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Abstract
Immunotherapy has become a new frontier in bladder cancer (BC) treatment. In this study, we utilized
bioinformatic tools to identify an immune signature for BC. RNA-seq data of BC samples was
downloaded from The Cancer Genome Atlas (TCGA) database, and GSE31684, GSE32894 and
GSE77952 chip expression data were downloaded from the Gene Expression Omnibus (GEO) database.
The immune related genes (IRGs) dataset was extracted from the ImmPort database. Unsupervised
clustering method was used to determine genes with signi�cant association with the prognosis of BC.
Macrophages were enriched in C1/C2 subtypes whereas in�ltration of B cells ware prominent in C3
subtype. The frequency of FGFR3 mutation was high in C3 subtypes whereas RB1 mutations were high in
C1/C2 subtypes. The immune modules gSig1and gSig2 were associated with poor prognosis. gSig3 was
associated with good prognosis. gSig1 was associated with activation and degranulation of neutrophils.
On the other hand, gSig2 was associated with steroid hormone mediated signaling pathway whereas
gSig3 was associated with secretion of extracellular matrix and muscle cell proliferation. gSig1 and
gSig2 were positively correlated with expression of immune checkpoint genes (ICGs) in two different
cohorts, whereas gSig3 scores was negatively correlated with expression of ICGs. Expression pro�le of
immune-related genes could subclassify BC into three molecular subtypes with distinct histological
characteristics, genetic and transcriptional changes. Our study have provided a novel insight into the
immune-related state of BC and shed light on the prognostication of BC patient, all of them are of
potential clinical implications.

1. Introduction
Bladder cancer is one of the most prevalent and aggressive cancers. Global statistics show that there are
more than 430,000 cases of BC, with 165,000 deaths recorded yearly. Indeed the incidence of BC ranks
9th worldwide and 13th in overall tumor mortalities [1]. BC is categorized into two subtypes; non-muscle-
invasive BC (stage Ta or T1; NMIBC) and muscle-invasive BC (stage T2-4; MIBC) [2]. Urothelial carcinoma
is the predominant histological type of BC. According to pathological classi�cation, muscle invasive
bladder cancer (MIBC) accounts for 25% of all cases of bladder urothelial carcinomas. MIBC is a
heterogeneous disease with multiple clinical outcomes [3]. At stage T2-T4, MIBC is characterized by high
rates of recurrence and metastasis, high degree of malignancy, poor prognosis and high mortality [4].
Immunotherapy is a rapidly growing �eld, representing a paradigm shift in the treatment of MIBC
compared to conventional chemotherapy and radiation treatment.

Tumor cells, various immune cells such as T\B lymphocytes, natural killer (NK) cells, macrophages
dendritic cells and their secreted immune molecules constitute the immune microenvironment of tumors
[5]. Immune escape is one of the top ten characteristics of tumors, a mechanism that aids in
tumorigenesis. Therefore, targeting immune escape is emerging as a novel immunotherapeutic approach
[6]. Mutations form in tumor cells that escape immune killing, and this reduces immunogenicity.
Signaling pathways for immune checkpoints such as PD-1-PD-L1 and CTLA-4-CD80/CD86 are activated
to induce formation of immunosuppressive tumor microenvironment [7]. Mechanisms that inhibit the
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functions of immune cells such as CD4 + CD25 + FOXP3 + regulatory T cells (Treg) aid tumor cells to
evade the immune microenvironment thus promoting tumorigenesis [7].

Numerous studies show that immune microenvironment affects the prognosis of tumors. Immune tumor
responses are regulated by tumor-in�ltration lymphocytes (TILs), which mainly include T cells and B cells
and NK cells. Recent studies show that in�ltration of TILs in breast, colorectal and ovarian cancer stroma
is associated with better prognosis [8–10]. Compared to TILs, the number of neoantigens and tumor
mutation burden in�uences immunotherapy response [11–13]. Although high expression of PD-1 \ PD-L1
is generally related to clinicopathological factors, its association with prognosis varies among studies
[14]. Although many immunotherapeutic drugs have been shown to improve the prognosis of bladder
cancer patients, these drugs are not always effective in all patients. Tumor heterogeneity triggers different
therapeutic responses among patients. Therefore, strati�cation of treatments for patients with bladder
cancer is necessary. For this, more molecular subtypes and immune markers are needed to identify
patients who are likely to bene�t from immunotherapy. Thus, in this study, gene expression pro�les of
414 BC samples, including normal tissues adjacent to the tumor were obtained from the TCGA database.
Non-negative Matrix Factorization (NMF) performed on gene expression pro�les identi�ed three immune-
related molecular subtypes with distinct characteristics. There were signi�cant differences in prognosis
and molecular characteristics among the three immune subtypes. In addition, quanti�ed immune
molecules were further established. The gSig score showed the potential to be a powerful prognostic
biomarker and predictor of immune checkpoint inhibitor responses.

