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Abstract
Background

This study aimed to develop a prognostic signature based on immune related gene(IRG) predicting
survival for patients with bladder urothelial carcinoma(BLCA).

Methods

1534 IRG’s expression data of 996 BLCA patients form Gene Expression Omnibus database and The
Cancer Genome Atlas database were used for development and validation of the prognostic signature.
Univariate Cox regression model and Random Survival Forest Variable Hunting algorithm were employed
to achieve the variable selection. The independently prognostic ability of the signature was validated by
Multivariate Cox model and Kaplan–Meier analysis in independent datasets. A nomogram was
established to improve prognosis strati�cation. The relationship between tumor-in�ltrating immune cells
and the signature was analyzed using data retrieved from EPIC resource.

Findings

A prognostic model consisting of 10 IRGs was developed as our immune signature. Based on this
signature, patients were separated into low- and high- risk groups with different survival in both training
and validation sets(HR : range from 1.1 [95% CI: 1–1.2; p = 0.038] to 1.3 [95% CI: 1.3–1.5; p <0.001]).
Multivariable analyses demonstrated that this signature was an independent prognostic predictor and
was strongly associated with important clinicopathological factors. The signature also showed a
signi�cantly positive correlation with immune checkpoint molecules, and had a superior prognostic value
compared with some important targets. In addition, our signature was found to correlate the
enhancement of tumor microenvironment positively.

Conclusions

This signature predicts prognosis for BLCA patients, which may promote individualized treatment and
provide potential targets for immunotherapy.

Background
Bladder urothelial carcinoma is one of the most prevalent malignancies with yearly 40 000 additional
diagnoses throughout the world[1]. And transitional cell carcinoma, as the most representative
pathological subtype, occupies 95% of the cancer[2]. As a highly heterogeneous disease, bladder cancer
is very different on the genetic, histological, pathology and prognosis[3]. Until recently, standard therapies
failed due to this complexity. Traditional treatment encompassing transurethral resection of bladder
tumor or cystectomy combined with cisplatin-based chemotherapy remains the �rst-line regimens for
patients with bladder cancer, however, the effectiveness of this treatment is still limited by staging
progress, drug resistance and toxicities[4–6]. Accurate case strati�cation, through some biomarkers, can
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promote the management of personalized treatment protocol, and likely inspire more ideal molecular
therapy. Therefore, new therapeutic targets are urgently needed.

Bacillus Calmette-Guérin (BCG) early postoperative bladder irrigation after transurethral resection of
bladder tumor in the prevention of recurrence of bladder tumor was considered as a classical
immunotherapy, which enlighten the potential applicability of other immunomolecular therapy in bladder
cancer[7, 8]. Recently, inhibitor targeting the PD-1/PD-L1 checkpoint pathway was increasingly approved
for the treatment of bladder cancer[9–11]. In addition, atezolizumab (targeting PD-L1) and nivolumab
(targeting PD-1) have been approved by the Food and Drug Administration (FDA) for patients with locally
advanced or metastatic urothelial carcinoma[12, 13]. Howerer, according to mass of early data, the
European Medicines Agency (EMA) has restricted the use of atezolizumab and pembrolizumab as a �rst-
line treatment for urothelial carcinoma due to the reduced survival in patients with low concentrations of
PD-L1 receiving either atezolizumab or pembrolizumab, suggesting that the inhibitors based on PD-L1
and PD-1 might have less effectiveness safety than conventional chemotherapy [14]. Emergence of
immune checkpoint therapy including PD-1 and PD-L1 did allow the treatment of bladder cancer by
reactivating immune cells cytotoxicity and sustaining immune response to become possible[15].
However, PD-1 and PD-L1 may not be the de�nition of the optimized immune targets, and a majority of
patients do not respond to nivolumab and atezolizumab therapy. The response rate, ranging from 16–
39%, regardless of the expression level of PD-1 or PD-L1, is still too low to be practical[12, 13, 16, 17].
Hence, it is imperative to develop biomarkers to monitor tumor immune environment and to improve
prognostic and treatment strati�cation.

