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A sialyltransferases-related gene signature ==

serves as a potential predictor of prognosis
and therapeutic response for bladder cancer

Penglong Cao'f, Mingying Chen'", Tianya Zhang'", Qin Zheng? and Mulin Liu'"

Abstract

Background Aberrant glycosylation, catalyzed by the specific glycosyltransferase, is one of the dominant features

of cancers. Among the glycosyltransferase subfamilies, sialyltransferases (SiaTs) are an essential part which has close
linkages with tumor-associated events, such as tumor growth, metastasis and angiogenesis. Considering the relation-
ship between SiaTs and cancer, the current study attempted to establish an effective prognostic model with SiaTs-
related genes (SRGs) to predict patients' outcome and therapeutic responsiveness of bladder cancer.

Methods RNA-seq data, clinical information and genomic mutation data were downloaded (TCGA-BLCA

and GSE13507 datasets). The comprehensive landscape of the 20 SiaTs was analyzed, and the differentially expressed
SiaTs-related genes were screened with “DESeq2”R package. ConsensusClusterPlus was applied for clustering, follow-
ing with survival analysis with Kaplan-Meier curve. The overall survival related SRGs were determined with univari-
ate Cox proportional hazards regression analysis, and the least absolute shrinkage and selection operator (LASSO)
regression analysis was performed to generate a SRGs-related prognostic model. The predictive value was esti-
mated with Kaplan—Meier plot and the receiver operating characteristic (ROC) curve, which was further validated
with the constructed nomogram and decision curve.

Results In bladder cancer tissues, 17 out of the 20 SiaTs were differentially expressed with CNV changes and somatic
mutations. Two SiaTs_Clusters were determined based on the expression of the 20 SiaTs, and two gene_Clusters

were identified based on the expression of differentially expressed genes between SiaTs_Clusters. The SRGs-related
prognostic model was generated with 7 key genes (CD109, TEAD4, FN1, TM4SF1, CDCA7L, ATOH8 and GZMA),

and the accuracy for outcome prediction was validated with ROC curve and a constructed nomogram. The SRGs-
related prognostic signature could separate patients into high- and low-risk group, where the high-risk group showed
poorer outcome, more abundant immune infiltration, and higher expression of immune checkpoint genes. In
addition, the risk score derived from the SRGs-related prognostic model could be utilized as a predictor to evaluate
the responsiveness of patients to the medical therapies.
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Conclusions The SRGs-related prognostic signature could potentially aid in the prediction of the survival outcome
and therapy response for patients with bladder cancer, contributing to the development of personalized treatment

and appropriate medical decisions.
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Introduction

Bladder cancer, characterized by a high recurrence rate,
is the sixth most prevalent and one of the most lethal
malignancies worldwide with increasing incidence and
mortality [1]. It can be divided into two subtypes named
non-muscle invasive bladder cancer (NMIBC) and mus-
cle-invasive bladder cancer (MIBC) according to the
invasion depth and level of the bladder wall. Also, based
on the differentiation, bladder cancer can be classified
into low grade (grade 1 and 2) and high grade (grade 3),
whose main differences are reflected in risk stratifica-
tion, patients’ management and therapy outcomes [2].
Each subtype exhibits distinct biological behavior, treat-
ment sensitivity and prognosis. Patients will suffer with
the highest life-long treatment cost among all cancer
patients due to the periodic cystoscopy and expensive
life-term recurrence surveillance, which is mainly due to
the intrinsic or acquired drug resistance [3—5]. Currently,
cisplatin-based chemotherapy and immunotherapy are
preferred as the first- and second-line regimens which
is beneficial to only a limited number of patients [6, 7].
Effective individualized treatment is critical for better
prognosis. However, there is still a lack of specific meas-
ures to distinguish patients’ outcome, as well as the sensi-
tivity to clinical therapies. As a consequence, identifying
reliable tools to estimate prognosis and drug sensitivity
to guide individual-based therapy is imperative for blad-
der cancer.

