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Abstract

Background: High-frequency recurrence (HfR, >2 recurrences) in non-muscle-invasive bladder
cancer (NMIBC) poses a significant clinical burden. Current risk models, such as the European
Organization for Research and Treatment of Cancer (EORTC), the European Association of Urology
(EAU), and the UROMOL classification offer limited predictive accuracy for identifying patients at

risk for frequent recurrence despite appropriate treatment.

Methods: A 75-gene high-frequency recurrence index (HfRI) was constructed by selecting
recurrence-associated genes using differential expression and Cox regression analyses. The HfRI was
computed as a weighted sum of normalized gene expression values. The model was trained on a
discovery cohort and validated in multiple cohorts (n=1,379) using machine learning approaches.
Clinical relevance was assessed using recurrence-free survival (RFS) and Cox models, and predictive
performance was compared with that of the EORTC, EAU, and UROMOL classifications using the

area under the curve (AUC) and the concordance index (c-index).

Results: The HfRI robustly stratified patients into high-and low-risk groups across six independent
NMIBC cohorts. Patients classified as HfRI-high had a significantly greater likelihood of
experiencing >2 recurrences ()2, p=0.001) and showed markedly reduced RFS (log-rank test, p<0.001).
The adverse prognostic effect of the HfRI persisted even among patients treated with BCG therapy
(log-rank test, p=0.02). Multivariate analysis revealed that the HfRI was an independent predictor of
HfR (HR=2.82, 95% CI1=1.89-4.20; p<0.001). Compared with established clinical risk classifiers, the
HfRI demonstrated superior predictive performance (AUC=0.736; c-index=0.673) in terms of the
EORTC (AUC=0.594), EAU (AUC=0.557) risk groups, and UROMOL2021 (AUC=0.596)
classification. Pathway analysis revealed that HfRI-high tumors were characterized by upregulation of
cell cycle progression and DNA replication pathways, accompanied by suppression of immune
signaling pathways. These biological features provide a mechanistic explanation for the reduced
responsiveness to intravesical BCG therapy, underscoring the role of HfRI not only as a predictor of

recurrence risk but also as a biomarker capable of identifying patients unlikely to benefit from



standard BCG treatment.

Conclusions: HfRI represents a robust, transcriptome-based tool for predicting frequent recurrence in
NMIBC patients. The HfRI supports earlier identification of patients at risk of high-frequency

recurrence, thereby supporting personalized treatment strategies.
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Background

Bladder cancer (BC) is among the top ten most common cancers globally [1], with 70% of cases
diagnosed as non-muscle invasive bladder cancer (NMIBC) [2]. While NMIBC has a relatively
favorable prognosis compared with muscle-invasive BC, its clinical management is complicated by
high recurrence rates, which have been reported in as high as 70% of cases [3]. Even after appropriate
transurethral resection (TUR) and intravesical Bacillus Calmette-Guérin (BCG) therapy,
approximately 20% of patients experience frequent recurrences (defined as two or more episodes) [4,
5], necessitating repeated procedures that negatively affect quality of life and increase health care
burden. NMIBC includes tumors confined to the mucosa (stage Ta), tumors invading the subepithelial
connective tissue (T1), and flat carcinoma in situ (Tis), all of which lack invasion into the muscle
layer. These early-stage tumors are typically treated with TUR followed by intravesical therapy [4].
However, disease behavior varies widely even within these noninvasive stages, and recurrence risk is
influenced by factors such as tumor size, multiplicity, prior recurrence, and histologic grade. Accurate

risk stratification is therefore essential for optimizing treatment intensity and follow-up strategies.

To guide treatment decisions for NMIBC patients who experience recurrence, various
clinical and molecular risk stratification models have been proposed, including the European
Organization for Research and Treatment of Cancer (EORTC) and the European Association of
Urology (EAU) scores, as well as transcriptomic classifications such as UROMOL2021 [4, 6, 7].
However, these models were not specifically designed to predict high-frequency recurrence (HfR),
and their accuracy in this context remains low. Moreover, most molecular studies to date have focused
on progression to muscle-invasive disease [7-13], whereas relatively few have addressed the
prediction of frequent recurrence, which is a clinically important yet underexplored outcome in
NMIBC. A more robust and biologically grounded predictor is therefore needed to guide

individualized management, particularly for patients who may not benefit from repeated BCG therapy.

We have previously conducted a range of studies to predict clinical events such as

progression and recurrence in NMIBC patients, as well as BCG treatment responsiveness [10, 13-15].



