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Abstract

Background: The T cell-inflamed tumor microenvironment, characterized by CD8 T cells and type I/II interferon
transcripts, is an important cancer immunotherapy biomarker. Tumor mutational burden (TMB) may also dictate
response, and some oncogenes (i.e., WNT/β-catenin) are known to mediate immunosuppression.

Methods: We performed an integrated multi-omic analysis of human cancer including 11,607 tumors across
multiple databases and patients treated with anti-PD1. After adjusting for TMB, we correlated the T cell-inflamed
gene expression signature with somatic mutations, transcriptional programs, and relevant proteome for different
immune phenotypes, by tumor type and across cancers.

Results: Strong correlations were noted between mutations in oncogenes and tumor suppressor genes and non-T
cell-inflamed tumors with examples including IDH1 and GNAQ as well as less well-known genes including KDM6A,
CD11c, and genes with unknown functions. Conversely, we observe genes associating with the T cell-inflamed
phenotype including VHL and PBRM1. Analyzing gene expression patterns, we identify oncogenic mediators of
immune exclusion across cancer types (HIF1A and MYC) as well as novel examples in specific tumors such as sonic
hedgehog signaling, hormone signaling and transcription factors. Using network analysis, somatic and
transcriptomic events were integrated. In contrast to previous reports of individual tumor types such as melanoma,
integrative pan-cancer analysis demonstrates that most non-T cell-inflamed tumors are influenced by multiple
signaling pathways and that increasing numbers of co-activated pathways leads to more highly non-T cell-inflamed
tumors. Validating these analyses, we observe highly consistent inverse relationships between pathway protein
levels and the T cell-inflamed gene expression across cancers. Finally, we integrate available databases for drugs
that might overcome or augment the identified mechanisms.

Conclusions: These results nominate molecular targets and drugs potentially available for further study and
potential immediate translation into clinical trials for patients with cancer.
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Background
Based on the hypothesis of immuno-editing, a small
number of early tumors persist and eventually progress
to metastatic disease [1]. During the time from tumor
formation to systemic spread, genomic and antigenic
editing defines a tumor-immune microenvironment that
facilitates the metastatic process [1]. Immune profiling
of tumor lysates from patients receiving cancer vaccines
suggested a paradigm of two broad phenotypes charac-
terized by the presence or absence of CD8+ effector
tumor-infiltrating lymphocytes (TIL) and other media-
tors of an adaptive immune response [2]. These tumors
have been described as T cell-inflamed and demonstrate
a transcriptional profile driven by type I interferons
(IFNs) as well as expression of many IFN-γ linked im-
munosuppressive mechanisms [3]. This is in contrast
with non-T cell-inflamed tumors, which have low TIL
count and a minimal inflammatory signature. The inter-
action of the host immunity with tumor cells has been
identified as a hallmark of cancer based on the rapid de-
velopment of immune-checkpoint blocking immuno-
therapy [4], predominately centered on programmed cell
death protein 1 (PD1) [5]. While multiple biomarkers
have been advanced to better describe the activity of
checkpoint immunotherapy, notably tumor mutational
burden (TMB), a biological predictor to an anti-cancer
immune response is the elaboration of IFN-γ and the
development of T cell-inflamed tumor microenviron-
ment. Given this, the T cell-inflamed phenotype may be
leveraged to study factors promoting or limiting a pro-
ductive anti-tumor immune response.
An aspect impacting the efficacy of cancer immuno-

therapy may be tumor- or tumor microenvironment-
intrinsic molecular factors. While immuno-editing may
shape the overall antigenic landscape of a tumor, pres-
sure from the immune response will additionally select
for tumor clones with specific mutations and/or dysreg-
ulation of gene expression pathways that mediate im-
mune evasion. The first tumor-intrinsic oncogene linked
to immune-exclusion was β-catenin in the context of
metastatic melanoma [6]. Activation of the WNT/β-ca-
tenin pathway, by multiple mechanisms, eliminated re-
quired chemokine gradients for the recruitment of
BATF3 lineage dendritic cells, with a functional impact
of resistance to both checkpoint blocking and adoptive
cellular immunotherapy [6, 7]. Subsequently, this impact
of β-catenin has been observed as a mechanism of
immuno-suppression across many cancer types [8]. A
growing list of molecular alterations beyond β-catenin is
also being recognized to facilitate immune evasion in-
cluding PTEN loss or MYC pathway activation [9] with
suggestions from prior reports that these pathways drive
non-T cell-inflamed tumors independently [10]. Previous
studies have expanded the number of somatic events

associated with immune exclusion via computational ap-
proaches [11, 12] and identified transcriptional signa-
tures that nominate regulators of checkpoint blockade
response in patients [13], however, have yet to integrate
somatic mutations and tumor oncogenic transcriptional
pathway activation into the overall model.
Using a model wherein the T cell-inflamed tumor

microenvironment is considered as a biological approxi-
mation of immunotherapy treatment response, we inves-
tigated molecular patterns that associate with the
presence or absence of this phenotype with the idea that
they may lead to therapeutic opportunities. We present
a comprehensive genomic atlas of mutations, gene ex-
pression patterns, and network analyses to nominate
molecular aberrations associated with the presence or
absence of the T cell-inflamed tumor microenvironment
in tumor-type specific and pan-cancer fashion. Integra-
tion of pathway modeling and network analysis across
cancer types challenges previous models of tumor-
intrinsic signaling on immuno-suppression. Rather than
individual pathways being dominant, a more complex
model in which signaling pathways interact with each
other and combine to drive progressively more non-T
cell-inflamed tumors appears likely. Finally, we detail
available therapeutics that could be explored to reverse
or augment immune phenotypes. These data suggest
next steps in translational and clinical research and pro-
vide a more nuanced model of tumor-intrinsic signaling
for future investigation.

Methods
Datasets in this study
Datasets used in this study include (Additional file 1:
Table S1): (1) The Cancer Genome Atlas [14] (TCGA)
(n = 9244) (somatic mutations, RNAseq gene expression,
reverse phase protein array (RPPA) protein abundance,
and clinical data), (2) International Cancer Genome
Consortium [15] (ICGC) (n = 1161) (RNAseq gene ex-
pression), (3) Clinical Proteomic Tumor Analysis Con-
sortium [16, 17] (CPTAC) (n = 870) (RNAseq gene
expression), (4) 500 cancer patients diagnosed with
metastatic cancers (MET500) [18, 19] (n = 259) (RNAseq
gene expression), and (5) metastatic melanoma patient
cohort treated with anti-PD1 [20, 21] (n = 73) (RNAseq
gene expression and clinical data). Further details about
each specific dataset are described below in each rele-
vant analysis section.