2. Materials And Methods

2.1 Data collection and processing
The 433 RNA-seq samples data of BC were downloaded from the TCGA database. GSE31684, GSE32894
and GSE77952 chip expression data were downloaded from the GEO database which contained
information on 93, 308 and 30 samples. In addition, gene expression pro�le data of bladder cancer in
UROMOL was downloaded from EBI (https://www.ebi.ac.uk/arrayexpress/experiments/E-MTAB-4321).
For corresponding probe data, bioconductor package (hgu133plus2.db) was used to map microchip
probe into human gene SYMBOL. IMvigor210 (n = 348 MIBC) was downloaded from GEO, ArrayExpress,
and the Supplementary data in the study by Mariathasan et al. [15]. The immune related genes (IRGs)
dataset was obtained from the ImmPort database (https://immport.niaid.nih.gov).

2.2 Identi�cation of immune molecular subtypes
To investigate the relationship between expression pro�le of prognosis-related immune gene and
phenotypes, we �rst performed univariate survival analysis to identify immune genes signi�cantly
associated with prognosis of BC. Nonnegative matrix factorization (NMF) was used in the discovery of
genomics-based tumor molecular subtypes[16, 17]. The average contour width of the common member
matrix was calculated using the R package NMF [18].
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2.3 Characteristic gene score of IRGCluster
To pro�le genes of the three immune molecular subtypes, genes with signi�cant association with
prognosis were �rst identi�ed and classi�ed using the unsupervised clustering method. The expression
patterns of each group were then analyzed. Genes expressed speci�cally in a subtype were identi�ed as a
subtype speci�c set of immune molecules. The importance of each immune gene was evaluated by
dimension reduction analysis using random forest algorithm.

2.4 Relationship between IRGCluster and clinical features
To determine the relationship between IRGCluster and clinical phenotype, information on TNM, Stage and
Age from the TCGA dataset for the samples was used to compare the distribution of clinical features in
the IRGCluster. Speci�cally, we analyzed the distribution of Age, TNM and Stage in different IRGCluster.
Chi-square test was used to assess the distribution of different clinical features in IRGCluster. P < 0.05
was selected as the threshold.

2.5 Relationship between IRGCluster and immune
microenvironment
The tumor immune estimation resource (TIMER) was used to evaluate the relationship between
IRGCluster and the immune microenvironment [19] to calculate scores for the six immune cells in the
TCGA for BC samples. The difference in scores among the six immune cells in different IRGCluster was
also analyzed. Nineteen immune checkpoint genes were obtained from TCGA database and the
spearman correlation between each immune checkpoint gene and IRGCluster characteristic gene was
calculated.

2.6 Relationship between IRGCluster and tumor genome
variation
The copy number variation (CNV) data on BC was downloaded from TCGA database. CNV intervals were
consolidated as follows: 1) Intervals with 50% regional overlap were considered the same. 2) The number
of coverage probes with less than 5 intervals was removed. 3) The CNV range was mapped on to the
corresponding gene using the GRh38 version of gencode.v22. 4) Multiple CNV regions in one gene region
were consolidated, and the combined CNV values averaged.

The SSNV data was obtained from the mutect2 version in TCGA, which contain sequences for whole
exomes. Data of neoantigens was derived from the references RESOURCE VOLUME 48, ISSUE 4, P812-
830.E14, APRIL 17, 2018, The Immune Landscape for Cancer. Mutations in the silent and intron intervals
were excluded from Tumor Mutation Burden (TMB) analyses, with a genome interval of 38.4 Mb, and the
TMB for each sample was divided by 38.4 Mb for all mutations.

2.7 Gene ontology and pathway enrichment analysis
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Functional enrichment was assessed using Gene Ontology (GO) and Kyoto Encyclopedia of Genes and
Genomes (KEGG) pathway enrichment analysis. Functional enrichment analyses were performed using
the R package clusterpro�ler [20].

