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Abstract
Background Immunotherapy for bladder cancer is prevalent, while the e�cacy is uncertain. To predict the
outcomes of immunotherapy in bladder cancer patients, an immune-related prognosis model was
conducted in this study.

Methods Single sample Gene Set Enrichment Analysis was used to delineate the landscape of the tumor
immune microenvironment based on two independent public databases. Hierarchical clustering analysis
and t-distributed Stochastic Neighbor Embedding cluster map were used to classify the bladder cancers
in the training cohort as well as the validating cohort into the immune high and immune low subtypes.
Differentially expression analysis and The least absolute shrinkage and selection operator regression
analysis had identi�ed 23 differentially expressed immune-related genes between the two subtype
patients to build a prognostic gene risk score model. Further combining the model with other
clinicopathologic signatures,  a Clinical-Gene-Risk-Score (CGRS) prognosis model was developed.

Results Validations of the two models in independent cohorts revealed good accuracy.

Conclusions Our model could provide prognostic indicators and potential immunotherapeutic targets for
bladder cancers. 

Background
Bladder cancer is the most common malignant tumor of the urogenital tract with signi�cant morbidity
and mortality, the majority of which are transitional cell carcinomas derived from the uroepithelium[1-4].
Although substantial progress has been made in bladder cancer treatment, the therapeutic prognosis
remains unsatisfactory in patients with progressed and metastatic bladder cancer[1, 5]. In recent years,
immunotherapy has emerged as an effective therapeutic approach against cancer that relies on dynamic
interactions between the tumor cells and the immune cells in the tumor microenvironment (TME)[6].
Encouraging advancements have been made in cancer immunotherapy which represents a revolution in
the paradigm for cancer treatment by harnessing the power of the host innate and adaptive
immune system to control cancer progression and metastasis[7-11]. Bladder cancer carries one of the
highest overall mutation loads across various cancer types[12] and is known to be immunogenic. Bacille
Calmette–Guérin (BCG), injected intravesically into the bladder cavity, was the �rst effective
immunotherapy for bladder cancer[13]. However, despite recent advances in cancer immunotherapy, the
e�cacy of this strategy remains limited[14], and only a small portion of cancer patients can bene�t from
the treatment[15, 16]. 

Diverse players involved in cancer immunotherapy include tumor cells, immune cells, stromal cells, and
other tumor microenvironmental factors[17]. The composition of the tumor immune microenvironment is
a critical determinant of tumor-immune interactions and can determine the response to
immunotherapy[18]. Although immunotherapy for bladder cancer is widely used, few studies have
addressed the immune microenvironment of bladder cancer. Thus, it will be of great importance to
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delineate the landscape of the tumor immune microenvironment, classify the bladder cancers into the
immune sensitive and nonsensitive subtype, and identify the differential expression genes between
sensitive and nonsensitive patients to build a prognostic model for predicting the outcomes of
immunotherapy in bladder cancer patients.

Here we conducted an integrated bioinformatic analysis of the public bladder cancer datasets from the
GEO and TCGA databases and characterized the tumor immune landscapes which were further divided
into immune high and immune low subtypes individually, differentially expression analysis between the
two groups demonstrated 23 key immune-related prognostic genes that constructed a gene risk score
model, combined with other clinicopathologic signatures to develop a Clinical-Gene-Risk-Score (CGRS)
model, validations of the two models in independent cohort revealed good accuracy.

Methods

1. Data collection and preparation
The GEO dataset was downloaded from Gene Expression Omnibus (GEO,
https://www.ncbi.nlm.nih.gov/gds) which is composed of three chip datasets (gse13507, gse32894,
gse48276) with full follow-up pieces of information. The three datasets were normalized using the
normalizeBetweenArrays function in R package limma[19] and further merged as the training cohort. The
TCGA-BLCA dataset as the validation cohort was downloaded from The Cancer Genome Atlas (TCGA,
https://www.cancer.gov/about-nci/organization/ccg/research/structural-genomics/tcga), converted from
FPKM to TPM, then normalized with normalizeBetweenArrays. The cancer samples in gse13507,
gse32894, gse48276, and TCGA-BLCA datasets were 256, 308, 116, and 405, respectively. The immune-
related genes were downloaded from ImmPort[20] (https://www.immport.org/home) and InnateDB[21]
(https://www.innatedb.com/), and 1793 genes were incorporated after removing duplicates. The
transcription factors were downloaded from Cistrome Project[22] (http://cistrome.com/). The tumor
mutation burden (TMB) data with 411 samples were also downloaded from TCGA.

