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Results from a real-world study: a novel
glycosyltransferase risk score for prognosis,
tumor microenvironment phenotypes

and immunotherapy in bladder cancer
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Abstract

Background Although immunotherapy shows tremendous potential in the treatment of bladder cancer (BLCA), the
overall prognosis and response rates to immunotherapy in BLCA remain suboptimal.

Methods We performed an extensive evaluation of glycosyltransferase expression patterns in BLCA patients

by analyzing 210 glycosyltransferase-related genes. Subsequently, we established correlations between these
glycosyltransferase patterns, prognosis, and tumor microenvironment (TME) phenotypes. To offer personalized patient
assessments, we developed a glycosyltransferase risk score that accurately predicts prognosis, TME phenotypes, and
molecular subtypes. Importantly, we developed a RNA-seq cohort, named Xiangya cohort, to validate our results.

Results Two distinct patterns of glycosyltransferase expression were identified, corresponding to inflamed

and noninflamed TME phenotypes, and demonstrated the potential to predict prognosis. We developed and
validated a comprehensive risk score that accurately predicted individual patient prognosis in the TCGA-BLCA

cohort. Additionally, we constructed a nomogram that integrated the risk score with several key clinical factors.
Importantly, this risk score was successfully validated in external cohorts, including the Xiangya cohort and GSE48075.
Furthermore, we discovered a positive correlation between this risk score and tumor-infiltrating lymphocytes in

both the TCGA-BLCA and Xiangya cohorts, suggesting that patients with a higher risk score exhibited an inflamed
TME phenotype and were more responsive to immunotherapy. Finally, we observed that the high and low risk score
groups were consistent with the luminal and basal subtypes of BLCA, respectively, providing further validation of the
risk score’s role in the TME in terms of molecular subtypes.

Conclusions Glycosyltransferase patterns exhibit distinct TME phenotypes in BLCA. Our comprehensive risk score

provides a promising approach for prognostic prediction and assessment of immunotherapy efficacy, offering
valuable guidance for precision medicine.
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Introduction

Bladder cancer (BLCA), is one of the most common
malignant tumors of the urinary system, with over
550,000 new cases diagnosed each year and over 200,000
deaths worldwide [1]. In the field of BLCA therapeu-
tics, progress had been stagnant for many years until
the introduction and utilization of immune checkpoint
blockade (ICB) treatment. This groundbreaking treat-
ment has revolutionized the limited options available
and offer immense hope, particularly for patients with
locally advanced or metastatic BLCA who experience
intolerance or resistance to conventional first-line ther-
apies. The advent and application of immunotherapy
has opened new avenues for treatment and hold great
promise in improving outcomes for these patients [2].
However, the benefits of ICB treatment are restricted to
a specific group of patients, and the overall prognosis
remains unfavorable [3]. Therefore, it is crucial to inves-
tigate and identify reliable immunotherapy indicators
and prognostic biomarkers to determine which BLCA
patients will benefit from ICB treatment and to aid in risk
stratification.

Glycosylation, a ubiquitous modification of proteins
and lipids, plays a pivotal role in regulating cellular and
molecular interactions [4]. In the context of cancer, gly-
cosylation undergoes significant alterations [5, 6], and
a multitude of clinical and experimental studies have
provided substantial evidence supporting the involve-
ment of specific carbohydrate structures in determining
the malignancy of cancer. Alterations in glycosyltrans-
ferase expression, availability of glycosylation cofactors
or substrates, changes in glycosyltransferase subcellular
localization, and mutations in genes encoding glycosyl-
transferases have been observed in cancer samples. These
changes contribute to the development of aberrant glyco-
sylation signatures, which are associated with tumorigen-
esis, metastasis, and even treatment resistance [7, 8]. In
cancer immunology, the N-glycosylation of PD-L1 is cru-
cial for maintaining its stability and facilitating interac-
tions, allowing breast cancer cells to progressively evade
immune surveillance [9, 10]. Furthermore, glycosylation
can impact the recognition of tumors by the immune
system and trigger immunosuppressive responses by
binding to glycan receptors, thus aiding cancer cells
in evading immune surveillance [11, 12]. Neverthe-
less, there is currently a lack of comprehensive analysis
regarding glycosyltransferase-related genes, prognosis,
and phenotypes of the tumor microenvironment (TME)
in BLCA. This study represents the first comprehensive
linkage of glycosyltransferase-related genes to molecular
subtypes in BLCA. Additionally, a novel risk score was
developed and validated, enabling the prediction of prog-
nosis and TME phenotypes in BLCA.
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Materials and methods