2.8 Statistical Analysis
Cox risk regression model and log grade were used for univariate survival analysis. The Kaplan-Meier
method was used generate survival curves for the subgroups in each data set and the logrank test was
utilized to compare groups, whereas the chi-square test was employed to test the signi�cance of sample
overlap between histological type and IRGCluster, as well as the distribution of clinical features across
groups in IRGCluster. The Wilcox rank test was used to analyze continuous variables between two groups;
whereas the Kruskal-Wallis rank test was used to compare more than two. Benjamini-Hochberg method
was utilized for multiple test correction. R software v 3.5.1 was used for statistical analysis. P < 0.05 was
considered statistically signi�cant.

3. Results

3.1 Identi�cation of BC molecular typing
Details of sample statistics are shown in Table 1. The expression pro�les of IRGs was extracted from the
TCGA dataset. In total, 646 IRGs were characterized after removing genes with no or low expression. Cox
univariate regression analysis identi�ed 81 genes that were signi�cantly associated with prognosis.
Three optimal molecular subtypes for IRGCluster were obtained using the NMF algorithm, with C1 (112),
C2 (118) and C3 (165) (Fig. 1A). Unsupervised clustering was employed to cluster expression pro�les of
81 genes. Three gene sets: gSig1 (23), gSig2 (37) and gSig3 (21) were obtained. gSig1 was highly
expressed in C1 subtype but its expression was lowest in C3 subtype. gSig2 was highly expressed in
C1/C2, but generally lowly expressed in C3. Expression of gSig3 was highest in C3 but lower in C1/C2
(Fig. 1A).
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Table 1
Pre-processed dataset clinical information.

Characteristic TCGA GSE31684 GSE32894 GSE77952 UROMOL

Survival status Alive 221   196    

Dead 174   25    

Mean OS Alive 1026   1291.72    

Dead 564.4   596.3    

pT T1 10 10 61 9 108

T2/T3/T4 379 78 51 14 7

Ta/CIS   5 109 7 343

Un 6        

pN N0 228        

N1 44        

N2 75        

N3 7        

Un 41        

pM M0 189        

  M1 10        

  Un 196        

Stage I 2        

II 124        

III 137        

IV 130        

Un 2        

Grade High 374 87 44   179

Low 18 6 175   272

Un/PUNLMP 3   2   7

NewEventTissue Bladder 11        

Bone 22        

Liver 12        
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Characteristic TCGA GSE31684 GSE32894 GSE77952 UROMOL

Lung 30        

Lymph Node
Only

22        

Other,specify 37        

Renal Pelvis 4        

Un 257        

NewEventType Distant
metastatic

78        

Locoregional 46        

Metastatic 10        

New primary
tumor

7        

Un 254        

Age ≤ 60 106        

> 60 289        

Smoking Lifelong Non-
smoker

105        

Current smoker 87        

Current reformed
smoker for > 15
years

108        

Current reformed
smoker for ≤ 15
years

71        

Current reformed
smoker, duration
not speci�ed

11        

Un 13        

Overall, 81 genes were signi�cantly differentially expressed across the three subtypes. In addition, FGFR3
mutations were signi�cantly higher in C3 than in C1/C2 (Fig. 1A), while RB1 mutations were signi�cantly
higher in C1/C2 (Fig. 1A). Overall survival (OS) varied signi�cantly among the subtypes (Fig. 1B). The
expression of C3 correlated with the best prognosis whereas C1/C2 subtypes were associated with the
worst prognosis. In the external independent veri�cation set GSE32894, C1/C2/C3 had equally signi�cant
prognosis difference in OS, with C3 subtype having signi�cantly better prognosis compared with C1/C2
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(Fig. 1C). In bladder cancer, high-grade often associates with worse prognosis compared with low grade
types.