2. Single sample Gene Set Enrichment Analysis (ssGSEA)
ssGSEA was implemented to quantify activity pro�les of the 28 immune cell types in�ltrating each cancer
type, and the ssGSEA scores were computed by the gsva function of R package GSVA[23]. Hierarchical
clustering of samples was done with the hclust function of the R package and patients were strati�ed
into immune high subtype and immune low subtype according to the median split. A clustering heatmap
was generated using the ColorDendrogram function of the R package sparcl (https://CRAN.R-
project.org/package=sparcl). The t-distributed Stochastic Neighbor Embedding (tSNE) visualization was
used to con�rm our appropriate clustering (R package Rtsne (https://CRAN.R-
project.org/package=Rtsne)). The estimateScore function of the R package estimate[24] was used to
calculate a TME immune score. On representing the relative abundance of 28 immune cell types, the
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ssGSEA scores of each clinicopathologic signature and TME score for every sample were presented with
a heatmap using the pheatmap (https://CRAN.R-project.org/package=pheatmap) R package. The
ssGSEA enrichment scores of the anti-tumor and immune-suppressive immune cells were compared
between the immune high and immune low subtypes by Wilcox t-test via ggviolin (R package ggplot2
(https://ggplot2.tidyverse.org). Gene signature for each immune cell type was obtained from previously
published data[25, 26]. The TME scores and the expressions of the Human leukocyte antigen (HLA)
genes of the two subtypes were also compared by the Wilcox t-test. The exprssions of the immune
checkpoint genes between the two subtypes were compared by the Wilcox t-test via ggboxplot
(https://www.rdocumentation.org/packages/ggpubr/versions/0.4.0/topics/ggboxplot). Gene set
enrichment analysis (GSEA) was performed with omicShare
(https://www.omicshare.com/tools/Home/Soft/gsea) and the immune-related Kyoto Encyclopedia of
Genes and Genomes (KEGG) pathways were selected for enrichment analysis. Aditionally, the correlation
of the immune cells were assessed by the Spearman correlation test (R package correplot
(https://CRAN.R-project.org/package=corrplot)).

3. Independent prognostic immune cells
Survival analysis according to the ssGSEA enrichment scores of immune cells and the immune subtypes
was performed by the log-rank test and displayed with the Kaplan-Meier curves, using the R package
survival (https://CRAN.R-project.org/package=survival) and survminer (https://CRAN.R-
project.org/package=survminer). The surv_cutpoint function was used to determine the optimal cutoff for
the ssGSEA scores of the 28 immune cell types. Univariate and multivariate Cox regression analyses were
shown with a forest plot. Signi�cant parameters with p-value < 0.05 in univariate analysis were included
in a multivariate Cox analysis, and variables with P < 0.05 in multivariate analysis were considered as
independent prognostic factors for overall survival (OS) of bladder cancers.

4. Construction and validation of gene risk score model
Differential expression analysis was performed with the R package limma by comparing the immune
high subtype samples with the immune low subtype samples. The results were presented with a volcano
map. The intersection of the differential expressed mRNAs and the immune-related genes were extracted
with the R package venn (https://CRAN.R-project.org/package=venn). The GEO dataset (the training
cohort) and the TCGA-BLCA dataset (the validation cohort) were subjected to univariate cox regression
analysis separately and the p-value < 0.05 was considered statistically signi�cant. The least absolute
shrinkage and selection operator (Lasso) regression analysis of the training cohort was conducted with R
package glmnet (https://CRAN.R-project.org/package=glmnet). Sankey diagram was employed to
describe the correlations of the prognostic genes based on the univariate result and the downloaded
transcription factors, and the Protein-Protein Interaction (PPI) Networks between them was derived from
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the STRING database (https://string-db.org/)[27, 28]. Heatmaps of differential expression genes and
differential expression immune-related genes were performed with the R package pheatmap.

