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Abstract

Background Bladder cancer represents a heterogeneous disease with distinct clinical challenges. Non-muscle inva-
sive bladder cancer (NMIBC) typically presents as indolent and slow-growing, yet a critical clinical challenge remains:
identifying which patients will progress to muscle-invasive disease requiring radical interventions. Early detection

of progression propensity is essential, as once muscle invasion occurs, the risk of distant metastasis increases substan-
tially, and treatment shifts from conservative TURBT (Transurethral Resection of Bladder Tumor) to aggressive surgical
interventions with significant morbidity. Current risk stratification methods fail to adequately predict this transition

in approximately 30% of cases, highlighting the urgent need for more accurate prognostic tools.

Objective This retrospective study aimed to develop and validate a transcriptomics-based mRNA score for predicting
early NMIBC recurrence, comparing its performance against traditional risk stratification methods.

Methods We analyzed mRNA expression profiles from primary retrospective NMIBC tumor specimens (n=25) col-
lected between [2018-2022]. Traditional risk stratification tools, including EORTC scoring, were applied alongside our
novel mRNA-based risk score to evaluate predictive accuracy for recurrence.

Results The transcriptomics-based mRNA score demonstrated a median prediction accuracy of 90% across 10,000
resampling iterations for predicting early NMIBC recurrence, significantly outperforming traditional EORTC risk scores.
Our comprehensive gene set identified 435 differentially expressed genes associated with recurrence. Kaplan-Meier
analysis showed significantly different recurrence-free survival between high and low mRNA risk score groups (Bonfer-
roni corrected p-value < 0.0001).

Conclusions This retrospective analysis confirms that mRNA expression-based risk stratification provides superior
predictive accuracy compared to conventional clinicopathologic risk tools. Implementation of this gene signature
could potentially reduce over-investigation and improve surveillance cost-effectiveness after TURBT in patients
with primary high-risk NMIBC. These findings may transform the clinical management paradigm by enabling more
personalized follow-up protocols based on molecular risk assessment.
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Introduction

Bladder cancer presents a significant clinical challenge,
with non-muscle invasive bladder cancer (NMIBC)
accounting for approximately 75% of cases [1]. Despite
its generally favourable prognosis compared to muscle-
invasive disease, NMIBC demonstrates remarkable het-
erogeneity in clinical outcomes. The recurrence rates of
40-60% and progression rates of 10—20% to muscle-inva-
sive disease highlight the critical need for improved risk
stratification tools [2, 3].

Even after complete transurethral resection (TUR)
of exophytic lesions, NMIBC can recur in up to 80% of
cases during long-term follow-up [4]. This high recur-
rence rate necessitates effective adjuvant treatments and
surveillance protocols to prevent both recurrence and
the potentially life-threatening progression to muscle-
invasive disease. A personalized, risk-based therapeutic
approach is essential for optimizing treatment efficacy
while maintaining quality of life [3].

Current risk stratification methods rely primarily on
clinicopathological parameters, which often fall short in
capturing the molecular diversity underlying NMIBC’s
variable clinical behavior. This limitation underscores
the urgent need for molecular biomarkers that can more
accurately predict recurrence and progression, enabling
truly personalized treatment decisions and improving
patient outcomes.

The conventional stratification of NMIBC patients
based on clinicopathological parameters such as tumor
stage, grade, and presence of carcinoma in situ (CIS)
has been the cornerstone of treatment decision-making.
The European Organization for Research and Treat-
ment of Cancer (EORTC) scoring system was introduced
into the EAU guidelines in the year 2008 and American
Urology Association (AUA) guidelines (2016) which
included both clinical and pathological factors to predict
the recurrence and progression patterns of each patient
[4, 5]. However, this approach lacks precision in predict-
ing individual patient outcomes and guiding personalized
therapeutic interventions. Consequently, there has been
a growing interest in unravelling the molecular landscape
of NMIBC to identify robust biomarkers that can refine
risk stratification and prognostication [3, 5].

