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Abstract 

Background  Bladder cancer (BLCA) is notably associated with advanced age, characterized by its high incidence 
and mortality among the elderly. Despite promising advancements in models that amalgamate molecular subtypes 
with treatment and prognostic outcomes, the considerable heterogeneity in BLCA poses challenges to their universal 
applicability. Consequently, there is an urgent need to develop a new molecular subtyping system focusing on a criti-
cal clinical feature of BLCA: senescence.

Methods  Utilizing unsupervised clustering on the Cancer Genome Atlas Program (TCGA)-BLCA cohort, we crafted 
a senescence-associated molecular classification and precision quantification system (Senescore). This method 
underwent systematic validation against established molecular subtypes, treatment strategies, clinical outcomes, 
the immune tumor microenvironment (TME), relevance to immune checkpoints, and identification of potential thera-
peutic targets.

Results  External validations were conducted using the Xiangya cohort, IMvigor210 cohort, and meta-cohort, 
with multiplex immunofluorescence confirming the correlation between Senescore, immune infiltration, and cellular 
senescence. Notably, patients categorized within higher Senescore group were predisposed to the basal subtype, 
showcased augmented immune infiltration, harbored elevated driver gene mutations, and exhibited increased 
senescence-associated secretory phenotype (SASP) factors expression in the transcriptome. Despite poorer progno-
ses, these patients revealed greater responsiveness to immunotherapy and neoadjuvant chemotherapy.

Conclusions  Our molecular subtyping and Senescore, informed by age-related clinical features, accurately depict 
age-associated biological traits and its clinical application potential in BLCA. Moreover, this personalized assess-
ment framework is poised to identify senolysis targets unique to BLCA, furthering the integration of aging research 
into therapeutic strategies.
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Introduction
Bladder cancer (BLCA) is the 10th most prevalent carci-
noma with high incidence and mortality among urinary 
malignancies worldwide, leading to substantial societal 
burden [1]. For individuals, the high heterogeneity of 
the BLCA tumor microenvironment (TME), which con-
sists of various types of cells and cellular matrices, con-
tributes to diverse clinical outcomes, most of which are 
unfavourable [2]. The unsatisfactory clinical outcomes 
specifically suggest that traditional regimens for BLCA, 
centered around radical cystectomy and cisplatin-based 
chemotherapy, have encountered a bottleneck in terms of 
limited efficacy and prognosis [1]. Recent advancements 
have introduced neoadjuvant chemotherapy and immu-
notherapy for BLCA. However, personalized assessment 
has lacked comprehensive integration of genomics with 
clinical data for precise treatment selection and effi-
cacy evaluation [1, 3]. Therefore, we are dedicated to 
the development of new molecular stratification tools 
and quantitative systems to facilitate precision medi-
cine for BLCA [4]. From the perspective of tumor evo-
lution, it takes an average of 10–15 years for the normal 
urothelium to progress from being cytologically normal 
to developing oncogene mutations and then to advanced 
or metastatic urothelial carcinoma [1, 5]. This implies 
that tumor diversity is not static but rather constitutes 
a dynamic, four-dimensional process that unfolds across 
both spatial and temporal dimensions.

Age functions as a quantifiable metric of accumulated 
risk, encompassing exposure events and genetic muta-
tions over time in clinical contexts, particularly in BLCA 
[6, 7]. The National Institute of Health (NIH) reported in 
the SEER (Surveillance, Epidemiology, and End Results 
Program) data that the average age at diagnosis and death 
for BLCA patients was over 70  years old in the United 
States. More notably, a majority of BLCA patients are 
diagnosed at an age exceeding 65 years, and the mortal-
ity rate increases with advancing age [6, 7]. Indeed, aging 
reshapes the somatic landscape of tumor patients [8], 
leading older individuals to exhibit higher oncogenic bur-
den of mutations compared to younger ones [9]. There-
fore, BLCA is often perceived as a geriatric disease [6]. 
At the cellular level, the biological processes of aging 
and carcinogenesis are inherently incompatible [10, 11]. 
However, at the sample level, considering mutual time-
dependent effects, aging and malignancy actually share 
various mechanisms, referred to as meta-hallmarks. 
The interplay between these commonalities constitutes 
the basis for the dual role of aging in promoting and 

inhibiting tumors [10]. Besides meta-hallmarks, para-
doxical characteristics unique to aging, namely giant cell 
autophagy and cellular senescence, are gradually being 
recognized to hold great potential as breakthroughs in 
addressing cancer [10].

Moreover, an advanced age associated with BLCA sug-
gests an ageing TME [12]. In the BLCA TME, fibroblasts 
and immune cells are particularly susceptible to aging-
related changes, leading to the secretion of the senes-
cence-associated secretory phenotype(SASP) factors 
[13]. This results in a cascade of aging effects that sig-
nificantly influence the overall TME response to various 
treatments [14]. Currently, senescence-related therapies, 
including senolytics and senomorphic drugs, have dem-
onstrated significant potential across a variety of cancers. 
Emerging evidence has systematically characterized the 
senescent tumor microenvironment in hepatocellular 
carcinoma (HCC) and prostate adenocarcinoma, reveal-
ing age-related cellular reprogramming that promotes 
therapeutic resistance [15, 16]. Parallel investigations 
in bladder cancer have shifted focus toward delineating 
immune-modulatory stromal subpopulations, particu-
larly their spatial distribution patterns and functional 
crosstalk in patients receiving immune checkpoint inhib-
itors [17]. However, the effects of aging on the TME and 
anti-tumor immunity have not been comprehensively 
studied in BLCA.

