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Background: Bladder cancer is a common malignancy with high invasion and poor clinical outcome.
Intratumor heterogeneity (ITH) is linked to cancer progression and metastasis and high ITH can accelerate
tumor evolution. Our objective is to develop an I'TH-related signature (IRS) for predicting clinical outcome
and immunotherapy benefit in bladder cancer.

Methods: Integrative procedure containing ten machine learning methods was applied to develop an IRS
with The Cancer Genome Atlas (TCGA), gene series expression (GSE)13507, GSE31684, GSE32984 and
GSE48276 datasets. To evaluate the performance of IRS in predicting the immunotherapy benefit, we also
used several predicting scores and three immunotherapy datasets, including GSE91061, GSE78220 and
IMvigor210.

Results: The predicting model constructed with Enet (alpha =0.2) algorithm had a highest average C-index
of 0.69, which was suggested as the optimal IRS. As an independent risk factor for bladder cancer, IRS had a
powerful performance in predicting the overall survival (OS) rate of patients, with an area under curve of 1-,
3- and 5-year receiver operating characteristic (ROC) curve being 0.744, 0.791 and 0.816 in TCGA dataset.
Bladder cancer patients with low IRS score presented with a higher level of immune-activated cells, cytolytic
function and T cell co-stimulation. We also found a lower tumor immune dysfunction and exclusion (TIDE)
score, lower immune escape score, higher programmed cell death protein 1 (PD-1) & cytotoxic T-lymphocyte
associated protein 4 immunophenoscore, higher tumor mutation burden (TMB) score, higher response
rate and better prognosis in bladder cancer with low IRS score. Bladder cancer cases with high IRS score
had a higher half maximal inhibitory concentration value of common chemotherapy and targeted therapy
regimens.

Conclusions: The current study developed an optimal IRS for bladder cancer patients, which acted as
an indicator for predicting prognosis, stratifying risk and guiding treatment for bladder cancer patients.
Further analysis should be focused on the exploration the differentially expressed genes (DEGs) and related

underlying mechanism mediating the development of bladder cancer in different IRS score group.
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Introduction

Bladder cancer carries a large societal burden, with over
570,000 new diagnosed cases and 210,000 deaths globally
each year (1). Although multidisciplinary comprehensive
approaches combining surgical excision, chemoradiotherapy
and immune therapy have been used to treat bladder cancer
cases, many patients still experience tumor progress and
relapse, leading to treatment failure (2,3). And the primary
reasons are the intratumor heterogeneity (ITH) and the
complex mechanism of tumor development (4,5). Currently,
limited effective markers have been developed to predict the
prognosis and therapy benefits of bladder cancer patients.

ITH is referred to the phenomenon in which individual
tumor cells exhibit different genomic and phenotypic
characteristics (6). Study has revealed the correlation
between I'TH and the randomness of gene mutation
and environmental factors (7). ITH is involved in tumor
progression and metastasis and high I'TH can accelerate
tumor evolution (8). Cancer patients with high I'TH score
have been shown to present resistance to treatment and
inferior clinical outcomes (9,10). Considering the vital role
of I'TH, comprehensive exploration of the genes mediating
ITH in bladder cancer and identification of their role in
evaluating the clinical outcome and therapy benefits in
bladder cancer seem particularly necessary.

Highlight box

Key findings
® The current study developed an optimal intratumor heterogeneity
(ITH) related signature for bladder cancer patients.

What is known and what is new?

e ITH is involved in tumor progression and metastasis and high
ITH can accelerate tumor evolution.

®  Our study comprehensively explored the prognosis of ITH-related
genes in bladder cancer.

What is the implication, and what should change now?

e ITH related signature acted as an indicator for predicting
prognosis, stratifying risk and guiding treatment for bladder cancer
patients.
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We identified those genes correlated with I'TH in
bladder cancer and developed an I'TH-related signature
(IRS) based on the data from the Cancer Genome Atlas
(TCGA) and Gene Expression Omnibus (GEO). We
also explored the role of IRS in predicting the prognosis,
immune infiltration, and therapy benefits in bladder cancer,
providing insights into prognosis prediction and immune
landscape in bladder cancer. We present this article in
accordance with the TRIPOD reporting checklist (available
at https://tau.amegroups.com/article/view/10.21037/tau-
24-5/rc).

