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Abstract: Background: Bladder cancer (BLCA) is a common malignant tumor of the urinary system with a poor
prognosis, especially in cases of invasive or advanced patients. Although mitochondrial dysfunction is associat-
ed with tumor progression, there are relatively few mitochondrial-related prognostic models for bladder cancer.
The intention of study was to construct a five-gene mitochondrial-related prognostic marker for bladder cancer,
and perform external validation, and then explore its association with the tumor immune microenvironment and
potential immune treatment response. Methods: Transcriptome and clinical data were obtained from TCGA and
GEO databases - intersecting bladder cancer-related differentially expressed genes (BLCA-related DEGs) with the
mitochondrial-related gene database (MitoCarta 3.0 genes) to find the mitochondria-related differentially expressed
genes (Mitochondria-related DEGs). Construction of a prognosis model using univariate (uni), lasso, and multivari-
ate Cox regression analyses, was used for verificaiotn in 2 gene expression profile public databases (GEO cohorts).
Functional enrichment (func enrich), tumor microenvironment (tumor microenv), immune infiltration (immune infil),
mutation (mut), and single-cell transcriptomic analyses were carried out. Results: A prognosis model was created
containing five genes: COX7A1, MTHFD1L, MTG1, SCO2, and ACP6. The survival rate of high-risk patients was found
to be poorer compared with that of low-risk patients. The high-risk tumor stromal score was higher, the fibroblast-
related characteristics were enriched, with differences in the immune pattern. Single-cell analysis found COX7A1 in
endothelial cells and mast cells, MTHFD1L in T cells, and SCO2 in endothelial cells. Functional analysis associated
the high-risk group with extracellular matrix remodeling, stromal activation, and changes in immune pathways. This
model also has potential value in estimating the response to immunotherapy. Conclusions: A five-gene prognosis
marker related to mitochondria for bladder cancer was developed and verified. This model may become a useful tool
for survival stratification of bladder cancer patients and characterization of tumor microenvironment heterogeneity.

Keywords: Poor mitochondrial function in bladder cancer, prognosis marker, tumor microenvironment, immuno-
therapy, single-cell analysis

Introduction

Bladder cancer is a common urological malig-
nancy and an important cause of cancer-relat-
ed morbidity and mortality worldwide. The prog-
nosis is relatively poor for patients with muscle-
invasive bladder cancer and advanced diseas-
es. Recurrence, progression and other situa-
tions, as well as local invasion, distant metas-
tasis and drug resistance, affect the clinical
course of the disease. Serious complications
such as urinary tract obstruction, hydronephro-
sis, renal dysfunction and organ dysfunction

related to metastasis make the prognosis
worse. These challenges mean that reliable bio-
markers are needed to improve the prognosis
and assist in treatment [1]. Recent studies have
found that bladder cancer (BLCA) is heteroge-
neous, and changes occur in cell cycle, metabo-
lism, redox, apoptosis and tumor microenviron-
ment. Mitochondrial dysfunction has received
significant attention. The function of mitochon-
dria lies in tube ATP generation, oxidative stress
and programmed cell death. Functional prob-
lems may cause tumor cell survival, because
their metabolism can adapt and resist treat-
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ment. Previous studies have mentioned that
mitochondrial-related genes may relate infor-
mation on the prognosis of bladder cancer, but
the evidence is not sufficient and needs to be
further verified [2, 3]. The tumor microenviron-
ment (TME) is also crucial for the progression
and treatment response of bladder cancer.
Stromal cells, immune cells, extracellular
matrix components and soluble mediators
jointly affect tumor behavior. Immune check-
point blockade has improved the prognosis of
some bladder cancer patients, but the persis-
tent benefits vary. Observations show that Conv
markers are not sufficient to capture tumor-
immune interactions [4-7]. Therefore, in the
present study, we developed and externally
validated a five-gene mitochondria-associated
prognostic signature for bladder cancer. We fur-
ther investigated its associations with overall
survival, stromal and immune characteristics of
the TME, mutation patterns, and potential
responsiveness to immunotherapy.

Methods
Data collection

Transcriptomic and clinical data for bladder
cancer were obtained from publicly available
databases. The TCGA-BLCA cohort was used
as the training set, and two GEO cohorts,
GSE31684 and GSE32894, were used for
external validation. These datasets were se-
lected because they contained gene expres-
sion profiles and survival information suitable
for prognostic modeling. The TCGA database
(https://www.cancer.gov/tcga) included RNA-
seq data from 431 BLCA samples. The valida-
tion datasets were downloaded from GEO
(https://www.ncbi.nlm.nih.gov/geo/), including
93 samples from GSE31684 and 308 sam-
ples from GSE32894. A list of mitochondria-
related genes was retrieved from the MitoCar-
ta 3.0 database (https://www.broadinstitute.

org/) [8].

The inclusion criteria were as follows: (1) blad-
der cancer samples with available gene ex-
pression data; and (2) samples with complete
survival information for prognostic analysis.
Experiments with duplicate samples, missing
survival time/status samples, and incomplete
risk score calculation information are excluded.
Normal tissue samples were only used for dif-

193

ferential expression analysis and not for con-
structing survival models.

