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Abstract
Bladder cancer (BLCA) is among the most frequent types of cancer. Patients with BLCA have a signi�cant
recurrence rate and a poor post-surgery survival rate. Recent research has found a link between tumor
immune cell in�ltration (ICI) and the prognosis of BLCA patients. However, the ICI picture of BLCA remains
unclear. Common gene expression data was obtained by combining the Cancer Genome Atlas (TCGA)
and Gene Expression Omnibus (GEO) expression databases. Two computational algorithms were
proposed to unravel the ICI landscape of BLCA patients. The R package "limma" was applied to �nd
differentially expressed genes (DEGs). Principal-component analysis (PCA) was used to calculate the ICI
score. A total of 569 common gene expression data were retrieved from TCGA and GEO cohorts. CD8+ T
cells were found to have a substantial positive connection with activated memory CD4+ T cells and
immune score. On the contrary, CD8+ T cells were found to have a substantial negative connection with
Macrophages M0. Thirty-eight DEGs were selected. Two ICI patterns were de�ned by unsupervised
clustering method. Patients of BLCA were separated into two groups. The high ICI score group exhibits
better outcome than the low one (p < 0.001). Finally, the group with a high tumor mutation burden (TMB)
as well as a high ICI score had the best outcome. (p <0.001). Combining TMB and ICI score resulted in a
more accurate survival prediction, suggesting that ICI score could be used as a prognostic marker for
BLCA patients.

Introduction
Bladder cancer (BLCA) is the world's tenth most prevalent cancer, accounting for around 549,000 new
cases and 200,000 deaths in 20181. As a highly heterogeneous tumor2–4, BLCA have a high recurrence
rate (around 50%) and the 5-year survival rate was around 60% after trimodally therapy5–7. Despite the
rapid development of clinical imaging after chemotherapy and surgery, the method for evaluating
therapeutic effect of BLCA is not satisfactory. As a result, developing new diagnostic, therapeutic, and
prognostic biomarkers for BLCA is critical.

Due to their extraordinary and long-lasting anti-tumor effectiveness, Immune checkpoint inhibitors (ICIS)

effectively changed the therapy of metastatic cancer 8,9. Besides, ICIS are crucial in the inhibition of
molecular receptor and ligand interactions, such as cytotoxic T-lymphocyte-associated protein 4 (CTLA-4)
and programmed death-1 (PD-1) / programmed death ligand-1 (PD-L1) pathways, which are involved in
initiating T cell activation or function and rescuing immune monitoring10–11. However, the response of
tumors to ICIS could hardly be analyzed12,13. TMB is a new biomarker for assessing ICIS e�cacy, since it

is associated with new antigens14–16. The breakpoint between TMB-high and TMB-low, like PD-L1, has
yet to be determined17. Therefore, it is critical to �nd novel biomarkers that could predict the response of
tumor to ICIS.

Extensive research has established the crucial involvement of ICI in cancer proliferation, recurrence, and
metastasis18,19. The higher the proportion of immune score in tumor microenvironment, the better
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prognosis in most of the patients20. Besides, Tumor-in�ltrating lymphocytes (TLSs), including as CD4
and CD8 T cells, have been linked to increased survival rates21,22. In contrast, tumor-associated
macrophages (TAMs) show poor prognosis by secreting immunosuppressive cytokines23–25.
Nevertheless, recognizing TLS cells is insu�cient to characterize the complicated tumor
microenvironment. TAMs immunosuppressive cytokines may reduce TLSs' anti-tumor impact26.
Additionally, increased stromal component �ltration in tumor tissue might inhibit TLS transport to tumor,
indicating that the link between the two sets of TME cells is more important than any single component7.
In this study, two approaches "CIBERSORT" and "ESTIMATE" were employed to unveil the patient's ICI
picture. CIBERSORT is mainly used to transform gene expression into the content of immune cells for
each BLCA sample (�lter conditions: p<0.05). The purpose of ESTIMATE is to obtain the score of immune
cells and stromal components in BLCA samples. Besides, based on the ICI and DEGS, BLCA patients were
classi�ed into two different subgroups. The ICI score was acquired by principal-component analysis
(PCA). Finally, in this work, we developed the ICI score to describe distinct immune cell landscapes, which
could predict exactly patient outcomes. As a result, we discovered that ICI score could serve as a
prospective prognostic marker that is unrelated of TMB.