When the high/low grade BC was compared in the IRGCluster, results showed that almost all of the low
grade (17/18) were distributed in the best prognostic subtype C3, whereas high grade cancers contained
the three subtypes, C1/C2/C3 (Fig. 1D). The expression of the three subtypes was compared with mRNA
cluster typing reported by A Gordon Robertson et al. [21]. Our �ndings showed that 70.29% of samples in
Cluster1 were Basal-squamous. Cluster 3 contained 92.59% of Luminal-papillary and 80.77% of Luminal
type samples, whereas Cluster 2 contained 80.52% of Luminal-in�ltrated and 68.42% of Neuronal subtype
samples (Fig. 1E). Marker genes from a previous study [22] were also evaluated. Results showed that the
expression of Basal marker gene was signi�cantly high in C1 subgroup than the other two groups,
whereas the expression of Immune/In�ltrate marker gene was signi�cantly higher in C2 subgroup than in
the other two groups. This may be one of the factors contributing to poor prognosis in C2 group. The
expression of Luminal marker gene in C3 group was signi�cantly higher than that in the other two groups.
(Fig. 1F). These data indicated that high grade BCs are similar pathologically, but exhibit different
immune characteristics. These differences are associated with different prognostic outcomes.

3.2 IRGCluster characteristic gene score and functional
analysis
The scores for gSig1, gSig2 and gSig3 were calculated based on the average expression level of each set.
The gSig scores were signi�cantly different in the IRGCluster (Fig. 2A). These results were consistent with
pathological features of the subtypes generated from the GSE32894 dataset (Fig. 2B). This further
validated the uniformity between IRGCluster and gSig. Analysis of OS of gSig showed that gSig score
was signi�cantly associated with OS, with gSig1 and gSig2 being associated with poor prognosis,
whereas gSig3 was associated with better prognosis (Fig. 2C). GO enrichment analysis revealed that
gSig1 was mainly associated with degranulation of neutrophils and neutrophil activation (Fig. 2D). gSig2
was associated with steroid hormone mediated signaling pathway (Fig. 2E), whereas gSig3 was
associated with secretion of extracellular matrix and muscle cell proliferation (Fig. 2F). Interestingly, no
signi�cant enrichment insight was found in the KEGG pathway. These results suggested that the three
gene sets regulate different biological pathways, which may be one of the factors contributing to
different clinical outcomes in patients with BC.

3.3 Clinical characteristics of IRGCluster and differential
expression of characteristic immune gene sets
We �rst analyzed the distribution of T, N, M, Stage, Smoking and Age among the three molecular
subtypes. Samples with advanced stage of tumors such as T, N, were more likely to fall in C2 subtype,
and associate with worst prognosis (Table 2). However, no difference was observed in the distribution of
characteristics such as smoking and metastasis between the three molecular subtypes. The worst
prognosis category, C2, mainly comprised of old individuals between 70 to 100 years (Table 2). Based on
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the high/low grade classi�cation provided in the TCGA and GSE32894 and UROMOL data sets, we
compared the gSig scores on different levels of samples and found that the gSig scores showed very
high agreement on the three sets of data sets (Fig. 3A-C). Both gSig1 and gSig2 scores, which were
associated with poor OS, were signi�cantly higher in high grade than in low grade tumors. However, gSig3
score, which was associated with better OS, was signi�cantly higher in low grade than in high grade
tumors (Fig. 3A-C). The gSig score was consistently distributed between the muscle invasive and non-
muscle invasive (Fig. 3D-F). These results imply that the gSig score could be a marker for BC.
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Table 2
Comparison of clinical features with IRGCluster.

Characteristic C1 C2 C3 p-value

pT T1 2 3 5 0.00116

T2 51 38 97

T3 44 58 49

T4 14 17 11

Un 1 2 3

pN N0 65 60 103 0.00751

N1 17 15 12

N2 16 36 23

N3 2 1 4

Un 12 6 23

pM M0 55 36 98 0.19091

M1 1 4 5

Un 56 78 62

Stage I 0 0 2 < 1e-5

II 33 17 74

III 43 49 45

IV 36 52 42

Un 0 0 2

Grade High 111 117 146 0.00002

Low 1 0 17

Un 0 1 2

New Event
Tissue

Bladder 4 2 5 0.12681

Bone 4 5 13

Liver 5 3 4

Lung 7 11 12

Lymph Node Only 4 11 7

*Chisq-test
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Characteristic C1 C2 C3 p-value