The Lasso-Cox regression was used to construct the gene risk score model. Calibration of the model in
the training set as well as the validation set, which compared predicted with actual survival, was
evaluated with a calibration curve. The predictive accuracy of the model was assessed with the area
under the curve (AUC) of the receiver operating curve (ROC), using the timeROC (https://CRAN.R-
project.org/package=timeROC)[28] and rms (https://CRAN.R-project.org/package=rms) R
packages. The correlation of the immune cells and the model genes was assessed by the Spearman
correlation test. The risk score, vital status, and their correlations were visualized with risk curve, scatter
plot, and correlation scatter plot, respectively. Based on the median risk score, all populations of the two
cohorts were divided into high- and low-risk groups. Survival analysis and the comparison boxplots of the
immune checkpoint genes between high- and low-risk groups were performed as previously described.

5. Clinical-Gene-Risk-Score (CGRS) model construction and
validation
Univariate and multivariate Cox regression analysis, which incorporated the clinicopathologic and gene
risk score predictors accounting for both statistical and clinical signi�cance, was applied to the
construction of a nomogram which we named as a Clinical-Gene-Risk-Score (CGRS) model. The
nomogram model was built with the R package regplot (https://CRAN.R-
project.org/package=regplot). The validation of the CGRS model was completed as described
previously.

All statistical analysis was performed using R (version 4.1.0) and R studio for windows (version
1.4.1103). Signi�cance levels were de�ned as follows: ns=not signi�cant, * = P-value < 0.05; ** = P-value 
< 0.01; *** = P-value < 0.001.

Results

1. Hierarchical clustering identi�ed immune high and
immune low subtypes
Hierarchical clustering analysis identi�ed two clusters, the immune high subtype and the immune low
subtype, among 680 samples from three merged GEO datasets with 405 samples from the TCGA-BLCA
dataset. In the GEO dataset, 241 samples were clustered into the immune high subtype and 439 samples
were de�ned as the immune low subtype. While in the TCGA-BLCA dataset, the immune high and immune
low samples were 340 and 65, respectively. Both the two clusters could be well-separated in the two
datasets (Supplementary Fig 1).
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2. The landscape of tumor immune microenvironment in
the GEO and TCGA datasets.
SsGSEA analysis was performed to estimate the abundance of the 28 immune cell types in each sample.
The ssGSEA enrichment score of each sample was calculated to evaluate the landscape of the tumor
immune microenvironment in the GEO dataset and the TCGA dataset. In the GEO dataset, the immune
scores, stromal scores, and ESTIMATE scores of the immune high subtype samples were higher than the
scores in the immune low subtype samples. However, the tumor purity scores were the opposite (Fig 1 a,
Fig 2 b). The results of the TCGA dataset were consistent with those of the GEO dataset (Fig 1 b, Fig 2 g).
The clinicopathologic characters were also presented in Fig 1.  Most of the scores of the anti-tumor
immunity cells and immune-suppressive cells of the immune high subtype were higher than those of the
immune low subtype in the GEO dataset, except for the type 17 T helper cell, CD56bright natural killer cell,
and immature dendritic cell (Fig 2 a). And all the scores of the anti-tumor immunity cells and immune-
suppressive cells of the immune high subtype were higher than those of the immune low subtype in the
TCGA dataset (Fig 2 f). Moreover, most of the expressions of HLA genes were higher in the immune high
subtype than the immune low subtype in the GEO dataset (Fig 2 c), except for HLA-DPB2. And all the
expressions of HLA genes were higher in the immune high subtype than the immune low subtype in the
TCGA dataset (Fig 2 h). The expressions of the immune checkpoint genes such as CD8A, CTLA4, CXCL9,
HAVCR2, LAG3, PDCD1LG2, and PRF1 were higher in the immune high subtype than the immune low
subtype in the GEO dataset (Fig 2 d). And the expressions of the immune checkpoint genes such as
CD8A, TIGIT, CD274, GZMB, IDO1, HAVCR2, CXCL9, IFNG, PDCD1LG2, CTLA4, TNF, GZMA, LAG3, CXCL10,
PRF1, and PDCD1 were higher in the immune high subtype than in the immune low subtype in the TCGA
dataset, while the expressions of the SIGLEC15 and TBX2 were lower in the immune high subtype than in
the immune low subtype in the TCGA dataset (Fig 2 i). Finally, the immune-related KEGG pathways like
antigen processing and presentation, autoimmune thyroid disease, B cell receptor signaling pathway, FC
gamma r mediated phagocytosis, the intestinal immune network for IgA production, leukocyte
transendothelial migration, natural killer cell mediated cytotoxicity, primary immunode�ciency, and T cell
receptor signaling pathway were enriched in the GEO dataset by GSEA analysis (Fig 2 e). While the
immune-related KEGG pathways such as antigen processing and presentation, autoimmune thyroid
disease, B cell receptor signaling pathway, FC gamma r mediated phagocytosis, the intestinal immune
network for IgA production, natural killer cell mediated cytotoxicity, primary immunode�ciency, and T cell
receptor signaling pathway, TGF beta signaling pathway, and VEGF signaling pathway were enriched in
the TCGA dataset (Fig 2 j). Interestingly, most of the immune cells were highly positively correlated with
each other in the two datasets (Supplementary Fig 2).