To establish a foundation for additional research in this 
field, we investigated the role of senescence-related genes 
in the BLCA TME, confirming the critical influence of 
aging on the anti-tumor immunity cycle. Here, we intro-
duce a novel classification system based on age-related 
characteristics in BLCA, followed by the introduction of 
a quantitative scoring system, termed the Senescore. The 
Senescore is designed to evaluate individual TME status 
and immune potential, offering insights for precise BLCA 
treatment and prognosis evaluation.

Materials and methods
Data preparation and preprocessing
Xiangya transcriptome cohort
This cohort, rigorously collected and sequenced inde-
pendently by Xiangya Hospital, includes 57 bladder can-
cer (BLCA) samples and 13 normal bladder tissues to 
generate mRNA sequencing profiles, as detailed in our 
previous studies [18–21]. The Xiangya cohort has been 
deposited in the Gene Expression Omnibus (GEO) data-
base under accession number GSE1887155 [22].
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Xiangya tissue microarray (TMA) cohorts
The TMA dataset consists of 50 untreated BLCA samples 
and 51 BLCA samples treated with immune checkpoint 
inhibitors [21, 23, 24].

The Cancer Genome Atlas (TCGA) cohort-BLCA.
TCGA-BLCA cohort, containing transcriptome profile 

with clinical annotations of 400 BLCA patients, was orig-
inally downloaded from the website UCSC Xena. With 
initial data cleaning and normalization, we straightly 
captured three forms showing RNA-seq of encoding 
genes only, namely counts, FPKM and TPM. Mutation 
profile, especially the copy number variation(CNV) was 
processed with GISTIC2.0 [25]. Tumor mutation burden 
(TMB) is further computed with VarScan2.

IMvigor210, the BLCA Immunotherapy cohort
IMvigor210 is a clinical immunotherapy trial, blocking 
PD-L1 with atezolizumab, on BLCA patients inappropri-
ate for cisplatin therapy [26]. We extracted and curated 
the consolidated RNA-seq matrix with clinical annota-
tions from the study by Mariathasan S et. al [27].

Gene Expression Omnibus (GEO) cohorts
GSE48075 is a transcriptome dataset for BLCA [28], 
while GSE32894 pertains to urothelium carcinoma [29]. 
Both datasets were retrieved from the GEO database. We 
employed the “sva” R package to merge these two data-
sets into a meta-dataset.

Filtering BLCA specific senescence‑related genes 
and unsupervised clustering
We comprehensively collected all genes which could 
potentially correlate with aging of BLCA patients. Three 
ways collectively contribute to the original gene list, 
named as Raw_Gene_Set. Firstly, we extensively collected 
genes from the portal MSigDB mainly in terms of two 
features of ageing specific to cancer, namely autophagy 
and cellular senescence. Otherwise in GenAge portal 
[30], packed human lifespan-related genes were included. 
In OPEN GENES [31], we collected genes related to vari-
ous topics including “Changes in gene activity affect the 
age-related process”, “Senescence” and “Regulation of 
genes associated with aging”. Secondly, we acquired tis-
sue-specific genes from various sources. In CellAge por-
tal [32], cell type was restricted to BLCA. In AgeAnno 
[33], differentially expressed genes(DEGs) between the 
old and middle-aged bladder samples were captured. In 
Digital Ageing Atlas (DAA), tissue type was restricted 
to bladder. Thirdly, we referred to latest publications to 
avoid ignoring genes that databases, somehow, excluded 
due to timeliness [34]. We finally pooled all genes derived 
from different sources and the Raw_Gene_Set contain-
ing 3115 genes was constructed. For the record, all genes 

included were taken from researches on ageing or lifes-
pan of Homo Sapiens.

Next, in TCGA-BLCA cohort, we performed differ-
ential analysis on expression matrix of Raw_Gene_Set 
between the old (> 65 y) and the middle-aged (≤ 65 y). 
Eight genes, showed potential discrepancy, which were 
further incorporated into Cluster_Gene_Set. This gene 
list contained SSTR5, BMP5, CRTAC1, WIF1, CCL11, 
FGF7, UCHL1 and NCAM2. We then applied Clus-
ter_Gene_Set into unsupervised clustering under the 
condition: maximum evaluated k of 6, resamplings(reps) 
of 100, item resampling (pItem) of 0.8, gene resampling 
(pFeature) of 1. Kmdist clustering algorithm (cluster-
Alg) was partitioning around medoids (PAM) and dis-
tance was spearman. Comprehensive comparison among 
6 clustering results indicated advantage of two dis-
tinct BLCA molecular subtypes, which were named as 
Senecluster.

Construction of the BLCA senescence quantification 
system: Senescore
Senescore was derived from the Senecluster. 1155 DEGs 
between two clusters were identified using “limma” R 
package. We performed univariate cox analysis to fur-
ther screen DEGs with prognostic significance. Expres-
sion matrix on 318 significantly prognostic DEGs was 
put into principal component analysis (PCA). We 
considered the eigenvector of PC_1 as the coefficient 
matrix in the formula. Specifically, the formula writes: 
Senescorei =

318
k=1 PC_1ik ∗ Z_Expik,

Senescorei is the quantitative senescore value of BLCA 
patient_i. k is the number of one gene, ranking from 1 to 
318. For instance, k represents one random gene, Gene_k. 
PC_1ik is the coefficient of Gene_k. Z_Expik is the expres-
sion of Gene_k after Z-score standardization.