Many studies suggested that PD-L1 and PD-1 expression could be proposed as a prognostic marker for
bladder cancer[11, 18]. High expression level of PD-L1 was more likely to be considered as advanced
stage, higher grade, higher frequencies of recurrence and unfavorable prognosis[19–21]. But, observed by
many studies, the clinic outcome variety could not accord with linear variation of PD-L1 expression level,
suggesting that PD-L1 is an unviable signature to predict survival of urothelial carcinoma[13, 22–24].
Accumulating studies have highlighted the in�uence of the immune microenvironment on bladder cancer
progress and immunotherapy[25]. Tumor microenvironment (TME) is composed of tumor cells, immune
and in�ammatory cells, tumor related �broblasts, interstitial tissue and microvasculature[26]. Tumor
microenvironment is directly in�uenced by the gene expression level, which called “maker gene”. The
activated histiocytic components of TME will surely affect cell transcription suggesting a clinical value
for immunotherapy of bladder cancer[27–29]. Therefore, the expression level of PD-L1, PD-1 and CTLA-4
might be used for measuring the different TME patterns with diverse immunohistochemistry status[18].
Therefore the expression level of IRG may act as a better biomarker to quantify the TME with a pre-
existing endogenous antitumor immune response from multiple cell types, for example, “hot TME(highly
in�ltrated TME)” or “cold TME(non-in�ltrated TME)” [30, 31].

Technically, cancers with the high mutational burden are more able to express neoantigens and might
bene�t more from immune checkpoint therapy because of the greater immune response mediated by T-
cell. Urothelial carcinoma is such a cancer[32]. Though traditional immune checkpoints are still less than
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idea, it is still believable that other IRGs could serve as more appropriate treatment or prognostic
biomarkers. This investigation analyzed and explored the expression pro�le of IRGs to develop a novel
signature that could predict clinical outcome for patients with urothelial carcinoma accurately and stably,
and shed light on molecular mechanism of tumor immunology.

Methods
All statistic approaches involved in present article were conducted with R software version 3.5.2.

Publicly attainable microarray datasets and IRGs pro�le

The microarray datasets with clinical information were downloaded from the
GEO(http://www.ncbi.nlm.nih.gov/geo/) database and the TCGA database(https://portal.gdc.cancer.gov),
and only the data with complete clinical information and follow-up information were included. The RNA-
seq data of GSE32894(N=224) were obtained from GEO database and used as the training set. The
expression data of BLCA(N=404) were collected from TCGA database, which was used as one of the
testing sets for constructing this signature. The microarray data from GSE32548(N=130), GSE13507
(N=165), GSE48075 (N=73) were also collected from the GEO database and used as testing sets. A total
of 996 patients were included for analysis. The clinical and survival information of the included datasets
were summarized in Table S8. The comprehensive list of IRGs containing a total of 1534 genes were
downloaded from the ImmPort database (https:// immport.niaid.nih.gov)[33]. Standardization and
normalization with log2 transformation were performed for the gene expression pro�le in each dataset
using “limma” package.

Development of a Prognostic Signature

Expression microarray data from GSE32894 (N=224) was used to determine the candidate prognostic
IRGs. Univariate Cox regression analysis was performed to screened out IRGs with prognostic ability as
seed genes for further analyzing(p<0.01). Random survival forest variable hunting(RSF-VH) method was
employed to identify the optimal prognosis‐related IRGs. In this algorithm, argument “nsplit” was set to
10, “nrep” was set to 100, “nstep” was set to 5, 1000 trees grow and the k value was set to 5[34, 35]. The
importance value of each variable(IRGs) was obtained from the  random survival forest. Top 10
important IRGs were remained as the optimal prognostic genes. The condition number was estimated to
assess for collinearity on all variables (Table S7). Weighted by the regression coe�cient, a risk score
formula was established based on the expression level of each candidate prognostic IRGs, and this
formula was applied to calculate every patient's risk score.

Validation of the Prognostic Signature

The median risk score was used as a cutoff point to classify patients into the high-risk group and the low-
risk group. Kaplan-Meier estimate and log-rank test were employed to assess the difference in prognosis
between the two groups. Univariate and multivariate Cox regression analysis were conducted to compare
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the risk score with other clinical risk factors and to show its independence of other clinical predictors. A
prognostic nomogram was established to predict the 3-year and 5-year DSS in GSE32894. The abilities of
these nomograms were assessed with a concordance index (C-index) and calibration curves to compare
the model-predicted and actual survival of DSS. Violin plot with Wilcoxon test were employed to show the
association of the risk score and clinical risk factors that was signi�cantly affect the prognosis in
univariate Cox regression analysis. Correlation analysis using Pearson correlation coe�cient was applied
to explore the association among the IRG risk score and the expression level of immune checkpoints and
several potential therapeutic targets(p<0.01). ROC curves were used to determine the prognostic value of
the risk score compared with several other signatures. In this method, patients were divided into two
subgroups by different survival: longer or shorter than the median DSS, and patients surviving shorter
than median DSS time of follow-up were excluded, unless death had been observed.

p<0.01 was considered statistically signi�cant in univariate Cox regression analysis and correlation
analysis. In the rest of method, P<0.05 was considered statistically signi�cant.