Methods
BLCA Data collection

TCGA and GEO databases were used to gather transcriptome and clinical data. In general, we collected
two groups cohort samples of BLCA: GSE13507 and TCGA-BLCA. The exclusion criteria were as follows:
(a) Not tumor tissue sample. (b) The transcriptome sequencing data or clinical information of the
samples were incomplete. (c) Not common gene expression samples date. Finally, 569 samples were
included. We converted the Fragments Per Kilobase Million (FPKM) values to the Transcripts Per Million
(TPM) values by using the “limma” R package for TCGA-BLCA database. We combined TCGA and GEO
expression date to get new common gene expression samples data for later analysis.

The proportion of ICI was used to categorize BLCA patients.

The "CIBERSORT" R package, the LM22 signature, and 1,000 permutations were used to evaluate
in�ltration levels for various immune cells in BLCA. ESTIMATE calculated the immune score and stromal
score in BLCA patients. In addition, we acquired the correlation between different immune cells by using
“corrplot” R package. The hierarchical agglomerative clustering of BLCA was implemented by different ICI
patterns of each sample. The number of clusters were determined by consensus clustering algorithm. We
performed the “ConsensusClusterPlus” R package and repeated 1000 times to ensure the stability of
classi�cation.

Acquisition of differentially expressed genes (DEGS) related to ICI Phenotype
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In order to �nd genes linked with ICI patterns, we classi�ed patients into distinct groups based on ICI.
DEGs among different groups were screened by means of the R package “limma”. The signi�cant criteria
of |log FC |>1 and p (adjust) < 0.05 were used to determine DEGs.

Generation of ICI Score

In order to further analysis, an unsupervised clustering method for DEG analysis was applied to divided
the patients into different groups. Positive and negative DEG correlations with cluster signatures were
classi�ed as ICI gene signatures A and B, the “Boruta” algorithm was applied to reduce their
dimensionality. Using the PCA, gene signature score of patients was derived. Finally, we used a procedure
analogous to grading index gene expression to determine ICI score. ICI score = ∑PC1A -∑PC1B.

Collection of Somatic structural variation Data

The correlation mutation information of patients in the TCGA-BLCA cohort was obtained from TCGA data
portal (https://portal.gdc.cancer.gov/repository). In order to determine tumor mutation burden, we
calculated the total number of non-synonymous mutations in BLCA. We got 20 driver genes through the R
package “maftool”, which had the highest mutation frequency in BLCA patients. Finally, we evaluated
whether differences in the mutation frequency of genes between two ICI score groups.

Gene Ontology (GO) and Gene Set Enrichment Analysis (GSEA)

The "clusterpro�ler" package was utilized for gene annotation and enrichment analysis of ICI distinctive
genes. GO terms were screened by a stringent cut off (P< 0.05). Futuremore, we used a GSEA to �nd
pathways that were up and down regulated between two ICI score groups. The parameter settings were
Gene sets database = ”Kyoto Encyclopedia of Genes and Genomes (KEGG)”, n Perm = 1000 and P < 0.05.

Analysis of Clinical Features in two ICI score groups 

The corresponding clinical data from the TCGA and GEO databases was retrieved and manually
organized. We veri�ed predictive value of ICI score with distinct Clinical features (such as age and
gender) by the R package” survival”.