These guidelines are currently the most widely used
and validated prediction model in NMIBC [4]. These
guidelines stratify NMIBCs into low, intermediate, and
high risk for treatment options. The scoring system is
based on clinical and pathological factors that are com-
monly assessed and have been found to be of prognostic
importance in previous publications. Positive predictive
value of score is about 70% across all studies. The EORTC
risk calculator, derived from pooled data sets of patients
involved in European clinical trials, may not accurately
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represent non-European patients or real-world scenarios
[3, 4, 6]. Undertreatment of the patients based on the
current scoring systems leads to disease recurrence and
overtreatment leads to notable adverse effects and reduc-
tion of quality of life of patients. This necessitates a scor-
ing system with better recurrence predictivity.

Recent advancements in high-throughput genomic
technologies have revolutionized our ability to charac-
terize the genomic alterations driving tumorigenesis.
These studies categorized Western patients and pre-
dicted progression with an accuracy of around 80-85%
when combined with EORTC score. Large-scale genomic
profiling studies have uncovered distinct molecular sub-
types within NMIBC, each associated with unique bio-
logical features and clinical behaviours. These molecular
subtypes offer a promising avenue for refining NMIBC
classification beyond traditional histopathological crite-
ria [7, 8, 9]. In this study, we conducted RNA sequencing
on tumors from Indian patients with NMIBC, developed
machine learning models, and compared them with the
EORTC and AUA scores to assess their predictive util-
ity with respect to early recurrence within one year. The
signature was correlated with recurrence status in public
omics datasets of patients with NMIBC.

Materials and methods
Sample selection, library preparation, and sequencing
All patients who had confirmed diagnosis of NMIBC
diagnosed at the Uro Oncology department (2018-2022)
of the tertiary cancer care center that caters predomi-
nantly to patients of south Indian states were included in
the study. Surgically excised specimens of NMIBC, in the
form of formalin fixed paraffin embedded blocks (FFPE)
were collected retrospectively. Informed consent for use
of the material for research was obtained by the Institu-
tional ethics committee. Only tumour blocks with >50%
tumor content as estimated by a pathologist were chosen
for analysis. Patients were followed up for one and half
year period after completion of treatment. Overall meth-
odology workflow is provided in supplementary Fig. 1.
Tumor RNA extraction from FFPE blocks was per-
formed using the All Prep FFPE DNA/RNA Kit (Cat.
No. 80234, Qiagen, Valencia, CA, USA). RNA samples
passing quality control (QC) were further processed
for library construction, involving fragmentation,
adapter ligation, and amplification. The Agilent RNA
Prep with Enrichment Kit (Cat. No. 5191-6874) [10]
was used for RNA-Seq library preparation. Prepared
libraries were assessed for fragment size and concen-
tration via QC analysis. The prepared libraries under-
went QC analysis for the detection of library fragment
size and concentration. A qualified NGS library had at
least 10-nM concentration with a single distinct peak of
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approximately 300 bp. Paired-end sequencing (2 x 150
read length) was conducted on the Illumina NovaSeq
6000 (Illumina Inc., San Diego, CA, USA) to achieve a
median coverage of 200X. Quality of the NGS libraries
was confirmed using Qubit and Bioanalyzer.

Alignment of reads to reference genome, normalisation
and differential expression analysis

Quality check of raw Fastq files were performed using
FastQC [11]. Trimmomatic was used to remove bad
quality reads [12]. The processed fastq files then were
mapped to GRCh38. HISAT2 [13] was used for align-
ment and the read counts of each gene were obtained
using Feature Counts [14]. The counts were normalised
using DESeq?2 [15]. Further, the genes with greater than
5 counts across all samples were retained. The differ-
entially expressed genes between recurrent and non-
recurrent patients were selected based on the p-value
<0.05 and log2 FC greater than 1 or log2 FC less than
—1 cut offs.