The relationship of the immune signature and TME

Proportions of various in�ltrating immune cell types in GSE32894 samples were retrieved from EPIC
program(https://gfellerlab.shinyapps.io/EPIC_1-1/).

The abundance of immune cells including Bcells, CAFs, CD4_Tcells, CD8_Tcells, Endothelial,
Macrophages and NKcells was estimated and compared between the prognostic classi�ed risk groups
using Wilcoxon test.

Geneset enrichment analysis (GSEA)

R Package “edgeR” and “limma” were used to identify differentially expressed genes (DEGs) between the
high-risk group and low-risk groups form GSE32894. Based on these DEGs, Geneset enrichment analysis
(GSEA) was conducted between the two group to identify potential immune-related pathways, and the
results were visualized by R package “clusterPro�ler”. Immunologic signatures gene sets, termed
“c7.all.v7.0.symbols.gmt” including all immunologic signatures gene sets and gene symbols were used in
GESA.

Results
Determination of prognostic IRGs

By utilizing univariate Cox regression analysis on GSE32894, 199 prognostic IRGs were �ltered out as
seek genes. Their arguments, such as regression coe�cients, P values and hazard ratios have been
recorded in Table S1. Random survival forest variable hunting(RSF-VH) were performed on the expression
pro�le of these 199 IRGs for selection of the best prognostic genes. Ultimately, 30 IRGs were obtained
from the random survival forest to predict DSS of patients with bladder cancer, and the top 10 important
prognostic molecules were determined as model components to predict survival of patients in urothelial

https://gfellerlab.shinyapps.io/EPIC_1-1/
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carcinoma. The information of the 10 prognostic IRGs were displayed in Table 1. Figure 1A shows out-of-
bag importance values for the each IRGs by bar chart. The importance calculated in Random Survival
Forest Algorithm measures the increase (or decrease) in prediction error for the forest ensemble when a
variable is randomly permuted in the OOB(Out-Of-Bag) samples[36, 37]. Figure S1 illustrates how these
genes’ expression value and patients’ mortality correlate in random survival trees.

Inferentially, positive coe�cients imply that the higher expression of 10 genes named TNFRSF6B, CXCL2,
PSMD2, VEGFC, GRB2, CMTM1, CBL and CYR61 predict shorter survival. Negative coe�cients imply that
the higher levels of expression of genes called SDC1 and CTSE might predict longer survival.

Development of a prognostic signature

Based on the top 10 important IRGs, a prognostic index model was established to quantify the survival
risks and the degree of immune cell in�ltration in TME. The prognostic model of the weighted linear
combination of the IRGs expression levels was developed, where risk score = (0.56 × expression value of
TNFRSF6B) +(0.49× expression value of CXCL2) + (1.9× expression value of PSMD2) + (0.72 ×
expression value of VEGFC) +(1.3 × expression value of GRB2) + (1.3 × expression value of CMTM1) + (1
× expression value of CBL) + (0.64 × expression value of CYR61) + (-0.75× expression value of SDC1) +
(-0.63 × expression value of CTSE). Figure 2 A-E shows that patients with higher risk score incline to have
higher mortality than the other half with lower risk score in all cohorts, and patients with higher risk score
tended to express a higher level of risky IRGs(TNFRSF6B, CXCL2, PSMD2, VEGFC, GRB2, CMTM1, CBL
and CYR61) in their samples of tissue, whereas patients with lower risk score were more likely to express
higher level of suppressor IRGs(SDC1 and CTSE).

Validation of the prognostic signature

According to the formula shown above, the risk score of each patient was calculated, and using the
median risk score as a cut-off, every cohort was divided into high-risk subgroup or low risk-subgroup in
same sample size respectively. For maximizing the accuracy of labeling patients with different survival
risk, cohorts with odd number of samples were randomly remove one case.

Figure 3 A shows the 10-IRGs-based nomogram for 3-year and 5-year DSS predictions at different time
points and the calibration curves curve in Figure 3 B and Figure 3 C shows a narrow margin between the
predicted and actual values.