TCGA cancer datasets
Level 3 RNA-seq gene expression (release February 4,
2015) and level 4 somatic mutations (release January 28,
2016) were downloaded for 31 solid tumor types from
TCGA preprocessed by Broad Institute’s team [14]. Clin-
ical data were downloaded from standardized
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clinicopathologic annotation data tables in TCGA Pan-
Cancer Clinical Data Resource (TCGA-CDR) [22]. Gene
expression was quantified by RNA-Seq by Expectation
Maximization (RSEM) algorithm [23], with raw read
counts mapped to gene features. The count-based gene
expression was normalized across all samples using the
upper quartile method, followed by log2 transformation.
A total of 9555 tumor samples were initially down-
loaded. Lymphoid neoplasm diffuse large B-cell lymph-
oma (DLBC), acute myeloid leukemia (LAML), and
thymoma (THYM) were excluded from analysis because
only 0 to 2 tumors were classified as the non-T cell-
inflamed group in those tumor types (Additional file 1:
Table S2) and therefore do not provide adequate sample
size for the group-wise comparison contrasting T cell-
inflamed versus non-T cell-inflamed groups. A total of
9244 tumors were included in the analysis, consisting of
8890 primary tumors from 30 tumor types and 354
metastatic samples from one tumor type (skin cutaneous
melanoma (SKCM)).

Identification of non-T cell-inflamed and T cell-inflamed
tumor groups
The tumor samples were categorized into non-T cell-
inflamed, T cell-inflamed, and intermediate groups using
a defined T cell-inflamed gene expression signature con-
sisting of 160 genes, the same as previously described
[24]. In brief, the normalized gene expression was trans-
formed into a scoring system where each gene is defined
as upregulated (+ 1), downregulated (− 1), or unchanged
(0) relative to the mean of its expression across all sam-
ples. By adding scores of all 160 genes from the signa-
ture together, we obtained a sample-wise gene score
ranging from − 160 (if all genes are downregulated) to +
160 (if all genes are upregulated). Tumors of score < −
80 were categorized as non-T cell-inflamed, those of
score > + 80 as T cell inflamed, and the rest as inter-
mediate. The list of 160 genes is provided in
Additional file 1: Table S3.

Differential gene expression detection and pathway
activation prediction from RNAseq data
Within individual tumor type, the non-T cell-inflamed
group was contrasted against the T cell-inflamed group
and differentially expressed genes (DEGs) were identified
by Linear Models for Microarray and RNA-Seq Data
(limma) voom algorithm with precision weights (v3.38.3)
[25]. The empirical quality weights were estimated to ac-
count for variation in precision among samples and were
shown to increase the performance of DEG detection,
especially for highly heterogeneous human tumor sam-
ples. Significant DEGs were filtered by FDR-adjusted P <
0.05 and fold change ≥ 1.5 or ≤ − 1.5. Pathways signifi-
cantly affected by the DEGs were detected by IPA®

(QIAGEN Inc., Germany) with the curated Ingenuity
Knowledge Base (accessed November 2015). Upstream
transcriptional regulators and their change of direction
were predicted based on the cumulative effect of down-
stream target molecules (encoded by DEGs) imple-
mented in IPA® causal network analysis [26]. Those of
overlap P < 0.05 (measuring the enrichment of target
molecules in the dataset) and activation z-score > 1.95
were selected for further analysis. The predicted up-
stream regulators were further annotated by Kyoto
Encyclopedia of Genes and Genomes (KEGG) database
and used to build a pathway-to-pathway network based
on shared upstream regulators among annotated path-
ways in Cytoscape (v3.7.1) [27], with nodes denoted as
individual KEGG signaling pathways, and edge size de-
noted as the number of shared upstream regulators be-
tween pathways.

Differential somatic mutation enrichment detection from
whole-exome sequencing data
For somatic mutations, those predicted to be altering
protein sequences (referred to as, NSSMs, non-
synonymous somatic mutations), including non-
synonymous/stoploss/stopgain single nucleotide vari-
ants (SNVs), frameshift/non-frameshift small inser-
tions and deletions (indels), and variants that affect
the splicing site, were kept for analysis. TMB was de-
fined as the total number of NSSMs per tumor. For
each tumor sample, a binary label was assigned per
gene to indicate if this tumor harbors NSSMs in this
gene (Y, mutated) or not (N, non-mutated). The asso-
ciation between mutation status and tumor groups
was tested using logistic regression models controlling
for TMB. For each gene, a logistic regression model
was fitted with tumor group (T cell-inflamed or non-
T cell-inflamed) as the response variable and two ex-
planatory variables (mutation status (Y or N, categor-
ical variable), log10-transformed TMB (continuous
variable)) using R function glm from R library stats
(v3.6.1). P values of the “mutation status” term con-
trasting mutated versus non-mutated samples were
extracted from the fitted models and subsequently
corrected by Benjamini-Hochberg FDR (BH-FDR)
method for multiple comparisons. For each test, genes
mutated in < 5% of the samples from individual
tumor type or < 0.5% across all samples were ex-
cluded from statistical testing in tumor type-specific
analysis and pan-cancer analysis, respectively. To
nominate a more comprehensive list of potentially
relevant mutated genes associated with immune phe-
notypes, we used FDR cutoff of 0.10. In addition, we
have calculated per-gene per-tumor type mutation fre-
quency and made data files available at our GitHub
repository [28].
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Prediction of mutation effect from non-synonymous
somatic mutations
For variant functional prediction including loss of func-
tion (LOF) and gain of function (GOF), we annotated
NSSMs using OncoKB [29] annotator (v2.2.0) (https://
github.com/oncokb/oncokb-annotator) with two input
files, a somatic mutation list and a clinical data table
with manually inspected TCGA cancer ID to MSKCC-
OncoTree cancer ID conversion (available at [30]), with
program command as “MafAnnotator.py -i mutation_in-
put -o annotation_output -c clinical_input -b oncokb_
api_token -a.” In addition, we have annotated TP53 mu-
tations for all samples and made data files available at
our GitHub repository [28].

Assessment of tumor-specific pathway activation in
external cancer genomic cohorts
The RNAseq gene expression data were downloaded
from ICGC [15] (accessed February 11, 2020), CPTAC
[16, 17] (accessed May 26, 2020), and MET500 [18, 19].
A total of 22 studies (2290 tumor samples total) from
external cancer genomic cohorts were included in our
analysis. After excluding tumor types of < 25 samples,
the ICGC cohort used in this study is made up of 1161
samples from seven tumor types with one for breast
(BRCA-KR), head and neck (ORCA-IN), kidney (RECA-
EU), and ovarian (OV-AU) as well as two each for liver
(LICA-FR and LIRI-JP), pancreatic (PACA-AU and
PACA-CA) and prostate (PRAD-CA and PRAD-FR) can-
cers. Ewing sarcoma from ICGC (BOCA-FR) was ex-
cluded from our analysis, given the distinctly different
clinical population relative to sarcoma from TCGA.
Eight tumor types were included from CPTAC (BRCA,
COAD, GBM, HNSC, KIRC, LUAD, OV, and UCEC),
and four were included from MET500 (BRCA, CHOL,
PRAD and SARC). For ICGC, preprocessed and normal-
ized read count files were downloaded, and the values
from the column “normalized_read_count” were used
for analysis. For CPTAC, the harmonized read count
files from Genomic Data Commons [31] (GDC) were
downloaded and normalized across all samples using
trimmed mean of M values (TMM) method and con-
verted to counts per million (CPM). For MET500, raw
RNAseq data in FastQ format were downloaded from
dbGAP (accession number phs000673.v4.p1) and quanti-
fied for gene expression using Kallisto [32] (v0.44.0),
summarized into gene level by tximport [33], followed
by TMM normalization and CPM transformation. All
expression values were log2-transformed before statis-
tical analysis. For each pathway discovered to be acti-
vated in non-T cell-inflamed tumors in TCGA, the
pathway gene expression was calculated by taking the
median expression across all genes involved in the path-
way. The pathway gene expression was correlated with

T cell-inflamed gene expression using Pearson’s correl-
ation. Similarly, Pearson’s correlation was calculated in
TCGA samples for the same tumor-specific pathways in
each tumor type. To assess the consistency of pathway
gene expression and T cell-inflamed gene expression
correlation between TCGA and external cancer genomic
cohorts, for each tumor-specific pathway, we assigned a
binary category as negative if it is inversely correlated
with T cell-inflamed gene expression, and positive if it is
positively correlated, and calculated Jaccard similarity
coefficient using R function jaccard from R library jac-
card (v0.1.0).