Building upon this experience, we sought to address one of the most critical unmet clinical needs:
predicting high-frequency recurrence and its association with the response to BCG treatment, an area
that has not been systematically explored. We used transcriptomic data from both newly generated and
publicly available cohorts, focusing on patients with >2 recurrences despite having similar clinical
risk scores. The high-frequency recurrence index (HfRI) was developed through Cox regression
analysis of recurrence-associated genes and validated using machine learning across six independent
cohorts. In addition to its predictive performance, HfRI-high tumors displayed transcriptomic patterns
linked to cell proliferation and immune suppression, providing a biological context that may help
refine patient stratification and guide future investigations. These findings support the clinical utility
of the HfRI as a robust predictor of frequent recurrence and as a tool for precision-guided

management of NMIBC.



Methods

Terminology clarification

To avoid ambiguity, we distinguished between the two classification schemes used in this study: (1)
Outcome-defined groups (HfFR-NMIBC, >2 recurrences; NR-NMIBC, no recurrence) were used only
in the discovery cohort to identify recurrence-associated genes and construct the 75-gene signature. (2)
Model-based classifications (HfRI-high/HfRI-low) were applied in all downstream analyses after the
establishment of the HfRI. This distinction is maintained throughout the manuscript to ensure

consistent terminology.
Tissue samples from the discovery and validation cohorts

Patient-derived tumor tissues were collected to generate transcriptome data for patients with high-
frequency recurrence of NMIBC (GSE294703, n=45) [16]. Additional transcriptome data for NMIBC
(GSE294705, n=94) were generated in this study for validation [17]. These patient-derived tissues
were collected through appropriate procedures after surgery at Chungbuk National University
Hospital, Cheongju, Republic of Korea. All transcriptome data used in this study included patient
recurrence-free survival (RFS), follow-up period, and frequency of recurrence. The baseline
characteristics of the clinical cohorts are described in Table 1 and Additional file 1: Table S1. The
tumor tissue was macrodissected within 15 minutes after surgical resection. To ensure
representativeness, adjacent tissue from fresh frozen sections of transurethral resection specimens was
analyzed. The samples were then stored in liquid nitrogen at —80 °C until use. Sample collection and
analysis were approved by the Chungbuk National University Institutional Review Board and by the
Chungbuk National University Hospital (IRB approval number: CBNU-202309-BR-0201 and
GR2010-12-010, respectively), and all patients provided informed consent. High-frequency
recurrence is defined as 2 or more recurrences. The workflow of this study and the information on the

clinical cohorts utilized at each step are described in Additional file 2: Fig. S1.

RNA extraction, RNA-seq experiments, and data processing



Total RNA was extracted from tissues using TRIzol reagent (Invitrogen, Carlsbad, CA) and stored at -
80 °C. RNA quality and integrity were assessed using the RNA integrity number and the DV200
metric, which were determined with an RNA 6000 Nano Kit and an Agilent 2100 Bioanalyzer
(Agilent Technologies, Santa Clara, CA). Samples with a RIN >8 were considered good quality and
were selected for downstream analysis. The sequencing library was prepared using the TruSeq RNA
Sample Preparation Kit v2 (lllumina, San Diego, CA). Briefly, mMRNA was purified from total RNA
using poly-T oligo-attached magnetic beads, fragmented, and converted into cDNA. Adapters were
ligated to the cDNA, and the fragments were amplified by polymerase chain reaction. Paired-end
sequencing reads (2 x 150 bp) were obtained using the HiSeq 2500 platform (lllumina, San Diego,
CA). The reference genome sequence data for Homo sapiens were obtained from the NCBI Genome
database (assembly ID: GRCh38), and reference genome indexing and read mapping of tissue

samples were performed using STAR software (version 2.7.3a, RRID:SCR_004463) [18].
Definition of High-Frequency Recurrence

HfR was operationally defined as two or more documented tumor recurrences (=2) following the
initial diagnosis of NMIBC. This definition was consistently applied across all cohorts that provided
recurrence frequency information, including both in-house and publicly available datasets. Data on
recurrence timing, such as the intervals between recurrences or recurrence rates per year, were not
uniformly available across several public datasets. Consequently, temporal dynamics could not be
incorporated into the definition. To ensure consistency across cohorts with heterogeneous reporting

formats, the recurrence count was selected as the primary endpoint.
BCG treatment

Patients with intermediate- and high-risk NMIBC underwent an induction course of intravesical BCG
consisting of six weekly instillations following TUR. For each instillation, one vial of BCG (12.5 mg
per vial for OncoTice®) was reconstituted in saline and instilled into the bladder. Cystoscopy was
performed three months after the completion of BCG induction therapy and every three months

thereafter. If there was no recurrence or progression for two years, cystoscopy was subsequently



performed every six months. If a lesion suggestive of recurrence was detected during cystoscopy, a
TUR procedure was performed. In cases where no visible lesions were detected, patients received a
maintenance regimen consisting of three weekly BCG instillations at 3, 6, 12, and 18 months after

surgery.