Figure 1B shows that the 10-IRGs-based prognostic model’s C-index was 0.885 in GSE32894 for DSS; in
GSE32548, it was 0.803 for DSS; in TCGA-BLCA, it was 0.624 for OS; in GSE13507, the C-indexes were
0.715 and 0.62 for DSS and OS respectively. In GSE48075, the C-indexes were 0.688 and 0.675 for DSS
and OS respectively. These results all implied the predictive power of the model based on the 10-IRG
signature.

As shown in Figure 4A-E, Patients of high-risk were with poor OS/DSS compared with those of low-risk in
GSE32894, GSE32548, GSE13507 and TCGA-BLCA datasets, which suggested the robust predictive ability
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for LUAD patients’ survival outcome (log-rank test P < 0.05). In GSE48075, separate survival curves
between low-risk and high-risk group were still observed despite that p value ≥0.05. Heterogeneity, batch
effects, small sample size, only included MIBC specimens(Table 1) might have affected the results
(Figure 4F-G).

Association with clinicopathologic factors

The univariate Cox analysis of the immune signature indicated the signi�cant association of the
signature with BLCA patients’ OS in TCGA-BLCA (Hazard ratio =1.3(1.2-1.5) P < 0.001, Figure 5) and
GSE13507 (Hazard ratio =1.1(1.0-1.2) P < 0.05, Figure 5) datasets, and DSS in GSE32894(Hazard ratio
=1.3(1.2-1.5) P < 0.001, Figure 5), GSE32548(Hazard ratio =1.2(1.1-1.3) P < 0.001, Figure 5),
GSE13507(Hazard ratio =1.2(1.1-1.4)  P < 0.001, Figure 5). Clinical factors included age, T stage, G grade,
pathological stage, pN, pM, cN, cM, tumor progression, whether to receive chemotherapy were observed to
affect prognosis in different datasets.

Strati�cation analysis along with Wilcoxon test was further performed to show the association of the
immune signature with these prognostic clinical factors mentioned above. In GSE32894, as shown in
Figure 7A and C, patients with advanced T stage and G grade tended to have higher risk score based on
the immune signature. In TCGA-BLCA cohort, as shown in Figure 7E, G and H, higher risk score was
associated with higher pathologic T stage, M stage and pathological stage. As shown in Figure 7I and J,
high risk score was positively related advanced T stage and G grade in GSE32548. Figure 7M, N, P, Q, R
show that patients of high-risk tended to have advanced T stage, N stage, G grade, and they were under
high risk of progress and more likely to have indicator of chemotherapy in GSE13507. Whereas the violin
plots did not �nd the association of the risk score with pathological N stage in GSE32894 and TCGA
datasets(Figure 7B and F). M stage and clinic N stage were not associated with risk score in GSE13507
and GSE48075(Figure 7O, T and U). And patients’ Age was not observed to be related with immune
signature in all corresponding cohorts (Figure 7D, L and S).

Multivariate Cox analysis further demonstrated that the immune signature could serve as an independent
predictor for patients’ survival of clinicopathologic factors including gender, age, T stage, G grade, N
stage and M stage in GSE32894 for DSS (HR=1.26, 95%CI=1.1–1.4, P < 0.001), TCGA-BLCA cohort for OS
(HR=1.4, 95%CI=1.1–1.8, P < 0.01) and GSE32548 for DSS (HR=1.13, 95% CI 1.0–1.3, P<0.05), as
demonstrated in Figure 6. Whereas the novel signature didn’t show its prognosis predictive independence
of clinicopathologic factors in GSE13507 and GSE48075.

The Relationship between the Immune Signature and Potential Therapeutic Targets.

The correlation among CTLA4, PD-1, PD-L1, HER-2(ERBB2), ERBB3 and FRGR3   were analyzed by
Pearson correlation coe�cients in GSE32894. The results demonstrated that the immune signature had a
negative correlation with FGFR3 and ERBB3, and a positive correlation with CD274(PD-L1), PD-1 and
CTLA4 (Figure 8 A; P<0.01), but no correlation between the signature and HER-2. Compared with these
targets and immune checkpoints, the ROC curves showed that the immune signature had the greatest
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AUC estimated to be 0.871. This result suggested that our lncRNA signature provided better stability and
reliability in predicting the DSS for patients with BLCA(Figure 8 B). Since the expression values of CTLA4,
PD-1, and PD-L1 were associated with advanced tumor, correlation analysis in multiple groups were
employed to �gure out the relationship between the immune signature and IBC immunotherapy-related
check points. As Figure 8 C demonstrated, in all �ve cohorts, the risk score based on this signature had a
signi�cantly positive correlation with three crucial immune checkpoints which also involved TME(p<0.01).