Other, specify 16 15 6

Renal Pelvis 1 1 2

Un 71 70 116

New Event Type Distant Metastasis 21 27 30 0.46538

Locoregional 16 13 17

Metastatic 2 6 2

New Primary tumor 3 3 1

Un 70 69 115

Age ≤ 60 29 23 54 0.0448

> 60 83 95 111

Smoking Lifelong Non-smoker 28 27 50 0.29977

Current smoker 28 20 39

Current reformed smoker for > 15 years 34 37 37

Current reformed smoker for ≤ 15 years 15 25 31

Current reformed smoker, duration not
speci�ed

2 5 4

Un 5 4 4

*Chisq-test

3.4 Immune landscape features for IRGCluster
The scores for six immune cells in the BC sample from the TCGA dataset were calculated using TIMER
(tumor immune estimation resource) tool. Although there was signi�cant difference between scores of
the six immune cells in IRGCluster, C3 subtype displayed a different pattern from C1/C2. Except for B cell,
the expression of other types of immune cells was signi�cantly higher in C1/C2 than in C3 (Fig. 4A). The
scores of the 22 immune cells calculated based on cibersort algorithm [23] also demonstrate that the
score for memory B cells in C3 was signi�cantly higher than that of C1/C2 (Fig. 4B). This expression
pattern re�ects the speci�c response pattern of the immune system in the IRGCluster. Analysis of immune
expression signatures showed that there was a signi�cant difference between C3 and C1/C2. For C3 that
was found to be associated with positive prognosis, the scores of leukocyte fraction, proliferation,
macrophage regulation, lymphocyte in�ltration, IFN gamma response and TGF beta response were all
signi�cantly lower than those of C1/C2 (Fig. 4C).
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3.5 The relationship between gSigs and immune
checkpoints
There were 19 immune checkpoint genes (ICGs) in the TCGA dataset. gSig1 and gSig2 were positively
correlated with expression of 18 ICGs, whereas gSig3 was negatively correlated with expression of ICGs
(Fig. 5A). Similar �ndings were observed in independent GSE32894 dataset (Fig. 5B). The correlation
analysis revealed that there was a strong positive association of gSig1 and gSig2 with 14 of 15 ICGs and
15 of 16 ICGs, respectively, but there was a strong negative association of gSig3 with 14 of 18 ICGs
(Fig. 5C). Similar results were observed after an independent analysis on GSE32894 dataset (Fig. 5D).
The relationship between the expression of the immune checkpoint gene IDO1 and the gSig score was
further analyzed. In both TCGA and GSE32894 datasets, IDO1 was at a lower expression level in the best
prognostic C3, but it was highly expressed in C1/C2 with poor prognosis (Fig. 5E-F).

3.6 Genome heterogeneity of IRGCluster
For the IRGCluster of BC, we analyzed gene mutations among C1/C2/C3. A total of 45 genes with
signi�cant mutations were obtained. The frequency of FGFR3 mutation was signi�cantly high in C3
subtypes, whereas RB1 mutations were prominent in C1/C2 subtypes. The prevalence of TP53 and
PIK3CA gene mutations was similar among the three molecular subtypes (Fig. 6A). Neoantigens and
tumor mutation burden (TMB) between IRGclusters were similar among the three molecular types
(C1/C2/C3) (Fig. 6B). There was no correlation between gSig score and TMB (Fig. 6C-E). These �ndings
suggest that hot spot mutations of some important high frequency mutated genes may be associated
with the prognosis of different IRGclusters compared to the overall tumor mutation burden.

4. Discussion
Several molecular classi�cation schemes for muscle-in�ltrating urothelial carcinomas have been
reported, which provides opportunities for patients to stratify subtypes for customized treatment [21].
Urothelial carcinoma can be divided into two main molecular subtypes; basal and luminal type, each with
unique prognosis and response to chemotherapy [24]. Immunotranscriptome analysis on silicone
revealed that different expression patterns of immune genes in four muscle-in�ltrating urothelial
carcinoma clusters, previously pro�led from data in the TCGA network [25]. In 2017, Robertson et al.
classi�ed muscular in�ltrating urothelial carcinoma cohort in TCGA into �ve molecular subtypes, with the
new classi�cation scheme incorporating neural mRNA subtypes [21]. In this study, three clinically relevant
molecular subtypes were established based on immune genes, and BC progression after initial treatment
was predicted. The three molecular subtypes showed different genomic characteristics and immune
microenvironments. These two factors are closely associated with the expression of immune checkpoint
genes. Thus, they may potentially block the markers relevant to therapeutic bene�ts of immune
checkpoint.
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The emergence of immune checkpoint blockade therapy has opened a new frontier in molecular
subtyping of muscle-in�ltrating urothelial carcinoma [26]. This approach facilitates better understanding
of tumor microenvironment (TME) cells and secreted factors together with their genomic evolution in
cancer cells [26]. Bladder cancer is one of the few solid tumors in which a persistent response to immune
checkpoint blockade therapy has been observed in some patients. In urinary tract metastatic carcinoma,
a combination of adjuvant and neoadjuvant chemotherapy is underway for a large number of immune
checkpoint blockade trials targeting PD-1-PD-L1 and CTLA-4-CD80/CD86 immune checkpoints [27].
Immune checkpoint inhibitors have been tested in clinical trials against various malignancies, including
metastatic urothelial carcinoma, and they have been effective in modulating tumor progression with
limited side effects [28, 29]. Recent trials on immune checkpoint blockade including IMvigor 210 and
Check Mate 275 demonstrated that PD-L1 and PD-1 inhibitors were effective against platinum resistance
muscle invasive urothelial [30]. In bladder cancer, atezolizumab and nivolumab are two immune
checkpoint inhibitors approved as second-line treatments for the disease [31, 32].