Methods
Data acquisition and I'TH score of bladder cancer cases

The study was conducted in accordance with the
Declaration of Helsinki (as revised in 2013). Following
inclusion criteria (pathological diagnosis of bladder
urothelium carcinoma with completed prognostic
information) and exclusion criteria (followed up for less
than one month or died within one month after surgery
or with other malignancies), we acquired mRNA data
of bladder cancer patients from TCGA dataset (n=396),
gene series expression (GSE)13507 (n=165), GSE31684
(n=90), GSE32984 (n=223) and GSE48276 (n=73) dataset.
Three datasets [IMvigor210 dataset (bladder cancer,
n=298), GSE91061 (skin cutaneous melanoma, n=98), and
GSE78220 (skin cutaneous melanoma, n=28)] with patients
receiving anti-programmed cell death protein 1 (PD-1)
or cytotoxic T-lymphocyte associated protein 4 (CTLA4)
therapy were applied to evaluate the role of IRS in drug
sensitivity of immunotherapy. Using DEPTH2 method,
an algorithm for evaluating ITH, we calculated the ITH
score of bladder cancer cases in TCGA dataset (11). After
separating bladder cancer cases into low and high I'TH
score, we then explored with correlation between I'TH
score and the clinical “characteristics of bladder cancer
patients. With “limma” packages, we identified differentially
expressed genes (DEGs) between low and high I'TH score
(ILog, fold change| value >1.5 and P value <0.05).
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Integrative machine learning algorithms constructed an
optimal IRS

DEGs were submitted for univariate cox analysis to screen
potential prognostic biomarkers in bladder cancer. This
was followed by construction of a stable prognostic IRS
with integrative machine learning analytical procedure
based on these potential prognostic biomarkers. A total of
10 machine learning methods were included in the analysis
procedure as described in the previous study (12). Following
the process of previous studies (R scripts in https://github.
com/Zaoqu-Liuw/IRLS) (12,13), we constructed the IRS
with the following steps: (I) predictive signatures of TCGA
dataset was fitted with 101 algorithm combinations using
potential biomarkers; (II) all algorithm combinations were
performed in GEO cohorts; (III) in all cohorts, we then
calculated C-index. Based on the IRS genes and their
coefficient, the IRS score (risk score) of bladder cancer
patients was determined and separated bladder cancer cases
into two groups (high and low risk score) using the best
cutoff, which was decided by “surv_cutpoint” function in
the R package “survminer”.

The prognostic role of IRS in bladder cancer

The generation of the survival curves was determined by
Kaplan-Meier survival method. We drew receiver operating
characteristic (ROC) curve and C-index curve with the
“survivalROC” R package. We also collected 52 gene
signatures (Table S1) that had been constructed for bladder
cancer and determined with their C-index. By comparing
the C-index of our IRS and 52 gene signatures, we could
evaluate the performance of IRS and other signatures in
predicting the clinical outcome of bladder cancer patients.
Using univariate and multivariate Cox analyses, we then
identified the risk factors for the prognosis of bladder
cancer patients. To predict the clinical outcome of bladder
cancer patients, a predictive nomogram was developed
with IRS-based risk score and other clinical parameters by
“nomogramEx” package. The difference between actual and
predicted survival was visualized using the calibration curve.

Immune infiltration analysis

The immune score and ESTIMATE score of bladder cancer
cases were determined by ESTIMATE algorithm (14). The

correlation between IRS and immune cells was evaluated by

seven methods [TIMER (15), xCell (16), MCP-counter (17),
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CIBERSORT (18), CIBERSORT-ABS (19), EPIC (20), and
quanTTseq (21)] (22). We used ssGSEA method to evaluate
gene set score correlated with immune cells and immune-
related activities or functions in bladder cancer with “GSVA”
package. Relative level of human leukocyte antigen (HLA)-
related genes and immune checkpoints in high and low
IRS score group of bladder cancer cases was visualized with
“ggpubr” or “ggplot” R package.