Difference of Tumor-In�ltrating Immune Cells Between Groups De�ned by the Signature

We analyzed the difference in tumor-in�ltrating immune cells in GSE32894 samples between the high-risk
group and low-risk group to detect the association of the IRG-based immune prognostic signature and the
TME. Figure 9 shows that the proportions of in�ltrating B cells, CAFs, CD4+Tcells, Endothelial,
Macrophages were signi�cantly enriched in the high-risk group compared to the low-risk group(p<0.01).
Consistent with these results, the proportion of other cells in tumor tissue of high-risk group was
signi�cantly decreased as compared to low-risk group(p<0.001). The abundance of in�ltrating CD8+T
cells and NK cells was observed to have no obvious difference between low-risk group and high-risk
group.

Determination of immune-related pathways by GSEA analysis

Grouping the patients in GSE32894 into two parts by the median risk score, the whole genome expression
pro�le was subjected in GSEA analysis for screening immune-related pathways related to the signature.
Bar plot in Figure 10 A lists the most signi�cantly associated immune-related pathways, they are:
GSE22886_NAIVE_CD4_TCELL_VS_MONOCYTE_DN, GSE22886_NAIVE_CD8_TCELL_VS_MONOCYTE_DN,
GSE1460_CD4_THYMOCYTE_VS_NAIVE_CD4_TCELL_CORD_BLOOD_UP,
GSE22140_HEALTHY_VS_ARTHRITIC_GERMFREE_MOUSE_CD4_TCELL_DN,
GSE22196_HEALTHY_VS_OBESE_MOUSE_SKIN_GAMMADELTA_TCELL_DN,
GSE22886_NAIVE_TCELL_VS_DC_DN, GSE39556_CD8A_DC_VS_NK_CELL_UP,
GSE43260_BTLA_POS_VS_NEG_INTRATUMORAL_CD8_TCELL_UP.

As shown in Figure 10B, cnetplot visualizes every gene component for each immune-related pathway.
Figure 10C shows the overlaps between the different immune-related pathways.

Discussion
Immunotherapy is emerging as a new anticipated therapeutic scheme for patients who are ineligible for
chemotherapy due to drug resistance and toxicity. In the past few years, immune checkpoint inhibitors for
bladder urothelial carcinoma have got considerable clinical survival bene�ts in many clinical trials and
approved by FDA. Three checkpoint targets including PD-1, PD-L1 and CTLA-4 have got increasing
attention for its critical role in tumor immunology mechanism and the treatment of bladder cancer.
However, the expression of immune checkpoints was observed to acts as an ine�cient signature to
predict patients’ survival and treatment response. Signature based on IRG was investigated in present
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study to develop a novel biomarker to stratify patients with different survival risk and tumor immune
response.

In this study, a prognostic signature consisted of 10 IRGs was developed and validated by a stepwise
strategy using datasets on BLCA that retrieved from TCGA and GEO. Through a data preprocessing
method, expression pro�les of 1534 IRGs on 5 GEO and TCGA datasets were obtained for prognostic
gene mining. Univariate Cox regression analysis was performed on GSE32894 to �lter out “seed IRG” and
Machine learning algorithm Random Survival Forest Variable hunting was used to capture the optimum
prognostic IRGs from these candidates. Multiple methods were employed for validation of the signature’s
prognostic value. The signature based on the 10 IRGs could stratify BLCA patients into two groups with
statistically different survival(DSS in GSE32894, GSE32548 and GSE13507 OS in TCGA-BLCA GSE13507
and GSE48075 despite P = 0.06) with the method of Kaplan-Meier estimate and log-rank test,. Univariate
Cox regression and multivariate cox regression analysis con�rmed the ability to predict BLCA survival and
the independence of the immune signature as compared with other clinical factors. ROC curves
demonstrated that this prognostic signature had higher speci�city and sensitivity than common immune
checkpoints and therapeutic targets included HER-2, ERBB-3, FRGR3, PD-1, PD-L1 and CTLA-4 to serve as
a prognostic biomarker. Pearson indexes of immune checkpoints and the signature in multiple cohorts
were �gured out by heart map, which suggested that the risk score calculated by the IRG-based formula
has a positive correlation with the expression of PD-1, PD-L1 and CTLA-4. This result implied a potential
substitution of the immune signature for de�cient checkpoints in BLCA.