Detection of differentially expressed genes
(DEGSs)

In R (version 1.38.3), “DESeq2” was used to
identify differentially expressed genes (DEGS)
between normal/tumor samples and high/low-
risk groups in the training cohort. The scree-
ning criteria were: |log2 fold change| > 1 and
adjusted P-value < 0.05. The “ggplot2” pack-
age was used to draw a volcano plot; the over-
lap of differentially expressed genes (DEGS)
and mitochondrial-related genes was visual-
ized using a Venn diagram. Heatmaps were
used to show the expression status of differen-
tially expressed genes between normal tissues
and tumor tissues.

Construction and verification of a mitochondri-
al-related prognostic model

First, univariate Cox regression was used to
screen out mitochondrial-related genes related
to overall survival. LASSO regression was used
to reduce the number of candidate genes. A
prognostic model was used with multivariate
Cox regression analysis. The risk score of each
patient was calculated according to the sum of
gene expression multiplied by the relevant
regression coefficient. ‘Exp value’ refers to the
gene expression in the feature, and ‘coef’ refers
to the relevant regression coefficient. The
training cohort was divided into a high-risk
group and low-risk group according to the medi-
an risk score, and the verification cohort was
processed by the same formula. The prognostic
performance of the model was evaluated using
Kaplan-Meier survival analysis, time-depen-
dent receiver operating characteristic (ROC)
analysis, risk distribution plots, survival status
plots, and the concordance index (C-index).

Construction and evaluation of the nomogram

To determine whether the risk score was an
independent predictor of survival, univariate
Cox regression analysis was first performed
for the risk score and available clinical vari-
ables, including age, sex, T stage, N stage, M
stage, tumor stage, race, and vital status.
Variables with prognostic significance were
then included in multivariate Cox regression
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analysis. Independent predictors were incorpo-
rated into a nomogram to estimate the proba-
bilities of 1-, 3-, and 5-year overall survival. The
predictive performance of the nomogram was
assessed using ROC curves, calibration plots,
and decision curve analysis (DCA).

Gene ontology (GO) and Kyoto Encyclopedia of
Genes and Genomes (KEGG) analyses

Functional enrichment analysis of mitochon-
dria-related DEGs and DEGs between the
high-risk and low-risk groups was performed
using the R packages “clusterProfiler”, “org.
Hs.eg.db”, “enrichplot”, and “ggplot2” (version
3.5.1). Pathways with adjusted P < 0.05 were
considered significantly enriched [9, 10].

Gene set enrichment analysis (GSEA)

Gene set enrichment analysis was performed
using gene sets downloaded from the GSEA
website (https://www.gsea-msigdb.org/gsea/
index.jsp). This analysis was used to identify
pathways preferentially enriched in the high-
risk and low-risk groups.

Tumor microenvironment analysis

The ESTIMATE algorithm was implemented
using the “estimate” R package (version 3.5.1)
to calculate stromal scores. Gene set enrich-
ment analysis was then used to generate a
panel of biomarkers associated with the tumor
microenvironment [11, 12].

Quantification of immune cell infiltration and
evaluation of immunotherapy-related indica-
tors

The relative abundance of 22 tumor-infiltrating
immune cell subtypes in BLCA samples was
estimated using the CIBERSORT algorithm.
Differences in immune cell infiltration between
the high-risk and low-risk groups were com-
pared using the Wilcoxon rank-sum test [13].
Immune scores and tumor purity were further
assessed using the ESTIMATE algorithm. Im-
munophenotype score (IPS) data were obtained
from The Cancer Immunome Atlas (https://tcia.
at/home). Tumor immune dysfunction and
exclusion (TIDE) scores and tumor mutational
burden (TMB) scores were also calculated to
estimate potential responsiveness to immuno-
therapy [14, 15].
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Mutation analysis

Somatic mutation data were obtained from the
cBioPortal database (https://www.chioportal.
org/) [16, 17]. The “maftools” R package (ver-
sion 3.5.1) was used to calculate the TMB
score for each sample and to generate water-
fall plots showing the mutation landscape of
BLCA patients in the high-risk and low-risk
groups.

Processing of scRNA-seq data

Single-cell RNA sequencing data were analyzed
using Seurat (version 4.3.0) according to stan-
dard procedures for quality control, normaliza-
tion, dimensionality reduction, clustering, and
annotation [18]. Quality control was performed
as described in previous studies [19]. After ini-
tial filtering, the analysis pipeline included
regression of cell-cycle effects, normalization,
dimensionality reduction, cell clustering at a
resolution of 1.0, and systematic cell type
annotation.

Statistical analysis

All statistical analyses were performed using R
software (version 4.2.3). Continuous variables
are expressed as mean + standard deviation
(SD) for normally distributed data or as median
(interquartile range, IQR) for non-normally dis-
tributed data, as appropriate. Categorical vari-
ables are expressed as number (percentage).
Comparisons between two groups were per-
formed using Student’s t test or the Wilcoxon
rank-sum test, as appropriate. The chi-square
test was used to compare categorical variables.
Correlations between variables were assessed
using Spearman’s correlation analysis. The
concordance index (C-index) was calculated to
evaluate predictive performance for overall sur-
vival. A two-sided P value < 0.05 was consid-
ered statistically significant.