3. Survival analysis based on immune cells and immune
subtypes.
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In the GEO dataset, survival analysis indicated that 22 immune cell types had a prognostic value with
bladder cancers (Fig 3 a-v). The higher scores of the effector memory CD4 T cell, effector memory CD8 T
cell, Immature dendritic cell, monocyte, T follicular helper cell, and type 17 T helper cell in the immune
high subtype were associated with a good prognosis of bladder cancers, and the p-value was 0.011,
0.014, 0.003, 0.002, 0.044, and 0.019, respectively. Conversely, The higher scores of the activated CD4 T
cell, activated CD8 T cell, activated dendritic cell, CD56dim natural killer cell, central memory CD4 T cell,
central memory CD8 T cell, gamma delta T cell, MDSC (Myeloid-derived suppressor cell), memory B cell,
natural killer cell, natural killer T cell, neutrophil, plasmacytoid dendritic cell, regulatory T cell, type 1 T
helper cell, and type 2 T helper cell in the immune high subtype were related to a shorter survival
probability, and the p-value was 0.002, 0.016, 0.003, 0.032, <0.001, 0.002, <0.001, 0.002, 0.036, 0.002,
<0.001, <0.001, 0.007, 0.043, 0.029 and 0.013, respectively. Additionally, 16 immune cell types had a
prognostic impact on the survival of bladder cancer patients in the TCGA dataset (Fig 3 w-l1). The higher
scores of the activated CD4 T cell, activated CD8 T cell, CD56bright natural killer cell, effector memory
CD8 T cell, immature B cell, and monocyte in the immune high subtype predicted a longer survival ability,
and the p-value was 0.011, 0.004, 0.001, 0.009, 0.018, and 0.028, respectively. In contrast, patients with
higher scores of the central memory CD8 T cell, effector memory CD4 T cell, eosinophil, Immature
dendritic cell, mast cell, memory B cell, natural killer cell, neutrophil, plasmacytoid dendritic cell, and
regulatory T cell had a poor outcome on bladder cancers, and the p-value was 0.002, 0.001, 0.047, 0.030,
0.003, <0.001, 0.042, 0.049, 0.006, and 0.022, respectively. Besides, in the GEO dataset, the percentage of
alive and dead patients was 70% and 30% among the immune high subgroup, while among the immune
low subgroup it was 73% and 27%, respectively (Fig 3 m1). And in the TCGA dataset, the percentage of
alive and dead patients was 55% and 45% among the immune high subgroup, while among the immune
low subgroup it was 63% and 37%, respectively (Fig 3 n1). However, the ESTMATEScores of alive and
dead patients among the immune high and immune low subgroups were not statistically different in
either the GEO or TCGA dataset (Supplementary Fig 3). Finally, Kaplan-Meier survival analysis revealed
poorer survival (P=0.011) among the immune high subtype in the gse32894 dataset (Fig 3 o1), while it
showed prolonged survival (P=0.039) among the immune high subtype in the gse48276 dataset (Fig 3
p1). However, there were no signi�cant differences in the survival probability between the immune high
and immune low subtype in the merged GEO dataset, the gse13507 dataset, and the TCGA-BLCA dataset
(Supplementary Fig 4). Similarly, the survival probability of the female and male patients in both the two
datasets among the immune high and immune low subgroup was not signi�cantly different
(Supplementary Fig 5).