Machine learning model building and comparison

of model accuracy with EORTC and AUA scores

Partial Least Squares Discriminant Analysis (PLS-DA)
was used to build a machine learning model using mix-
Omics package [16] and Prediction Analysis of Micro-
arrays (PAM) model was built using pamr package [17].
Differentially expressed gene matrix was used as inde-
pendent variable and patient recurrence status was the
outcome variable. Fivefold cross validation was applied
with both models. For PLS-DA, to determine the opti-
mal number of latent components, we employed five-
fold cross-validation using the perf() function. Model
performance was assessed based on overall classifica-
tion error rate and balanced error rate (BER). Error
rates with different distance measures were also calcu-
lated. To assess model stability, PLS-DA model with 10
components was run 10,000 times using random seeds.
For each run, 60% of samples were randomly selected
for training and the remaining for testing. Prediction
accuracy was calculated as the proportion of correct
predictions. Classification accuracy of both models was
compared against EORTC and AUA scores using confu-
sion matrices and fisher’s exact test. Average expression
of upregulated genes was taken across samples to deter-
mine the optimal cutpoint using the maximally selected
rank statistics from the ‘'maxstat’ R package [18]. This
cut point was used for Kaplan—Meier survival analysis.
log-rank p value was used for significance analysis. The
same analysis was performed with average expression
of downregulated genes.
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Table 1 Clinical Characteristics of entire cohort patients with

NMIBC

Clinical Characteristics Category N (%)

N=32

Age (Median) 65

BCG Treatment 27 (84.37)

Tumor Stage T1 Stage 19 (59.37)
TA Stage 13 (40.63)

Recurrence Status Recurrent 16 (50)
Non-Recurrent 16 (50)

EORTC Risk Score RS-High 4(12.5)
RS-Intermediate 24 (75)
RS-Low 4(12.5)

AUA Risk Score AUA-High 11(34.37)
AUA-Intermediate 16(50)
AUA-Low 5(15.63)

Grade G1 22(68.75)
G3 10(31.25)

Cis Present 3(9.37)

Focality Unifocal 15(47)
Multifocal 17(53)

Gene expression signature correlation analysis

with publicly available NMIBC datasets

Gene expression signature obtained was vali-
dated using publicly available datasets including and
EGAS00001004693 [7], GSE13507[8] and GSE154261
[9]. Normalised expression data was downloaded from
respective datasets from gene expression ominibus
(GEO) and European Genome-phenome Archive (EGA)
and only differentially expressed genes of our signature
was looked at. Clinical data of these datasets were also
downloaded from the same site. Average expression of
upregulated and downregulated genes of our sample
set were compared with clinicopathological parameters
of those cohorts. Wilcoxon Rank-Sum Test was used to
identify significant association with clinicopathological
parameters.

Pathway Enrichment Analysis

Pathway analysis of differentially expressed genes was
performed using Enrichr [19]. Significant pathways of
Reactome, KEGG and WikiPathways were visualised
using Enrichr - KG.

Results

Samples and clinicopathological data

Of the 32 patients, data from RNA sequencing was
obtained from 25 patients; the remaining did not
meet the criteria pertaining to tumor percentage, quality
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of the RNA, and the library concentrations. Various QC
parameters used have been explained in the methods sec-
tion. Clinicopathological data of entire clinical set is pro-
vided in Table 1

The differential expression analysis revealed distinct
patterns, and the prediction models achieved an accuracy
of 90%

Four hundred thirty-five genes were differentially
expressed between patients with recurrence and those
without. (p-value <0.05 & log2 FC >1 | log2 FC <-1).
Of these, 73 genes were upregulated, and 362 genes
were downregulated in patients with recurrence. To
visualise the genes, differentiate between recurrent and
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non-recurrent patients, heatmap was constructed on
scaled expression values of 435 genes. Scale ranged from
—2 to +2. —2 being lowest expressed and + 2 being high-
est expressed in relation to across samples. Patients who
recurred show consistent high expression of 73 genes,
while patients with non-recurrent tumours show down
regulation of these genes. Non- recurrent patients show
high expression of 362 genes, while these genes were
downregulated in recurrent patients. Volcano plot was
drawn to visualise the distribution of p-values and fold
changes of genes between recurrent and non-recurrent
cases (Fig. 1la,b). Figure la represents the heatmap for
Z-score of 435 genes differentiating recurrent and non-
recurrent patients. Figure 1b is volcano plot showing log2
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Fig. 1 Stratification of NMIBC patients. a: Heatmap representing Z-score of differentially expressed genes of recurrent and non-recurrent