Drug sensitivity analysis

From TIDE website (https://tide.dfci.harvard.edu/) (23), we
obtained tumor immune dysfunction and exclusion (TIDE)
score of bladder cancer patients. Immunophenoscore was
obtained from The Cancer Immunome Atlas website
(https://tcia.at/home) (24). Tumor mutation burden (TMB)
score was downloaded from TCGA database. These scores
were used to evaluate the performance of IRS in predicting
the immunotherapy response of bladder cancer cases.
Based on the data of Genomics of Drug Sensitivity in
Cancer (https://www.cancerrxgene.org/), the half maximal
inhibitory concentration (IC;) of drugs in each bladder
cancer case was determined with the “oncoPredict R”
package. A higher IC;; value indicated lower sensitivity.

Statistical analysis

Cox (proportional hazards) regression analysis was
performed to identify prognostic value of IRGs in bladder
cancer. Integrative procedure containing 10 machine
learning methods was applied to develop an IRS. The
unpaired Student’s #-test, one-way analysis of variance
(ANOVA), the Chi-square test, or Fisher’s exact test was
used for analysis as appropriate. Statistical analyses were
performed using R software 3.5.0.

Results
The ITH score of bladder cancer cases

Table S2 shows the ITH score of bladder cancer cases.
Bladder cancer patients with high clinical stage and T
stage had a higher I'TH score (Figure 14). After separating
bladder cancer into low and high I'TH score, we found a
lower overall survival (OS) rate in patients with high I'TH
score (Figure 1B, P<0.001). We then explored the DEGs
between low and high I'TH score group for identifying
genes mediating the I'TH of bladder cancer. As shown
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Figure 1 The intratumor heterogeneity score of bladder cancer cases. (A) Association between intratumor heterogeneity score and the

clinical characters of bladder cancer patients. (B) High intratumor heterogeneity score favors a poor overall survival rate in bladder cancer. (C)
Differently expressed genes between high and low intratumor heterogeneity score group. (D) Potential prognostic biomarkers for bladder
cancer based on univariate cox analysis. TCGA, The Cancer Genome Atlas; FC, fold change; IRG, intratumor heterogeneity related gene;

BLCA, bladder urothelial carcinoma.

in Figure 1C, a total of 625 genes were obtained (fold
change =1.5, P<0.05). Further analysis suggested 20 genes
(EPSS, SLC14A1, FKBPS, CTSH, FLOT2, SNCG, NLRP2,
GNPTAB, TUBBG6, BTG2, RFC4, RAB9A, LTB4R, PDHAI,
COROIC, SERPINE2, NFIA, NAPIL3, EMPI1, PPARG) as
potential biomarkers for the prognosis of bladder cancer
patients (Figure 1D).

Machine learning developed a prognostic IRS

These 20 genes were submitted into the machine learning-
based integrative procedure, with which we constructed an
IRS. We fitted 101 kinds prediction models via the LOOCV
framework in TCGA cohort, and further calculated the
C-index of each model across all GEO cohorts (Figure 2A4).
The IRS constructed by Enet (alpha =0.2) algorithm had
a highest average C-index of 0.69, which was suggested as
the optimal IRS (Figure 2A4). Based on Enet (alpha =0.2)
algorithm, the IRS was developed using 17 genes and the
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IRS score (risk score) of bladder cancer cases were calculated
using following the formula: risk score = (-0.1176) x EPS8"
+ (=0.0080) x SLCI14A1°% + (=0.1366) x FLOT2%" + 0.0051
x SNCG™ + (=0.2515) x NLRP2°? + 0.1574 x GNPTAB®®
+ (=0.0024) x TUBB6™ + (-0.0365) x BTG2°" + 0.0766 x
RFC4°" + 0.1402 x RAB9A" + 0.0304 x LTB4R“" + 0.1462
x PDHAI1“? + 0.0483 x SERPINE2°? + 0.0737 x NFIA®"
+ 0.1300 x NAP1L3“"+ 0.0756 x EMP1°? + (-0.0319) x
PPARG “*. To separate bladder cancer into high and low
IRS score group, we used the best cut-off determined by
“surv_cutpoint” function in the R package “survminer”.
We found that bladder cancer patients with low IRS score
had a favorable OS rate in TCGA, GSE13507, GSE31684,
GSE32894 and GSE48276 datasets, with 1-, 3- and 5-year
area under curve s of 0.744, 0.791 and 0.816 in TCGA
cohort; 0.679, 0.680 and 0.705 in GSE13507 cohort; 0.677,
0.690 and 0.697 in GSE31684 cohort; 0.772, 0.789 and
0.783 in GSE32894 cohort, not available (NA), 0.655 and
0.720 in GSE48276 cohort, respectively (Figure 2B-2F).
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Figure 2 Integrative machine learning algorithms developing an intratumor heterogeneity related signature. (A) The C-index of 101 kinds
prognostic models developed by 10 machine learning algorithms in TCGA and Gene Expression Omnibus datasets. (B-F) The survival
curve of bladder cancer patients with different IRS score and their corresponding ROC curve in TCGA, GSE13507, GSE31684, GSE32984
and GSE48276 cohort. TCGA, The Cancer Genome Atlas; GSE, gene series expression; AUC, area under curve; NA, not available; IRS,
intratumor heterogeneity-related signature; ROC, receiver operating characteristic.
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Evaluation of the performance of IRS