4. Independent prognostic immune cell types in the GEO
dataset and the TCGA-BLCA dataset
Univariate Cox regression analysis of the GEO dataset for the OS revealed that activated CD4 T cell,
central memory CD8 T cell, gamma delta T cell, type 2 T helper cell, activated dendritic cell, MDSC
(myeloid-derived suppressor cells), monocyte, natural killer cell, natural killer T cell, neutrophil, and
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plasmacytoid dendritic cell were statistically signi�cant prognostic immune cell types for the OS of
bladder cancer patients (P<0.05) (Fig 4 a). On multivariate Cox regression analysis, monocyte was
revealed as the independent prognostic immune cell type for the OS of bladder cancer patients, for which
the hazard ratio (HR) was 0 (0-0.4) and the p-value was 0.001 (Fig 4 b). Moreover, univariate Cox
regression analysis of the TCGA-BLCA dataset for the OS demonstrated that activated CD8 T cell, central
memory CD8 T cell, effector memory CD4 T cell, memory B cell, CD56bright natural killer cell, mast cell,
and plasmacytoid dendritic cell were statistically signi�cant prognostic immune cell types for the OS of
bladder cancer patients (P<0.05) (Fig 4 c). By multivariate Cox regression analysis, activated CD8 T cell
(P<0.001, HR 0.005(0-0.054)), central memory CD8 T cell (P=0.011, HR 2988.975(6.236-1432610.99)),
memory B cell (P=0.025, HR 241.642(1.993-29303.584)), CD56bright natural killer cell (P=0.02, HR 0(0-
0.282)) were revealed as the independent prognostic immune cell types for the OS of bladder cancer
patients (Fig 4 d).

5. Construction and validation of gene risk score model 
Differential expression analysis between the immune high and immune low subtype of the TCGA-BLCA
dataset revealed 2403 differentially expressed genes (DEGs), among which 1963 were up-regulated and
440 were down-regulated (Fig 5 a). Heatmap of DEGs was shown in Supplementary Fig 6 a. Then these
2403 DEGs were intersected with 1793 immune-related genes, and 504 genes were found to be
overlapped, among which 221 genes were shared by both datasets (Fig 5 b). Heatmap of differentially
expressed immune-related genes was shown in Supplementary Fig 6 b. We next screened the prognostic
genes (P<0.05) individually within the 221 shared genes in the GEO dataset and the TCGA-BLCA dataset
using Univariate Cox regression analysis. As shown in Fig 5 c and d, 56 genes were identi�ed as
prognostic genes in the GEO dataset and 51 genes in the TCGA-BLCA dataset. Using  Lasso regression
analysis of the univariate model (Fig 5 e, f), which were based on the GEO dataset as the training set, we
constructed the �nal gene risk score model, with the following parameters: the lambda.min=0.0225, and
the Riskscore=(0.0153)×S100A9+(0.0026)×TNFRSF11B+(0.0045)×SLPI+(-0.3779)×CXCR6+
(0.0116)×FCGR3A+(0.0353)×CD70+(0.2527)×IFI30+(0.0126)×PDGFC+(0.0211)×EDN1+(0.0565)×SPP1+
(0.0927)×SFTPD+(0.2113)×IL18+(-0.1092)×SLC40A1+(-0.1691)×CD3G+(0.0308)×S100A8+
(0.0845)×IFITM1+(0.023)×FCGR3B+(-0.2586)×IL15+(0.0508)×VEGFC+(0.0232)×PTX3+(0.0454)×AQP9+
(0.0958)×GRP+(0.0481)×CCL8 (Fig 6 a). The correlations between the 51 prognostic genes in the TCGA-
BLCA dataset and corresponding transcription factors were presented in Fig 5 g and h.