Assessment of metastatic melanoma-specific pathways in
a cohort of patients treated with anti-PD1
Raw RNAseq data in FastQ format were downloaded
from a published metastatic melanoma cohort treated
with anti-PD1 monotherapy or anti-PD1/anti-CTLA4
combination immunotherapy [20, 21] (SRA accession
number PRJEB23709). Pre-treatment samples were in-
cluded in our analysis (n = 73). Gene expression was
quantified following the protocol that we previously
published [34]. In brief, after quality assessment using
FastQC [35] (v0.11.5), transcript abundance was quanti-
fied using Kallisto [32] (v0.43.1) with human reference
transcriptome (GRCh38) and Gencode gene annotation
(v28) and summarized into gene level by tximport [33]
(v1.6.0) [33]. Lowly expressed genes were removed (de-
fined as, CPM ≤ 3). Gene expression was normalized
across all samples by TMM method, and log2 trans-
formed. For each pathway discovered to be activated in
non-T cell-inflamed tumors in metastatic melanoma
from TCGA including CTNNB1 and KLF4, the pathway
gene expression was calculated by taking the median ex-
pression across all genes involved in the pathway. The
pathway gene expression was correlated with T cell-
inflamed gene expression across all pre-treatment sam-
ples using Pearson’s correlation and compared between
non-responders (NR, including progressive disease (PD)
and stable disease (SD)) (n = 33) and responders (R, in-
cluding partial responder (PR) and complete responder
(CR)) (n = 40) using two-sided Welch Two Sample t-test.

RPPA data analysis
Level 3 RPPA antibody-level protein abundance data (re-
lease January 28, 2016; patch July 14, 2016) produced by
MD Anderson Cancer Center were downloaded from
TCGA preprocessed by Broad Institute’s team [14]
(accessed April 26, 2018). For each protein, its abun-
dance was estimated using median-centered normalized
values corresponding to the antibody. For CTNNB1, its
protein level was matched corresponding to antibody
“beta-Catenin” from the data files without gene annota-
tion, and the gene-annotated RPPA data files were not
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used because of potential gene symbol mismatch for β-
catenin. For all other molecules, the gene-annotated RPPA
data files were used. Within each tumor type, a two-sided
Pearson’s correlation test (R function cor.test) was per-
formed between the abundance of a protein and T cell in-
flamed gene expression from normalized RNA-seq data,
followed by BH-FDR correction for multiple testing.

Assignment of NSSM score and pathway score to tumor
samples
In the non-T cell-inflamed tumors, each sample was
assigned an NSSM score representing the number of
genes carrying NSSMs in this sample, and a pathway score
representing the number of pathways activated in this
sample. Then, the samples were grouped into 11 categor-
ies of NSSM scores and 11 categories of pathway scores
each. NSSM score category 0 to 10 represents the samples
harboring 0 to 10 co-mutated genes out of the 29 genes
significantly enriched in non-T cell-inflamed tumors. For
samples having more than 10 co-mutated genes, they were
collapsed into the NSSM score category 10. Pathway score
category 0 to 10 represents the samples with 0 to 10 co-
activated pathways out of 266 pathways significantly acti-
vated in non-T cell-inflamed tumors. For samples having
more than 10 co-activated pathways, they were collapsed
into the pathway score category 10. The percentage of
samples in each NSSM or pathway score category per
tumor type was calculated.

Heterogeneity in the distribution of mutations or
pathway activation between tumor types
The method to assess the heterogeneity in the distribu-
tion of mutations or pathway activation between tumor
types is illustrated as follows. The same analysis was per-
formed for NSSM score categories and pathway score
categories; therefore, we will take the NSSM score ana-
lysis as an example to describe the process. First, the
percentage of samples in each NSSM score category in
the non-T cell-inflamed tumors was calculated per
tumor type, as described above (step 1). Then, the arith-
metic mean percentage of samples in each NSSM score
category was calculated across all tumor types, generat-
ing the mean distribution of NSSM score categories. For
each tumor type, the Euclidean distance was computed
between two vectors of numbers, the ones from the per-
centage of samples falling into each NSSM score cat-
egory in this tumor type and the ones representing the
mean distribution of NSSM score categories across all
tumor types, hereby representing the deviation of NSSM
score distribution of this tumor type from the mean dis-
tribution. This process was repeated for every tumor
type, generating one Euclidean distance metrics per
tumor type (hereafter referred to as, the NSSM score
distances). Similarly, the same analysis was performed

for pathway scores, generating the pathway score dis-
tances (step 2). Lastly, NSSM score distances and pathway
score distances were compared to test if those are from
the same distribution using two-sided two-sample
Kolmogorov-Smirnov test (step 3). Significant differences
indicated that the distribution of NSSM score distances
was different from that of the pathway score distances,
further suggesting different degrees of heterogeneity
among tumor types between mutations and pathways.

Modeling the relationship between T cell-inflamed gene
expression and increasing number of co-mutated genes
or co-activated pathways in tumor
The relationship between T cell-inflamed gene expression
and NSSM or pathway score (described above) was mod-
eled at per sample level using linear regression (R function
lm). Score categories with ≥ 10 samples were included.
NSSM score category 0 to 8 and pathway score category 0
to 33 were kept for further analysis. In this analysis, differ-
ent from the analysis described above, samples with more
than 10 co-activated pathways were kept as is and not col-
lapsed into category 10. For each score category, the me-
dian of T cell-inflamed gene expression was calculated
across samples in this category, and then fitted against the
NSSM or pathway scores using formula Expression = β0 +
β1 × Score, with β0 as the interception and β1 as the coeffi-
cient. Data were also fitted using polynomial regression
models Expression = β0 + β1 × Score + β2 × Score2 and Ex-
pression = β0 + β1 × Score + β2 × Score2 + β3 × Score3, but
those models were not significantly better than the linear
regression model (P > 0.05, likelihood ratio test); hence,
the first model was kept for final analysis.

Drug-gene interaction and druggable gene category
identification
Candidate genes identified by pathway activation or
somatic mutation enrichment analysis were queried in
The Drug Gene Interaction Database [36] (DGIdb,
http://www.dgidb.org) (v3.0, accessed June 20, 2020) for
gene-drug interactions (inhibitor, activator, etc.) and
druggable gene categories (clinically actionable, drug re-
sistance, etc.) with default settings. The DGIdb inte-
grates resources from 20 databases and consists of
existing drugs including those that are FDA-approved,
antineoplastic, and/or immunotherapies.