NMIBC tumors. b: Volcano plot illustrating the transcriptome-wide distribution of log, fold changes and -log;, p-values between recurrent
versus non-recurrent patient groups. c: PAM cross validation error plot. d: PLS-DA cross-validation error plot. Error rate is shown

across the components with different distance methods. The overall error rate (OER) and balanced error rate (BER) for the three different distance

metrics across the first ten components are depicted
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fold change and p value difference between recurrent and
non-recurrent patients.

Two prediction methods including PAM and PLS-DA
were used to check the ability of differentially expressed
genes to predict the subtypes. Here we have used 435 dif-
ferentially expressed genes as input for PAM and found
that these genes could differentiate recurrent and non-
recurrent patients with overall 90% accuracy of recur-
rence prediction via fivefold cross validation (Fig. 1c).
For PLS-DA as also we used 435 differentially expressed
genes as input and checked different distance measures
while using fivefold cross validation analysis. Misclas-
sification error plot yielded 92% accuracy of recurrence
prediction by centroid distance method via fivefold cross
validation with 4 components (Fig. 1d). The model dem-
onstrated a median prediction accuracy of 90% across
10,000 resampling iterations of training and test sets
(Supplementary Fig. 2). Model calibration parameters
and performance matrices are given in supplementary
Table 1.

Pathway analysis of differentially expressed genes

To identify functional aspect of the signature, pathway
analysis was performed. Significant upregulated KEGG
pathways in patients with recurrence include “Systemic
Lupus Erythematosus’, “Alcoholism’, “Neutrophil Extra-
cellular Trap Formation’, “Transcriptional Misregulation
in Cancer’, “Shigellosis’, “Nuclear Receptor Meta-Path-
way” and “Fatty Acid Metabolism” (Fig. 2a). Green
bubbles indicate genes, pink indicates WikiPathways,
purple indicates Reactome pathways and grey indicates
the KEGG pathways. Many histone proteins were com-

mon across various pathways including “Systemic Lupus
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Erythematosus’, “Alcoholism’, “Neutrophil Extracellular
Trap Formation’, “Transcriptional Misregulation in Can-
cer” and “Shigellosis” As annotated by KEGG: H3CS,
H3C13, H3C10, H3C3 and H3C4 genes were associated
with “Shigellosis” as well as “Transcriptional Misregula-
tion in Cancer”. H3C8, H2BC6, H2AC4, H2BC3, H2ABI,
H2ACl6, H2AC11, H2C13, H2BC11, H3C10, H3C3,
H2C2 and H3C4 were associated with “Neutrophil Extra-
cellular Trap Formation” and “Systemic Lupus Erythema-
tosus Pathways” Interestingly, H3C8, H2BC6, H2AC4,
H2BC3, H2AB1, H2AC1l6, H2AC11, H2C13, H2BCl11,
H3C10, H3C3, H2C2 and H3C4 were also associated
with alcoholism along with GRIN2D. Similarly, Reac-
tome pathways show: H3C13, H2AC4, H2BC3, H2BC11
and H2AB1 were associated with “DNA Methylation’,
“Meiotic Recombination’, “RNA Polymerase I Promoter
Opening’; “SIRT1 Negatively Regulates rRNA Expres-
sion” pathways. ARTN was another gene associated with
“Meiotic Recombination” Wicki pathways show above
histone modifiers as well as THBD, SLC7 A5, SLC6 AS,
SCD and FASN genes associated with “Nuclear Recep-
tor Meta Pathway” SCD and FASN genes associated with
“Fatty Acid Biosynthesis”