Calibration curves of the training cohort and the validation cohort both performed well for the 1-, 3-, and 4-
year time points. ROC curves revealed that AUC for the 1-, 3-, and 4-year time points in the training cohort
were 0.768, 0.780, and 0.766, respectively. And the AUC for the 1-, 3-, and 4-year time points in the
validation cohort were 0.610, 0.577, and 0.561, respectively. The correlations of the 23 risk score genes
and the 28 immune cell types in the training set and the validation set were displayed in Fig 6 f-g. The risk
curve of the training cohort illustrated with higher risk scores indicating a higher risk of death and the risk
score was inversely correlated with OS (the coe�cient=-0.25, P=6.3e-08) (Fig 6 h-j). However, in the
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validation cohort, the negative correlation was not signi�cant (Supplementary Fig 7). Survival analysis
indicated poorer OS in the high-risk group both in the training cohort (P<0.001) and the validation cohort
(P=0.045) (Fig 6 k-i). Besides,  survival analysis indicated that higher TMB predicted a favorable survival
outcome in the validation cohort (P<0.001) (Fig 6 m). Furthermore, the high-TMB & low-risk group showed
the best survival, the high-TMB & high-risk group was the second-best, followed by the low-TMB & low-risk
group, while the low-TMB & high-risk group showed the worst survival (P<0.001) (Fig 6 n). However, the
TMB between the high- and low-risk groups was not signi�cantly different. In the training cohort, The
immune checkpoint genes like CTLA4, CXCL9, HAVCR2, LAG3, PDCD1LG2, and PRF1 displayed a higher
expression in the high-risk group, except CD8A (Fig 6 u). Whereas in the validation cohort, the immune
checkpoint genes like TIGIT, CD274, GZMB, IDO1, HAVCR2, CXCL9, PDCD1LG2, CTLA4, TNF, GZMA, LAG3,
CXCL10, and PRF1 displayed a higher expression in the high-risk group, while SIGLEC15 and TBX2
showed a lower expression in the high-risk group, and the expressions of CD8A, TIGIT, IFNG, and PDCD1
were not signi�cantly different between the high- and low-risk groups (Fig 6 v).

6. Construction and validation of CGRS model 
Univariate cox regression analysis of the GEO dataset (training cohort) demonstrated that age, T stage,
and gene risk score model were statistically signi�cant prognostic factors (P<0.05) for OS (Fig 7 a).
Multivariate cox regression analysis of the training cohort demonstrated that age (P<0.001, HR
1.039(1.019-1.059)), T stage (P<0.001, HR 1.847(1.555-2.194)), and gene risk score model (P<0.001, HR
2.492(1.800-3.451)) were independent prognostic factors for the OS of bladder cancer patients (Fig 7 b).
The nomogram for predicting the probability of OS at 1, 3, and 5 years was presented in Fig 7 c. Each
predictor corresponded to a point, and all points summed up to a total point. The total point then
corresponded to the survival probabilities. For example, for one patient with a total point of 226, he/she’s
survival probability for an OS less than 1, 3, and 5 years was 31%, 60.2%, and 75.5%, respectively. The
calibration curves of both the training cohort (Fig 7 d) and the validation cohort (Fig 7 f) for 1, 3, and 4
years illustrated that our nomogram model performed well because the calibration curves showed good
consistency between the predictions by the nomogram (the solid lines) and actual observations (the
dotted line). The ROC curves of the training cohort (Fig 7 e) and the validation cohort (Fig 7 g) also
proved the accuracy of our nomogram model. The AUC for 1, 3, and 4 years in the training cohort was
0.850, 0.744, and 0.756, respectively. The AUC for 1, 3, and 4 years in the validation cohort was 0.719,
0.696, and 0.695, respectively. 