Results

Identification of mitochondria-associated DEGs
and functional enrichment in BLCA

The overall workflow of the present study is
shown in Figure 1. Atotal of 4,722 DEGs, includ-
ing 4,597 protein-coding genes, were identified
between tumor and normal tissues and visual-
ized by a volcano plot (Figure 2A). After inter-
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Figure 1. Flowchart diagram of this study.

secting these genes with mitochondria-related
genes, 125 candidate mitochondria-associat-
ed DEGs were obtained (Figure 2B). A heatmap
further illustrated the differences in gene
expression between tumor and normal tissues
(Figure 2G).

To explore the biological roles of these mito-
chondria-associated DEGs, GO enrichment
analysis was performed. The enriched terms
suggested involvement in mitochondrial organi-
zation and small-molecule catabolic process-
es. In the cellular component category, these
genes were mainly associated with the mito-
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than those in the low-risk
group (P = 8.1702e-05, Fig-
ure 3A). Time-dependent ROC
analysis yielded AUC values of
0.640, 0.657, and 0.664 for predicting 1-, 3-,
and 5-year overall survival, respectively (Figure
3B). Figure 3C presents the risk score distribu-
tion, survival status, and expression patterns of
the five genes in the training cohort. Together,
these results indicate that the model had
acceptable prognostic performance in the
TCGA cohort.

The robustness of the model was then tested in
the external validation cohorts. In GSE31684,
patients in the high-risk group again showed
significantly worse survival (P < 0.0001, Figure
3D, 3E), and the AUC values for predicting 1-,
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Figure 2. Identifying mitochondrion-related DEGs and building a prognostic risk model using the TCGA-BLCA cohort.
A. Volcano plot of 4,722 DEGs in the BLCA tumor and normal groups. B. The overlap of 4,722 DEGs and 1136
mitochondrial genes led to the identification of 125 hub genes, as shown in the Venn diagram. C. Twenty-seven
genes were associated with prognosis in patients with BLCA according to univariate Cox regression analysis. D.
LASSO regression was performed on the 27 OS-related genes, with cross-validation used to select the optimal tun-
ing parameter. The x-axis represents the log(\) values, whereas the y-axis represents the partial likelihood deviance.
The red dots in the figure indicate the partial likelihood deviance + standard error for various tuning parameters.
E. Multivariable Cox regression analysis identified 5 genes that are associated with the prognosis of patients with
BLCA. F. Gene expression levels of the 5 prognosis-related genes identified in the TCGA-BLCA study. G. Hotspot map
of the top 20 upregulated and downregulated DEGs between the BLCA tumor and normal groups.
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Figure 3. Performance of the prognostic risk model in the training and validation cohorts. (A, D, G) Kaplan-Meier
survival curves depicting OS in the high- and low-risk groups for the TCGA-BLCA training cohort (A), the GSE31684
validation cohort (D) and the GSE32894 validation cohort (G). (B, E, H) ROC analysis for estimating 1-, 3-, and 5-year
0S in the TCGA-BLCA training set (B), the GSE31684 validation set (E) and the GSE32894 validation set (H). (C, F,
1) Visualization of the risk score distribution, survival status (red dots represent deceased genes, blue dots repre-
sent surviving genes), and expression patterns of the five model genes in the TCGA-BLCA training cohort (C), the
GSE31684 validation set (F), and the GSE32894 validation set (I).
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Table 1. Clinical characteristics between the low-risk and survival than the low-risk group (P =
high-risk groups 0.0366, Figure 3G), with AUC val-
Variables High risk 192 Lowrisk 171 p ues of 0.613, 0.583, and 0.603 for
Age mean (SD) 69.47 (9.91) 66.62 (11.21) 0.011 1-, 3-, and 5-year survival, respec-
Gender (%) 0.201 pvely (Flgurg SH). The cgrrespond-
ing risk distribution, survival status,

Female 55(28.6) 38(22.2) and gene expression patterns are
Male 137 (71.4)  133(778) shown in Figure 3I. These findings

M_stage (%) <0.001 support the generalizability of the
MO 72 (37.5) 105 (61.4) five-gene signature across inde-
M1 7(3.6) 1(0.6) pendent BLCA cohorts.

MX 113 (58.9) 65 (38.0)

N_stage (%) 0.09 Qomparison of clinical characteris-
NO 106 (55.2) 111 (64.9) tics between-th(.e-two r|§k groups
NL 25 (13.0) 18 (10.5) §howed no significant differences

in sex, N stage, or tumor stage.
N2 46 (24.0) 26 (15.2) Significant differences were ob-
N3 4(21) 1(0.6) served in age (P = 0.011), M stage
NX 11(5.7) 15(8.8) (P < 0.001), T stage (P = 0.001),

T_stage (%) 0.001 overall stage (P < 0.001), vital sta-
TO 0(0.0) 1(0.6) tus (P < 0.001), and race (P =
T1 1(0.5) 2(1.2) 0.002) (Table 1).