Ultimately risky IRGs including TNFRSF6B, CXCL2, PSMD2, VEGFC, GRB2, CMTM1, CBL and CYR61 and
suppressor IRGs including SDC1 and CTSE were identi�ed to be signi�cantly associated with DSS/OS of
patients with BLCA. Nomograms were provided to visualize the integrated risk score system of the
signature, and C-index and calibration curves suggested the model’s superior ability to predict survival.
These results all support the translational potential of this immune signature for clinical management of
bladder cancer.

Yet few studies have looked into the role of IRG for survival risk categorizing and immunotherapy
response estimate. Jinlong Cao et al. identi�ed CDH7, LUZP1, PSD2, and UGT2B15 were related to
survival of BLCA patients [38]. Huaide Qiu et al. demonstrated that RBP7, PDGFRA, AHNAK, OAS1, RAC3,
EDNRA, and SH3BP2 classify BLCA patients into different groups with different survival rates[39]. All
these reported prognostic IRGs does not overlap with the IRGs involved in the present signature.

The 10 immune genes in present study was found to be associated with tumor development and other
diseases and function as in�ammatory molecule in immune response. TNFRSF6B, also known as decoy
receptor 3, is a member of the tumor necrosis factor receptor family, but has an absence of
transmembrane and cytoplasmic domains[40]. Mounting evidences shown overexpression of TNFRSF6B
in tumors is a tissue biomarker for poor prognosis in various cancers including lung and colon cancers
and virus-associated lymphoma, and is a serum in�ammatory biomarker associated with mortality in
chronic kidney disease patients[40, 41]. Studies have demonstrated that bladder cancer (BC)



Page 10/28

microenvironment could be regulated via CXCL2/MIF-CXCR2 signaling, and is correlated with prognosis
in bladder cancer[42]. Other studied showed that blocking of CXCR2 inhibited tumor growth by decreasing
the number of tumor- associated MDSCs and CCL2/CCR2 mediated myeloid suppressor cell migration in
a murine tumor model[43–45]. Proteasomal non-catalytic subunit PSMD2 was found which could
regulate breast cancer cell proliferation and cell cycle progression by modulating p21 and p27
proteasomal degradation and act as a potential therapeutic target in association with various
clinicopathologic features in lung adenocarcinomas[46, 47]. Some miRNAs targeting VEGFC have been
found to plays an important biological role in bladder cancer progress. Hirata H et al. has identi�ed
miRNA-1826 targeting VEGFC as a tumor suppressor in bladder cancer[48], Wang Y et al. suggested miR-
122 as a tumor suppressor and down-regulating VEGFC expression, leading to the inhibition of bladder
cancer growth and angiogenesis[49], and Yu C et al demonstrated that LncRNA PVT1 regulated VEGFC
through inhibiting miR-128 in bladder cancer cells[50]. Corteggio A et al. conducted western blot analysis
which has demonstrated that recruitment of growth factor receptor bound protein 2 (GRB-2) was
increased in Higher grade bovine bladder carcinoma compared to normal tissues[51]. Watanabe T et al.
demonstrated that Grb2 protein, transcription of GRB-2, which is the downstream effector of the EGF
receptor, was substantially overexpressed in all human bladder cancer cell lines examined in comparison
with cultured normal urothelial cells[52]. This paper �rst reported the results about the potential
association of CMTM1 and CBL with BLCA. Cyr61 was found to be a molecular marker of bladder wall
remodeling after outlet obstruction. Studied showed the expression of CYR61 increased with severity of
BLCA progress and it could act as a molecular marker of bladder wall remodeling after outlet
obstruction[53, 54]. Szarvas T et al. suggested that the overexpression of protective gene SDC1 was
present in normal bladder epithelium and non-muscle-invasive cells but was absent in muscle-invasive
carcinomas (P < .001), which was consistent with the SDC1’s role of protector in present studies[55]. Wild
PJ et al. performed laser microdissection and gene expression pro�ling and demonstrated that CTSE
expression were the only factor correlated signi�cantly with progression-free survival of pTa bladder
tumors.