In this study, we identi�ed three molecular subtypes based on immune genes. These subtypes have
different immune microenvironments. The genes speci�cally expressed by a subtype strongly correlate
with the expression pattern of most immune checkpoint genes. Genomic heterogeneity analysis revealed
that the frequency of RB1 and FGFR3 mutations was high in IRGCluster. These �ndings suggest that the
three molecular subtypes may show different response patterns to immunotherapy. Accordingly, the
characteristic genes of these three subtypes may serve as molecular markers of immunotherapy.

In this study, bioinformatics techniques were used to identify potential immunogenic markers involved in
BC. However, further prospective analyses on immunotherapy should be performed to fully de�ne the
cutoff values to be used. Secondly, in view of the heterogeneity of different tumor regions, more clinical
factors should be included in the prediction model to improve the reliability of the �ndings. The results of
bioinformatics analysis are not su�cient, thus experimental studies are needed to validate the present
�ndings.

5. Conclusion
Immune-related genes can be divided into three molecular subtypes with distinct histological types,
genetic and transcriptional characteristics. Our study provides a conceptual framework for understanding
BC microenvironment. Thus, this study provides a novel insight into the immune-related state of BC and
shed light on the prognostication of BC patient, all of them are of potential clinical implications.
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Figure 1

BC immunophenotyping based on IRGs. (A). Heatmap for BC immuno-types and expression of gene
modules. (B). The overall survival KM curve of the immunological subtype from the TGGA data set. (C).
The overall survival KM curve of the immunological subtype of the GSE32894data set. (D). Comparison
between BC grade and IRGCluster. (E). Comparison between published subtypes and NMF clusters. (F).
Distribution of marker gene in three subtypes. 
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Figure 2

Expression characteristics and functional annotation of immune gene modules. (A). The distribution of
gSigs scores in the IRGCluster. (B). The distribution of gSigs scores in the IRGCluster in GSE32894 data
set. (C); The relationship between gSigs score and OS. (D)-(F). GO enrichment analysis for gSig1, gSig2
and gSig3. The Dot plot shows the GO enrichment results of the top 10, and the KEGG pathway has no
signi�cant enrichment results. The color in the �gure indicates signi�cance level, and the dot size
indicates the number of genes.
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Figure 3

The relationship between gSig score and different clinical characteristics. (A)-(C). Distribution of gSig
score in the TCGA data set for High/Low grade samples. (D)-(F). Distribution of gSig score on muscle
invasive and non-muscle invasive.
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Figure 4

The immune landscape for BC IRGCluster. (A). Scores for 6 immune cells in the IRGCluster. (B). Scores of
22 immune cells in the IRGCluster. (C). Score of immune expression signature in IRGCluster.
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Figure 5

(A)-(B). Relationship between gSig scores and expression of ICGs in TCGA and GSE32894 data sets. (C)-
(D). Correlation matrix between expression of ICGs in TCGA and GSE32894 data set and gSig score. (E).
Scatter plots for IDO1 gene expression and gSig in TCGA data set. (F). Scatter plots for IDO1 gene
expression and gSig in GSE32894 dataset.



Page 22/22

Figure 6

Genome heterogeneity analysis of IRGCluster. (A). Mutation of four high frequency mutant genes in
IRGCluster. (B). The distribution of neoantigens and mutation burden on IRGCluster. (C). The relationship
between gSig1 score and TMB. (D). The relationship between gSig2 score and TMB. (E). The relationship
between gSig3 score and TMB.