As shown in Figure 34, high I'TH score indicated an
advanced clinical stage in bladder cancer in TCGA,
GSE13507, and GSE32894 dataset. The C-index of IRS
and these clinical parameters were calculated for comparing
their role in predicting OS rate of bladder cancer cases. The
result revealed a higher C-index of IRS in all TCGA and
GEO datasets than that of clinical parameters (age, gender,
tumor grade and clinical stage) (Figure 3B). Moreover,
by performing univariate and multivariate cox regression
analyses, we found that IRS acted as an independent risk
factor for the clinical outcome of bladder cancer cases in
TCGA and all GEO datasets (Figure 3C,3D, all P<0.05).
Numerous prognostic models have been constructed for
bladder cancer. To compare the performance of our IRS
and other signatures in evaluating the prognosis of bladder
cancer, we then randomly collected 52 published prognostic
models (Table S1) and compared with their C-index. As
shown Figure 3E, the C-index of IRS was higher than these
prognostic models in TCGA cohort. For predicting the
clinical outcome of bladder cancer patients, we constructed
a nomogram with risk score and stage (Figure 3F). The
results of the nomogram were in good agreement with the
observed 1-, 3- and 5-year OS rates in the TCGA cohort
(Figure 3G).

The difference of functional envichments in different IRS
score groups

Figure 44 shows the overall correlation between IRS
score and the abundance of immune cells based on seven
evaluating methods. As shown in Figure 4B-4D, there were
negative correlations between IRS score and the abundance
of immune-activated cells, including CD8" T cells, NK cell
and macrophages M1. ssGSEA analysis suggested a higher
score of many immune cells, including B cells, CD8" T
cells, DCs, mast cells, NK cells, and TIL (Figure 4E, all
P<0.05). In bladder cancer patients with low IRS score,
they had a higher gene set score correlated with APC_co_
stimulation, CCR, checkpoints, cytolytic activity, T cell co-
stimulation and IFN response (Figure 4F, all P<0.05). The
results also suggested a higher stromal score, immune score
and ESTIMAE score in bladder cancer patients with low
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IRS score (Figure 4G-41, all P<0.001).