Interestingly we found that significantly downregu-
lated pathways in patients with recurrence include
“Cell Adhesion Molecules”, “Calcium Signaling Path-
way’, “Extracellular Matrix Organisation’, “PIK3
K-AKT Signaling Pathway’, “Phospholipase D Signal-
ing Pathway’, “MicroRNAs in Cancer’, “Focal Adhe-
sion”, Vascular Smooth Muscle Contraction’, “Glycine,
serine and threonine metabolism” and “RAP1 signal-
ing pathway” (Fig. 2b). The genes involved in pathway
annotated as “Cell Adhesion Molecules” by KEGG
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Fig. 2 Pathway analysis of differentially expressed genes. a: Upregulated genes in recurrent NMIBC tumors in enrichr-KG network. Green bubbles
indicate genes, pink bubbles indicate WikiPathways, purple bubbles indicate Reactome pathways and grey indicate the KEGG pathways. b:
Downregulated genes in non-recurrent tumours in enrich-KG network. Genes were labelled as green color and connecting pathways from different
sources are labelled with different colors. Green bubbles indicate genes, pink bubbles indicate WikiPathways, purple indicate Reactome pathways

and grey indicate the KEGG pathways
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include NLGN4Y, NLGN1, NEGR1, CNTNI1, ITGAS,
PDCD1LG2, LRRC4 C, CD34 and JAM2. The genes
involved in pathway annotated as “Calcium Signal-
ing pathway” by KEGG include CHRM2, PTGER,
EDNRA, CYSLTR1, PLCB4, PDGFC, AGTR1, VEGFC,
TACR1 and FGF2. The genes involved in pathway
annotated as “PIK3 K-AKT Signaling Pathway” by
KEGG include CHRM2, PRKAA2, LAMA2, ANGPT],
LAMC3, MAGI2, LPAR1, VEGFC, FGF2, CCND2,
PPP2R2B, PDGFC, ITGA8 and COL6 A5. The genes
involved in pathway annotated as “Extracellular Matrix
Organisation” by Reactome include LAMA2, COL14
Al, LAMC3, LUM, MMP2, DCN, MFAP4, EFEMPI,
ITGAS, TLL1, COL6 A5, FGF13 and JAM2. The genes
involved in pathway annotated as “G Alpha (Q) Sign-
aling Events” by Reactome include PTGFR, EDNRA,
CYSLTR1, PLCB4, TRPC3, AGTRI, GNRHR and
TACR1. The genes involved in pathway annotated as
“Molecules Associated with Elastic Fibres” by Reac-
tome include MFAP4, EFEMP1 and ITGAS8. The genes
involved in pathway annotated as “Complement acti-
vation” by WikiPathways include C4A, C1S and C7.
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Gene expression analysis predicts recurrence

with a greater accuracy as compared to EORTC and AUA
score

EORTC risk stratification classifies 83% who were recur-
rent and 85% who were non recurrent into intermediate
risk group. 15% of low-risk group of patients by EORTC
did not have recurrence and 17% of high-risk group
had recurrence (Fig. 3a). AUA risk stratification clas-
sifies 33% of patients who were recurrent and 69% of
patients who were non-recurrent into intermediate risk
group (Fig. 3b). 23% of low-risk group by AUA fall into
non-recurrent group, while 67% of high-risk patients
fall in recurrent class. 8% of high-risk patients had no
recurrence.

The analysis above necessitates a binary classifier as
most of the intermediate group fall in to either high or
low group. PAM analysis and PLS-DA analysis showed
superior performance compared to EORTC and AUA and
classified patients with a median accuracy of 90%. PAM
fivefold cross validation model classifies patients with
90% accuracy for their recurrence status (Fig. 3c, Fig. 1c,
d, supplementary Fig. 2). Fisher’s exact test p-value for
PAM prediction with recurrence status was less than
0.0001. Survival analysis showed significant bonfer-
roni corrected p-value with higher average expression
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Fig. 3 Comparison of genes expression with EORTC, AUA and clinical parameters. a: Comparison of EORTC risk groups and recurrence status
of the patients. b: Comparison of AUA risk groups and recurrence of the patients. c: Comparison of gene expression signature prediction (PAM)
and recurrence status of the patients. d: Kaplan—Meier curve stratifying patients based on average expression of upregulated genes. e: Kaplan—
Meier curve stratifying patients based on average expression of down-regulated genes
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of upregulated genes resulting in poor survival of the
patients (Fig. 3d), while higher average expression of
downregulated genes resulting in good the survival of
the patients (Fig. 3e). Recurrence status was also corre-
lated with T stage, Grade and CIS status of the patient.
TA and T1 stage were not associated with the recur-
rence with p-value of 0.22 (Supplementary Fig. 3). 75% of
patients who recurred were T1, while rest 25% were TA.
46% of patients who were non recurrent were T1, while
54% were T2. Grade showed association with recurrence
status (p =0.01) (Supplementary Fig. 4). 92% of patients
who were non-recurrent were G1, while remaining 8%
were G3. 56% of recurrent patients were G3, while 44%
were G1. CIS status was not associated with recurrence
of the patient (p =0.09) (Supplementary Fig. 5). 25% were
CIS positive.