Discussion
In recent several years, dividing the tumors into immune-hot and immune-cold phenotypes according to
their immune in�ltrations has attracted considerable attention. Some studies[29] were pursuing to �nd a
therapy that could convert immune “cold” tumors into “hot” ones to be more sensitive to immunotherapy.
Therefore, identifying the tumor as an immune “hot” or “cold” category would be of great importance.
Here, based on the ssGSEA scores, we had separately classi�ed the bladder cancer samples in the GEO
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and TCGA datasets into the immune high and immune low subtypes using hclust and tSNE hierarchical
clustering algorithm. Upon the clustering, most scores of immune cell types, as well as the expression
levels of HLA genes or immune checkpoint genes, were higher in the immune high group than the
immune low one. Likewise, most of the immune-related KEGG pathways overlapped within the two
datasets. Therefore, the results in the GEO cohort and the TCGA cohort highly corroborated each other,
which could help maximumly distinguish the differences between the immune high and immune low
subtypes.

Based on the optimal cutoff for the ssGSEA scores of the 28 immune cell types, each cell type was
classi�ed into the immune high and immune low subgroups. From the survival results, we could see that
most of the cell types were associated with prognosis (22/28 in the GEO cohort and 16/28 in the TCGA
cohort). unexpectedly, most of the cell types within the high score subgroup showed worse prognosis
compared with the low score subgroup (16/22 in the GEO cohort and 10/16 in the TCGA cohort). What’s
more, the percentages of alive patients in the immune low subtype were higher than that in the immune
high subtype in both the GEO cohort and the TCGA cohort, although the ESTIMATEScors of alive and
dead patients were not signi�cantly different. And the survival probabilities between the immune high
and immune low subgroup had no signi�cant difference in both the two cohorts. Upon multivariate
analysis, the ssGSEA score of monocyte in the GEO cohort, the ssGSEA scores of activated CD8 T cell,
central memory CD8 T cell, memory B cell, and CD56bright natural killer cell in the TCGA cohort were
revealed as the independent prognostic factors for the OS of bladder cancer patients. In several solid
tumors and hematologic malignancies, absolute monocyte count in peripheral blood has been used as an
indicator of risk or a worse prognosis before treatment[30, 31]. Some evidence had suggested that
scoring both total T cell and CD8+ T cell counts is a better prognostic factor for colorectal cancer
patients[32]. Memory CD8+ T cells are a critical component of protective immunity in many different
types of diseases including cancer[33]. The number of memory B cells in immune therapy responders
increased greatly and played a role in inhibiting tumor cell proliferation and metastasis[34]. Other
evidence had also shown that CD56bright NK cells restrain T cell responses during various autoimmune
diseases[35]. All the above researches were consistent with what was obtained in our recent study: HR >1
with central memory CD8 T cell and memory B cell; HR<1 with monocyte, activated CD8 T cell, and
CD56bright natural killer cell.

A series of immune-related prognostic gene signatures for bladder cancers have been constructed based
on the public datasets obtained from TCGA and GEO databases[36-43]. They usually employed the
TCGA-BLCA dataset to build the model and then validated it with a single external GEO dataset. While
such results are subject to the limitations of the data used because TCGA is known to be one of the
largest available sets[44] and not feasibly matched by the small size of GEO. Thus, we had conducted a
Lasso-UniCox regression analysis to build a 23 immune-related gene signature risk score model with a
balanced sample size between the TCGA-BLCA and three merged GEO datasets (405 vs 680). The gene
signature was further proved to be an independent prognostic factor. What’s more, we had evaluated the
landscape of the tumor immune microenvironment of bladder cancers in the two cohorts separately. The
established gene signature demonstrated good performance and accuracy in the validation cohort and
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was well able to successfully classify the patients from both two cohorts into high- and low-risk
subgroups. In the TCGA-BLCA cohort, the survival of different strati�cation combinations of TMB level
and risk group was in line with both actual and expected outcomes. Finally, the immune checkpoint is
known to be involved in the maintenance of immunologic homeostasis and helps to maintain peripheral
tolerance of self-molecules to prevent excess autoimmunity[45]. In our study, all the immune checkpoint
proteins in the GEO dataset and most of the immune checkpoint proteins in the TCGA dataset were
expressed higher in the high-risk group, which is in line with its increased expression relating to the
progression of cancer patients. These integrated bioinformatics analyses could identify independent
immune cell types as well as independent gene signatures or clinicopathology characters for the OS of
bladder cancer patients, which would be more comprehensive than previous studies.