Data sources

We downloaded the TCGA-BLCA data from UCSC Xena
(https://xenabrowser.net/), which includes Fragments Per
Kilobase Million (FPKM), counts, and clinical data. The
FPKM values were converted to Transcripts Per Kilobase
Million (TPM) values. We excluded duplicate patients
and those without matched RNA sequencing and sur-
vival data. In the end, we selected 411 tumor samples
from TCGA-BLCA for further analysis. The Xiangya
cohort (GSE188715) was established as detailed in our
earlier studies [13, 14]. This cohort comprises tumor
samples from 56 patients, accompanied by comprehen-
sive survival outcomes. Detailed clinical characteristics
of these patients are available in the supplementary mate-
rial of our previous study [13]. Additionally, we utilized
the ‘getGEO’ function from the ‘GEOquery’ R package to
download the dataset GSE48075 from the GEO database
(https://www.ncbi.nlm.nih.gov/geo/). This dataset com-
prises tumor samples from 142 patients, but our study
included only the 73 patients who had complete survival
outcome data.

Unsupervised clustering

We gathered a total of 210 glycosyltransferase-related
genes from the research conducted by Ashkani et al
[15]. To perform consensus clustering, we utilized the
‘ConsensusClusterPlus’ R package, repeating the pro-
cess 1000 times. The parameters used were as follows:
maxK=4, reps=1000, pltem=0.8, distance="manhattan,
and clusterAlg="pam’

Analysis of enriched pathways

Differential gene expression analysis was performed
using the empirical Bayesian algorithm (‘limma’ R pack-
age). Gene Ontology (GO), HALLMARK, and Kyoto
Encyclopedia of Genes and Genomes (KEGG) gene sets
were obtained from MSigDB (http://www.gsea-msigdb.
org/gsea/index.jsp) [16]. Subsequently, GSEA analysis
was conducted using the ‘clusterProfiler’ R package. We
collected a total of 25 signatures for our study. Among
them, three signatures (including: IMmotion150_Teff,
JAVELIN, and Tumor Inflammation Score) were related
to immune response [17], one signature was conducted
based on immune checkpoint inhibitors (ICIs) [18] and
21 signatures were associated with the effectiveness of
immune checkpoint blockade (ICB) therapy [19]. Fur-
thermore, we incorporated signatures related to the
molecular subtypes of BLCA from Kamoun’s study [20].
To assess the enrichment of these signatures at the sam-
ple level, we utilized the single sample gene set enrich-
ment analysis (ssGSEA) method, which was implemented
using the ‘GSVA' R package.


https://xenabrowser.net/
https://www.ncbi.nlm.nih.gov/geo/
http://www.gsea-msigdb.org/gsea/index.jsp
http://www.gsea-msigdb.org/gsea/index.jsp

Liu et al. BMC Cancer (2024) 24:947

Visualization of the tumor immune microenvironment
(TIME)

The anti-cancer immunity cycle is a conceptual model
that outlines a seven-step process for activating immune
cells against tumors. In our previous study, we obtained
data on the levels of each step in this cycle from the
tracking tumor immunophenotype (TIP) database
(http://biocc.hrbmu.edu.cn/TIP/) [14]. Additionally, we
calculated the relative abundances of 28 immune cell
types in the TCGA-BLCA and Xiangya cohorts using the
ssGSEA algorithm, which is based on gene sets reported
in Charoentong’s study [21].

Development and validation of glycosyltransferase risk
score

We employed the univariate Cox regression model to
identify prognostic genes from 210 glycosyltransferase-
related genes. Furthermore, the narrowed down prognos-
tic genes were selected using the least absolute shrinkage
and selector operation (LASSO) technique with ten-fold
cross-validation. Then, the TCGA-BLCA cohort was ran-
domly divided into a training set and a validation set in
a 7:3 ratio. Afterwards, glycosyltransferase risk score was
developed using the Cox proportional hazards regression
algorithm, implemented with the ‘glmnet’ R package:

risk score=XBi*RNAI.