According to the results of GO analysis of these 10 prognostic IRGs: CTSE, PSMD2 were navigated to
antigen processing and presentation; CXCL2 and CYR61 were involved in chemokine activation; CMTM1,
CXCL2, CYR61, VEGFC, SDC1 and TNFRSF6B(TNFRSF6B is belong to TNF Family)were related to
cytokine activity, ; GRB2 was were navigated to Natural Killer Cell Cytotoxicity and TCR signaling
Pathway, CBL also was the member of TCR signaling Pathway(Table S4).

In this report, to further reveal the biological mechanisms inducing immune response involved in tumor
development, GSEA listed the signi�cantly active immune-related pathways in risky patients categorized
by the immune signature. The results suggested that CD4+/CD8 + T-cell-related and NK-cell- related
pathways were signi�cantly dysregulated by the risk score based on the immune signature. Cancers with
higher mutation burden, including BCLA, have a better chance of expressing neoantigens which induce
greater T-cell-mediated immune response to bene�t from an immunotherapy[32]. Our data showed
that“Hot” TME highly in�ltrated by tumor-in�ltrating immune cells (TIICs) could be discriminated by the
IRG-based signature accurately.
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Studies demonstrated that enhanced TME in�uenced the gene expression of tumor tissue and related to
BLCA prognosis[27, 28, 56, 57]. To further detect the predictability of the immune signature for the
intensity of TME, the proportions of 7 in�ltrated immune cells included Bcells, CAFs, CD4_Tcells,
CD8_Tcells, Endothelial, Macrophages, NKcells were compared between different risk groups. The results
supported that the prognostic signature based on IRGs could serve as a biomarker to estimate the
enhancement of TME in BLCA. Since the TME signi�cantly contributed to the mechanism by which
immune check point blockade could bene�t patients with advanced BLCA, this signature had provided
some novel translational targets of immune response prediction and a new molecular perspective in
BLCA tumor immunity.

In present study, CD4 + Tcells had a larger scale in�ltration in BLCA tissue from high-risk group than low-
risk group, but CD8 + had no difference. One study conducted by Liu W et al. had revealed that urothelial
antigen-speci�c CD4 + T cells function as direct effector cells and induce bladder autoimmune
in�ammation independent of CD8 + T cells, which coincided with our �nding[58].

The enrichment of macrophages in tumor tissue, mediated CXCL1(from same family of CXCL2), was
involved in the mechanism of immune escape, tumorigenesis and angiogenesis for BLCA
progression[59]. Indeed, multitype immunocytes contribute the enhancement of TME affecting survival
and in�ammatory response signi�cantly and the immune signature in this study was a neo-maker
identifying the clinical outcome and immunotherapy response in a predictive way. Research is still
ongoing to further categorize responses, de�ne ideal patient populations, investigate effective
checkpoints and new inhibitors in clinical to seek a breakthrough way of BLCA immunotherapy. Larger-
scale and prospective researches are required to validate the signature and reveal the function
mechanism that merit attention.

Conclusion
10 IRGs formed a promising prognostic biomarker which could be used to distinguish patients with
different survival outcome and immunotherapy response in BLCA.

And this signature also provides a series of potential therapeutic immune targets for translational
medicine and improving individualized treatment.
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Figure 1

A, Bar chart shows the out-of-bag importance values for the each IRGs. B, Bar chart shows the C-index
values for the each dataset.
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Figure 2

Patients' survival status and lncRNA expression signature were analyzed in all datasets. Scatter plots
show the relationship between patients’ survival status and risk score. Heatmaps of expression pro�les
show the relationship between gene expression level and risk score. Here, rows represent genes, and
columns represent patients.
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Figure 3

Nomogram to predict 3‐ or 5‐year DSS in the GSE32894. Instructions: Locate each characteristic on the
corresponding variable axis, and draw a vertical line upwards to the points axis to determine the speci�c
point value. Repeat this process. Tally up the total points value and locate it on the total points axis. Draw
a vertical line down to the 3- or 5-year DSS to obtain the survival probability for a speci�c BLCA patient. A,
Nomogram for predicting 3‐ or 5‐year DSS in the GSE32894 based on the the immune signature. B,
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Calibration curve for the prediction of 3-year DSS assessing Nomogram in A. C, Calibration curve for the
prediction of 5-year DSS assessing Nomogram in A. DSS: disease-speci�c survival