Classical BLCA molecular subtypes
Molecular subtype system is of potential value in clini-
cal application, playing an important role in the diagno-
sis, treatment and prognosis of BLCA. As reported in 
previous works [19–22], seven widely proven molecular 
subtypes were followed by our research for further pre-
diction and therapy indication [28, 29, 35–39].

We calculated and obtained identifications of seven 
molecular classifiers on individual based on RNA-seq 
matrix from various cohorts using R packages includ-
ing “ConsensusMIBC” and “BLCAsubtyping”. Combined 
with our constructed quantification system, we explored 
the potential of Senescore to predict different molecular 
subtypes in patients with receiver operator curve (ROC) 
analysis, while area under curve (AUC) was considered a 
measure of prediction accuracy.
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Survival analysis, enrichment analysis and mutational 
analysis
Kaplan–Meier curve (K-M) was performed with “sur-
vival” package and visualized with “survminer” package. 
For enrichment analysis, single-sample gene set enrich-
ment analysis (ssGSEA) was conducted to calculate 
enrichment score (ES) of selected gene set or signature at 
single-sample level. We used gene set variation analysis 
(GSVA), using “GSVA” package, to calculate ES of specific 
signature in a cohort. Alternatively, for RNA-seq matrix 
after differential analysis, gene set enrichment analysis 
(GSEA) was conducted. To confirm the biological func-
tions of DEGs, we conducted Gene Ontology (GO) and 
Kyoto Encyclopedia of Genes and Genomes (KEGG) 
analyses. Differential mutation map was obtained with 
“maftools” package and chi-square test was used to verify 
the statistical significance.

Illustrating the BLCA tumor microenvironment (TME) 
multidimensional immune features
The analytical approach in this section aligns with that 
of previous studies [19–21, 24]. At molecular level, we 
explored the correlation between Senescore with 122 
collected immunomodulators and 36 markers of 5 vital 
tumor-infiltrating immune cells (TIICs). At cellular level, 
we applied two validated methods, MCP-COUNTER and 
TIMER, into calculating the infiltration state of TIICs. 
Moreover, the activity of the TIICs, reported as the can-
cer immunity cycle, was evaluated with online analysis 
platform: TIP. We also performed enrichment analysis 
and revealed relevant immune pathways [40].

Prediction of treatment efficacy in BLCA patients
We identified the mutational landscape of therapeutically 
relevant mutant targets between binary groups divided 
by Senescore. We selected neoadjuvant chemotherapy 
(NAC) related genes including TP53, RB1, PIK3CA, 
ERBB2, ATM, ERCC2, BRCA1 and FANCC from the 
study by Giobanni M et. al [41]. For erdatinib therapy, we 
focused on mutation profile of two genes, namely FGFR2 
and FGFR3 [42–44]. Therapeutic signatures and drugs, 
related to radiotherapy, target therapy and immunother-
apy, were methodically gathered up previously.

Especially in immune checkpoint blockade (ICB) ther-
apy, we first explored the correlation between the Sene-
score with various immunotherapy effect indicators and 
signatures including EMT markers, panfibroblast TGF-β 
reaction score, MANTIS score and T cell-inflamed score 
(TIS) [45]. TIS was developed within 18 genes from 
pan-cancer analysis and was of momentous value in 
predicting the clinical response to ICB treatment. We 
then correlated the Senescore with collected 22 immune 

checkpoints and potential targets listing as MYBL2 [46], 
SBSN [47], GATA6 [48], GATA3 [49], PTP4A3 [50], 
S100A5 [19], BCAT2 [21], YTHDF2 [51], PLAGL2 [52], 
TRIP13 [53] and Siglec15 [24] that received considerable 
attention and validation.

Polychromatic immunofluorescence
We employed a multi-color immunofluorescence tech-
nique to investigate the interplay between SFRP2+ cells, 
CD8+ cells and cellular senescence (P16+ cells [54, 55]) at 
the cellular level. DAPI was used for nuclear staining [23], 
while specific primary and secondary antibodies were 
utilized for the staining of SFRP2+ (Mouse: Ag18840, 
proteintech, USA), P16+ (Rabbit: Ag1328, proteintech, 
USA), and CD8+ (Mouse: Ag11111, proteintech, USA) 
cells. Initially, we examined the co-expression patterns 
of SFRP2, P16, and CD8 across two TME phenotypes 
(Inflammed and Non-inflammed), as well as their respec-
tive expression patterns. Subsequently, we compared 
pairwise co-expression patterns of three proteins in two 
immune subtypes by flow cytometry to reveal a quanti-
fied relationship between senescore, cell senescence, and 
CD8T cell infiltration. Moreover, we performed spatial 
analysis of the expression of P16 and CD8 in regions 
characterized by high and low SFRP2 expression.

Statistical analysis, visualization & Biostatistical criteria
All data processing, analysis and visualization was car-
ried out in R (Version 4.2.2). P value of less than 0.05 
was considered statistically biological significance. BLCA 
patients were dichotomously grouped according to the 
median or the best cut-off value of Senescore.

For samples fitting Gaussian distribution altogether, 
t-test was used to compare between binary groups. Alter-
natively, we use Mann–Whitney U-test to deal with sam-
ples with skewed distributions. For categorical variables, 
we used chi-square test to reveal significance. All statis-
tical assumptions were consistent with biological and 
medical basic logic. All hypothesis tests are two-sided.