IRS as an indicator for predicting therapy benefits in
bladder cancer

Immunophenoscore and TMB were indicators
for predicting immunotherapy benefits and high
Immunophenoscore and TMB correlated with higher
immunotherapy benefits (25). In our study, the data
suggested a higher PD1 & CTLA4 immunophenoscore
and TMB score in bladder cancer patients with low IRS
score (Figure 5A,5B, all P<0.05). Previous study highlighted
the vital role of TIDE score in predicting the response
to immunotherapy (23,26). As shown in Figure 5C,5D,
bladder cancer patients with high IRS score had a higher
score of TIDE, T cell exclusion and dysfunction and
immune escape (all P<0.05). A wider range of antigen
presentation in cancer patients with high HLA-related
gene and immune checkpoints expression could increase
the likelihood of immunotherapy benefits (27). The results
suggested higher expression of immune checkpoints and
HLA-related genes in bladder cancer patients with low IRS
score (Figure SE,SF, all P<0.05). These results may suggest
a better immunotherapy benefit in bladder cancer with low
IRS score. To further evaluate the performance of IRS in
predicting immunotherapy benefits, we then calculated the
IRS score in immunotherapy datasets. In bladder cancer
patients receiving anti-PD1 therapy, responders had a
lower IRS score versus non-responders (Figure 5G, P<0.05).
Moreover, there was a worse clinical outcome in bladder
cancer patients with high IRS score (P=0.006). Compared
with high IRS score patients, low IRS score patients had
a higher immunotherapy response rate (P<0.01). Similar
results were obtained in another two immunotherapy
datasets (GSE91061 and GSE78220) (Figure SH,51).
Chemotherapy and targeted therapy also play a vital role
in the therapy of bladder cancer. Thus, we also explore the
IC50 value of some drug for bladder cancer therapy. As
shown in Figure 64,68, bladder cancer patients with low
IRS score had a lower IC;; value of camptothecin, cisplatin,
docetaxel, cyclophosphamide, mitoxantrone, dasatinib,
linsitinib, nilotinib, trametinib, and foretinib, demonstrating
a better sensitivity to chemotherapy and targeted therapy in
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Figure 4 The correlation between IRS and immune infiltration in bladder cancer. (A) Seven state-of-the-art algorithms evaluating
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cell, NK cells and macrophage M1. The level of immune cells (E), immune related functions (F), immune score (G), stromal score (H) and

ESTIMAE score (I) in different IRS score group.

*, P<0.05; **, P<0.01; ***, P<0.001. NK, natural killer; pDCs, plasmacytoid dendritic cells;

aDCs, active dendritic cells; iDCs, inflammatory dendritic cells; TIL, tumor infiltrating lymphocyte; APC, antigen-presenting cell; CCR, C-C

motif chemokine receptor; HLA, human leukocyte antigens; MHC, major histocompatibility complex; IFN, interferon; IRS, intratumor

heterogeneity-related signature.
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Figure 5 IRS acted as an indicator for predicting the immunotherapy benefits in bladder cancer. The PD1 & CTLA4 immunophenoscore

(A), TMB score (B), TIDE score (C), immune escape score (D), HLA-related genes set score (E) and immune checkpoints gene set score (F)

in bladder cancer patients with different IRS score. The immunotherapy response and overall rate in patients with high and low IRS score
in IMvigor210 (G), GSE91061 (H) and GSE78220 (I) datasets. *, P<0.05; **, P<0.01; ***, P<0.001. PD-1, programmed cell death protein
1; CTLA4, cytotoxic T-lymphocyte associated protein 4; TMB, tumor mutation burden; TIDE, tumor immune dysfunction and exclusion;

HLA, human leukocyte antigen; PR, partial response; CR, complete response; PD, progressive disease; SD, stable disease; GSE, gene series

expression; IRS, intratumor heterogeneity-related signature.
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Figure 6 The IC;, value of common drugs in different IRS score group. Bladder cancer patients with low IRS score had a lower IC;, value
of common drugs correlated with chemotherapy (A) and targeted therapy (B). ICs), half maximal inhibitory concentration; IRS, intratumor

heterogeneity-related signature.

bladder cancer patients with low IRS score.

Dissection of the functional enrichment difference in
different IRS score group

To clarify how IRS genes contributing to the progression
and I'TH of bladder cancer, we then explored functional
enrichment difference in different IRS score group.
A higher gene sets score involved in angiogenesis,
coagulation, glycolysis, hedgehog signaling, hypoxia,
mTORCI signaling, NOTCH signaling, IL2-STATS
signaling, P53 pathway and IL6-JAK-STATS3 signaling were
obtained in bladder cancer with high IRS score (Figure 7A).
Figure 7B,7C show the results of GSEA analysis, suggesting
that high IRS score was significantly correlated with
NOTCH signaling pathway, JAK-STAT signaling and
NOD like receptor signaling while low IRS score was
significantly correlated with chemokine signaling and
cytokine-cytokine receptor interaction.