Association of gene expression signature and recurrence
status of publicly available NMIBC datasets

In order to see association of gene expression signa-
ture and recurrence in a larger external cohort, we have
made use of available information from publicly avail-
able NMIBC datasets. Our gene expression signature
positively correlated with patient recurrence in publicly
available NMIBC datasets. (GSE13507, GSE154261 and
EGAS00001004693) (Fig. 4a,b,c,d,e) [7, 8, 9]. GSE13507
includes transcriptome expression from 165 primary
bladder cancer samples, 23 recurrent non-muscle inva-
sive tumour tissues, 58 normal looking bladder mucosae

Average Log2 Normalised Expression
ot Upreguimed enes
‘Average Log2 Normalised Expression of Upregulated Genes

d
£
i
H

2
g
b

m
m

NMIBC_class

Kruskal-Walie, p - 061

ssion of Upreguiated Genes.

Average Log2 Normalised Expre

G20 25 onsn 3 5 o 20 5 Gase 1 G -~

Page 7 of 10

surrounding cancer and 10 normal bladder mucosae.
It was found that normal samples got the lowest aver-
age expression of the upregulated genes and then comes
adjacent normal and then primary bladder cancer sam-
ples. Highest expression was found in recurrent NMIBC
(Fig. 4a). GSE154261 includes transcriptome expres-
sion from primary samples of 99 NMIBC patients with
T1 status. We have taken normalised expression of 73
patients of discovery cohort having recurrence status
and it was found that average expression of upregu-
lated genes from our cohort was significantly higher in
recurrent patients compared to non-recurrent patients
(Fig. 4b). EGAS00001004693 includes patients enrolled
in the UROMOL project, a European multicenter pro-
spective study of NMIBC. Normalised transcriptome
data from 535 NMIBIC patients were analysed. Stage
included both T1 and TA. CIS status, cystectomy status,
grade and tumor size were included. It was found that
average expression of upregulated genes of patients from
our patient set was significantly higher in patients who
progressed to T2 compared to those who did not pro-
gress (Fig. 4c). Average expression of upregulated genes
was also significantly higher with higher grade and higher
tumor size compared to lower grade and lower tumor
size (Figs. 4d, e). Similar trend was observed with down-
regulated genes in the above cohorts. Highest expression
of downregulated genes was observed in normal sam-
ples compared to tumor samples as wells as non-recur-
rent patients compared to recurrent patients (data not
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Fig. 4 Correlation of gene expression signature with publicly available expression datasets of patients with NMIBC. a: Average expression

of upregulated genes in NMIBC cohort of GSE13507 with sample annotations. b: Average expression of upregulated genes in NMIBC cohort

of GSE154261 with sample annotations. c: Average expression of upregulated genes in NMIBC data set of EGAS00001004693 with sample
annotations. d: Average expression of upregulated genes in NMIBC data set of EGASO00001004693 was significantly higher in high grade compared
to lower grades. e: Average expression of upregulated genes in NMIBC data set of EGAS00001004693 with sample annotations. f: UROMOL class
prediction for our sample set and association with EORTC risk score. g: UROMOL class prediction for our sample set and association with recurrence

status



N et al. BMC Cancer (2025) 25:916

shown). We have also checked whether the classifier that
assigns class labels to single samples according to the four
transcriptomic UROMOL classes of NMIBC [7]: class 1,
class 2a, class 2b and class 3. This was not significantly
associated with recurrence status and EORTC RS of our
set of patients. (Figs. 4f, g).