Data availability
RNA‑seq data with clinical information
The data are available from the corresponding author on 
reasonable request.

Xiangya RNA-seq cohort, namely the GSE188715, 
could be captured at GEO database: https://​www.​
ncbi.​nlm.​nih.​gov/​geo/​query/​acc.​cgi?​acc=​GSE18​8715; 
GSE32894: https://​www.​ncbi.​nlm.​nih.​gov/​geo/​query/​acc.​
cgi?​acc=​GSE32​894; GSE48075: https://​www.​ncbi.​nlm.​
nih.​gov/​geo/​query/​acc.​cgi?​acc=​GSE48​075; TCGA-BLCA 
cohort: https://​xenab​rowser.​net/; IMvigor210: http://​
resea​rch-​pub.​Gene.​com/​imvig​or210​coreb​iolog​ies/;

https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE188715
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE188715
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE32894
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE32894
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE48075
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE48075
https://xenabrowser.net/
http://research-pub.Gene.com/imvigor210corebiologies/
http://research-pub.Gene.com/imvigor210corebiologies/
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Gene collection database
MSigDB: https://​www.​gsea-​msigdb.​org/​gsea/​msigdb; 
GenAge:  https://​genom​ics.​senes​cence.​info/​genes/​index.​
html;  CellAge: https://​genom​ics.​senes​cence.​info/​cells/​
query.​php?​search= ; Digital Ageing Atlas (DAA):https://​
ageing-​map.​org/​atlas/​resul​ts/?​sort=​name&s=​&​speci​es%​
5B%​5D=​9606&t=​tissue; Ageanno: https://​relab.​xidian.​
edu.​cn/​AgeAn​no/#/.

Drug database
DRUGBANK: https://​go.​drugb​ank.​com/.

K-M analysis for SFRP2 expression in BLCA patients.
https://​kmplot.​com/. [56].

Results
Age‑Based Senecluster Classification via RNA Sequencing
Figure  1A provides a preliminary overview of our find-
ings. We assembled 3115 characteristic genes, covering 
various aspects of BLCA aging biology, termed the Raw_
Gene_Set (Table S1). We conducted a differential analysis 
on RNA-seq data between the younger (≤ 65  years old) 
and the elderly (> 65 years old) BLCA patients, identifying 
eight age-specific genes to construct the Cluster_Gene_
Set (Fig. 1B,Table S2). The correlation map of eight genes 
highlighted their prognostic implications, as elucidated 
by log-rank test and inter-gene associations (Fig.  1C). 
Using the eight genes from the Cluster_Gene_Set, we 
performed unsupervised classification to categorize 
BLCA patients into two age-related subgroups, namely 
Senecluster 1 (N = 257) and Senecluster 2 (N = 143) after 
comprehensive evaluation (Figure S1A-I). Subsequently, 
we illustrated the expression patterns of genes in Clus-
ter_Gene_Set across the binary Seneclusters, integrated 
with other clinical characteristics (Fig.  1D). Patients 
within Senecluster1 were notably older with poor prog-
nosis (Fig. 1E-F).

Potential clinical applications of senecluster‑based 
senescore combined with age
Three steps facilitated the development of the Senescore 
based on the Senecluster (Fig.  2A). Differential analysis 
between the clusters primarily identified 1155 differen-
tially expressed genes (DEGs) (Fig. 2B).

Among the screened DEGs, basal subtype-specific 
markers such as KRT6A and luminal subtype-specific 
markers including KRT20, UPK1A, and UPK2 were iden-
tified (Fig. 2B, Table S3). Senecluster showed similarities 
to classical BLCA subtypes, with comparable effects and 
potential for clinical application. From the list of DEGs, 
we identified 318 genes with significant prognostic value 
and established the Senescore using principal component 
analysis (PCA) (Fig.  2C). The Senescore correlates with 
senescence-related biological features. Gene Ontology 

(GO) and Kyoto Encyclopedia of Genes and Genomes 
(KEGG) analyses revealed the comprehensive function of 
Senescore (Fig. 2D-E). These results emphasized the role 
of extracellular matrix (ECM) in the biological founda-
tion of crosstalk between cancer and aging. Based on the 
above results, we speculate that the senescence-related 
signature influences the ECM through various biological 
processes, including the PI3K-Akt pathway and structural 
biology, which could affect senescence or malignancy.

Patients were categorized into two groups based on the 
median Senescore: high Senescore and low Senescore. 
Survival analysis indicated difference between the two 
groups, and the high Senescore indicated negative prog-
nosis (Fig.  2H). There was a correlation between Sene-
score and individual age to a certain extent. A scatter 
diagram displayed the distribution of Senescore across 
ages, grouped by Seneclusters (Fig. 2F). Patients in Sene-
cluster1 were observed to have higher ages and Senescore 
compared to those in the other group (Fig. 2F). A statis-
tical difference also existed between Senescore of two 
groups when divided by age (p = 0.0071, Fig. 2G). When 
divided into four subsets by integrating age and Senes-
core, there was a significant survival difference observed 
(p < 0.001, Fig.  2I). These results suggested the potential 
clinical application of combining age with Senescore to 
estimate the prognosis of BLCA patients.

Senescore reflected the mutation landscape
Comparing mutation profiles of the top 30 genes 
between low and high Senescore groups revealed vary-
ing mutation rates (Figure S2A-B). The high Senescore 
group exhibited higher mutation rates in TP53 (55%) and 
KMT2D (29%) associated with poor prognosis compared 
to the low Senescore group (Figure S2A-B). Abundant 
mutations and elevated mutation rates in crucial loci of 
key tumor driver genes, notably RB1 and TP53, within 
the high Senescore group, correlated with poor prognosis 
(Figure S2C-F).