T2 11 (5.7) 26 (15.2) _ _ )

T2a 5(2.6) 18 (10.5) Functional ennchmept ar?aIySIS of

T2b 5 (13.0) 29 (17.0) DEG§ between the high-risk and
low-risk groups

T3 1(10.9) 22 (12.9)

T3a 4(22.9) 24 (14.0) GO enrichment analysis of DEGs

T3b 1(26.6) 30 (17.5) between the high-risk and low-risk

T4 6( 1) 3(1.8) groups indicated significant en-

T4a 25 (13.0) 14 (8.2) richment in biological processes

T4b 3(1.6) 2(1.2) related to leukocyte migration, cell

Stage (%) <0.001 chemotaxis, and muscle tissue
Stage | 1(0.5) 1(0.6) develop-ment. In the composition
Stage I 34 (17.7) 67 (39.2) categor_les of cells, sar_com_eres,
Stage Il 80 (41.7) 57 (33.3) myofibrils and. contractile fibers

are gathered in large numbers.
Stage IV 77 (40.1) 46 (26.9) . .
Molecular function analysis finds

Race (%) 0.002 that there are aggregations in
Asian 11(5.7) 31(18.1) terms of growth factor, cytokine
Black or African American 9 (4.7) 10 (5.8) activity and integrin b|nd|ng (Figure
Not reported 10(5.2) 6(3.5) 4A). The gene ontology (GO) chord
White 162 (84.4) 124 (72.5) diagram also shows obvious agg-

vital_status (%) <0.001 regations in extracellular matrix
Alive 89 (46.4) 112 (85.5) organization, cell-matrix adhesion,
Dead 103 (53.6) 59 (34.5) wound healing, collagen fiber orga-

Note: Bold indicates P < 0.05.

3-, and 5-year overall survival were 0.600,
0.579, and 0.518, respectively. Risk score dis-
tribution, survival status, and gene expression
patterns are shown in Figure 3F. In GSE32894,
the high-risk group also had significantly poorer

198

nization and basement membrane
organization. The key genes in
these pathways include COL3A1,
ADAMTS12, TGFB3, PDGFRB and THBS1, which
indicates that they play important roles in
matrix remodeling, cell adhesion and tissue
repair (Figure 4). KEGG enrichment analysis
found obvious pathways, such as “ECM-
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Figure 4. Enrichment analysis of the high-risk and low
ways, including biological processes (BP), cellular co
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-risk groups. A. Bar plot. Diagram showing important GO path-
mponents (CC) and molecular functions (MF). B. Circle map.

Bands with different colors in the right half of the circle represent the top 10 significantly enriched GO pathways,
while the left half displays the genes associated with these pathways, illustrating their functional involvement. C.

Bubble chart. Bubble plots displaying the results of th
of different sets of genes in the high- and low-risk gro

receptor interaction”. There were also addition-
al enriched pathways, such as “dilated cardio-
myopathy”, indicating that extracellular matrix
remodeling may be related.

GSEA showed suppression of the DCE-induced
DNA adduct pathway and activation of the
GPCR-PLCB-ITPR signaling pathway, suggest-
ing altered DNA damage responses and en-
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e KEGG-enriched pathways. D. GSEA indicates the expression
ups.

hanced calcium-related signaling in the high-
risk group (Figure 4D).

Association between the mitochondria-associ-
ated risk score and TME signatures in BLCA

Given that functional analysis highlighted path-

ways related to the tumor microenvironment,
we next examined the association between the
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Five-gene mitochondrial signature in bladder cancer