Ultimately, a nomogram named CGRS model consisting of immune gene risk score signature, age, gender,
tumor grade, and tumor stage was established. It showed good and robust predictive ability on prognosis
because the predicted survival estimates of the model were upheld in a separate patient cohort. Given the
growing popularity of immune checkpoint inhibitors for a variety of cancer treatments, our prognostic
signatures and nomogram model might provide prognostic indicators and potential immunotherapeutic
targets for bladder cancers.

Conclusions
In summary, our integrated bioinformatic analysis research revealed the prognostic values of a 23
immune-related genes’ signature as well as a CGRS model composed of it for bladder cancers. Our
�ndings identify a new prognostic indicator and potential immunotherapeutic target for bladder cancers.  
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Figure 1

Heatmaps of ssGSEA analysis of GEO (a) and TCGA (b) datasets.
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Figure 2

Analysis of the tumor immune microenvironment in the immune high (briefed to Immune_H) and immune
low (briefed to Immune_L) subtypes of GEO (a, b, c, d, e) and TCGA datasets ( f, g, h, i, j). (a, f) Violin plot
of anti-tumor immunity cells and immune-suppressive cells between immune high and immune low
subtypes. (b, g) Violin plot of the immune microenvironment scores between immune high and immune
low subtypes. (c, h) Human leukocyte antigen (HLA) gene expressions between immune high and
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immune low subtypes. (d, i) Boxplots of the immune checkpoint gene mRNA expression levels between
immune high and immune low subtypes. (e, j) Gene set enrichment analysis (GSEA) enrichment plot of
the immune-related KEGG pathways.

Figure 3

Survival analysis based on the immune cells and immune subtypes. Kaplan-Meier plots of GEO (a-v) and
TCGA (w-l1) datasets classi�ed by the median ssGESA scores of immune cells. Barplot of percentages of
alive and dead patients between immune high and immune low subtypes in GEO (m1) and TCGA (n1)
datasets. Kaplan-Meier plots of the immune high and immune low subtypes in gse32894 (o1) and
gse48276 (p1) datasets.
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Figure 4

Univariate and multivariate cox regression analysis of GEO (a, b) and TCGA (c, d) datasets. Forest plots
of uni- (a,c) and multivariate (b, d) analysis.
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Figure 5

Lasso-cox regression analysis to screen the immune-related prognostic genes and the transcription factor
coexpression network of TCGA dataset. Volcano map of differential expressed mRNAs in TCGA-BLCA
dataset which compared between the immune high and immune low subgroups (a). Venn plot of The
differential expressed genes and the immune-related genes (b). Forest plots of univariate cox regression
analysis of the training cohort (c) and validating cohort (d). Lasso regression analysis based on the
results of univariate analysis of the training cohort (e, f). Sankey diagram of the prognostic genes in the
validating cohort and their correlational transcription factors (g). Protein-Protein Interaction (PPI)
Networks of the prognostic genes in the validating cohort and their correlational transcription factors (h).
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Figure 6

Gene risk score model construction and validation. Model genes and their coe�cients (a). Calibration
curve of the training cohort (b) and validating cohort (d). ROC curve of the training cohort (c) and
validating cohort (e). Correlation heatmaps of model genes and immune cells in the training cohort (f)
and validating cohort (g). Riskplot (h), scatterplot (i), and correlation scatterplot (j) of the training cohort.
Kaplan-Meier curves of high-risk and low-risk patients in the training cohort (k) and validating cohort (l).
Kaplan-Meier curves of high-TMB (briefed to H-TMB) and low-TMB (briefed to L-TMB) patients in the
TCGA dataset (m). Kaplan-Meier curves of different TMB-risk subgroups in the TCGA dataset (n).
Boxplots of the immune checkpoint gene mRNA expression levels in the training cohort (u) and validating
cohort (v).
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Figure 7

Clinical-Gene-Risk-Score (CGRS) model construction and validation. Forest plots of univariate (a) and
multivariate (b) cox regression analysis of clinicopathologic and gene characteristics. Nomogram of the
CGRS model (c). Calibration curve of the training cohort (d) and validating cohort (f). ROC curve of the
training cohort (e) and validating cohort (g).
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