Senescore indicated classical molecular subtypes and 
therapeutic strategies.

A high Senescore was associated with the basal subtype 
in Baylor, UNC, MDA, and TCGA classification system, 
enriched in basal differentiation, EMT differentiation, 
and immune differentiation, indicating poor prognosis 
(Fig.  3A-B). The low Senescore group showed luminal 
differentiation, urothelial differentiation, and Ta pathway 
characteristics, aligning with luminal subtype and a more 
favorable prognosis (Fig.  3A-B). The receiver operating 
characteristic (ROC) curve analysis comprehensively 
evaluated the sensitivity and specificity of Senescore in 
predicting molecular subtypes (Fig. 3C). Patients with a 
low Senescore were found to be more responsive to tar-
get therapies on oncogenic pathways, in contrast, those 

https://www.gsea-msigdb.org/gsea/msigdb
https://genomics.senescence.info/genes/index.html
https://genomics.senescence.info/genes/index.html
https://genomics.senescence.info/cells/query.php?search=
https://genomics.senescence.info/cells/query.php?search=
https://ageing-map.org/atlas/results/?sort=name&s=&species%5B%5D=9606&t=tissue
https://ageing-map.org/atlas/results/?sort=name&s=&species%5B%5D=9606&t=tissue
https://ageing-map.org/atlas/results/?sort=name&s=&species%5B%5D=9606&t=tissue
https://relab.xidian.edu.cn/AgeAnno/#/
https://relab.xidian.edu.cn/AgeAnno/#/
https://go.drugbank.com/
https://kmplot.com/.
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Fig. 1  Creation of Senecluster based on age by RNA sequencing. A Overview of path to clustering. B Volcano plot screening the DEGs related 
with ageing. C Correlation, prognosis, and log-rank test P-value of 8 selected genes. D Expression patterns of screened genes across seneclusters. E 
Kaplan–Meier curves for patient survival in Sene clusters 1 and 2. F Violin plot indicates ageing difference between two Seneclusters
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with a high Senescore benefited more from epidermal 
growth factor receptor (EGFR) targeted therapy and radi-
otherapy (Fig. 3D). Specifically, patients with high Sene-
score demonstrated favorable responses to cetuximab, 
atezolizumab, and docetaxel, whereas low Senescore 
patients were particularly responsive to sorafenib and 
vinblastine (Fig. 3E).

The classical molecular subtype acted as a bridge, 
linking Senescore with therapeutic strategy and hint-
ing at potential clinical decisions. Clinical benefit from 
neoadjuvant chemotherapy (NAC) was notably influ-
enced by individual molecular subtype [1]. Focusing 
on a NAC-related gene list, we found more patients in 
the low Senescore group had more NAC-related gene 

Fig. 2  Senecluster-based Senescore combined with age has potential clinical applications. A Path to establishing the Senescore. B Volcano 
plot showing 1155 DEGs. C 318 DEGs screened by prognostic value. D GO analysis indicated the Senescore was enriched in senescence related 
pathways, especially in extracellular biological processes. E KEGG analysis in high Senescore. F Scatter plot describing the relationship between age, 
score, and cluster. G Significant difference between Senescore of the middle-aged and the elderly. H Survival difference between high and low 
Senescore groups. I Survival differences between groups labeled with Senescore and age
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Fig. 3  Senescore indicated classical molecular subtypes and therapeutic strategies. A Correlation between Senescore, Senecluster and 7 classical 
molecular subtypes for BLCA. B Heatmap of pathway enrichment in Senescore and Senecluster groups labeled with seven classical molecular 
subtypes. C ROC analysis of Senescore predicting classical molecular subtypes. D Assessment of treatment sensitivity profiles in high and low 
Senescore groups. E High and Low Senescore groups evaluation of various drug sensitivity. F Mutation landscape of NAC-related genes in high 
Senescore group. G Mutation landscape of NAC-related genes in low Senescore group
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mutations compared to the other group (62% vs 56.78%, 
Fig. 3F-G). Given recent advances in erdafitinib clinical 
application for BLCA, we found FGFR2/FGFR3 muta-
tion rates higher in the low Senescore group compared 
to the other (Figure S3A-B).

Senescore as an effective differentiator of TME immune 
States
High Senescore groups showing up-regulation of immu-
nomodulators and SASP factors (Figure S4A-B). Effec-
tor genes from key immune cells were overexpressed 
(Fig.  4A), suggesting higher levels of immune cell 