Figure 4

Kaplan-Meier estimates of the DSS or OS of BLCA patients using the immune signature. The Kaplan-
Meier plots were used to visualize the DSS probabilities for the high-risk versus low-risk group of patients
based on the median risk score from corresponding datasets’ patents. A, Kaplan-Meier curves for
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GSE32894 training series patients (N = 224) of the DSS; B, Kaplan-Meier curves for TCGA patients (N =
404) of the OS; C, Kaplan-Meier curves for GSE32548 test series patients (N = 135) of the DSS;D, Kaplan-
Meier curves for the GSE13507 series patients (N = 164) of the DSS. E, Kaplan-Meier curves for
GSE13507 patients (N = 164) of the OS. F, Kaplan-Meier curves for the GSE48075 series patients (N = 72)
of the DSS. F, Kaplan-Meier curves for the GSE48075 series patients (N = 72) of the DSS. The tick marks
on the Kaplan-Meier curves represent the censored subjects. The differences between the two curves were
determined by the two-side log-rank test. DSS: disease-speci�c survival, OS: overall survival
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Figure 5

The Univariate Cox analysis of the signature and clinicopathological factors for GEO and TCGA datasets.
TCGA: The Cancer Genome Atlas, 95% CI: 95% con�dence interval, DSS: disease-speci�c survival, OS:
overall survival

Figure 6
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The Multivariate Cox analysis of the signature and clinicopathological factors for GEO and TCGA
datasets. TCGA: The Cancer Genome Atlas, 95% CI: 95% con�dence interval, DSS: disease-speci�c
survival, OS: overall survival

Figure 7

The relationship between the risk signature and clinicopathological factors. A Patients with high T stage
tend to have higher risk scores in GSE32894 (P <0.001). B Patients with high pN stage were not observed
to have higher risk scores in in GSE32894(P = 0.93). C Patients with high G grade were associated with
higher risk scores in GSE32894 (P <0.001). D Patients over age 70 were not observed to have higher risk
scores in TCGA dataset (P = 0.93). E Higher pT stage was associated with risk score in TCGA dataset (P
<0.001). F There was no difference of the risk score between patients with different pN stage in TCGA
dataset (P = 0.15). G Patients with metastasis have higher risk score in TCGA dataset (P <0.001). H
Patients with higher pathologic stage were associated with higher risk score in TCGA dataset (P <0.001). I
Patients with higher T stage were associated with higher risk score in GSE32548 (P <0.001). J Patients
with higher G grade were associated with higher risk score in GSE32548 (P <0.001). K Patients with tumor
progression was not observed to have higher risk scores in GSE32548 (P=0.86). L There was no
association of the risk score with age in GSE32548 (P=0.095). M Patients with higher T stage were
associated with higher risk score in GSE13507(P <0.001). N Patients with higher N stage were associated
with higher risk score in GSE13507(P <0.05). O There was no association of the risk score with
metastasis in GSE13507 (p=0.35). P Patients with higher G grade were associated with higher risk score
in GSE13507 (P <0.001). Q Patients with tumor progression was observed to have higher risk scores in
GSE13507 (P <0.01). R Patients have indication to receive systemic chemotherapy had higher risk scores
in GSE13507 (P<0.05). S There was no association of the risk score with age in GSE48075 (P=0.96). T
There was no association of the risk score with cN stage in GSE48075 (P=0.12). U There was no
association of the risk score with metastasis in GSE48075 (P=0.36).
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Figure 8

ROC curves and correlation analysis of different prognostic signature. A, The prognostic value of the
immune signature in comparison with other prognostic molecular signature. ROC curves show that the
immune signature having a largest AUC value compared with CTLA4, PD-1, PD-L1, HER-2, ERBB3 and
FRGR3, estimated 0.871. B, Correlation analysis of immune checkpoints, the immune signature and
potential therapeutic targets. The circle size represents P value and the color represents correlation
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coe�cient. Blue for positive correlation, red for negative correlation. Crosses represent p>0.01. C,
Correlation analysis between the immune signature and immune checkpoints. The color and the number
represent correlation coe�cient. “NA” represents that the correlation coe�cient was not available as
p>0.01.

Figure 9
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The difference of tumor-in�ltrating immune cells among risk groups as de�ned by the immune‐related
gene (10-IRG) prognostic signature.

Figure 10

Results of GeneSet Enrichment Analysis (GSEA) for GSE32894. A, barplot of 6 down-regulated and 2 up-
regulated immune-related pathways with minimum p value. B, Gene-Concept Network of 5 top “enriched”
immune-related pathways. C, Upsetplot illustrates the overlap between top “enriched” immune-related
pathways.
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