We further validated the glycosyltransferase risk score
algorithm in multiple datasets, including the TCGA
validation set, the Xiangya cohort and GSE48075. Addi-
tionally, we investigated the correlation between the gly-
cosyltransferase risk score and tumor grade and stage. To
identify independent prognostic factors, we performed
multivariate Cox analyses, considering variables such as
age, gender, tumor grade, tumor stage, and glycosyltrans-
ferase risk score. Furthermore, we developed a compre-
hensive nomogram incorporating the clinicopathological
factors with independent prognostic values. To assess
its statistical performance, we validated the nomogram
using clinical decision curves.

Evaluation of molecular subtypes in BLCA

The ‘ConsensusMIBC’ and ‘BLCAsubtyping’ R packages
were employed to classify BLCA patients into distinct
molecular subtypes. Subsequently, we categorized these
subtypes into two main groups, namely ‘basal’ and ‘lumi-
nal’ subtypes, based on the consensus subtype [20].

Statistical analysis

If the continuous variables followed a normal distribu-
tion, the differences were compared using an unpaired
t-test. Otherwise, the Wilcoxon rank-sum test was used.
Categorical values were compared using the x2 or Fisher’s
exact test. The Kaplan-Meier method and log-rank tests,
implemented using the ‘survminer’ R package, were used
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to generate survival curves and compare survival dif-
ferences between two groups. Pearson correlation coef-
ficients were calculated to perform correlation analyses.
The predictive accuracy was assessed using time-depen-
dent receiver operating characteristic (ROC) analysis,
with the ‘timeROC’ function in the tROC’ R package. A
two-tailed p-value less than 0.05 was considered statisti-
cally significant, and all analyses were conducted using R
4.2.2.

Results

Glycosyltransferase-associated patterns in BLCA

We performed unsupervised clustering analysis using a
set of 210 glycosyltransferase-related genes. The analy-
sis revealed distinct clustering patterns among TCGA-
BLCA patients, resulting in the identification of two
clusters termed glycosyltransferase clusterl and cluster2
(Fig. 1A, Figure S1A-C). Notably, patients belonging to
glycosyltransferase clusterl exhibited significantly better
overall survival outcomes compared to those in cluster2
(Fig. 1B). The GSEA analysis revealed that several pro-
cancer pathways, including epithelial-mesenchymal tran-
sition and mTOR, were suppressed in glycosyltransferase
clusterl within the hallmark pathways (Figure S1D, Table
S1), uncovering potential molecular mechanisms under-
lying the better prognosis in clusterl. In addition, we
found that several inflammatory-related pathways, like
interferon « and y response and inflammatory response
were also suppressed in glycosyltransferase clusterl (Fig-
ure S1D, Table S1). We further compare the differences
in GO and KEGG pathway enrichment between clusterl
and cluster2. As depicted in Fig. 1C and D, patients in
glycosyltransferase clusterl exhibited a downregulation
of both GO and KEGG pathways associated with anti-
gen presentation and cytokine and chemokine secretion.
Additionally, patients in clusterl displayed a noteworthy
decrease in T or natural killer (NK) cell proliferation and
activation pathways (Fig. 1D-E, Table S1). Further ssG-
SEA analysis revealed that most tumor-infiltrating lym-
phocytes (TILs), such as activated CD4 T cell, activated
dendritic cell (DC), central memory CD8 T cell, and NK
cell, were significantly decreased in glycosyltransferase
clusterl (Fig. 1F). These results support the notion that
glycosyltransferase clusterl represents a non-inflam-
matory TME phenotype, which is insensitive to ICB
treatment, while cluster 2 represents an inflammatory
phenotype, which may be sensitive to ICB treatment.

Development and internal validation of glycosyltransferase
risk score based on the TCGA-BLCA cohort