COL15Al ———————————————
EMP3 ————

A B Risk Score Risk Score
PDGFRB _ SFRP2 —
THY1 —_— e c1s R
CTHRC1 —e RARRES2 - o
COL6A2 — e HGF o
COL6A1 —_—e MFAP4 - e
Pearson r = 0.32 o ¢ iy ¢ FrL
- ° . !
o ~value = 3.61e-11 % . : . & CTsK p-value g BDNF —e Correlation
o P . 6 TNC — 06 Z KRT14 —e ® 0.1
—o
e S MMPY 04 T omET ° ®02
£ 200 ccL2 — 02 8 vaNzB1 — 903
% PLAU — o - K ® 04
3 2 cpss — ®05
{ EGRf ° i HSPA1A -
g PDGFA Y Correlation TOEALY pvalue
8 1000 BTMEM156 — ® 01 k T 0.8
2 SESN2 : gvg KRT18 -— o8
5 HBA2 —e ® 04 oAT 0.4
Eo FGR — ® 05 JP e—— 04
£ FOS - ® 06 SPINT2 ~ &——
KRT17 - Cbh24  o——
-1000] RAB3B - 8 D2 e—
BEX5 - KRT8 &—
: . ‘ CA12 -— MGST1 &——
K] b T TCN1 — KRT7 e&——
iskScore FXYD3 @——— KRT19 &———
-06  -0.3 0.3 0.6 -02 00 0.2 0.4
Correlation coefficient (r) Correlation coefficient (r)
risk &llow £ high
C Risk Score D Risk Score
Wilcoxon, p < 2.2e-16 CAVNl — o EBN1 Py
200! , FBNl ————— ¢ TMP2 —————————————@
N PDGFRB—————— @ ANXA6 — o
& . CADl ——— ¢ SPARC———— @
£ 100 SPARC—— ¢ N — o
3 EDNRA——— ¢ COLIA2——————— ¢
¢ LRRCS2 . L A —
5 0 I p-value CCN2 —————————————————®  _ygje
US) pCOLIAZ — @ 1 6781906-33 COLSA2 ————————— o '6.027086e-34
2 5 THY1l —————— o - COLIAl —— o
g § co2———— o 148364233 o PXON ————® 4.520315e-34
£ goguem———————=o Mosoooseas 3 TOFBI — e [ 301534
— _ 8 - 1.506772e-34
§ NNMT——— o 4.945475¢-34 5 coleas— o M ceosg50-a1
-2000 @ THBS1 ———— o 9.194830e-42 ® AEBPI ——— o '
SCOBAS— o i g CTHRC1l—— o i
SFupL— o  Corelation § HTRA1 Correlation
) high B AEBPl — o  © 056 € coat— o ©056
risk © VIM ° ® 057 ‘E‘ COL5A1 o ® 057
= ® 058

ADAMTS12— @
SPON2 ——— o ® 0.59
FMOD ————— o ® 0.60

LGALS! —08¥ LOX

0.0 0.2
Correlation coefficient (r)

0.6 0.0 02 04 06
Correlation coefficient (r)

Figure 5. The risk score was significantly associated with the TME signatures in BLCA. A. Correlation between the
stromal score and risk score and distribution between the low- and high-risk groups. B. Correlation analysis of the
risk score and carcinoma-associated fibroblast (CAF) up- and downregulated signature expression. C. Analysis of
the correlation between the risk score and the expression of the ECM and collagen signatures. D. Analysis of the
correlation between the risk score and the expression of the matrisome signatures.

risk score and TME-related signatures. A strong
positive association was observed between the
risk score and stromal score, and the high-risk
group had significantly higher stromal scores
than the low-risk group (Figure 5A).

Further analysis showed that the risk score
was positively correlated with most fibroblast-
related signatures, including both upregulated
and downregulated carcinoma-associated fib-
roblast gene sets (Figure 5B). Positive correla-
tions were also observed between the risk
score and matrisome-related as well as ECM/
collagen-related signatures (Figure 5C, 5D).
These findings indicate that the mitochondria-
associated risk score is closely linked to stro-
mal activation and extracellular matrix remod-
eling in BLCA.
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The mitochondrial risk score is associated with
immunity and therapy response in BLCA

Because tumor immune microenvironment fea-
tures are closely related to prognosis and treat-
ment response, we further investigated the
association between the risk score and immune
cell infiltration. CIBERSORT analysis showed
that the high-risk group had significantly higher
levels of activated CD4 memory T cells, MO
macrophages, M1 macrophages, and M2 mac-
rophages. In contrast, the low-risk group
showed higher levels of monocytes, activated
dendritic cells, CD8 T cells, follicular helper T
cells, and regulatory T cells (Tregs) (Figure 6A).

Correlation analysis showed that there was a
moderate positive correlation between the risk

Int J Clin Exp Pathol 2026;19(5):192-208
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Figure 6. Comparative analysis revealed distinct immune profiles between the low- and high-risk subgroups within
the TCGA-BLCA cohort. A. CIBERSORT analysis. B, C. Correlations of risk scores with immune scores and tumor pu-
rity. D. The immunophenotype score (IPS) was analyzed for different risk groups.

score and the immune score (Pearson correla-
tion coefficient r = 0.32, P = 3.61e-11). There
was a significant difference in the immune
score between the two groups of risks (Wilcoxon
test, P = 1.3e-10), indicating the presence of
different immune microenvironments. The cor-
relation between the risk score and tumor puri-
ty was weak and not statistically significant
(Pearson correlation coefficient r = 0.32, P =
0.26), and the tumor purity of the high-risk
group was lower than that of the low-risk group
(Wilcoxon test, P < 2.2e-16) (Figure 6B, 6C). IPS
analysis found differences in the risk groups.
The low-risk group has a higher IPS in the
CTLA4 negative/PD1 negative (P = 5.1e-05)
and CTLA4 positive/PD1 negative (P =0.00013)
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subgroups; CTLA4 positive/PD1 positive (P =
0.38) or CTLA4 negative/PD1 positive (P = 0).
These findings in Figure 6D suggest that the
association between risk stratification and
immune activation may differ depending on the
checkpoint expression status. We then applied
the TIDE algorithm to estimate the predictive
value of the risk score for immunotherapy
response. The low-risk group had a significantly
higher response rate than the high-risk group
(P < 0.001), and the proportion of responders
differed markedly between the two groups
(Figure 7A). Patients with lower immune scores
showed higher response rates than those with
higher immune scores (P < 0.01) (Figure 7B).
Within the low-immune-score subgroup, the