Statistical analysis
For analysis of the association between mutated genes
and tumor groups, logistic regression was used with
TMB as a covariate. For analysis of contingency tables
including comparison of sample frequency between
groups activated by pathways, two-sided Fisher’s exact
test was used. Two-sided Welch Two Sample t-test
was used to compare individual pathway gene
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expression between groups. Gene expression compari-
son between tumor groups was performed using lin-
ear regression models implemented in limma voom
with precision weights. For multiple comparisons, P
value was adjusted using BH-FDR correction for mul-
tiple testing [37]. Pearson’s correlation r was used for
measuring statistical dependence between normalized
and log2-transformed expression level of different
genes. Linear regression was used to model the rela-
tionship between increasing number of co-mutated
genes or co-activated pathways and T cell-inflamed
gene expression in tumor. FDR-adjusted P < 0.10 was
used for somatic mutation enrichment analyses; FDR-
adjusted P < 0.05 was used for the gene expression
and pathway analyses. Statistical analysis was per-
formed using R (v3.5.1) and Bioconductor (v3.8).

Results
Candidate cancer oncogenes or tumor suppressor genes
are rarely enriched in most cancer types between T cell-
inflamed and non-T cell-inflamed tumors
Using a T cell-inflamed gene expression signature we
previously described [24], we categorized tumor sam-
ples into non-T cell-inflamed, T cell-inflamed, and
intermediate groups across 31 solid tumors from
TCGA. To place our approach into clinical context,
we correlated our T cell-inflamed gene expression sig-
nature with previously validated interferon-γ associ-
ated signatures including the immune cytolytic
activity (CYT) [38] and the interferon gene expression
profile (GEP) [39], observing Pearson’s correlation co-
efficients of 0.82 and 0.90 (P < 0.0001), respectively.
To investigate the correlation between mutated genes
and T cell-inflammation, we investigated 57 candidate
cancer oncogenes or tumor suppressors documented
in the mutational cancer drivers database IntOGen
(05/2016 version) [40].
For each gene, we compared the frequency of sam-

ples harboring NSSMs between non-T cell-inflamed
and T cell-inflamed groups with relative enrichment
of mutated samples shown in Fig. 1a. Given the grow-
ing clinical role of TMB in immunotherapy treatment,
we incorporated this as a covariate in the logistic re-
gression analysis, and in order to nominate a robust
list of potentially relevant genes, we applied FDR-
adjusted P < 0.10 for the somatic mutation enrichment
analyses (see the “Methods” section). Twenty-nine
tumor types with somatic mutation data available
were included in the analysis (primary melanoma and
mesothelioma did not have data available at the time
of the study). Mutations preferentially found in T
cell-inflamed tumors included TP53 (breast cancer),
PIK3CA (stomach), BRAF (thyroid), and VHL (kidney
renal clear cell carcinoma) (Fig. 1b, left panel). In

contrast, FGFR3 (bladder), TP53 (head and neck,
stomach), NRAS (thyroid), and APC (colon) are
among the genes more frequently mutated in non-T
cell-inflamed tumors (Fig. 1b, right panel). After cor-
rection for multiple comparisons within the 57 genes
and 29 tumor types investigated, we identified 10
genes with significant relative enrichment of mutated
samples in T cell-inflamed or non-T cell-inflamed tu-
mors from specific tumor types (Fig. 1b, bolded).

Somatic mutations in oncogenic signaling pathways are
enriched in non-T cell-inflamed tumors of individual
cancer types
To probe molecular mediators of immune exclusion, we
performed an unbiased genome-wide discovery of som-
atic mutations associated with T cell-inflamed or non-T
cell-inflamed tumors within individual cancer types, with
TMB as a covariate. We collapsed the NSSMs into gene
level and counted the number of samples mutated in
each of the 18,008 protein-coding genes (see the
“Methods” section). The association between each mu-
tated gene and tumor groups within individual cancer
type was tested using logistic regression controlling for
TMB. Each tumor type demonstrated a distinct muta-
tion enrichment signature associated with T cell-
inflamed or non-T cell-inflamed tumor microenviron-
ment (Fig. 2a).
Four representative tumor types (urothelial, head and

neck squamous, lung adenocarcinoma, and metastatic
melanoma) selected based on the relevance of clinical
immunotherapy are shown in Fig. 2b. In urothelial can-
cer, the gene differentially mutated most frequently in
non-T cell-inflamed tumors is FGFR3, which was re-
ported in our previous work [41]. In head and neck
squamous carcinoma, TP53 mutations are dispropor-
tionally mutated between the two groups, with a higher
proportion of samples mutated in non-T cell-inflamed
compared to T cell-inflamed tumors (82.6% versus
62.0%). In lung adenocarcinoma, KEAP1 and STK11 mu-
tations are associated with the non-T cell-inflamed
phenotype. Both genes are associated with resistance to
PD1 blockade in lung cancer [42, 43]. In metastatic mel-
anoma, DCTN1 was found to be associated with the
presence of T cell-inflammation while ITGAX (alias
CD11c) is more frequently mutated in non-T cell-
inflamed tumors. After FDR correction for multiple
comparisons on all genes included in the analysis,
among the mutations described above, TP53 in head and
neck squamous carcinoma remained significant (FDR-
adjusted P = 0.035), others did not possibly due to sam-
ple size and an increased number of tests from the un-
biased genome-wide approach than select cancer
oncogenes or tumor suppressors genes. The full list of
genes associated with the non-T cell-inflamed or T cell-
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inflamed phenotype in individual cancer types is pro-
vided in Additional file 1: Table S4 and Additional file 1:
Table S5, respectively.

Somatic mutations in oncogenic signaling pathways are
shared in non-T cell-inflamed tumors across cancer types
To investigate shared mutations associated with
immuno-suppression across multiple tumor types, we
performed a pooled analysis of the 29 solid tumors with
somatic mutation data available and identified NSSMs
significantly enriched in T cell-inflamed or non-T cell-
inflamed tumors. A total of 29 mutated genes were
found to be significantly enriched in non-T cell-inflamed
tumors at FDR-adjusted P < 0.10 in logistic regression
analysis with TMB as a covariate (Fig. 3a) (Add-
itional file 1: Table S6). After categorization by tumor
type, the mutations associated with the non-T cell-

inflamed phenotype showed a tumor-specific pattern
where individual mutations were enriched in some
tumor types but not others (Additional file 2: Fig. S1).
Mutation in IDH1 was found to have the strongest asso-
ciation with the non-T cell-inflamed phenotype across
all cancers (FDR-adjusted P = 6.75E−16). This mutation
was dominantly present in gliomas but also found in
other tumor types currently considered non-
immunotherapy responsive such as cholangiocarcinoma,
breast cancer, and sarcoma. Mutation of GNAQ is
strongly associated with the non-T cell-inflamed pheno-
type across tumors and predominately in uveal melan-
oma, a subset of melanoma known to be resistant to
immune-checkpoint blockade [44] (FDR-adjusted P =
0.050). Several of the identified genes are highly associ-
ated with the non-T cell-inflamed phenotype across can-
cers and regulate shared or connected signaling