We conducted a comprehensive analysis by perform-
ing univariable Cox regression analysis on a panel of 210
glycosyltransferase-related genes. Through this analy-
sis, we identified 56 genes that demonstrated significant
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Fig. 1 Exploring glycosyltransferase-related patterns in bladder cancer (BLCA). (A) Unsupervised clustering of 210 glycosyltransferase-associated genes
yielded two distinct clusters. (B) Kaplan-Meier survival curves for the two identified glycosyltransferase-related patterns are displayed. The blue curve
represents Cluster 1, while the red curve signifies Cluster 2. (C-E) Gene Set Enrichment Analysis (GSEA) was conducted to compare GO and KEGG path-
ways between Cluster 1 and Cluster 2 of glycosyltransferase-associated patterns. (F) Variations in immune cell infiltration into the Tumor Microenviron-
ment (TME) are observed between the two glycosyltransferase-related patterns. Cluster 1 is indicated in red, and Cluster 2 in blue. *P<0.05; **P<0.01;
***P<0.001, ****P<0.0001. ns, not significant
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prognostic value (Table S2). To further refine our gene
selection, we employed LASSO and ten-fold cross-val-
idation techniques (Fig. 2A-B). Ultimately, we identified
19 genes including ALG11, ALG3, ALGS, B3GALT2,
B3GNT3, B4GALNT2, CERCAM, DAD1, DPAGTI,
EXTL2, ENGASE, MAN2A1, OGT, PIGV, ST3GALS5,
ST6GALNAC3, UGT2B11, UGT2B4 and UGT2B7 to
construct a risk score. As shown in Figure S2, the univari-
able prognostic values of these genes indicate that only
the expression levels of UGT2B4, UGT2B11, ENGASE,
OGT, ST3GAL5, B3GNT3, and UGT2B7 were posi-
tively related to the survival outcomes of BLCA. We
observed that patients with higher risk scores displayed
significantly poorer survival outcomes in the TCGA-
BLCA train cohort (Fig. 2C). Importantly, our risk score
demonstrated satisfactory predictive accuracy, with an
area under the curve (AUC) around 0.75 (Fig. 2D). Also,
these results could be well validated in TCGA-BLCA test
cohort (Fig. 2E), with AUC reaching 0.80 (Fig. 2F). Con-
sistent with the prognostic significance of the glycosyl-
transferase risk score, we observed a significant increase
in the risk score among patients with higher tumor grade
and stage (Fig. 2G-H).

Relationship between the glycosyltransferase risk score
and clinicopathological characteristics

We conducted a multivariate Cox analysis and found that
the glycosyltransferase risk score, age, and tumor stage
were independent prognostic factors (Fig. 3A). These
findings suggest that the glycosyltransferase risk score
has the potential to serve as a reliable predictive marker
for the prognosis of BLCA patients. To facilitate the clini-
cal application of the glycosyltransferase risk score, we
developed a comprehensive nomogram that incorporates
the glycosyltransferase risk score and clinicopathologi-
cal characteristics with independent prognostic value,
including age and tumor stage (Fig. 3B). The nomogram
demonstrated good predictive accuracy for 1-, 3-, and
5-year overall survival rates, with AUC values of 0.755,
0.768, and 0.7662, respectively (Fig. 3C). Furthermore,
the calibration curves (Fig. 3D) showed a high level of
agreement between the predicted and actual overall sur-
vival rates, underscoring the clinical significance of this
integrated nomogram.

External validation of the glycosyltransferase risk score

We further investigated the prognostic value of the gly-
cosyltransferase risk score in the Xiangya cohort and
GSE48075 dataset. Consistent with our expectations,
patients in the high-risk score group exhibited worse
overall survival (OS) compared to those in the low-risk
score group in the Xiangya cohort (Fig. 4A). The glyco-
syltransferase risk score demonstrated moderate predic-
tive accuracy for 1-, 3-, and 5-year OS, with AUC values
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of 0.63, 0.65, and 0.67, respectively (Fig. 4B). Similarly, in
the GSE48075 dataset, a higher risk score was associated
with poorer OS (Fig. 4C). The predictive accuracy for 1-,
3-, and 5-year OS in this dataset were 0.66, 0.60, and 0.63,
respectively (Fig. 4D). These findings further support the
potential of the glycosyltransferase risk score as a prog-
nostic indicator in BLCA.

The significance of evaluating immune cell infiltration

in individual patients for glycosyltransferase risk score
assessment

As anticipated, there was a significant positive correla-
tion observed between the glycosyltransferase risk score
and various cancer immune cycles in both the TCGA-
BLCA and Xiangya cohorts. These immune cycles
included the release of cancer antigens, recruitment
of T cells, recruitment of CD8 T cells, and recruitment
of macrophages (Fig. 5A, Table S3). Furthermore, the
infiltration of tumor-infiltrating lymphocytes (TILs), as
calculated using the ssGSEA algorithm, showed a gen-
erally positive correlation with the risk score in both the
TCGA-BLCA cohort (Fig. 5B, Table S3) and the Xiangya
cohort (Fig. 5C, Table S3). This correlation was observed
for various immune cell types, such as NK T cells, cen-
tral memory CD8 T cells, type 1 T helper (Th1) cells,
and activated CD8 T cells. Consistent with our previ-
ous studies, we found that the effector genes of CD8 T
cells, DCs, macrophages, NK cells, and Thl cells were
upregulated in the group with a higher glycosyltrans-
ferase risk score (Fig. 5D) [14]. These results indicate
that patients with higher risk scores exhibit an inflam-
matory phenotype, which may make them more sensi-
tive to ICI therapy. Consistently, our risk score showed
significant positive correlations with the IMmotion150
Teff signature (Fig. 5E, R=0.22, p<0.001), JAVELIN sig-
nature (Fig. 5F, R=0.17, p<0.001), TIS (Fig. 5G, R=0.23,
»<0.001), and ICI signature (Fig. 5H, R=0.24, p<0.001),
all of which are associated with a higher immune therapy
response [17, 18]. Furthermore, all 21 pathways associ-
ated with ICI treatment efficacy were significantly upreg-
ulated in the high-risk score group (Fig. 5I) [19].