Fig. 4  Senescore effectively differentiated TME immune states. A Effector genes expression of five vital immune cells in Senescore and Senecluster 
groups. B Predicted levels of immune infiltration and anti-cancer immunity cycle in Senescore and Senecluster groups. C GSEA analysis 
of Senescore. D Correlation between Senescore with immune cell effector genes and specific steps of anti-cancer immunity cycle. E Linear 
correlation between Senescore with TIS. F Differential distribution of TMB in two Senescore groups. G Correlation between Senescore with TIS 
effector genes and Correlation between Senescore with immune checkpoints. H Mutation difference of immune hyperprogression related genes 
between two Senescore groups. I Expression of immune hyperprogression related genes between two Senescore groups
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infiltration in high Senescore and Senecluster1(Fig.  4B). 
The high Senescore and Senecluster1 group exhibited 
significant immune cell population differences, con-
sistent across MCP-COUNTER (Figure S4C-D) and 
TIMER (Figure S4E-F) analyses, except for neutrophils. 
As expected, most steps of the anti-tumor immunity 
cycle were activated in high Senescore and Senecluster1 
(Fig.  4B). Differential activation of steps 1 to 5 between 
high and low Senescore groups was noted, and the out-
comes within Senecluster remained consistent. (Figure 
S4G-H). Gene set enrichment analysis (GSEA) analysis 
revealed high expression of chemokine, IL-17 signaling 
pathways, and neutrophil extracellular trap formation 
in the high Senescore group (Fig.  4C), with all effec-
tor markers significantly correlating with Senescore 
(Fig.  4D). This correlation extends to many anti-tumor 
immunity cycle steps (Fig.  4D), suggesting that active 
pathways reflected stronger immune infiltration in high 
Senescore. Moreover, activated neutrophil extracellular 
trap formation indicated differential neutrophil expres-
sion (Fig. 4C), underscoring the comprehensive impact of 
Senescore on TME immunological states.

Patients with a high Senescore demonstrated enhanced 
T cell-inflamed score (TIS), indicating a more pro-
nounced immune cell infiltration compared to the 
low Senescore group. A confirmed linear relationship 
between Senescore and TIS, with a slope of 0.5, under-
scored this correlation (p < 0.001, Fig. 4E). Meanwhile, the 
results showed a high Senescore correlated with signifi-
cantly higher tumor mutation burden (TMB) (p = 0.0012, 
Fig.  4F). Most TIS key genes were concentrated in the 
high Senescore group (Figure S5B), with all crucial genes 
constructing the TIS significantly correlating with Sene-
score (Fig.  4G). Positive correlations between Senes-
core and most immune checkpoints, including PD-1, 
PD-L1, and CTLA-4, except for CEACAM1, were noted 
(Fig.  4G). The high Senescore group exhibited differen-
tial expression of BLCA validated targets (Figure S5B-
C). Pathway enrichment scores, associated with immune 
checkpoint blockade (ICB) response, were significantly 
up-regulation in high Senescore group (Figure S5D). The 
levels of CDKN2A and CDKN2B, genes negatively asso-
ciated with immune hperprogression [57], were notably 
reduced in the low Senescore group (Fig. 4H-I). In sum-
mary, high Senescore links to enhanced immune infiltra-
tion, suggesting potential immunotherapy benefits but 
also risks of immune hyperprogression and adverse out-
comes, marking its significant role in predicting clinical 
responses to ICB.

Functional analysis and clinical implications of senescore 
in bldder cancer
Differential enrichments in KEGG pathways, oncogenic 
pathways, and metabolic hallmarks were noted across 
groups between age subgroups and Senescore groups. 
KEGG analysis confirmed 16 and 6 differentially enriched 
pathways between age subgroups and Senescore groups, 
respectively (Fig.  5A-B). Intersection of enriched path-
ways highlighted the role of KEGG PANTOTHENATE 
AND COA BIOSYNTHESIS in both aging and cancer 
(Fig.  5C). Repeating the operation uncovered 18 onco-
genic pathways (Figure S6A-C, Table  S4) and 10 meta-
bolic hallmarks (Figure S7A-C, Table  S5) clarifying the 
cancer-aging nexus across groups. Functionality differ-
ences between Senescore groups accounted for prognosis 
and treatment selection variability.

We explored the clinical application of the model. 
Senescore and Senecluster were linked to standard clini-
cal traits (Fig. 5D). Age and Senescore, selected through 
univariate Cox regression for multivariate analysis, were 
chosen for bedside assessment based on their statistical 
significance (p < 0.05, Figure S5E). A nomogram, utilizing 
only individual age and Senescore, was then constructed 
to evaluate individual prognosis, demonstrating the com-
bined potential of these factors in clinical predictive util-
ity (Fig. 5F).

Validating of Senescore in the Xiangya cohort
In the Xiangya cohort, high Senescore was associated 
with basal subtypes, whereas the low Senescore group 
showed a preference for luminal subtypes (Fig. 6A). Spe-
cifically, significant enrichment in luminal differentiation, 
urothelial differentiation, and the Ta pathway character-
ized the low Senescore group, while the high Senescore 
group was marked by extracellular matrix-related path-
ways, including stromal differentiation and myofibroblast 
activation (Figure S8A). The areas under the ROC curves 
(AUCs) for Senescore prediction of classical molecular 
subtypes, ranging from 0.84 to 0.98, demonstrated high 
accuracy (Fig. 6C). Additionally, patients with low Sene-
score were sensitive to immune inhibited therapies on 
oncogenic pathways, whereas EGFR targeted therapy 
and radiotherapy were beneficial for patients with a high 
Senescore (Fig. 6B). The overall immune landscape delin-
eated for the cohort revealed an inflamed TME in the 
high Senescore group, characterized by numerous up-
regulated immunomodulators (Figure S8B). Consistently, 
Senescore was significantly correlated with ICB-related 
signatures and extensive anti-tumor immunity, indicating 
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dense immune component infiltration in the TME within 
high Senescore (Fig. 6E). Furthermore, Senescore corre-
lated with a significant number of immune checkpoints, 

notably PD-1, PD-L1, CTLA-4, and TIGHT (Figure S8C-
G), underscoring its potential in guiding clinical deci-
sions and understanding the TME dynamics.