Public datasets of NMIBC patients

We obtained clinical information and gene expression data from NMIBC patients from public
databases. The raw data from the UROMOL consortium were downloaded from the European
Genome-Phenome Archive (EGA) under accession number EGAS0001004693 (UROMOL2021) [7,
19]. Gene expression data for the bladder cancer microarray study were downloaded from the Gene
Expression Omnibus (GEO, RRID:SCR_005012) database from the National Center for
Biotechnology Information (NCBI) under accession numbers GSE5479 [12, 20], GSE13507 [13, 14,
21], GSE120736 [11, 22], and GSE163209 [8, 23]. The baseline characteristics of patients whose data
were collected from public repositories are provided in Additional file 1: Table S1, alongside those of

GSE294705 [17].

Data preprocessing for transcriptomic profiling

All gene expression data were separately log2 transformed and quantile normalized. For the RNA-seq
data, the read counts per million (CPM) fragments mapped of each sample were used to estimate the
expression level of each gene. Genes with an average CPM value < 1 for the entire sample were

removed.

Development of the HfRI

To develop the HfRI, 700 differentially expressed genes were identified between the two groups in
GSE294703 by applying a 1.5-fold change threshold, p<0.05 (two-sample t test), and a false
discovery rate (FDR) adjustment for multiple comparisons [16]. We then used Cox regression analysis
of these genes in three independent NMIBC cohorts to select 75 genes that maintained consistent
prognostic associations. This gene was defined as a HfR-related gene. HfRI was developed to quantify

the transcriptomic signature associated with frequent recurrence in NMIBC. For each patient, gene



expression values were first standardized (z-score). The HfRI was then calculated as the sum of the
standardized expression levels of 75 genes, each multiplied by its corresponding Cox regression
coefficient. These coefficients were derived as the average from three independent NMIBC cohorts
(UROMOL2021, GSE13507, and GSE120736), considering only genes that consistently showed
positive (hazard ratio [HR] > 1) or negative (HR < 1) associations with high-frequency recurrence. To
determine the optimal cutoff for the HfRI, we used the nearest-neighbor estimation method to

generate time-dependent receiver operating characteristic (ROC) curves for RFS.

Development of a machine learning-based prediction model

To verify the prognostic relevance of the subgroups derived from the HfRI, machine learning
algorithms were used to generate predictive models. These algorithms include random forest (R
package, randomForest, version 4.7-1.1), support vector machine (R package, e1071, version 1.7-16),
and XGBoost (R package, xgboost version 1.7.8.1). Among them, the model with the highest
balanced accuracy was selected. In the UROMOL2021 cohort, the ratio of training data to testing data
was 8:2. The performance was improved by modifying hyperparameters appropriate for the algorithm
used through grid search. The gene expression data used to construct the predictive models were

preprocessed through normalization and standardization.

Biological enrichment pathway and other statistical analyses

To explore the diversity of biological processes across subgroups, we used gene set variation analysis
(GSVA) [24]. For this purpose, we utilized gene sets from the Molecular Signatures Database
(MSigDB), which includes both HALLMARK and the Kyoto Encyclopedia of Genes and Genomes
(KEGG, RRID:SCR_012773). We normalized the GSVA scores and evaluated differences in
expression between the two groups using a p value threshold of < 0.05, with a focus on identifying
statistically significant alterations. In addition, gene set enrichment analysis (GSEA) was performed
with significance criteria (FDR<0.25). Kaplan—Meier plots were used to estimate associations
between subgroups and survival outcomes using the log-rank test. Clinical variables, such as clinical

information that were distributed differently across subgroups were estimated by chi-square or



Fisher’s exact tests, which are appropriate for the characteristics of the data. ROC curve analysis was
used to calculate the area under the curve (AUC). The predictive HfRI values were assessed using
Harrell’s concordance index (c-index). In addition, statistical significance was evaluated with
DeLong's test. All statistical analyses were performed in the R version 4.2.1 language environment

(https://www.r-project.org, RRID:SCR_000432).
Data availability

The RNA-seq datasets generated in this study are available in the Gene Expression Omnibus (GEO)
repository under accession numbers GSE294703[16] and GSE294705[17]. The public datasets
analyzed in this study include the GEO accession numbers GSE5479[12, 20], GSE13507[13, 14, 21],
GSE120736[11, 22], and GSE163209[8, 23] and the European Genome-Phenome Archive (EGA)
accession number EGAS0001004693 (UROMOL2021; FASTQ files and clinical information)[7, 19].
R functions for calculating the HfRI and the trained machine-learning prediction models are available

at https://github.com/baeksw33/HighFrequencyRecurindexNMIBC.