Glycosyltransferase risk score for predicting molecular
subtypes of BLCA

For BLCA, different molecular subtypes have been iden-
tified with varying response rates to immunotherapy
treatment. The basal subtypes, for example, have shown
poorer survival outcomes but higher response rates to
immunotherapy compared to the luminal subtypes [20].
Consistent with previous findings, patients with a high-
risk score were found to belong to the basal subtype,
which was characterized by basal differentiation, EMT
differentiation, and immune differentiation pathways. On
the other hand, patients with a low-risk score belonged
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to the luminal subtype, which was enriched for urothelial
differentiation and the Ta pathway in the TCGA-BLCA
cohort (Fig. 6A). Additionally, the risk score demon-
strated excellent predictive accuracy for distinguishing
basal and luminal subtypes, with all AUC values reach-
ing 0.75 (Fig. 6B). These findings were further validated
in the Xiangya cohort (Fig. 6C-D). Overall, these results
indicate that our risk score has the potential to predict
TILs infiltration and immunotherapy efficacy in terms of
molecular subtypes of BLCA.

Discussion

BLCA is the most common type of carcinoma worldwide,
posing a significant threat to both human health and the
economy. Non-muscle invasive bladder cancer (NMIBC)
is characterized by a high recurrence rate and the poten-
tial for progression, requiring long-term invasive sur-
veillance. In contrast, muscle-invasive bladder cancer
(MIBC) has a high potential for metastasis, leading to
a higher disease-specific mortality rate [22]. Addition-
ally, approximately 20% of NMIBC cases will eventually
develop into MIBC, which is associated with even worse
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disease outcomes and poorer response to neoadjuvant
chemotherapy (NAC) compared to primary MIBC cases
[3, 23, 24]. Due to the high tumor mutational burden
(TMB) observed in BLCA, immune checkpoint inhibi-
tors (ICIs) have shown durable efficacy in a subset of
patients. In fact, the US Food and Drug Administration
(FDA) has already approved five ICIs for the treatment of
BLCA [3]. However, it is important to note that not all
patients exhibited a positive response to ICIs treatment.
This highlights the pressing need to identify biomarkers
that can accurately predict the efficacy of ICIs.

Immunotherapy resistance is a complex phenomenon
that is influenced by genetic and epigenetic mechanisms.
These mechanisms play a crucial role in the interaction
between cancer cells and the immune cells in TME. In
tumors that are immunologically ‘cold’ or non-inflamed,
there is a lack or limited presence of TILs. This can be
attributed to factors such as low tumor mutational bur-
den (TMB), impaired antigen presentation, or physi-
cal barriers that hinder the migration of lymphocytes.
Consequently, these tumors show minimal response to
immunotherapy. On the other hand, immunologically



Liu et al. BMC Cancer (2024) 24:947

‘hot’ or inflamed tumors typically exhibit high TMB,
indicating a greater number of neoantigens, as well as
increased expression of programmed cell death ligand 1
(PD-L1). As a result, these tumors tend to have a higher
presence of TILs and are more responsive to immuno-
therapy [25]. Consequently, the transformation of cold
tumors into hot tumors or the ability to distinguish
between them is crucial in enhancing the effectiveness of
ICI [26]. In this study, we developed and validated a novel
glycosyltransferase risk score. We found that there was
a positive correlation between this risk score and TILs,
suggesting that patients with a higher risk score exhibited
an inflamed TME phenotype and were more responsive
to immunotherapy. This is vital for precision medicine in
BLCA.