Int J Clin Exp Pathol 2026;19(5):192-208
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Figure 7. The risk score serves as a potential biomarker for predicting the therapeutic benefits of immune treat-
ments in BLCA. A. Comparison of immune treatment response rates between the high-risk and low-risk groups.
B. Association between immune score and immune treatment response rate. C. Proportion of patients in the four
groups according to the risk score and immune score who responded to immunotherapy. D. Distribution of risk
scores between responders and nonresponders. E. Association between the stromal score and immune treatment
response rate. F. Proportion of patients in the four groups according to the risk score and stromal score who re-
sponded to immunotherapy. G. Kaplan-Meier survival analysis of the high-risk and low-risk groups in the IMVigor210
cohort. H. Heatmap of gene expression profiles across different risk and stromal score groups.

response rate was significantly higher in
the low-risk group than in the high-risk group (P
< 0.001) (Figure 7C). Responders had signifi-
cantly lower risk scores than nonresponders
(Wilcoxon test, P < 2.2e-16) (Figure 7D).
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Similarly, patients with lower stromal scores
had higher response rates than those with
higher stromal scores (P < 0.001) (Figure 7E),
and among patients with low stromal scores,
the low-risk group showed a significantly higher
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Five-gene mitochondrial signature in bladder cancer

High risk Low risk 1.00.
A 1‘327} Altered in 183 (92.89%) of 197 samples. 2::7} Altered in 191 (96.46%) of 198 samples. B
= =
0 94
"o LhL Lk sl ILLL i ine i ONoof samples® 5 MAL..;....A., No. of samples, chisq.test
TP53 L 51% . TP5 47% I P=0.17
TN 7% I 47% 0.75
KMT2D 26% I 34% L ~
ARID1A] 27% . C 31% B
MUC16 ' 1 F 1 26% 29% NI = T™B
RB1 I | I L1 23% il ARID1A; r 25%- 2 .
KMT2C | r 1 o e PIK3CAll | - $0.50 I high
SYNE1 | | r 19% Il I| I || € M Low
{11/ I F I I II | | 1 18% Il SYNE1II ’I II i I III I|| A 8
P|K3CA| |1 1l | 1] IIII 1T 18% i KMTZCII II 1 I (L A | 2M=- s
Koo | lil IIIIIIII I| \II Il i "”I‘ III I{I IIIHIIW%- ||III ! IIIII ey II lI |I I| |||I||II III II M- 0.25.
RYRZ
MACFT l Bl |II 1 II I’[IIII‘I II 16% MACF1 IIIII |I| i Jllr I’II T IW%-
I || I | II | | I 15%- LRP1B |
RYRZ II I IEEPTIETnr s m EP300 | | I III IIII L] | W%-
rame snm Ins = Nonsense_Mutation . Frame_Shift_Del
Eﬁsseﬁse%t&hcn In_Frame_Del glisen§e"MuIatlon In_Frame_Del 0.00-
ion « fulti” Hit~ * Multi_Hit -
“Frame. Snift_Del * Frame_Shift_Ins high Lok Low
C ms| B msi [ MSS D group [high [ low E Pearson r = =018
Wilcoxon, p = 0.94 8 Wilcoxon, p = 0.15 p-value = 0.000353 .

= N

o
total_perMBr
S

riskScore

40

IS

total_perMBr

n

MSS MsI MsI

~+~high TMB--low TMB

Q
<]
e o =
o N 9
o a o

o
N
a

Survival probabillity
o
o
=]

p =0.000439329

Survival probability

o
Q
<]
o
o
<3

high

High TMB cohorts
=~ high risk—-low risk

p =0.001863196

B
group riskScore

Low TMB cohorts

=3
°

== high risk =~ low risk

o o
[EN]
o o

o
N
o

Survival probability

p =0.047632858

o
o
S

0 5 . 10 15 0 N 10 15 0 5 10 15
Time Time Time
Number at risk © Number at risk © Number at risk
m high TMB. 197 30 5 Q S high fiSKi 91 4 Q £ high risk{ 106 10 1 Q
& low TMB 98 16 1 0 & lowrisk 1106 1 [ & lowrisk 192 6 0 0
5 ) 10 15 9 5 - 10 15 3 5 15
Time Time Time

Figure 8. Genomic and prognostic analysis of mutations in the high- and low-risk groups. A. Mutational landscape of
BLCA in the high-risk and low-risk groups, highlighting frequently mutated genes. B. Comparison of TMB between the
high- and low-risk groups. C. Distribution of risk scores between the microsatellite stable (MSS) and microsatellite in-
stability (MSI) subgroups. D. Relationships between the risk score and the total number of mutations. E. Correlation
analysis between the risk score and TMB, which revealed a significant negative correlation. F. Kaplan-Meier survival
analysis comparing overall survival (OS) in the high- and low-TMB groups (left), as well as survival differences strati-
fied by risk score within the high-TMB (middle) and low-TMB (right) subgroups.

response rate than the high-risk group (P <
0.001) (Figure 7F).