Results

Molecular characterization of HfR in BCG-treated NMIBC

Building upon our previous studies predicting progression, recurrence, and BCG responsiveness in
NMIBC [10, 13-15], we undertook a study to address one of the most pressing unmet needs in clinical
practice: the prediction of high-frequency recurrence. A summary of our study workflow is shown in
Additional file 2: Fig. S1. We analyzed transcriptome data from 45 NMIBC patients treated at
Chungbuk National University Hospital, all of whom underwent TUR and BCG therapy. Among them,
22 patients experienced no recurrence after BCG treatment, while 23 experienced frequent recurrence.
Importantly, EORTC risk scores did not significantly differ between the two groups. Patients without
recurrence were classified as nonrecurrent NMIBC (NR-NMIBC), and those with two or more

recurrences were classified as HFR-NMIBC patients (Table 1).

The clinicopathological variables did not significantly differ between these subgroups
(Additional file 2: Fig. S2A and Table 1). To reveal the biological pathways associated with
recurrence, we performed GSEA using HALLMARK and KEGG pathway data from MSigDB. HfRI-
high patient samples exhibited “upregulation of E2F targets, mitotic spindle, and glycolysis, and
downregulation of the interferon alpha and gamma response pathways (Additional file 2: Fig. S2B).
Key genes involved in these pathways, including CENPJ, BUB1, and MKI67 as well as GPC3, have
previously been linked to recurrence in other cancers [25-29]. Conversely, the expression of immune-
related genes such as CXCL9 and CXCL10 [30, 31] was suppressed in HfRI-high patients (Additional
file 2: Fig. S2A). We identified 700 genes that were differentially expressed between HfRI-high
patients and NR-NMIBC patients (Additional file 2: Fig. S2A). To assess prognostic relevance, we
performed hierarchical clustering of the UROMOL2021 cohort using these genes. Compared with the
NR-NMIBC subgroup, the HfR-NMIBC subgroup had significantly shorter RFS (log-rank test,
p=0.03; Additional file 2: Figs. S3A, S3B), with an even more pronounced difference among patients
who experienced two or more recurrences (log-rank test, p=0.002; Additional file 2: Fig. S3C). The

frequency of recurrence was also higher in the HfRI-high patients (2 test, p=0.007; Additional file 2:



Fig. S3D), supporting the relevance of the gene signature for stratifying NMIBC by high-frequency

recurrence.

Construction of the HfRI for predicting HfR

To facilitate clinical implementation while preserving specificity for HfR, we refined the original 700
HfR-focused genes into a streamlined 75-gene signature that retains predictive power but is feasible
for diagnostic assay development (Additional file 1: Table S2). The coefficients derived from Cox
regression analysis were used as weights to design the HfRI. We applied the HfRI to the
UROMOL2021 cohort and stratified patients into HfRI-high and HfRI-low subgroups. To determine
the optimal cutoff value, we used high-frequency recurrence status (>2 recurrences) as the binary
outcome, and an ROC curve was constructed. Comparisons with molecular features from
UROMOL2021 revealed that the characteristics of the HfRI-high patients were consistent with those
of our previous GSEA (Additional file 2: Fig. S2), indicating the activation of pathways related to the
late-stage cell cycle and DNA replication. Additionally, uroplakin and pan-fibroblast TGFf signatures
were enriched in HfRI-high patients. In contrast, the HfRI-low subgroup displayed overall immune
activation, such as total immune score, CD274 expression, and the interferon-gamma signature

(Additional file 2: Fig. S4A).

Using the log-rank test, we confirmed that compared with the HfRI-low group, the HfRI-
high group experienced significantly shorter RFS (log-rank test, p < 0.001; Fig. 1A). This distinction
remained when patients with only a single recurrence were excluded (log-rank test, p < 0.001; Fig.
1B). Similarly, the proportion of patients with > 2 recurrences was much greater in the HfRI-high
group () test, p < 0.001; Fig. 1C). We observed the same trend in the smaller subset of patients who
had received prior BCG therapy, but the limited sample size precluded statistical confirmation
(Additional file 2: Fig. S4B). Multivariate Cox proportional hazard regression analysis of
UROMOL2021 identified the HfRI as an independent risk factor for RFS >2 recurrences (hazard ratio
[HR] = 3.23; 95% confidence interval [CI]=1.96-5.34; Additional file 1: Table S3). HfRI
demonstrated good predictive performance, with an AUC of 0.736 and a c-index of 0.673 (Fig. 1D),

outperforming conventional clinicopathologic and molecular classifications, including stage, grade,