Glycosylation, a widespread modification of proteins
and lipids, plays a crucial role in controlling cellular
and molecular interactions [4]. In the context of cancer,
glycosylation undergoes significant alterations, as evi-
denced by numerous clinical and experimental studies.
These studies provide substantial evidence that specific
carbohydrate structures play a crucial role in determin-
ing the malignancy of cancer [5, 6]. Tan et al. revealed
the upregulation of the glycosyltransferase C1GALT],
which promotes migration and proliferation, and pro-
vided preliminary data on the mechanism of dysregu-
lated C1GALT1 through the miR-1-3p/cHP1BP3 axis,
uncovering abnormal glycosylation phenomena in BLCA
[27]. Kvorjak et al. found that M2-like macrophages could
induce the upregulation of ST6GALNACI, a glycosyl-
transferase responsible for adding sialic acid to O-linked
GalNAc residues. This enzymatic activity promotes
the formation of tumor-associated sialyl-Tn O-glycans,
thereby contributing to the pathogenesis of ulcerative
colitis and colitis-associated colon cancer [28]. Also, it
was reported that the upregulated expression and altered
glycosylation of PD-L2 in tumors play a significant role
in the development of resistance to cetuximab therapy.
Consequently, combining PD-L2 glycosylation inhibi-
tion with cetuximab represents a promising therapeutic
approach for the treatment of cancer [29]. However, most
of these studies have focused on individual glycosyltrans-
ferase related genes. To the best of our knowledge, this
study is the first to systematically associate 210 glycosyl-
transferase related genes with the prognosis of bladder
cancer and their correlation with the TME.

Qi et al. identified a glycosyltransferase-related sig-
nature for glioma survival and tumor-associated mac-
rophage (TAM) phenotype prediction based on TCGA
and CGGA cohorts. They observed that patients with
higher risk scores had poorer survival outcomes and
increased M2 TAM infiltration [30]. Similarly, Wu et al.
established a risk score based on six glycosyltransferase-
related genes for prognosis and immune cell infiltration
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in uterine corpus endometrial carcinoma [31]. Another
study developed and validated a risk score based on five
glycosyltransferase-related genes, linking it systemati-
cally with the TME in head and neck squamous cell car-
cinoma [32]. In lung adenocarcinoma, Bian et al. created
a glycosyltransferase-related IncRNA signature for prog-
nosis, though it lacked external validation [33]. Our study
presents the first glycosyltransferase-related signature for
BLCA, thoroughly validated and systematically associ-
ated with immune cell infiltration. We incorporated the
expression of ALG11, ALG3, ALGS, B3GALT2, B3GNTS3,
B4GALNT2, CERCAM, DAD1, DPAGT1, EXTL2,
ENGASE, MAN2A1, OGT, PIGV, ST3GAL5, ST6GAL-
NAC3, UGT2B11, UGT2B4, and UGT2B7 into our risk
score. Many of these genes play vital roles in cancer
development. For instance, Sun et al. reported that ALG3
could promote cancer stemness and radioresistance by
contributing to the glycosylation of TGFBR2 in breast
cancer [34]. ALG3 also acts as an oncogene in ovarian
cancer, lung cancer, liver cancer, and other types [35-37].
Li et al. found that B3GNT3 plays a key role in breast
cancer and cancer immunity, and targeting B3GNT3
could enhance CD8" T cell-mediated anti-tumor immu-
nity [38]. Additionally, recent studies suggest that target-
ing the DAD1 gene in intravesical therapy could serve as
a novel treatment for BLCA [39]. Other genes, including
DPAGT1, MAN2A1, OGT, ST3GAL5, and UGT2B7,
have been found to play crucial roles in various cancers,
such as breast cancer, oral cancer, liver cancer, ovarian
cancer, and colorectal cancer [40-46].

There are certain limitations to our study that should
be acknowledged. Firstly, our findings were all derived
from retrospective data, and it is crucial to conduct fur-
ther validation through prospective studies. Secondly,
the prognostic power of our risk score was moderate in
external validation. To enhance its accuracy, future stud-
ies will require larger and more diverse cohorts. Thirdly,
while we have successfully validated the significance
of the glycosyltransferase risk score in the TME and
molecular subtypes, the underlying mechanisms involved
require additional investigation both in vitro and in vivo.

Conclusion

Glycosyltransferase patterns exhibit distinct TME phe-
notypes in BLCA. Our comprehensive risk score pro-
vides a promising approach for prognostic prediction and
assessment of immunotherapy efficacy, offering valuable
guidance for precision medicine.
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