Statistical analysis

All data is analyzed by R software (version 4.0.4). The proportion of 22 types immune cells in BLCA was
calculated by “CIBERSORT” algorithm. The “ConsensusClusterPlus” R package was used to divide BLCA
patients into two types. DEGs between two ICI Phenotype are �ltered through R package "limma". The ICI
score was calculated by PCA algorithm. Further analysis, TMB was obtained in TCGA-BLCA by “TMB.pl”.
The prognosis of BLCA patients was evaluated by R-package” survival”. The "clusterpro�ler" package was
used for gene annotation and enrichment analysis of ICI distinctive genes. The predictive value of ICI
scores with different clinical characteristics (such as age and gender) was veri�ed by R-package
"survival". P < 0.05, considered statistically signi�cant.
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Results

The Pattern of ICI in the TME of BLCA
The work�ow is displayed in Fig. 1. Firstly, a total 569 common gene expression data were extracted from
TCGA and GEO cohorts. Then, the CIBERSORT and ESTIMATE algorithms were applied to assess the level
of immune cells (Filter conditions: p<0.05) in BLCA patients. (Supplementary Table 1 & 2). The correlation
coe�cient heatmap shows that the signi�cant positive correlation of CD8 T cells with activated memory
CD4 T cells and immune score. On the contrary, the signi�cant negative correlation of CD8 T cells with
Macrophages M0 (Fig. 3C). Based on results of immune cell in�ltration, BLCA patients were divided into
two different ICI subtypes by R package "conesusclusterplus" unsupervised clustering. The consensus
matrix was the crispest when K = 2 (Fig. 2A-2D), namely ICI cluster A and B (Supplementary Table 3). The
heatmap enables visualization of the amounts of expression of immune cells of distinct ICI clusters
(Fig. 3B). Moreover, two independent ICI subtypes showed signi�cant difference in the overall survival
rate (p = 0.002; Fig. 3A).

To better explain and comprehend the biological and clinical distinctions among these inherent features,
we analyzed the immune cell composition of two ICI subtypes. Between two ICI subtypes, ICI cluster A
had a better outcome with a median duration of roughly 5 years. Meanwhile, it was marked by increased
in�ltration CD8 T cells, activated memory CD4 T cells and resting Mast cells, ect. In addition, the ICI
cluster A has higher immune score than the ICI cluster B. On the contrary, the ICI cluster B con�rmed a
poor prognosis (median survival duration roughly 3 years) and performed a large rise in the amount of
Macrophages M0 (Fig. 3D).

Identi�ed the subtypes of immune related gene
To understand the underlying biological properties of distinct immunophenotypes, we used R package
“limma” to carry out differential analysis to identify the transcriptome differences between two subtypes.
To determine the DEGs, unsupervised clustering was implemented by the "limma" package
(Supplementary Table 4). We classi�ed BLCA patients into gene clusters A–B by DEGs (Fig. 4A-4D;
Supplementary Table 5). The positive correlation of DEGs values with the clusters signature, were coded
as ICI gene signature A, while the remaining DEGs were coded as ICI gene signature B. At the same time,
to remove interference or duplicated genes, we employed the "Boruta" method to minimize the
dimensionality of gene signatures A and B. The transcriptome properties of DEGs are shown in a heat
map created with the R package "pheatmap." The R package "clusterPro�ler" was applied to execute GO
enrichment analysis on the signature genes. Fig. 5B-5E illustrates the biological processes that have been
signi�cantly enriched, and Supplementary Table 6 contains a thorough explanation.

Next, we evaluated the prognosis of gene clusters A–B combined with survival information. It showed
that two independent gene clusters had signi�cant difference in overall survival (p < 0.001; Fig. 5F). The
gene cluster A was characterized with a better outcome (median survival duration roughly 5.5 years),
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whereas the gene cluster B was linked to a poor outcome. (median survival duration roughly 2 years). As
displayed in Fig. 5G, the gene cluster A showed obvious increase in the in�ltration of some immune cells,
like as CD8 T cells and naive B cells. Meanwhile, the gene cluster B performed a higher Macrophages M0
in�ltration. Finally, some differentially expressed target genes were analyzed in two gene clusters by the
“limma” package.