EORTC and EAU risk score, and Class 2a subtype of UROMOL (AUC range: 0.524-0.596;
Additional file 2: Fig. S4C). To further examine whether integrating clinical variables could enhance
predictive performance, we constructed combined models incorporating the HfRI with EORTC and
EAU risk scores. Compared with HfRI alone, both combined models modestly improved the
prediction accuracy: the model with HfRI alone; HfRI + EORTC + EAU achieved an AUC of 0.750
(c-index=0.696) (Fig. 1D). Although these improvements were incremental, they suggest that
integrating selective clinical indicators with the HfRI may provide additional prognostic refinement.
Nevertheless, HfRI alone remained the strongest individual predictor, achieving the most favorable
separation of the RFS curve (Additional file 2: Fig. S4D-G). We next assessed how HfRI aligns with
existing molecular and clinical subtype systems. HfRI-high patients were significantly enriched in the
high-risk categories of both the EORTC and the EAU clinical risk groups (Additional file 2: Fig. S4H
and 41). At the transcriptomic level, HfRI-high tumors were strongly enriched for the proliferative
UROMOL Class 2a subtype and the Leeds E3 subtype, both of which represent aggressive molecular
backgrounds (Additional file 2: Fig. S4J and 4K). These subtype distributions further support the

association of HfRI-high tumors with aggressive and recurrence-prone tumors.

Validation of the HfRI in independent NMIBC cohorts

After confirming the clinical utility of the HfRI in the UROMOL2021 cohort, we extended our
investigation to characterize these subgroups across additional independent NMIBC cohorts. Using
the 75-gene-based HfRI, we applied three machine learning algorithms to classify patients in these
cohorts (Additional file 1: Table S4). Among the models tested, the random forest algorithm
demonstrated the best performance, achieving an accuracy of 93% in the UROMOL2021 cohort, and

was selected as the final HfRI-subtype predictor for further analysis (Additional file 2: Fig. S5).

When we applied the model to the GSE13507 cohort, the 75-gene HfRI clearly differed in
terms of expression profiles (Additional file 2: Fig. S6A) and separated RFS curves (log-rank test, p =
0.02; Additional file 2: Fig. S6B). This separation persisted after single-recurrence cases were
excluded (log-rank test, p = 0.01; Additional file 2: Fig. S6C). Consistently, > 2 recurrences were

more common in the HfRI-high group (32 test, p = 0.04; Additional file 2: Fig. S6D). The AUC (0.676)



and c-index (0.642) values indicated moderate predictive accuracy (Additional file 2: Fig. S6E). For
completeness, we explored a smaller subset of patients who had received prior BCG therapy; the same
trend was observed, but the numbers were insufficient to reach statistical significance (Additional file
2: Fig. S6F). In the GSE120736 cohort, similar expression patterns for the 75 HfR-related genes were
observed (Additional file 2: Fig. S7A), with the HfRI-high patients tending toward a higher
recurrence rate (log-rank test, p = 0.09; Additional file 2: Fig. S7B). When patients with only a single
recurrence were excluded, the separation became significant (log-rank test, p = 0.008; Additional file
2: Fig. S7C), and the proportion of patients with > 2 recurrences was markedly greater in the HfRI-
high group (* test, p < 0.001; Additional file 2: Fig. S7D). The HfRI demonstrated good predictive
performance, with an AUC of 0.728 and a c-index of 0.673 (Additional file 2: Fig. S7TE). We applied
the HfRI classification to a newly generated validation cohort (GSE294705), in which similar
expression patterns for the 75 HfR-related genes were observed (Additional file 2: Fig. S8A). In this
cohort, compared with the HfRI-low subgroup, the HfRI-high subgroup had a significantly higher
recurrence rate (log-rank test, p = 0.03; Additional file 2: Fig. S8B). After patients with only a single
recurrence were excluded, HfRI effectively stratified patients with respect to disease recurrence (log-
rank test, p = 0.01; Additional file 2: Fig. S8C), with a significantly greater proportion of >2
recurrence cases observed. in the HfRI-high patients (2 test, p = 0.01; Additional file 2: Fig. S8D).
The HfRI exhibited modest predictive power, yielding an AUC of 0.613 and a concordance index of
0.562 (Additional file 2: Fig. S8E). Consistent results emerged in the GSE163209 and GSE5479
cohorts: the 75-gene HfRI pattern was reproduced, and the HfRI-high group had worse RFS (log-rank
tests, p = 0.04 and p = 0.07, respectively; Additional file 2: Figs. S9A, S9B, S9D, and S9E). The
same trend was observed among the BCG-treated patients, with higher recurrence rates in the HfRI-
high patients (log-rank tests, p = 0.11 and p = 0.03, respectively; Additional file 2: Figs. S9C and
S9F). In multivariate Cox models, the HfRI remained an independent predictor of RFS in both the
UROMOL2021 cohort (HR = 1.58; 95% CI 1.21-2.05) and the pooled cohort (HR = 1.65; 95% ClI

1.34-2.02) (Additional file 1: Table S5).