Aberrant glycosylation signature is one of the essential
mechanism leading to tumor heterogeneity and has been
recognized as one of the hallmarks of cancer [8-10]. It
is a typical and complex post-translational modification
of proteins catalyzed by various glycosyltransferases and
glycosidases. Altered patterns of glycosyltransferases are
believed to play crucial roles in multiple processes related
to cancer [11-13]. For instance, Wang et al. found that
FUT6 inhibited the proliferation, migration, invasion
and EGF-induced epithelial to mesenchymal transition
of head and neck squamous carcinoma through regulat-
ing EGFR/ERK/STAT signaling pathway [14]. Hu et al.
reported that overexpressed GLANT?2 in non-small cell
lung cancer promoted cell proliferation, migration and
invasion via modifying O-glycosylation of ITGA5, as well
as the activation of PI3K/Akt and MAPK/ERK pathways
[15]. Liu et al. found that the suppressive effects of low
expressed FUT8 in osteosarcoma growth and progression

was achieved by modifying core-fucosylation levels of
TNF receptors and non-canonical NF-«B signaling path-
way [16]. Protein sialylation is considered as a particu-
lar alteration during tumorigenesis catalyzed by specific
sialyltransferases (SiaTs) [17-19]. To date, 20 SiaTs have
been identified, including ST3GAL1-6, ST6GALI1-2,
ST6GALNACI1-6, and ST8SIA1-6. Evidences have shown
that differentially expressed SiaTs had close linkage with
cancer progression [20—22]. Liu et al. found that down-
regulation of ST6GAL1 was negatively correlated with
liver inflammation status which could serve as an indi-
cator for prognosis assessment of hepatocellular carci-
noma [23]. Wang et al. reported that highly expressed
ST6GALNACI in ovarian cancer promoted cell prolifer-
ation, migration, invasion, and self-renewal through Akt
signaling pathway [24]. Scott et al. identified an impor-
tant role for ST6GALIL and 2,6 sialylated N-glycans in
the progression of prostate cancer, and highlighted the
opportunity to inhibit abnormal sialylation for the devel-
opment of new prostate cancer [25].

Till now, there is no research on the establishment of
prognostic signature based on the sialyltransferases-
related genes (SRGs) for cancers. Thus, in the current
study, we aimed to generate a SRGs-related prognostic
model for bladder cancer by using datasets from pub-
lic databases to distinguish patients’ survival status and
responsiveness to clinical medical therapies, hoping to
provide solid basis for individualized evaluation of out-
comes and treatment selection.

Materials and methods

Data acquisition

The study was performed with dataset downloaded from
The Cancer Genome Atlas (TCGA, https://portal.gdc.
cancer.gov/) with gene expression profile, copy number
variation, single-nucleotide variant and clinicopathologi-
cal data (age, gender, TNM stages, and prognostic data).
The TCGA-BLCA cohort, containing 414 tumor tis-
sue samples and 19 normal bladder tissue samples, was
utilized as the training group, while GSE13507 dataset,
based on GPL6102 platform downloaded from Gene
Expression Omnibus (GEO, https://www.ncbi.nlm.nih.
gov/geo/), was applied as the validation group. Because of
the public availability of bladder cancer data from online
databases, no ethical approval or informed consent was
required from patients in this study.
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Consensus clustering analysis and gene set variation
analysis

Based on the expression levels of the 20 SiaTs
(ST3GAL1-6, ST6GAL1-2, ST8SIAl-6, ST6GAL-
NACI1-6), consensus clustering analysis was applied to
clarify patients into different sialyltransferases-related
clusters (SiaTs_Cluster) with k-means algorithms by
using R package of “ConsensusClusterPlus” Gene set
variation analysis (GSVA, c2.cp.kegg.v7.5.symbols and
¢5.go.bp.v7.5.symbols) was performed to investigate
the biological functions between SiaTs_Clusters with R
package “GSVA”.

Correlations between SiaTs_Clusters

and the clinicopathological parameters and the outcomes
of bladder cancer

Relationships between SiaTs_Clusters, clinicopathologi-
cal features (age, gender, grade, TNM stage) and patients’
outcomes were explored to elucidate the significance of
clusters generated by consensus clustering analysis. The
comparison of the overall survival probability between
SiaTs_Clusters was determined using Kaplan—Meier
analysis with R packages of “survival” and “survminer”.

Association between SiaTs_Clusters and the immune
infiltration levels in bladder cancer

The infiltration levels of 22 kinds of immune cells were
computed with CIBERSORT algorithm, which was also
analyzed with a single sample gene set enrichment analy-
sis (ssGSEA) algorithm.

Identification of differentially expressed genes

between SiaTs_Clusters and functional annotations

The R package of “limma” was utilized to search for
the differentially expressed genes (DEGs) in distinct
SiaTs_Clusters with criteria of “|log2fold change|”21 and
“P-value”<0.05. Gene Ontology (GO) and Kyoto Ency-
clopedia of Genes and Genomes (KEGG) enrichment
analysis was conducted based on the DEGs with the
package of “clusterProfiler”.