Fig. 5  Senescore-cancer links elucidated by function analysis and clinical applications of Senescore. A-B KEGG pathways differentially enriched 
between age (A) and Senescore groups (B). C Intersection of difference pathways between age groups and those between score groups. D 
Correlation between Senescore, Senecluster and clinicopathological information. E Conduction of univariate and multivariate cox regression 
on clinicopathological information. F Nomogram from multivariate cox regression
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Fig. 6  Validating the role of Senescore in Xiangya cohort. A Correlation between Senescore and classical molecular subtypes. B Heatmap displays 
the correlation between Senescore and various target therapeutic strategies. C ROC analysis of Senescore predicting seven molecular subtypes 
in Xiangya cohort. D Survival difference between high- and low-SFRP2 expression patients. E Correlation between Senescore and positive ICB 
signatures
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We identified SFRP2 as the most up-regulated gene 
in the high Senescore group and selected it as a sur-
rogate for Senescore (Fig.  2B), facilitating verifica-
tion through immunofluorescence. Additionally, P16 
as classic aging marker, was selected to assess the 
aging state. In the Xiangya tissue microarray (TMA) 
cohort, we utilized multiple immunofluorescences to 
investigate the interplay among Senescore (SFRP2), 
cytotoxicity immunity (CD8), and cellular senes-
cence (P16). Patients were categorized as ‘inflamed’ 
or ‘non-inflamed’ based on CD8 T cell status. High 
SFRP2 expression was linked to optimistic progno-
sis in pan-cancer immunotherapy cohort (N = 463, 
Fig.  6D). Tricolor maps revealed that high P16 and 
SFRP2 expression predominantly surrounded tumor-
infiltrating CD8 T cells in inflamed patients, a pat-
tern less evident in non-inflamed individuals (Fig. 7A). 

Comparatively, co-expression levels of P16/SFRP2, 
P16/CD8, and CD8/SFRP2 were markedly higher in 
inflamed than in non-inflamed patients (Fig. 7B). Gra-
dient analysis of distances from SFRP2+ cells within 
inflamed patients showed a decline in P16+ and CD8+ 
T cell counts from proximal to distal zones, unlike in 
non-inflamed patients, suggesting a spatial relation-
ship between Senescore, T cell immunity, and cellular 
senescence (Fig. 7C).

Validating of Senescore in the IMvigor210 cohort 
and meta‑cohort
In the context of the immunotherapy cohort (IMvigor210 
cohort), the Senescore system underwent further vali-
dation. Initial analysis indicated an absence of discern-
ible survival disparities between high and low Senescore 
groups across the entire population (Fig.  8A). However, 

Fig. 7  Interactions between Senescore, cytotoxic Immunity and cellular senescence in Xiangya cohort. A Multicolor fluorescent protein 
co-expression map in inflamed and non-inflammed BLCA patients. B Co-expression of P16/SFRP2, P16/CD8, and CD8/SFRP2 in inflamed 
and non-inflammed BLCA patients. C Spatial distance gradient analysis of P16 + cells and CD8 + T cells to SFRP2 + cells
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upon further stratification based on treatment response, 
intriguing patterns emerged. Low Senescore patients in 
the response (CR) or partial response (PR) categories 
exhibited better prognoses (Fig.  8B), while those with 
high Senescore demonstrated more favorable outcomes 
in the stable disease (SD) or progressive disease (PD) sub-
sets (Fig.  8C). Considering the reinvention of immuno-
therapy on TME, the IMvigor210 cohort was categorized 

into three immune subtypes: desert, excluded, and 
inflamed. Furthermore, regression analysis revealed a 
positive linear correlation between TIS and Senescore in 
patients with a low Senescore within desert and excluded 
subtypes, suggesting the utility of Senescore as a predic-
tive marker (Fig.  8J, Figure S9A). In the desert immune 
subset, high Senescore patients surprisingly had better 
outcomes (Fig. 8D), and those with a low Senescore more 

Fig. 8  Validating the role of Senescore in IMvigor210 cohort and meta-cohort. A Survival difference in overall Senescore group. B Survival 
difference between Senescore groups in CR/PR subset. C Survival difference between Senescore groups in SD/PD subset. D Survival analysis 
in desert immunophenotype. E Survival analysis in excluded immunophenotype. F Survival analysis in inflamed immunophenotype. G Correlations 
between Senescore and PD-L1 level on immune cells. H Correlations between Senescore and PD-L1 level on tumor cells. I Differences in Senescore 
between different immune phenotypes. J Linear fitting curve of the relationship between the Senescore and TIS in desert and excluded 
Immunophenotypes. K Survival difference between Senescore groups. (*P < 0.05; **P < 0.01; ***P < 0.001)
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often fell into SD/PD categories (Figure S9C). Conversely, 
in inflamed and excluded subtypes, respectively, the high 
Senescore group consistently exhibited poor prognosis, 
with most responders (CR/PR) having low Senescore 
(Fig.  8E-F, Figures  S9C). We showcased the expression 
landscape of tumor infiltrating lymphocytes (TIL) effec-
tors, immune checkpoints, and ICB-related signatures, 
observing their upregulation in high Senescore across 
all immune phenotypes, indicating a ’hot’ TME (Fig. 8L). 
Interestingly, ICB-related signature enrichment was more 
closely associated with the inflamed immunophenotype 
than with Senescore levels, differing from patterns in 
desert or excluded subtypes (Fig.  8L). Senescore varied 
across different clinical feature groups (Fig.  8G-I, Fig-
ure S9B), suggesting its utility in evaluating individuals 
accepted immunotherapy by integrating Senescore and 
immune subphenotypes for clinical decisions and benefit 
prediction. In the meta-cohort, the high Senescore group 
exhibited poor prognosis, aligning with expectations 
(Figure S8K). Key immunomodulators and TIL markers 
were elevated in this group (Figures S9D-E), aligning with 
the Cancer Genome Atlas Program (TCGA) findings 
and confirming the Senescore system’s robustness and 
adaptability.