Validation in the IMVigor210 cohort further
showed that high-risk patients had significantly
poorer survival than low-risk patients (P <
0.0001, Figure 7G). Gene expression patterns
across stromal score and risk score groups are
shown in Figure 7H. Taken together, these
results indicate that the risk score is associat-
ed with immune context and may be useful for
estimating immunotherapy responsiveness.

Mutation landscape of BLCA patients in the
high-risk and low-risk groups

To examine the relationship between genetic
alterations and risk stratification, we analyzed
somatic mutation patterns in the two risk
groups. Different mutation spectra could be
seen through comparative genomic analysis;
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the high-risk group had a significantly higher
frequency of alterations in tumor suppressor
genes, especially TP53 (P < 0.001). The low-
risk group has an advantage mutation in mucin-
encoding genes such as MUC16 (P = 0.003)
(Figure 8A). There is no significant difference in
the distribution of TMB categories between the
two groups, although there is a difference in
mutation patterns (tested by chi-square, P =
0.17) (Figure 8B). Similarly, there was no obvi-
ous association between MSI status and risk
stratification (t-test, P = 0.94) (Figure 8C). There
was also no difference in the quantitative anal-
ysis of the total number of mutations between
the two groups (Mann-Whitney U test, P = 0.15)
(Figure 8D). Correlation analysis showed a
weak but significant negative correlation be-
tween the risk score and tumor mutation bur-
den (TMB), with a Pearson correlation coeffi-
cientr of 0.18 and a P value of 0.00035 (Figure

Int J Clin Exp Pathol 2026;19(5):192-208
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Figure 9. Single-cell transcriptomic analysis reveals distinct cell populations and gene expression patterns. A. t-SNE
plot showing the clustering of single cells into distinct populations. B. Annotation of cell types on the basis of known
marker genes, identifying T cells, mast cells, epithelial cells, myeloid cells, endothelial cells, fibroblasts, and plasma
cells. C. Dot plot displaying the expression levels and proportions of representative marker genes across different
cell types. D. Principal component analysis (PCA) showing the variance distribution and major contributors to cel-
lular heterogeneity. E. In the Et-SNE plot, the Add1 gene set score is mainly enriched in fibroblasts. F. The violin plot
confirms that the Add1 gene set score in fibroblasts is higher than in other cells. G. In the Gt-SNE plot, the cell type-
specific expression patterns of COX7A1, MTHFD1L, and SCO2 are presented: COX7A1l is enriched in endothelial and
mast cells, MTHFD1L is in T cells, and SCO2 is in endothelial cells.

8E). In survival analysis, the overall survival
(0S) of patients with high tumor mutation bur-
den (TMB) is better than that of patients with
low TMB (log-rank test, P = 0.00044). In the
high-TMB and low-TMB subgroups, the survival
status of high-risk patients is worse than that
of low-risk patients (P = 0.0019 and P = 0.048)
(see Figure 8F). The prognostic value of the risk
model still exists in the TMB stratification
[20-22].

Single-cell RNA sequencing found that cell
types have specific gene expression patterns

The cellular environment of the sig gene was
explored and analyzed for the data of single-
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cell RNA sequencing (scRNA-seq). t-SNE clus-
tering was used to find different cell popula-
tions (T cells, mast cells, epithelial cells,
myeloid cells, endothelial cells, fibroblasts,
plasma cells) and annotate them according to
known marker genes (Figure 9A, 9B). The dot
plot of representative marker genes further
illustrates the specific expression patterns of
cell types: COL1A1, ACTA2 in fibroblasts;
EPCAM, KRT19 in epithelial cells; IGHG1,
JCHAIN in plasma cells (Figure 9C). Principal
component analysis (PCA) identified the main
contributing factors to cellular heterogeneity
(Figure 9D). Gene set scoring analysis reveals
that Add1 is preferentially enriched in fibro-
blasts, which is confirmed by violin plot analysis

Int J Clin Exp Pathol 2026;19(5):192-208
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(Figure 9F). The genes visualized by t-SNE
have cell-type-specific expression (Figure 9E).
COX7A1 is enriched in endothelial cells and
mast cells, MTHFD1L is in T cells, and SCO2 is
in endothelial cells (Figure 9G). These findings
suggest that the model genes may play differ-
ent biological roles in different cellular compo-
nents of the tumor microenvironment.