Fig. 1 Cancer-specific relative enrichment of mutations in T cell-inflamed and non-T cell-inflamed tumors from known cancer driver genes. a
Fifty-seven genes with mutation enrichment in one or more tumor types. Yellow and blue each represents genes preferably mutated in T cell-
inflamed and non-T cell-inflamed tumors, respectively. Empty slots indicate a gene is not mutated in the tumor type. b Cancer-specific mutated
genes that are preferably mutated in T cell-inflamed tumors (yellow) or non-T cell-inflamed tumors (blue). Coefficients of “mutation status” term
from logistic regression models are shown on the x-axis, which describe the association between mutation status and tumor groups in the unit
of logits. P values are shown on the y-axis. Each circle represents one gene in each tumor type. Out of 57 genes included in the analysis, those at
FDR-adjusted P < 0.10 are shown in bold. For b, genes mutated in at least 5% of the samples in individual tumor types were included in statistical
testing, hence shown on the volcano plots. Logistic regression with TMB as a covariate was used in b
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pathways. For example, CTNNB1, APC, and AXIN1 from
the β-catenin pathway cross-talk with PTEN signaling
[45] and all have been associated with immune exclusion
in our prior work [8]. Mutation in KDM6A has not pre-
viously been described as mediating the non-T cell-
inflamed phenotype however KDM6A is a known epi-
genetic regulator of interleukin-6 and IFN-β [46] and
linked to autoimmunity [47]. Mutations in FBXW7, a
tumor suppressor that regulates ubiquitin-mediated pro-
tein degradation, have been associated with resistance to
anti-PD1 in melanoma by reducing MHC class I expres-
sion [48]. We used the same significance level cutoff
(FDR-adjusted P < 0.10) for filtering the genes enriched in
the T cell-inflamed phenotype. With TMB adjustment, we
observed only three genes associated with the T cell-

inflamed phenotype including VHL, PBRM1, and CDH10
(Fig. 3b) (Additional file 1: Table S7).
Among identified mutations enriched in non-T cell-

inflamed tumors, many are known cancer driver muta-
tions. Figure 3c demonstrates identified somatic muta-
tions in genes including IDH1 (R132), CTNNB1 (across
exon 3 and K335), CIC (R215 and R1512/R1515), and
NRAS (Q61). To access the functional consequence of
the mutations, we used OncoKB annotator to interpret
NSSMs from the 29 genes significantly more frequently
mutated in non-T cell-inflamed tumors in a pan-cancer
fashion (Additional file 1: Table S8). After collapsing
identical NSSMs present in different samples, 4693
unique NSSMs (defined by gene name and amino acid
alteration) were kept for analysis, including 1089 (23.2%)

Fig. 2 Cancer-specific relative enrichment of mutations in T cell-inflamed and non-T cell-inflamed tumors from all protein-coding genes on the
genome. a Each tumor type shows a set of gene mutations enriched in T cell-inflamed or non-T cell-inflamed tumor group. Stars label the four
representative tumor types in b. b Cancer-specific mutated genes that are preferably mutated in T cell-inflamed tumors (yellow) or non-T cell-
inflamed tumors (blue) in four select tumor types. Coefficients of “mutation status” term from logistic regression models are shown on the x-axis,
which describe the association between mutation status and tumor groups in the unit of logits. P values are shown on the y-axis. Individual
genes of interest discussed in the main text were labeled in bold. The full list of genes with statistical metrics in the 29 tumor types is provided
in Additional file 1: Table S4 and Additional file 1: Table S5. Each circle represents one gene in each tumor type. For b, genes mutated in at least
5% of the samples in individual tumor types were included in statistical testing, hence shown on the volcano plots. Logistic regression with TMB
as a covariate was used in b
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loss of function (LOF) and 124 (2.6%) gain of function
(GOF) somatic mutations. We summarized the distribu-
tion of samples harboring NSSMs by mutation effect
such as LOF, GOF, switch of function (SOF), neutral
(NTR), or unknown (UNK) (Additional file 1: Table S9).
The mutations that a gene carries were almost all anno-
tated as GOF or LOF, or SOF (only in IDH1). For ex-
ample, out of 394 samples mutated in CTNNB1, 240
(61%) carry GOF mutations, none annotated as LOF,
and the rest as unknown. Other genes with predomin-
antly GOF mutations include FGFR3, GNAQ, KIT,
NRAS, and PTPN11. In support of the association of
PTPN11 GOF mutations with the non-T cell-inflamed

phenotype, inhibition of PTPN11 (alias SHP2) induces
anti-tumor immunity and shows higher efficacy when
combined with anti-PD1 compared to monotherapy
[49]. We note that in genes described in the literature,
either LOF or GOF may lead to activation of known
downstream target pathways. Among the mutations
shown in Fig. 3c, R132 mutations in IDH1 [50], Q61
mutations in NRAS [51], and across exon 3 [52] and
K335 mutations [53] in CTNNB1 were all predicted to
be GOF, consistent with the literature. Conversely,
R215 and R1512/R1515 mutations in CIC are de-
scribed to be LOF; however, CIC is a known tumor
suppressor that upon disruption leads to enhanced

Fig. 3 Pan-cancer relative enrichment of mutations in T cell-inflamed and non-inflamed tumors from all protein-coding genes on the genome. a
Twenty-nine genes carrying NSSMs more frequently in non-T cell-inflamed relative to T cell-inflamed tumors at FDR-adjusted P < 0.10. b Three
genes carrying NSSMs more frequent in T cell-inflamed relative to non-T cell-inflamed tumors at FDR-adjusted P < 0.10. The full list of genes with
statistical metrics across all tumors is provided in Additional file 1: Table S6 and Additional file 1: Table S7. c Representative examples showing the
protein-domain-specific enrichment of non-T cell-inflamed mutations in IDH1, CTNNB1, CIC, and NRAS pan-cancer wide. Individual amino acid
changes are shown on the x-axis when space permits. The predicted mutation effects (loss of function (LOF), gain of function (GOF), etc.) of the
29 genes shown in a and three genes shown in b are provided in Additional file 1: Table S8 with summary statistics in Additional file 1: Table S9.
For a and b, genes mutated in at least 0.5% of the samples pooled from all tumor types were included in statistical testing. Logistic regression
with TMB as a covariate was used in a and b, with BH-FDR correction for multiple comparisons
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Fig. 4 (See legend on next page.)
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MAPK signaling [54]. We repeated the same analysis
for the three genes significantly associated with the
presence of T cell inflammation. PBRM1 and VHL
both carry LOF mutations while CDH10 mutations
were annotated as unknown (Additional file 1: Table
S8 and Additional file 1: Table S9).