Discussion

In our study, a total of 10 integrative machine learning
methods were used to construct a powerful IRS for bladder
cancer. The predicted model constructed by Enet (alpha

© Translational Andrology and Urology. All rights reserved.

=0.2) algorithm had a highest average C-index of 0.69,
which has been suggested as the optimal IRS, and it had
a good performance in predicting the clinical outcome of
bladder cancer cases. Moreover, the results also suggested
IRS as indicator for predicting immunotherapy benefits.

Based on 17 potential prognostic biomarkers, including
EPS, SLC14A1, FLOT2, SNCG, NLRP2, GNPTAB,
TUBB6, BTG, RFC4, RAB9A, LTB4R, PDHAI,
SERPINE2, NFIA, NAPIL3, EMPI, PPARG, we
constructed the current IRS. SLC14A1 was suggested as a
novel target for bladder cancer and correlates with tumor
progression (28). SNCG correlated with the proliferation
and invasiveness of bladder cancer (29). In bladder cancer,
Kim ez al. identified TUBBG6 as an indicator for muscle-
invasion and poor prognosis (30). High expression of NFIA
is correlated with early pT stages and lower grade in bladder
cancer (31). Loss of EMP1 accelerates tumor metastasis in
bladder cancer (32). PPARG signaling could control bladder
cancer subtype and immune exclusion (33).

Our results suggested IRS as an independent risk factor
in bladder cancer and it had a powerful performance in
predicting the clinical outcome of patients. Previous study
has suggested I'TH signature as indicator for predicting
the clinical outcome of patients with other types of cancer.
In colon adenocarcinoma, IRS could predict patients’
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Figure 7 IRS-based function analysis in bladder cancer. (A) The gene set score correlated with cancer hallmarks in different IRS score group

in bladder cancer. (B,C) The functional enrichment in different IRS score group in bladder cancer based on gene set enrichment analysis.

NOD, nucleotide-binding oligomerization domain; IRS, intratumor heterogeneity-related signature.

prognosis and chemotherapy response (34). IRS is
correlated with the prognosis of hepatocellular carcinoma
patients (35).

Increasing evidences highlight the vital role of
immunotherapy in the therapeutic strategy of bladder
cancer (36,37). In our investigation, we found a lower TIDE
score, lower immune escape score, higher PD1 & CTLA4

© Translational Andrology and Urology. All rights reserved.

immunophenoscore, higher TMB score, higher response
rate and better prognosis in bladder cancer patients with
low IRS score. TMB is an indicator in immunotherapy and
high TMB correlates a better response to immunotherapy
(38,39). Moreover, avelumab survival benefit is positively
associated with TMB score (40). Patients with low TIDE

score have a less likelihood of immune escape (23).
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Thus, we suggested IRS as an indicator for predicting
immunotherapy benefits and low IRS score correlated with
a favorable immunotherapy benefit. Recent study show that
fibroblast growth factor receptor 3 (FGFR3) alterations
indicates a higher objective response rate in bladder cancer
patients received checkpoint inhibitors (41).

To clarify how IRS genes contributing to the progression
and I'TH of bladder cancer, we then explored functional
enrichment difference in different IRS score group. We
found a higher gene sets score involved in angiogenesis,
coagulation, glycolysis, hedgehog signaling, hypoxia,
mTORCI signaling, NOTCH signaling, IL2-STAT'S
signaling, P53 pathway and IL6-JAK-STAT3 signaling in
bladder cancer with high IRS score. Pathways connected
to angiogenesis might have been correlated with reduced
survival benefit in bladder cancer (40). Glycolysis was
involved in the tumorigenesis of bladder cancer (42).
Correlated with tumor growth and metastasis, angiogenesis
has been suggested as prognostic marker and target for
bladder cancer (43). NOTCH signaling favors II'TH,
resulting in tumor progression of cancer (44). Hypoxia is
correlated with I'TH and immune evasion in cancer (45).

There are some limitations in our study. The result of
our study was not verified using in-house cohort. Moreover,
it would be better to explore the functional mechanism of
IRS in bladder cancer.

Conclusions

The current study developed an optimal IRS for bladder
cancer patients, which acted as an indicator for predicting
prognosis, stratifying risk and guiding treatment for bladder
cancer patients.
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