Multicohort integration confirms HfRI as a robust predictor of HfR and limited BCG benefit



All cohorts reporting recurrence frequency (UROMOL2021, GSE13507, GSE120736, and
GSE294705) were combined into a single total cohort. After patients with only one recurrence were
excluded, the RFS curves were clearly stratified (log-rank test, p<0.001; Fig. 2A). Because current
EAU guidelines recommend BCG for intermediate- to high-risk NMIBC, we next evaluated 148
BCG-treated patients within this total cohort (single-recurrence cases excluded). Patients classified as
HfRI-high derived significantly less benefit from BCG and exhibited markedly shorter RFS than
HfRI-low patients did (log-rank test, p=0.02; Fig. 2B). These findings indicate that BCG therapy is
substantially more effective in patients classified as HfRI-low and that alternative or intensified
therapeutic strategies may be warranted for the HfRI-defined high-risk group. Consistent with these
survival patterns, HfRI-high patients had a significantly greater percentage of patients with >2
recurrences () test, p=0.001; Fig. 2C). Multivariate Cox analysis revealed that the HfRI remained an
independent predictor of RFS (univariate HR = 3.29, 95% CI 2.36—4.58; multivariate HR = 2.82, 95%
Cl 1.89-4.20; Table 2). Overall, the HfRI demonstrated acceptable discriminative performance, with
an AUC of 0.701 and a c-index of 0.653 (Fig. 2D). To further examine whether integrating clinical
variables could enhance predictive performance, we constructed combined models incorporating the
HfRI with EORTC and EAU risk scores. Compared with HfRI alone, both combined models modestly
improved prediction accuracy: the model with HfRI alone: HfRI + EORTC + EAU achieved an AUC

of 0.708 (c-index=0.661) in the total cohort (Fig. 2D).

In addition to the reduced clinical benefit from BCG, HfRI-high patients displayed a distinct
molecular phenotype characterized by activation of the pan-fibroblast TGFP signature and
suppression of immune activity, including a reduced total immune score and decreased CD274
expression (Additional file 2: Fig. S10). These features are consistent with an immune-excluded,
stromal-driven tumor microenvironment and further support the need to explore alternative or

immunomodulatory strategies for patients with high HfRI scores.

Taken together, these data validate the HfRI in multiple independent cohorts, highlight its robustness
in identifying patients at risk for HfR, and suggest its potential utility in guiding treatment decisions,

particularly in identifying individuals unlikely to benefit from standard BCG treatment.



Discussion

In this study we introduce the high-frequency recurrence index (HfRI), a transcriptome-based tool
designed to predict high-frequency recurrence (HfR; >2 recurrences) in NMIBC patients. Despite
BCG therapy, recurrence affects approximately 50-70% of patients, necessitating repeated
cystoscopies, TURs, and intravesical instillations [2, 3, 32]. These interventions, while essential,
impose considerable physical, psychological, and financial burdens [33]. Moreover, single recurrences
may result from undetected lesions or technical variability rather than tumor-intrinsic biology.
Therefore, biomarkers that capture the underlying biological risk of sustained recurrence are urgently

needed. The HfRI was developed to address this gap and offers several key advantages.

First, we validated the prognostic relevance of the HfRI across both in-house and public NMIBC
cohorts. Patients classified as HfRI-high consistently had shorter RFS and more frequent recurrences,
even after single-recurrence cases were excluded, supporting its biological relevance. Second,
compared with established tools such as the EORTC, EAU, and UROMOL2021 classifiers, the HfRI
demonstrated relatively stronger predictive performance for identifying patients at high risk of HfR.
Third, HfRI-high patients displayed features associated with reduced BCG responsiveness. Activation
of the pan-fibroblast TGFp pathway and suppression of immune-related signatures, such as decreased
total immune score and CD274 expression, suggest an immune-excluded, stromal-driven
microenvironment that may limit the efficacy of BCG [31, 34, 35]. The biological plausibility of HfRI
is further supported by the presence of key genes with well-established roles in aggressive tumor
biology. For example, MKI67 and BUB1 are widely recognized markers of proliferative activity and
treatment resistance across multiple solid tumors, including breast cancer [27, 28]. In addition,
UPK3B reflects urothelial differentiation programs and is associated with recurrence and disease

progression in mesothelial and epithelial tumor contexts [36].