Generation of ICI Score
In develop a quanti�cation of the ICI environment in BLCA patients, the PCA algorithm was applied to
generate two overall scores: the ICI score A from ICI signature gene A and the ICI score B from ICI
signature gene B. We obtained the sum of individual scores using ICI scores A and B of each sample in
the study. Finally, we obtained the ICI score, which is a predictive signature score. The TCGA-BLCA and
GSE13507 patients were separated into high and low ICI score groups using "survival" package
(Supplementary Table 7). The alluvial diagram described the correlation among the gene clusters, the ICI
score and survival outcomes (Fig. 6A). CD274, CTLA4, HAVCR2, LAG3, and PDCD1 were chosen as
immune-checkpoint-relevant signatures, and CD8A, CXCL10, CXCL9, GZMA, GZMB, IFNG, PRF1, TBX2,
and TNF were selected as immune-activity-related signatures, to investigate the immunological activation
and tolerant state of the TCGA-BLAC and GSE13507 cohorts. With the exception of TBX2, the ICI score
was shown to have a substantial negative correlation with the expression quantity of immune-
checkpoint-relevant and immune-activity-relevant genes. (Fig. 6B). Moreover, GSEA analysis results
revealed that fatty acid metabolism and PPAR signaling pathways were considerably enriched in the high
ICI score group, whereas Proteasome and NOD-like receptor signaling pathways were substantially
enriched in the low one (Fig. 6C). A detailed enrich information description was provided in
Supplementary Table 8.

Next, we investigated at how the ICI score affected a patient's prognosis. It showed that two independent
ICI score groups had remarkably difference in the overall survival rate (p < 0.001; Fig. 6D). The high ICI
score group showed a good prognosis (median survival duration roughly 5.3 years), whereas the low one
had the unfavorable outcome (median survival duration roughly 1.2 years).

Lastly, "ggplot2" package was applied to evaluate the relation between ICI score and survival status. We
found that two independent ICI score groups had signi�cant difference in survival status. The majority of
BLCA in high ICI score group were alive, on the contrary, the majority of BLCA in low one were dead (p =
0.0059; Fig. 6E & F).

TMB & ICI score were applied to assess the prognosis of
TCGA-BCLA cohort patients
Since BLCA was reported to have high degree of somatic changes, subsequently, we determined the
distribution of somatic mutations and combined with ICI score to evaluate the prognosis of patients.
Firstly, the total mutation burden and mutation distribution of TCGA-BCLA were obtained by analyzing
mutation annotation �les. Meanwhile, we sorted the patients into high and low TMB groups. As



Page 7/19

demonstrated in Fig. 7A, we discovered that high TMB group was related to better outcome than the low
one (p <0.001). Considering the contraindication value of TMB and ICI score for prognosis, we
subsequently studied the synergistic effect of ICI score in the prognostic classi�cation of BLCA. The
results reveal that there was a substantial difference in survival between the high and low TMB groups
depending on ICI score subtypes. Among them, the high TMB combined with high ICI score had the best
outcomes in BLCA (p <0.001; Fig. 7B). In conclusion, The ICI score could be utilized as a possible
predictor irrespective of TMB, which could effectively predict the response of immunotherapy.

In addition, twenty driver genes with the greatest mutation frequency were chosen for research
development. We evaluated at the allocation of driver genes in two ICI score groups. The result showed
that the alteration frequency of TP53, KMT2D, PIK3CA, KMT2C and FLG was considerably different
between two ICI score groups (Fig. 7C-7D). Moreover, we discovered that the TP53 mutation frequency
was higher in low ICI score group. The result proved once again that, the group with the low ICI had a poor
prognosis. These results may provide new ideas for the study of the mechanism of ICI in tumor.