Discussion

Evidence is clear that NMIBC and MIBC are heteroge-
nous groups of tumors and TNM classification system is
not sufficient for the characterization of this heterogene-
ity. Recent evidence suggests that molecular classification
of bladder cancer captures underlying biological differ-
ences and tumour behaviours that may provide more
precise stratification that could impact treatment and
patient survival. This information consequently leads to
differences in aggressiveness, prognosis, and progression.
Therefore, risk stratification and prognostic models are of
great importance because they enable standardisation of
the treatment and follow-up, and data comparison.

Available scoring systems should be updated to match
current standards of treatment. The low overall perfor-
mance of the existing models reflects the unmet need for
accurate biomarkers that measure the inherent biological
potential of the tumours in the context of the microen-
vironment and host factors in general. Risk stratification
and prognosis estimation should be performed when
NMIBC is diagnosed. At present, scoring models use
clinical and pathological variables that are known at the
time of diagnosis and have been found to be of prognostic
importance. Evaluation of some of these variables is sub-
jective. Estimation of tumour size during TURBT is inac-
curate, as well as determining the number of tumours in
patients with diffuse lesions. Tumour stage and histologi-
cal grade are associated with high observer variabilities
[20, 21]. All these inaccuracies may lead to an incorrect
tumour classification, which makes the process of valida-
tion complicated.

In addition to clinical prognostic factors molecular
parameters would potentially be beneficial; however, no
molecular markers have currently been recommended
for widespread use in routine clinical practice. Use of
genomics in risk stratification of bladder cancer patients
is one of the promising future perspectives. Information
from the Cancer Genome Atlas—MIBC project, which
produced a comprehensive, open-access catalogue of
DNA alterations, enables grouping of tumours into dis-
tinct molecular subtypes with different prognoses [22].
However, most sequencing efforts have focused on
MIBC, and a significant unmet need is to translate this
knowledge to NMIBC recurrence. Regarding NMIBC,
the potential benefit and clinical utility of molecular
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subtyping may be in the more-accurate prognostication
of recurrence and progression.

In our current study of retrospective set of 25 patients,
we have performed transcriptomic analysis and showed
that disease aggressiveness is associated with immune
cell infiltration, genomic modifications, Nuclear Receptor
Meta-Pathway and fatty acid metabolism and transcrip-
tomic classes. In our approach we generated a score-
based method, with two prediction methods including
PAM and PLS-DA for checking differential genes ability
to predict the subtypes and we could also predict recur-
rence under one year with an overall median accuracy of
90%. The signature was validated in other public data-
sets with similar accuracy in prediction. We have also
observed that no significant association of UROMOL
groups with recurrence status and EORTC RS was found
for our set of patients. This may be attributable to the fact
that, the EORTC risk calculator as discussed earlier may
not accurately represent Indian scenario and early recur-
rence status of the patients.

Few study limitations that were identified by us are—
the retrospective nature of our analysis and our small
cohort size (n =25). While our 1.5-year follow-up period
was sufficient to detect early recurrences, it may not cap-
ture later recurrence events or disease progression pat-
terns that could emerge with longer observation.

Finally, our findings, while validated in external data-
sets, require prospective validation in a larger, ethnically
diverse cohorts before they can be considered for clinical
implementation. The molecular signature we identified
may perform differently in various patient populations
with different genetic backgrounds and environmental
exposures.

Despite these limitations, our study provides valuable
preliminary evidence for the potential utility of tran-
scriptomic profiling in risk stratification of NMIBC,
particularly in the Indian population that has been
underrepresented in previous molecular studies. Taken
together, we conclude that classification based on gene
expression enhances understanding of tumor behavior
and may aid in tailoring treatments, thus improving the
prognosis of NMIBC patients. Achievement of classifica-
tion consensus could pave the way for well-designed pro-
spective clinical trials that include molecular subtyping,
which could change current guidelines and treatment
approaches for NMIBC patients.
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