Activation of transcriptional programs correlates with the
non-T cell-inflamed tumor microenvironment across
cancer types
Our previous work suggested that activation of transcrip-
tional programs may be another mechanism associated
with the non-T cell-inflamed phenotype and only partially
overlaps with somatic mutations [8]. Therefore, we per-
formed an unbiased genome-wide pathway discovery fol-
lowing the same protocol as previously described [8].
DEGs were identified between non-T cell-inflamed and T
cell-inflamed tumors within each cancer type, and up-
stream regulators were predicted based on the DEG-
encoding target molecules using causal network analysis
[26]. Pathways were ranked by the number of tumor types
sharing activation of the same pathway (Fig. 4a; all path-
ways and their activation status in individual cancer type
are provided in Additional file 1: Table S10).
Among the top pathways, including 31 activated in at

least four tumor types, we observed a strong impact of
CTNNB1 as well as several other pathways described in
the literature as influencing anti-tumor immunity such
as MYC [55], PPARG [56] and SHH (sonic hedgehog)
[57]. In addition, we identified transcriptional programs
correlated with the non-T cell-inflamed phenotype such
as KLF4, HIF1A, KMT2D (alias MLL2), NFE2L2 (alias
NRF2), androgen receptor (AR), and estrogen receptor
(ER) signaling, which have some literature support for
modulating the immune response [42, 58, 59].
To further investigate the inverse correlation between

the T cell-inflamed gene expression and the activated

pathways, we repeated the same analysis in independent
tumor-type specific disease cohorts from three external
databases (ICGC [15], CPTAC [16, 17], and MET500
[18, 19]) covering 13 tumor types. For each of the top 31
pathways previously discovered (Fig. 4a), we observed
high consistency between TCGA and other databases in
the relevant tumor type (Fig. 4b). We calculated the
similarity between the cohorts observing Jaccard similar-
ity coefficient of 0.92 in ICGC, 0.75 in CPTAC, and 0.81
in MET500 (see the “Methods” section). When analyzing
all 266 activated pathways in the 13 tumor types, we
continued to observe a high concordance with Jaccard
similarity coefficient (ICGC, 0.88; CPTAC, 0.76;
MET500, 0.77), as shown in Additional file 2: Fig. S2.
To validate the activation of transcriptional programs

at the protein level, we correlated the normalized RPPA
protein abundance of the predicted upstream regulator
and/or aggregation of the downstream target molecules
with the T cell-inflamed gene expression for each tumor
type within TCGA. Out of 266 activated pathways from
26 tumor types (531 total), 262 (49.3%) have correspond-
ing proteins measured on the RPPA platform and were
included in the correlation analysis (25 shown in Fig. 4c).
Out of 262 correlations, 242 (92.4%) showed anti-
correlation between the pathway protein level and the T
cell-inflamed gene expression (Pearson’s correlation co-
efficient r < 0). One hundred and seventy (64.9%)
reached a significance level of 0.05 after FDR-correction
for multiple testing. A complete listing of RPPA correla-
tions is provided in Additional file 1: Table S11.
To explore the potential clinical relevance of pathway

activation on checkpoint immunotherapy, we analyzed
pathway gene expression in correlation with treatment
response from a previously published metastatic melan-
oma cohort with RNAseq data available [20, 21] (see the
“Methods” section). We included the 73 pre-treatment
samples in analysis, given the untreated nature of the

(See figure on previous page.)
Fig. 4 Pan-cancer pathway activation in non-T cell-inflamed relative to T cell-inflamed tumors from RNAseq gene expression. a Each tumor type
shows transcriptional programs activated in non-T cell-inflamed relative to the T cell-inflamed tumor group. Thirty-one transcriptional programs
present in four or more tumor types are shown. Red color labels those at activation z-score ≥ 1.95 predicted by IPA causal network analysis (see
the “Methods” section). The full list of 266 pathways activated in one or more tumor types is provided in Additional file 1: Table S10. b External
validation of activated transcriptional programs at gene expression level in three independent cancer genomic databases (ICGC, CPTAC, and
MET500). Thirty-one transcriptional programs from a are shown on the row, and 13 tumor types with at least one validation cohort are shown on
the column. Cohorts from TCGA or independent validation datasets are shown side by side for the same tumor type. The description and sample
size of studies from each database are provided in Additional file 1: Table S1. Size of circle represents Pearson’s correlation coefficient r of each
transcriptional program versus T cell-inflamed gene expression, with blue color indicating negative correlation (Pearson’s r < 0) and red color
indicating positive correlation (Pearson’s r > 0). c RPPA validation of activated transcriptional programs at protein level. Twenty-five out of 31
transcriptional programs from a are shown. Six do not have corresponding protein in RPPA data, hence not shown (NE = not evaluable). Color
represents Pearson’s correlation coefficient r of each transcriptional program versus T cell-inflamed gene expression, with blue color indicating
negative correlation (Pearson’s r < 0), and red color indicating positive correlation (Pearson’s r > 0). The full list of correlation statistics is provided
in Additional file 1: Table S11. d KLF4 pathway activation in a clinical cohort. Only pre-treatment samples are shown (n = 73). Left panel:
correlation between KLF4 pathway gene expression and T cell-inflamed gene expression. Right panel: KLF4 pathway gene expression in non-
responders (NR, including PD and SD) (n = 33) and responders (R, including PR and CR) (n = 40). IPA’s causal network analysis is used in a,
Pearson’s correlation is used in b, c, and the left panel of d. Two-sided Welch Two Sample t-test was used in the right panel of d
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Fig. 5 Multiple mutation- or pathway-mediated resistance mechanisms co-occur in non-T cell-inflamed tumors. a Co-occurrence of NSSMs in 29
genes from Fig. 3a at per patient level. Annotation bar above the heatmap indicates tumor type. b Co-activation of 31 transcriptional programs
from Fig. 4a at per patient level. Annotation bar above the heatmap indicates tumor type. n = 3137 non-T cell-inflamed tumors are shown in a
and b. The full list of co-mutated genes or co-activated pathways at per patient level is provided in Additional file 1: Table S12. c Percentage of
tumor samples with one or more genes carrying NSSMs in the same patient from non-T cell-inflamed tumor group. NSSM score categories 0–10
are shown. Samples with more than 10 co-activated genes were collapsed into category 10. d Percentage of tumor samples with one or more
transcriptional programs activated in the same patient from non-T cell-inflamed tumor group. Pathway score categories 0–10 are shown. Samples
with more than 10 co-activated pathways were collapsed into category 10. The sample percentages and distance metrics are provided in
Additional file 1: Table S14
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metastatic melanoma cohort of TCGA. Focusing on
KLF4, a component of the sonic hedgehog signaling
pathway noted to be activated in metastatic melanoma
from TCGA, we confirmed the anti-correlation between
T cell-inflamed gene expression and pathway gene ex-
pression (P = 0.002, Pearson’s correlation; Fig. 4d left
panel). KLF4 pathway gene expression was also found to
be significantly higher in non-responders relative to re-
sponders (P = 0.036, two-sided Welch Two Sample t-
test; Fig. 4d right panel). Though we found an inconsist-
ent association of WNT/β-catenin with treatment

response, a growing body of evidence supports WNT/β-
catenin activation with immunotherapy resistance [60–
63].

