8B and PDCD1LG2 (PD-L2) (R = 0.77, p = 8.6 × 10−18) (Figure 8). This may indicate that selective pressure induced enhanced immune evasion by tumor cells, which is in agreement with recent studies (51)⁠. PD-1/PD-L1-related and PD-1/PD-L2-related immune escape mechanisms are known to downregulate the CD8+ T-cell activation process. CD274 is expressed by other immune cells in greater a proportion than that of PDCD1LG2 expression (58)⁠, which may help explain why the dispersion seen in scatter plots was more evident for CD274. In addition, patients with HSP ACC overall presented lower levels of CD8B and CD274/PDCD1LG2 expression compared to those of patients with LSP ACC. However, the positive correlation observed between CD8B and CD274/PDCD1LG2 expression may imply that following glucocorticoid suppression, mechanisms of immune evasion may be induced in patients with HSP ACC. The correlation between CD8+TL and PD-L1 expression levels cannot be determined using immunohistochemistry (14, 59)⁠. However, findings from a previous study (59)⁠ and our current study suggest that PD-L2 plays a greater role than that of PD-L1 in ACC cells (Figure 6A). Nevertheless, this hypothesis has not been assessed in a clinical trial. Anti-PD-1 clinical trials conducted without inhibiting steroidogenesis (30–32)⁠ may have had modest results due to the immune suppression caused by hormone production in the TME. On the other hand, Le Tourneau et al. (33)⁠ evaluated the concomitant suppression of steroidogenesis with and without mitotane administration. However, only anti-PD-L1 was used in their study and they did not consider the possibility of PD-L2 being an important immune checkpoint in ACC.

In agreement with recent findings showing that 90% of ACC samples (n = 48) were positive for B7-H3 (CD276) in immunohistochemical assays (60)⁠, our analysis demonstrated that CD276 overexpression was detected in both LSP and HSP. Remarkably, its expression was considered high in a pan-cancer comparison of most ACC patients (Figure 7B). Moreover, CD276 overexpression has been implicated in resistance to anti-PD1 therapies (61–63)⁠. B7-H3 is a member of the B7 ligand family and is a recent and attractive target for antibody-based immunotherapy. B7-H3 is differentially overexpressed in malignant cells at high frequency (60% of 25,000 tumor samples), is detected at low levels in normal tissues, and probably has an inhibitory role in adaptive immunity, suppressing T-cell activation and proliferation (60–62)⁠. B7-H3 modulates T-cell responses, but unlike PD-1 and CTLA-4, may inhibit T-cell activation, possibly by interacting with tumor necrosis family receptors (64)⁠. However, other investigators believe the B7-H3 receptor remains unknown (61). Recent studies have shown that blocking B7-H3 results in a response of tumor resistance to treatments with anti-PD1/PD-L1 antibodies (61)⁠. Yonesaka et al. (63)⁠ demonstrated the dual blockade of B7-H3 and PD-L1 enhances the antitumor reaction compared to that of PD-L1 blockade alone, which may indicate a role of B7-H3 overexpression in immune evasion. These findings suggest that anti-B7-H3 combined with anti-PD-1/PD-L1 antibody therapy is a promising approach for B7-H3-expressing cancers, such as ACC. In addition to CD276 (B7-H3), FLT1 (VEGFR1) appeared in both C3 and C4 networks (Figure 7A) and was highly expressed in ACC compared with that in other cancers (Figure 7B). This may imply a role in angiogenesis, which has been described as an important pathway in ACC (65, 66)⁠. However, clinical trials to date using VEGFR inhibitors for ACC have demonstrated limited results (67, 68)⁠.