In addition to its prognostic performance, the HfRI showed distinct relationships with established
molecular subtypes. HfRI-high patients were markedly enriched in the high-risk group according to

the EORTC and EAU clinical risk models and aligned strongly with the proliferative UROMOL Class



2a and Leeds E3 molecular subtypes. These associations indicate that HfRI captures tumors
positioned at the aggressive end of existing clinical and transcriptomic classifications. Compared with
Class 2a and E3 patients, patients with high HfRI levels showed additional features, such as a reduced
total immune score and activation of stromal TGFp signaling, which are biologically relevant

pathways captured by HfRI.

Although the HfRI was cross-validated in six independent cohorts, the retrospective design and cohort
heterogeneity may introduce selection bias and limit the generalizability of the findings. The absence
of a prospective validation cohort remains a key limitation of this study, as retrospective analyses
cannot fully substitute for real-world or forward-looking clinical evaluation. To partially address this,
we also evaluated the HfRI in an independent, consecutively accrued institutional validation cohort
(GSE294705) comprising intermediate- or high-risk NMIBC patients, almost all of whom received
guideline-based intravesical BCG, in which the HfRI showed a similar association with high-
frequency recurrence. Future prospective studies will be essential to confirm the clinical utility,
reproducibility, and implementation feasibility of the HfRI. In addition, the number of BCG-treated
patients with >2 recurrences in several cohorts was relatively small, reducing the statistical power for
subgroup analyses and potentially leading to unstable risk estimates. Nevertheless, the reproducibility
of the HfRI across the six datasets indicates that it captures a stable biological signal and provides a

solid foundation for future prospective refinement.

Beyond its prognostic utility, an important limitation of this study is that we did not experimentally
evaluate alternative therapeutic strategies for the HfRI-high subgroup, despite demonstrating that
these patients respond poorly to BCG. However, the molecular phenotype of HfRI-high tumors,
characterized by immune exclusion and stromal TGFp pathway activation, offers a biologically
coherent explanation for reduced BCG responsiveness and provides direction for future therapeutic
exploration. Previous studies have shown that stromal TGFp signaling promotes T-cell exclusion and
resistance to immune-based therapies [34], whereas combined PD-L1/TGFB blockade can restore
cytotoxic T-cell infiltration in immune-excluded tumors [37]. These observations suggest that

therapies targeting the stromal TGFf axis or enhancing immune infiltration may represent rational



alternatives for HfRI-high NMIBC and warrant investigation in further studies.

HfRI has the potential to be incorporated into existing NMIBC workflows following TURBT and
pathology review. Gene expression profiling can be performed using RNA-seq, gRT-PCR, or
NanoString platforms, all of which are routinely available in clinical molecular laboratories. Because
the HfRI relies on a fixed 75-gene panel and is computed from normalized gene-level expression
values, it is fully compatible with all three platforms and does not require any additional clinical
procedures. Once expression data are generated, HfRI scores can be calculated immediately, enabling
timely and workflow-aligned risk stratification. At the same time, although the current 75-gene HfRI
provides robust predictive performance, it should be regarded as a research-grade signature at this
stage. For routine clinical deployment, further gene reduction and assay optimization will likely be
necessary to improve feasibility, cost-effectiveness, and scalability while preserving predictive
accuracy. Taken together, this implementation framework supports the integration of HfRI into routine
practice and suggests that HfRI-low patients may benefit from standard BCG-based guidelines,
whereas HfRI-high patients may require intensified or alternative therapeutic strategies (Additional

file 2: Fig. S11).

5. Conclusions

The HfRI represents a promising prognostic tool for identifying NMIBC patients at high risk of high-
frequency recurrence, enabling early intervention and guiding tailored treatment strategies. Expanding
the clinical use of HfRI will require further prospective validation and exploration of personalized
treatment approaches. Future studies could evaluate immunotherapies, stromal-targeted therapies, or
combination strategies for HfRI-high patients. Additionally, efforts to standardize and clinically
translate the HfRI, including platform adaptation and cost-effectiveness assessments, will facilitate its

integration into routine practice.