Discussion

In this study, a mitochondrial-related five-gene
prognostic signature (sig) for bladder cancer
was constructed, and the performance of this
signature was verified in two independent GEO
cohorts. The risk score of this model is signifi-
cantly associated with overall survival, stromal
activation, immune infiltration patterns, and
potential responses to immunotherapy (sig
linked). These findings support the view that
mitochondrial dysregulation may be related to
the intrinsic tumor behavior and the biological
state of the tumor microenvironment [23].
Among the five genes in this model, COX7A1,
MTHFD1L, MTG1, SCO2, and ACPG6 all have rea-
sonable biological associations with tumor pro-
gression (bio rel). COX7A1 is involved in mito-
chondrial respiratory chain function and may
affect metabolic flexibility and treatment
response [24, 25]. We analyzed that the
increased expression of COX7A1 is related to
poor prognosis, which may contribute to the
performance of aggressive bladder cancer.
MTHFD1L is a key enzyme in mitochondrial
one-carbon metabolism, related to nucleotide
synthesis, redox balance, and tumor progres-
sion [26-30]. Its single-cell T cell enrichment
may also play a role in shaping the immune
background of the tumor microenvironment.
MTGL1 is necessary for mitochondrial ribosome
assembly and normal oxidative phosphoryla-
tion [31, 32]. Previous studies have shown that
MTG1 may be related to poor prognosis of blad-
der cancer [33, 34], and our results are consis-
tent with this. SCO2 is involved in the assembly
of cytochrome c oxidase, as well as in mito-
chondrial energy metabolism and immune reg-
ulation related to macrophages [35, 36]. In this
study, SCO2 is highly expressed in endothelial
cells, and its role may go beyond that of tumor
cells. ACP6 is involved in phospholipid metabo-
lism and inflammation regulation, and is relat-
ed to immune cell infiltration in other tumor
types [37]. These genes construct a biologically
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reasonable signature that links mitochondrial
function to cancer progression. The main find-
ing of this study is that the risk score is closely
related to the stromal features. High-risk tumor
stromal score is relatively high, and it is also
positively correlated with fibroblast-related,
stroma-body-related, extracellular matrix-relat-
ed or collagen-related signals. Gene ontology
(GO) and Kyoto Encyclopedia of Genes and
Genomes (KEGG) analyses also support the
enrichment of pathways related to extracellular
matrix organization, cell-matrix adhesion and
focal adhesion in the high-risk group. The
results show that mitochondrial dysfunction
may be associated with extracellular matrix
remodeling, fibroblast activation and features
related to the stroma-rich microenvironment.
This microenvironment is often related to tumor
progression, immune escape and reduced
treatment sensitivity [38-40]. It is also found
that the risk score is associated with different
immune infiltration patterns. In the high-risk
group, the number of activated CD4 memory T
cells and some macrophage subsets is relative-
ly large; the levels of CD8 T cells, activated den-
dritic cells, follicular helper T cells and mono-
cytes are higher in the low-risk group. This pat-
tern suggests that there may be an active but
functionally suppressed immune microenviron-
ment in the high-risk group, and the low-risk
group may maintain characteristics more simi-
lar to effective anti-tumor immunity. In our view,
this may help explain why some tumors with
immune activity still show less favorable pre-
dicted responses to immunotherapy.

The analyses of IPS, TIDE, and IMVigor210
data further support the clinical relevance of
the model. Patients in the low-risk group gener-
ally showed more favorable predicted res-
ponses to immunotherapy, and the prognostic
effect of the model was also confirmed in the
IMVigor210 cohort. Although TMB did not differ
significantly between the two risk groups, the
risk score remained prognostically informative
across TMB strata. These observations sug-
gest that the five-gene signature may provide
information that is complementary to conven-
tional immunotherapy-related biomarkers.

Single-cell RNA sequencing analysis provided
additional biological context. The cell type-spe-
cific expression patterns of COX7A1, MTHFDAL,
and SCO2 suggest that mitochondria-related
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genes may contribute to BLCA progression
through different cellular compartments of the
tumor microenvironment. In particular, the
enrichment of Add1 in fibroblasts and the stro-
mal associations identified in bulk transcrip-
tomic analyses are consistent with the view
that fibroblast-rich niches may be involved in
the biology captured by the risk model.

Compared with single-gene biomarkers, multi-
gene signatures may better reflect the complex-
ity of tumor biology. In this study, the five-gene
mitochondria-associated model provided prog-
nostic information and was linked to both stro-
mal and immune features, indicating potential
value for risk stratification in bladder cancer. At
the same time, our results should be interpret-
ed cautiously because the present study was
based mainly on public datasets and bioinfor-
matic analyses.

Limitations

This study has several limitations. First, all
analyses were based on retrospective public
datasets, so the robustness of the model
needs to be confirmed in prospective cohorts.
The conclusion mainly comes from computa-
tional analysis; thus, experimental verification
is still needed. Although the five-gene marker
is associated with prognosis and tumor micro-
environment characteristics, the potential bio-
logical mechanism still needs to be clarified.
Further research is needed to verify these find-
ings and explore the functional roles of these
genes in bladder cancer.

Conclusions

Construction of a five-gene BTCC prognosis sig-
nature found COX7A1, MTHFD1L, MTG1, SCO2,
and ACP6. The resulting risk score was associ-
ated with overall survival, stromal activation,
immune-related characteristics, and predicted
immunotherapy response. These findings sug-
gest that the gene signature may be useful for
prognostic stratification and for characterizing
microenvironmental heterogeneity in BLCA.
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