In contrast to CD276 (B7-H3) and FLT1 (VEGFR1), BTLA, interleukin 10 (IL10), IL10 receptor subunit alpha (IL10RA), integrin beta chain-2 (ITGB2), CD274 (PD-L1), and PDCD1LG2 (PD-L2) are significantly downregulated in HSP (Supplementary Table 1, Figures 6A and 7B). Similar to PD-1 and CTLA-4, BTLA is an immune checkpoint associated with suppression of the immune response and its blockade has been related to a reduction of ovarian carcinoma via the regulation of IL6 and IL10 (69)⁠. IL10 mediates immunosuppressive signals through its interaction with IL10 receptors, leading to inhibition of synthesis of proinflammatory cytokines (70)⁠. Integrins, such as ITGB2, play significant roles in cellular adhesion and cell surface signaling, and also participate in leukocyte adhesion and extravasation to inflame tissues, and mediate the formation of immunological synapses (71)⁠.

Curiously, TNFSF9 (4-1BB-L) was present at a surprisingly high abundance in ACC when compared to that of other TCGA tumor types, but not its receptor TNFRSF9 (4-1BB), which was present mainly on CD8+ T cells, (Figure 7B). In the C4 network, TNFSF9 appeared in concordance with dendritic and NK cells (Figure 7A). TNFSF9 is commonly expressed by antigen-presenting cells and its interaction with its receptor TNFRSF9 tends to stimulate T cells and cytotoxic activity, demonstrating strong anti-tumor activity (72)⁠. Although the use of TNFSF9 analogues as an immunotherapy strategy has been considered (73)⁠, the relatively low level expression of its receptor TNFRSF9 on T cells may limit the efficacy of this type of treatment. Understanding the role of TNFSF9 overexpression in ACC may be a subject of future studies.

Classification of ACC into subgroups based on methylation profiles, which was also proposed by Zheng et al. (5), appears to be robust as reviewed by Crona and Beuschlein (6). However, despite providing good clinical prognostic indications, this classification has not resulted in novel treatment possibilities for each of the groups (6, 7, 74)⁠. One strong point of our current study using the molecular classification of steroidal profiles was the possibility of separating the immune activation profile of tumor subtypes. This is in agreement with the suggestion by Fiorentini et al. (7)⁠ that patients who may benefit from immunotherapies should be selected based on some type of molecular classification. We believe that separation based on steroid profiles may provide useful information regarding this criterion. Furthermore, the LSP classification successfully grouped all patients with higher expression of immune modulator genes, in addition to higher leukocyte fractions. Remarkably, the immune activation distinction was not clear when using the classification of cases based solely on clinical parameters, that is, hypercortisolism versus non-hypercortisolism (data not shown). This was despite its good correlation with HSP (Fisher’s exact test, p = 2.55 × 10−4). In addition, the available HSP data are associated with downregulation of the immune system, higher tumor proliferation, and worst prognosis (75)⁠.

Genomic and epigenetic changes frequently occur in ACC, in both childhood (15, 76)⁠ and adulthood (5, 75, 77) cases. However, the TCGA ACC cohort is mainly limited to adults (median age, 46 years). The accumulation of these alterations may alter lymphocyte recruitment (11) and drive a higher proliferation profile, which would consequently result in a worse prognosis. It is currently not clear if the anti-tumor immune response is not strong enough to surpass tumor proliferation or if there is a surge in proliferation due to the immunosuppressed TME.

Interestingly, it was not possible to determine a clear correlation between leukocyte fraction and mutations in driver gene known to impact the immune response. This could have been due to the small number of patients with these mutations, as well as the fact that most of these patients were from the immunosuppressed HSP group. In analysis of the whole cohort (LSP + HSP patients) CTNNB1 mutations were noted only in patients of the HSP group and they demonstrated a weak negative correlation with leukocyte fraction (p = 3.8 × 10−2 on Wilcoxon test). However, when analyzing only the HSP group, the presence of CTNNB1 mutations did not demonstrate any significant impact on leukocyte fraction (p = 9.9 × 10−1 on Wilcoxon test), indicating the weak correlation observed was mainly due to the steroid phenotype. This indicates the steroid phenotype should be taken into account during immune response analysis of ACC. Failing to do so may generate confounding effects.