Analysis of Clinical traits in two ICI score groups
To be able to clarify the function of ICI score in BLCA, the relationship between ICI score and clinical
characteristics was researched. The strati�ed survival analysis was used to observe whether ICI score
could be applied to different clinicopathological features. Next, we analyzed patients' age and gender.
Results showed that ICI score could effectively forecast OS in all groups from the age and gender clinical
characteristics (Fig. 8A-8D).

Discussion
At the moment, the primary therapeutic strategy for localized BLCA is radical resection, next to
intracavitary chemotherapy or immunotherapy28. However, BLCA has the characteristic of high recurrence
rate and low survival rate5–7. Despite the fact that ICIs are effective against advanced urothelial
malignancies, including BLCA, tumor reaction to ICIs is often poor and di�cult to predict. 12,13. Besides,
TMB is considered as an important marker predicting ICI response in a variety of tumor types.
Nevertheless, the boundary between high and low TMB has yet to be properly de�ned17. As a result,
�nding a novel prognostic marker is critical.

Instead of tumor cells, more and more attention has been paid to ICI recently. In this research, we
combined TCGA-BLCA and GSE13507 to get common gene expression data, which contains 569 BLCA
patient samples. Subsequently, based on unsupervised clustering method, a total 569 patient samples
were divided into two different immune subtypes according to the proportion of ICI. Consensus clustering
has been widely used in genome research29. Based on the DEGs between ICI cluster A and ICI cluster B,
we classi�ed the BLCA patients into two genomic clusters, gene cluster A and B. Anti-tumor cells and pro-
tumor cells are two kinds of immune cells engaged in cancer local immune response 30,31. Different
immune cells could conduct distinct functions in different tumors32. Our analysis results showed that the
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expression levels of CD8 T cells and naive B cells were up-regulated in gene cluster A, indicating a good
outcome. Meanwhile, Macrophages M0 were shown to be positively related with gene cluster B, indicating
a bad outcome.

We obtained two gene signatures by different expression levels of DEGs in different gene clusters. Given
the individual variability of the immunological milieu, quantifying the ICI model for individual tumors is
critical33. In some cancers, individual-based models have been fully established to improve outcome
forecasting34,35. In this study, the PCA algorithm was used to separate the TCGA-BLCA and GSE13507
cohorts into two ICI score groups. The high score group has a better prognosis than the low one. Through
GSEA, we found that the genes implicated in immune activation pathway, such as fatty acid metabolism
and PPAR signaling pathways, were signi�cantly abundant in the high ICI score group. In various ICI score
groups, we analyzed the levels of immune activation related signal and immune checkpoint related
signal. In low ICI score group, the expression levels of CD274, CTLA4, HAVCR2, LAG3, PDCD1, CD8A,
CXCL10, CXCL9, GZMA, GZMB, IFNG, PRF1 and TNF were up-regulated, except TBX2. Besides, we
explored the mutation frequency of some driving genes in different ICI score groups. The results revealed
that in the low ICI score group, the frequency of TP53 mutations was increased. All of these studies
revealed that the ICI score was adversely linked with tumor malignancy from different perspectives. Since
the neoantigen load could be easily detected and evaluated by TMB, it has been proved to be an indicator
of clinical bene�t and a prognostic factor for predicting ICI response. Our analysis shows that high TMB
has better OS performance in BLCA. Finally, we found that the high TMB combined with something like
the high ICI score has higher survival rate than others. ICI score can effectively predict the OS of age and
gender groups. However, all results of this study were obtained retrospectively based on public databases,
which requires further prospective validation.

Conclusions
We carefully investigated the BLCA ICI environment, resulting in a comprehensive view of anti-/pro-tumor
immune response modulation in BLCA. The variation of ICI patterns is related to tumor heterogeneity. As
a result, this discovery has signi�cant clinical implications for the comprehensive examination of tumor
ICI patterns. Our results revealed that ICI score could be served as an e�cient predictive marker which is
independent of TMB. These �ndings could contribute to a novel strategy to predict the prognosis of
BLCA.
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Figure 2
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Figure 3
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Figure 4
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Figure 5
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Figure 6
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Figure 7
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