Mutations or pathways associated with the non-T cell-
inflamed phenotype co-occur within individual tumors
To investigate the interaction between somatic muta-
tions and/or activated transcriptional programs, we sum-
marized the number of mutations or activated pathways
on the per-patient level. Out of 3137 patients from the
non-T cell-inflamed tumor group, 1218 (38.8%) harbor

Fig. 6 Interactions between co-activated pathways and T cell-inflamed gene expression. a Relationship between T cell-inflamed gene expression and
increasing pathway scores. Each dot represents the median expression of the T cell-inflamed gene signature (shown on the y-axis) across samples in
the score category (shown on the x-axis). Score categories with ≥ 10 samples were included in the analysis. Red line shows the linear regression model
fitted with the observed data points (see the “Methods” section). Gray area indicates the 95% confidence interval. Adjusted R2 and P value are shown
above each panel. The complete data and the regression models are provided in Additional file 1: Table S15. b Pathway network analysis shows
connections between multiple transcriptional programs activated in non-T cell-inflamed tumors from one or more tumor types
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NSSMs (Fig. 5a) in at least one of the 29 non-T cell-
inflamed genes from our pan-cancer analysis above and
2365 (75.4%) show activation in at least one of the 266
transcriptional programs from those reported above (31
activated in 4 or more tumor types shown in Fig. 5b).
Taking together, 2572 (82.0%) across cancer types dem-
onstrate evidence of at least one mutation or pathway
activation (per-patient mutated genes or activated path-
ways shown in Additional file 1: Table S12; summary
statistics shown in Additional file 1: Table S13).
To better understand the heterogeneity of mutations

or pathway activation in non-T cell-inflamed tumors
across different tumor types, we assigned an NSSM
score (defined as, the number of co-mutated genes per
sample) and a pathway score (defined as, the number of
co-activated pathways per sample) for each tumor. We
calculated the percentage of samples for each tumor type
harboring increasing NSSM score or pathways score on
a continuous scale (Fig. 5c, d). We compared the distri-
bution of samples with co-mutated genes or co-activated
pathways across tumor types, observing significant dif-
ferences (P = 8.60E−08, D = 0.81, two-sided two-sample
Kolmogorov-Smirnov test), indicating greater heterogen-
eity among different tumor types for pathway activation
than for mutations (defined by, the deviation of the dis-
tance distribution in each tumor type from the average
distribution across all tumor types; see the “Methods”
section and Additional file 2: Fig. S3 for the method-
ology to quantify and compare such heterogeneity as
well as Additional file 1: Table S14 for the data). We ob-
served extreme outliers in pathway activation such as
cholangiocarcinoma (CHOL) with only one pathway
(HIF1A) activated in 12 out of the 13 non-T cell-
inflamed tumors (92.3%), as compared to glioblastoma
(GBM) with 10 or more pathways co-activated in 14 out
of the 14 non-T cell-inflamed tumors (100%) (P = 1.035E
−07, two-sided Fisher’s exact test).
Observing the association of individual mutated genes

or activated pathways with non-T cell-inflamed tumors,
we hypothesized that tumors with increasing numbers of
molecular aberrations would be more likely to be non-T
cell-inflamed. We analyzed via linear regression the ex-
pression of T cell-inflamed gene signature based on the
number of co-occurring mutated genes, as above, ob-
serving no significant association (P = 0.82; data and
model provided in Additional file 1: Table S15). We per-
formed a similar analysis using the number of co-
occurring activated pathways and detected a significant
inverse association between T cell-inflamed gene signa-
ture and pathway score (P = 1.48E−08; Fig. 6a; data and
model provided in Additional file 1: Table S15). We also
tested polynomial regression models, but the fitting was
not significantly better than linear regression (P > 0.05,
likelihood ratio test).

Cognizant of cross-talk between canonical signaling
pathways, we sought to investigate the connections be-
tween activated transcriptional programs as related to
the non-T cell-inflamed tumor phenotype. To pursue
this, upstream regulator encoding genes were annotated
with KEGG pathways and built into a network with
nodes representing each KEGG pathway and edges
representing the shared molecules between pathways.
KEGG pathways were observed to be highly connected
including PI3K-Akt signaling, MAPK signaling, and
FoxO (Forkhead Box O) signaling (Fig. 6b).
To facilitate the clinical translation of these results, we

were interested in identifying existing drugs that might be
repurposed as immunomodulatory agents. To pursue this,
we queried The Drug Gene Interaction Database [36]
(DGIdb), an ensemble database that integrates 20 different
resources consisting of existing United States Food and
Drug Administration (FDA) drugs. The majority of the
relevant molecular mechanisms identified in our study
was found to have one or more potentially relevant drugs
available (Additional file 1: Table S16). Inhibitors were
identified for mutated genes and signaling pathways acti-
vated in non-T cell-inflamed tumors, such as FGFR3,
IDH1, NRAS, PTEN, AR, MAP 2K1, and NTRK2 which
may nominate therapeutic approaches to overcome the
non-T cell-inflamed phenotype. Alternatively, well-known
agents targeting IFNG, IL2, or TLR9 might be considered
as adjuncts in tumor types already demonstrating the T
cell-inflamed phenotype.
To provide more context of the findings in this study,

we have performed a literature review on the genes asso-
ciated with non-T cell-inflamed tumors or T cell-
inflamed tumors from our pan-cancer analysis. We col-
lected three levels of evidence from the literature, in-
cluding the mechanism and/or pathway associations of a
gene (level 1), role in immune response from non-
cancer studies (level 2), and role in tumor immune
microenvironment and/or cancer pathogenesis (level 3).
We prioritized experimental evidence in our review and
only included in silico analysis results if data are from
patients treated with checkpoint immunotherapy. The
result is provided in Additional file 1: Table S17.

Discussion
The T cell-inflamed tumor microenvironment, charac-
terized by TIL and evidence for IFN-γ linked adaptive
immunity, has been strongly associated with clinical re-
sponse to checkpoint immunotherapy [39, 64]. Based on
our prior observations surrounding the impact of dys-
regulated oncogenic signaling from the WNT/β-catenin
pathway, we performed a per tumor type and pan-
cancer analysis to assess the landscape of somatic and
transcriptomic events associated with the T cell-
inflamed or non-T cell-inflamed phenotype. We
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stratified solid tumors of TCGA by T cell-inflamed,
intermediate, and non-T cell-inflamed status and inter-
rogated genomic aberrations as well as gene expression
patterns associated with these phenotypes controlling for
TMB. We identified groups of somatic mutations
strongly linked to T cell-inflamed or non-T cell-
inflamed tumors including some in well-known genes
and as well as others that are less well understood. Simi-
larly, we have identified pathways associated with these
phenotypes with some established as immuno-
suppressive and others previously unknown.
A growing list of tumor mutations has been described

which mediate immune exclusion by multiple mecha-
nisms. Taken together, these somatic events broadly lead
to a state of decreased innate immunity, antigen presen-
tation, and T cell trafficking to tumors. For example,
mutation of STK11 has been strongly associated with a
lack of response to checkpoint inhibitors [43], and
mechanistic studies have linked this aberration to sup-
pression of STING agonism [65]. Similarly, MYC activa-
tion is known to be reversibly associated with a lack of
response to immunotherapy [66] and hypoxic environ-
ments [67], commonly associated with liver metastases
which are less responsive to immunotherapy [68]. These
observations suggest that the progressive spectrum of
mutations in cancer may as much contribute to immune
exclusion as a direct growth advantage for malignant
clones.
In our TMB-adjusted tumor type-specific and pan-