Table 1. Baseline characteristics of the discovery cohort (GSE294703)

Variables HfR-NMIBC | NR-NMIBC p-value
Total 23 22
Age (mean (SD)) 65.35 (10.68) 69.36 (9.10) 0.182
Gender (%)
Female 3(13.0) 6 (27.3) 0.412
Male 20 (87.0) 16 (72.7)
Stage (%)
T1 12 (52.2) 15 (68.2) 0.429
Ta 11 (47.8) 7(31.8)
Grade (%)
High 10 (58.8) 14 (73.7) 0.555
Low 7(41.2) 5(26.3)
Tumor.Num. (%)
>=8 8 (34.8) 10 (45.5) 0.640
2~7 7 (30.4) 7 (31.8)
1 8 (34.8) 5(22.7)
Tumor.Size (%)
<lcm 4 (17.4) 0(0.0) 0.047
<3cm 6 (26.1) 3 (13.6)
>=3cm 13 (56.5) 19 (86.4)
CIS (%)
CIS 0(0.0) 1(4.5) 0.982
No CIS 23 (100.0) 21 (95.5)
BCG (%)
BCG treatment 23 (100.0) 22 (100.0) NA
EORTC-recur score, n (%)
High (6 >) 12 15 0.410
Low (6 <) 11 7
Recurrence event (%)
No recurrence 0(0.0) 22 (100.0) <0.001
Recurrence 23 (100.0) 0(0.0)
Frequency of recurrence (min-max (median)) 2-7 (3.0) 0 (0.0) <0.001
Follow up (mean (SD)) 85.42 (49.87) 53.60 (49.20) 0.037

Abbreviation: CIS, Carcinoma in situ; BCG, Bacillus Calmette-Guérin; HfR, High-frequency recurrence;
NR, No recurrence; EORTC, European Organisation for Research and Treatment of Cancer; SD, Standard

Deviation.




Table 2. Univariate and multivariate Cox proportional analysis of high-frequency of recurrence (>2) of patients with total cohort

Variable _ Univar!ate _Multivaria}te
n HR ciLower | ciUpper | p-value HR ciLower | ciUpper | p-value
Gender Male (Ref.) vs. female 485| 2.35 1.70 3.24 <0.001 1.56 0.99 2.44 0.055
‘g Age <65 (Ref.) vs. >65 423| 1.66 1.15 2.39 0.007 1.26 0.84 1.89 0.272
§ Stage Ta (Ref.) vs. T1 479| 1.09 0.79 1.50 0.606 0.70 0.42 1.16 0.167
It Grade Low (Ref.) vs. High 481| 1.13 0.82 1.56 0.449 1.06 0.69 1.64 0.784
st BCG treatment No (Ref.) vs. Yes 370 1.42 0.96 2.10 0.083 1.53 0.94 2.48 0.084
HfRI Low (Ref.) vs. High 487| 3.29 2.36 4.58 <0.001 2.82 1.89 4.20 <0.001
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Figure legends

Figure 1. Clinical relevance and predictive performance of High-frequency Recurrence Index

(HfRI) in UROMOL2021 cohort.

(A) Kaplan-Meier analysis of recurrence-free survival (RFS) with in the UROMOL2021 cohort
(n=535), shows that patients with HfRI-high group (red) experienced significantly poorer prognosis
compared to the HfRI-low group (blue) (p<0.001 by the log-rank test). (B) Kaplan-Meier analysis
restricted to high-frequency recurrence (HfR; >2 recurrence) patients (n=267), excluding single
recurrence cases, also revealed poorer prognosis in the HfRI-high group (p<0.001 by the log-rank
test). (C) The bar plot showing recurrence frequency stratified by HfRI group. The HfRI-high group
had a significantly higher proportion of patients with >2 recurrence compared to the HfRI-low group
(p=0.001 by 4* test). (D) Area Under Receiver Operating Characteristic (AUROC) analysis for
predicting high-frequency recurrence (>2 recurrences) by HfRI alone (A model, AUC=0.736, c-
index=0.673) and HfRI combined with EORTC (B model, AUC=0.746, c-index=0.695), and HfRI

combined with both EORTC and T1High (C model, AUC=0.750, c-index=0.696).

Figure 2. Clinical relevance and predictive performance of HfRI in Total cohort.

(A) Kaplan-Meier analysis of recurrence-free survival (RFS) with in the total cohort (n=485),
excluding patients with only a single recurrence, shows that patients with HfRI-high group (red)
experienced significantly worse RFS compared to the HfRI-low group (blue) (p<0.001 by the log-
rank test). (B) Kaplan-Meier analysis restricted to high-frequency recurrence (HfR; >2 recurrence)
patients who received BCG therapy (n=148), excluding single recurrence cases, also revealed poorer
prognosis in the HfRI-high group (p=0.02 by the log-rank test). (C) The bar plot showing recurrence
frequency stratified by HfRI group. The HfRI-high group had a significantly higher proportion of
patients with >2 recurrence compared to the HfRI-low group (p=0.001 by » test). (D) AUROC
analysis for predicting high-frequency recurrence (>2 recurrences) by HfRI (A model, AUC=0.694, c-

index=0.648) and HfRI combined with EORTC (B model, AUC=0.695, c-index=0.652), and HfRI



combined with both EORTC and T1High (C model, AUC=0.708, c-index=0.661).
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