Discussion
The exploration of aging and senescence in BLCA is piv-
otal, given its prevalence in the elderly, significant eco-
nomic and societal impacts. With current research still 
nascent, the necessity for novel strategies that cater to 
the aging demographics of BLCA patients is clear, par-
ticularly as existing treatments often fall short for the 
elderly. Promisingly, advancements in age-related thera-
pies, especially senolytics, are making strides in can-
cer care. The development of molecular subtyping for 
BLCA, based on aging traits, offers valuable insights for 
personalized treatment and prognosis. In this study, we 
introduce Senecluster, a classification derived from the 
aging distinctions between senile and middle-aged BLCA 
patients, further refined into the Senescore system for 
individual aging level quantification. The Senescore sys-
tem employs continuous quantification to effectively 
overcome the limitations of binary classification, pre-
cisely characterizing the heterogeneity of BLCA and 
showcasing its promising potential as a clinical marker 
within the medical domain.

The validation of the Senescore system demonstrated 
robustness across multiple dimensions, notably its capac-
ity to efficiently and accurately prognosticate survival 
outcomes. In the TCGA-BLCA cohort, meta-cohort, and 
Xiangya cohort (all excluding patients who underwent 
immunotherapy), lower Senescore consistently aligned 

with a more favorable prognosis. Conversely, among 
immunotherapy recipients in the IMvigor210 cohort, 
Senescore tailored prognosis prediction to the specific 
immune landscape. Notably, patients with a high Sene-
score within the desert immunophenotype exhibited 
optimistic prognostic expectations, diverging from the 
outcomes observed in other subgroups and the TCGA 
cohort. This variation underscored the impact of immu-
notherapy-induced spatio-temporal heterogeneity on 
survival, prompting a deeper exploration of the Senes-
core-TME relationship. In cohorts excluding immuno-
therapy, Senescore intricately correlated with numerous 
immune markers within the TME, with a high Senescore 
signaling an inflamed TME rich in immune regulatory 
factors, key immune cells, and pathways conducive to 
anti-tumor activity.

In BLCA, high immune infiltration does not always 
portend a positive prognosis. Our research elucidated 
that patients characterized by a high Senescore dem-
onstrated augmented expression of SASP factors at the 
transcriptomic level, indicating a senescent TME condu-
cive to tumor evolution and malignancy advancement, 
potentially resulting in poorer outcomes. Our study 
firstly uncovered the complex role of SASP factors and 
their relation to tumor dynamics, hinting that their pres-
ence not solely be ascribed to aging. Additionally, the 
relationship between Senescore with individual age is not 
direct; instead, it mirrored the impact of age-related gene 
sets, serving as a proxy for biological frailty rather than 
chronological age.

This study provides valuable insights but also has limi-
tations. Firstly, incorporating additional sequencing data 
with survival outcomes and validation through other 
methods like proteomics or metabolomics could enhance 
the study’s validity. Secondly, foundational research is 
crucial to understand how age-related therapies can be 
best utilized for BLCA treatment. In a subsequent study, 
we will investigate the differences in the tumor immune 
microenvironment between patients with high and low 
Senescore using multi-omics approaches. Our primary 
focus will be on the cellular subpopulations that contrib-
ute to variations in immune and clinical outcomes, and 
we will further examine the underlying mechanisms. a 
thorough examination of the potential clinical applica-
tions of our findings, especially their integration with 
immunotherapy, is needed for a more comprehensive 
understanding.

We performed Kaplan–Meier survival analysis across 
the TCGA-BLCA cohort to evaluate the prognostic sig-
nificance of Senescore. Within the candidate range, we 
balanced sensitivity and specificity using receiver oper-
ating characteristic (ROC) curves. The final threshold 
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was selected to maximize the Youden index to ensure 
optimal discrimination of patients with distinct clini-
cal outcomes while minimizing misclassification. The 
selected threshold was validated in three independ-
ent cohorts:  Xiangya Cohort, IMvigor210 Cohort, and 
Meta-Cohort. While the current threshold demonstrates 
robustness, we acknowledge the need for dynamic 
adjustments as larger datasets emerge. Although this 
study provides compelling preclinical evidence, further 
investigation is needed to translate the Senscore-based 
aging scoring system into clinical practice. Prospective 
clinical trials are required for validation. A multi-center, 
randomized controlled trial is planned to further assess 
the accuracy and effectiveness of Senscore in predict-
ing patient prognosis and guiding treatment decisions. 
Additionally, it is crucial to develop a simple, feasible, 
and standardized method for detecting Senscore to 
ensure its portability and reproducibility across diverse 
clinical settings.

Conclusions
Utilizing age-related and prognostically significant dif-
ferentially expressed genes in BLCA, Senescence-specific 
molecular subtypes has been developed and validated. 
This quantification scoring system derived from the 
aging subtyping effectively characterizes the immune sta-
tus, mutational landscape, and treatment predictions in 
BLCA.
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