cancer analysis, we observed the presence of several mu-
tations that deserve further interrogation on a mechanis-
tic level as driving the non-T cell-inflamed phenotype.
For example, the histone demethylase encoded by
KDM6A, where gene deletion has long been associated
with the Kabuki immunodeficiency syndrome [69], is
also known to be associated with immune relevant pro-
cesses including the type I interferon [46] and hypoxia
response [70]. In metastatic melanoma, we observed
ITGAX (alias CD11c), a marker expressed on myeloid
cells with a well-known impact on classical and mono-
cytic dendritic cell function [71], is more frequently mu-
tated in non-T cell-inflamed tumors. Similarly, CIC
(Capicua), dominantly mutated in low-grade glioma, is a
transcriptional repressor of MAPK [72], and MAPK acti-
vation has been linked to an immunosuppressive envir-
onment in multiple histologies [73]. We would
specifically recommend nuance and further validation
for genes that are very commonly mutated in cancer,
such as TP53, as they appear as extreme outliers in our
analysis and yet have some literature support for an as-
sociation with tumor type-specific immune phenotypes.
As opposed to tumor-intrinsic oncogenic mutations

driving immuno-suppression, we have additionally iden-
tified recurrent somatic events that may potentiate the

anti-tumor immune response. The most obvious of
these, PBRM1, has previously been shown from patient
samples in renal cell carcinoma to impact outcomes to
checkpoint blockade [74, 75] and has been demonstrated
to augment T cell-mediated killing [76]. We would note
that including TMB as a covariate had a substantial im-
pact on the list of genes associated with T cell-inflamed
tumors (> 200 identified without adjustment versus three
with adjustment) such that only VHL, PBRM1, and
CDH10 remained significant after FDR correction (FDR-
adjusted P < 0.10). We were interested to observe that
LRP1B was the fifth most commonly mutated gene in T
cell-inflamed tumors (FDR-adjusted P = 3.38E−06) with-
out TMB adjustment; however, this gene was not signifi-
cant upon TMB adjustment. LRP1B mutations have
been associated with treatment response to immune-
checkpoint blockade independent of tumor type [77].
This suggests to us that further relevant genomic biology
may exist within the cadre of mutations associated with
T cell-inflamed tumors, though further approaches will
be necessary to differentiate them from random muta-
tions in the context of increasing TMB. Moreover, novel
tumor-intrinsic immune-related functions for well-
known and less well-known genes are increasingly being
identified suggesting that anti-tumor immunity is a com-
plicated interaction of host and somatic genomics. Our
findings provide a compendium of genes and pathways
that deserve further study as potential actionable mo-
lecular nodes that could modify or enhance anti-tumor
immune responses.
In addition to somatic mutations associated with im-

mune phenotypes, our transcriptional analysis of gene
programs associated with non-T cell-inflamed tumors
has nominated multiple immediate and novel thera-
peutic approaches. Our analysis of three independent
databases (ICGC, CPTAC, and MET500) confirms these
findings as broadly applicable in multiple tumor types
highlighting potential clinical relevance and suggesting
that integrating some of these molecular pathways de-
serve investigation as combination approaches with im-
munotherapy. Examples could include hedgehog
signaling in ovarian cancer and hormone receptor (es-
trogen and androgen) in multiple diseases including
urothelial or adrenocortical cancers. We also would
hypothesize that the T cell-inflamed versus non-T cell-
inflamed phenotype in certain tumor types may be par-
ticularly amendable to this approach given fewer num-
bers of pathways co-activated in the same tumor sample.
For example, HIF1A is the only pathway activated in
over 90% of the non-T cell-inflamed tumors in cholan-
giocarcinoma, perhaps emphasizing it as a therapeutic
target.
While we and others have previously described indi-

vidually dominant transcriptional patterns linked to
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immunosuppression, the pan-cancer analysis we pro-
vide here argues that transcriptional programs that
are substantially shared across tumor types. We ob-
serve that tumors with increasing numbers of co-
activated pathways are progressively less T cell-
inflamed, suggesting at least an additive impact on
tumor immune exclusion. We also see CTNNB1,
KLF4, HIF1A, and MYC as particularly important
across many cancers as well as evidence to suggest
substantial cross-talk and perhaps overlap. Because of
this, we were interested to investigate the interactions
of these pathways and noted MYC signaling as per-
haps the most important node associating with a lack
of the T cell-inflamed phenotype. Consideration of
approaches to alleviate MYC related immuno-
suppression should be a high priority.
While targeting of some oncogenic pathways remains

difficult, our analysis has identified multiple targets for
which translation is possible with immediate examples
surrounding the PI3K, MAPK, and FGFR pathways. We
note that the identified mutations in these pathways
commonly appear to be the same as those for which
small molecule targeted inhibitors have already been de-
veloped. Especially targeting of sonic hedgehog signaling
in multiple tumors might be prioritized. Tumor secreted
sonic hedgehog has been shown to be immunosuppres-
sive. This can be overcome by smoothened inhibition,
with enhanced anti-cancer effect in combination with
anti-PD1 [78]. Beyond these, we have particularly fo-
cused on IDH1 as a metabolism mediator of immuno-
suppression. Based on our data in concert with
functional validation from human and murine models
[79], we have taken forward a phase II clinical trial of
the IDH1 inhibitor ivosidenib with anti-PD1 in patients
selected by IDH1 mutation (NCT04056910). More
broadly, our FDA database analysis suggests that there
are many drugs with the potential to be re-evaluated,
repurposed as immune modifiers potentially to combine
with immunotherapy.
Noting that some of the findings from our analysis

already have confirmation from clinical trials, we do
acknowledge limitations of this work. Using the T
cell-inflamed gene expression phenotype is an imper-
fect approximation of patient response in clinical tri-
als however interferon associated gene expression
does appear to perhaps be the best translational bio-
marker currently available. Despite failure of TMB as
a selection marker in multiple phase III clinical trials,
it has become integrated into clinical practice and we
have incorporated it as a covariate in our analyses
here. Additionally, our analysis of TCGA, ICGC,
CPTAC, and MET500 does not facilitate specific out-
comes to immunotherapy treatment response though
preliminary analysis of patients treated with anti-PD1

suggests that these findings may impact outcomes.
Using large dataset additionally does allow a large dis-
covery power to identify novel genes and pathways
associated with immune exclusion.

Conclusions
Treatment with cancer immunotherapy has become a
backbone of cancer therapy however is ineffective in the
majority of patients and novel biomarkers as well as mo-
lecular targets are needed to advance the field. In an un-
biased analysis, we have identified molecular alterations
already validated from patient tissues but more import-
antly many somatic and transcriptional aberrations that
deserve immediate study. Based on these data, we have
already advanced to clinical trials and believe that many
drugs are available in the public domain that might be
considered for immunotherapy repurposing. As other
biomarkers or novel insights (i.e., epigenetics) become
more robust, it may be possible to integrate this data
into similar analyses to identify further mediators of im-
munotherapy response and resistance.
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our study from The Drug Gene Interaction Database (DGIdb). Table S17.
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