When comparing the inflammatory C3 and lymphocyte-depleted C4 immune signatures, we found a slightly better survival for C3 (p = 3.2 × 10−2 for OS and p = 4.7 × 10−2 for PFI; log-rank test) (Figure 9B). In the pan-cancer analysis performed by Thorsson and colleagues, C3 had a significantly better outcome than that of C4; however, the steroid phenotype provides more characteristics regarding tumor aggressiveness and outcome prognosis in ACC than that of the C3-C4 signatures. For example, there were no death events among the 16 patients with C3 LSP, whereas there were 3 deaths among the 7 patients with C3 HSP (42.9%). Furthermore, among the 12 patients with C4 LSP, only 1 died (8.33%) compared with 19 deaths in the group of 37 patients with C4 HSP (51,35%). When distinguishing C3 and C4 patients within the steroid phenotypes (density plots in Figures 5B, 6B), differences were observed in LSP C3 versus C4, especially in the leukocyte fraction and lymphocyte infiltration scores; however, HSP C3 versus C4 does not in general present great distinction. Considering there were only seven patients with HSP C3, the steroid phenotype distinguished some immune features better than that of the C1–C6 subtype classification alone.

In addition to differences in the targeted immune checkpoints, a crucial difference affecting the success of immunotherapies for other tumors (22–24, 78)⁠ and the modest results of immunotherapy in ACC, such as less than 15% of patients with ACC benefiting from PD-1 or PD-L1 inhibition (30–33)⁠, seems to be the immunosuppressive and anti-inflammatory effects of intratumoral glucocorticoids (12)⁠. Among potential prognostic factors, CD3+ and CD8+ cytotoxic T lymphocytes were found in 84% of 146 patients with ACC and were associated with overall and recurrence-free survival (12)⁠. This parameter could be further improved by blocking steroidogenesis in combination with different immune checkpoint inhibitors. Patients with tumor progression and mitotane-resistance may still benefit from a reduction in the dose aiming for steroidogenesis blockade. One important feature of mitotane treatment is the ability to block steroid biosynthesis at lower daily doses and with less toxic side effects (approximately <10 µg/mL of plasma) (79)⁠. Future studies may investigate if this blockade is adequate to induce an efficient immune response.

Despite the reduced number of cases, we found evidence of considerable immune cell infiltrates within LSP and sought to characterize the interactions and networks in order to identify transcriptomic biomarkers associated with significant immune activation. Our analysis also exploited target immune modulators that may regulate potential pathways associated with the anti-tumor response. Our analysis framework had limitations as it relied on a small number of accessible profiles and a simple binary change (LSP and HSP) where HSP combined different steroid subtypes that could not be identified using only the clinical manifestations of hypercortisolism. It is important to note that the activation of steroid biosynthesis pathways seen in HSP was based on a transcriptome profile, which may imply a possible hormone excess in the TME had not been related to clinical manifestations. Our experimental design using a probabilistic approach to identify potential targets for immunotherapy was restricted to in silico findings. Despite the rationale, this may not be translatable to in vivo assays. Further work is needed to fully understand the possibility of changing the outcome of ACC immunotherapy, which may start with the selection of patients with LSP ACC and the inhibition of steroidogenesis in patients with HSP ACC. Despite significant progress in identifying immunogenic biomarkers in ACC through evaluation of the TCGA cohort (5), there are still many limitations and puzzles to be solved. Additional efforts beyond RNAseq analyses are needed to validate functional studies to define the key pathways in a larger number of patients with LSP ACC. Considering we are still in the early stage of understanding the B7-H3 network, it is important to define the actual B7-H3 receptor in order to fully understand this pathway in ACC.



Conclusions

An important frontier of ACC therapeutics to improve the anti-tumor activity of the immune system starts explicitly by modeling steroidogenic differences. The analytical approach we describe herein requires further studies to ascertain the possible druggable role of B7-H3 in relation to PD1-PDL1/PDL2 in ACC. Our present approach was unable to predict improved outcomes of immunotherapy; however, it points to possible selection criteria and potential targets. Future work should confirm these findings using a larger cohort, in addition to including pre-clinical or clinical trials.
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