Identification of gene_Clusters based on the DEGs

from distinct SiaTs_Clusters

Univariate Cox regression analysis for SiaTs_Clusters
related DEGs was performed to identify the overall
survival-associated DEGs. TCGA-BLCA patients were
divided into distinct sialyltransferases gene clusters
(gene_Clusters) based on the expression level of DEGs
analyzed with consensus clustering analysis by using R
package “ConsensusClusterPlus” Then, Kaplan—Meier
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analysis was applied to compare the overall survival in
different gene_Clusters.

Construction of the SRGs-related prognostic signature
Expression of the DEGs from different SiaTs_Clusters
were standardized across bladder cancer specimens and
the intersect genes were obtained. The univariate Cox
regression analysis was carried out, and the survival-
associated genes were retained for further analysis.
Principal component analysis (PCA) was conducted to
generate sialyltransferases-related gene score (SRGs_
score) with the following algorithm: SRGs_score (risk
score) =expression of a gene [1]Xcorresponding coef-
ficient [1]+expression of a gene [2]Xcorresponding
coefficient [2] +expression of a gene [3] X corresponding
coefficient [3] +expression of a gene [4] X corresponding
coeflicient [4] + expression of a gene [5] X corresponding
coefficient [5] + expression of a gene [6] X corresponding
coeflicient [6] + expression of a gene [7] X corresponding
coefficient [7].

Evaluation and validation of the SRGs-related prognostic
signature

After the prognostic scoring system was established, the
median value of the predicted SRGs_score was set as the
cut-off. Patients with bladder cancer was divided into
high- and low-risk group. Then, the comparison of the
overall survival probability between high- and low-risk
groups was conducted using Kaplan—Meier analysis with
R packages “survival” and “survminer” The 1-, 3- and
5-years’ ROC curve analysis was performed with R pack-
age “timeROC’, and the corresponding area under the
curve (AUC) was calculated.

Associations of risk score with immune infiltration

and tumor mutation burden in bladder cancer

The RNA-seq data of TCGA-BLCA was applied to evalu-
ate the abundance of 22 types of immune cells. Correla-
tions between immune cells infiltration and SRGs_score
were analyzed with Spearman’s correlation analysis, and
the expression profile of immune checkpoint genes was
performed between different SRGs_score groups. We
also extracted the mutation annotation format from
TCGA data to identify the mutational landscape of blad-
der cancer patients in SRGs_score subgroups, and the
tumor mutation score for each patient was calculated and
the mutation annotation format was created. The tumor
stem cell features were extracted and stem cell-like char-
acteristics of the tumors were evaluated with the tran-
scriptome and epigenetics of the samples from RNAss
file downloaded from TCGA database.
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Establishment of the predictive nomogram for bladder
cancer

The clinicopathological features, including age, gender,
grade, and TNM stages, were acquired from TCGA. To
individualize the predicted survival probability for blad-
der cancer patients, a nomogram was established using
clinical features and SRGs_score to assess the predictive
accuracy, including 1-, 3-, and 5-years overall survival
probability. We further utilized calibration curve analysis
to confirm the reliability of the predictive nomogram we
have established.

Drug sensitivity analysis

The semi-inhibitory concentration values (IC50) of
various chemotherapeutic agents were evaluated with
“pRRophetic” package. The lower-imputed drug sensitiv-
ity represented more sensitivity to the agents, whereas
the higher-imputed represented low sensitivity.

Statistical analysis

R software (version 4.1.2), as well as relevant packages,
was applied to make the statistical analysis. Correla-
tions were evaluated with Spearman’s correlation analy-
sis. Differences between two groups were analyzed with
the independent sample ¢-tests or Mann—Whitney U
tests, whereas differences between three or more groups
were performed with one-way ANOVA or Kruskal-Wal-
lis tests. The survival evaluation was carried out with
Kaplan—Meier analysis. P<0.05 was set as a significant.

Results

Genetic alterations and expression profile of SiaTs

in bladder cancer

The SiaTs family consists of 20 members (ST3GAL1-6,
ST6GAL1-2, ST8SIA1-6, ST6GALNACI1-6), and abnor-
mal expression of the SiaTs has been observed in multi-
ple cancers. However, the relationship between the SiaTs
and bladder cancer remains to be clarified. Here, the
somatic mutations and copy number variations (CNV) of
the SiaTs were explored with TCGA-BLCA dataset. The
comprehensive landscape of the interactions between
the 20 SiaTs is illustrated in Fig. 1A. As shown, the CNV
alteration frequency was prevalent among the 20 SiaTs.
ST6GALNACS (1-2, 4, 6), ST3GALs (1-3, 5), ST6GALs
(1-2), and ST8SIAs (2, 6) represented a general fre-
quency of CNV gain, while ST3GAL4, ST8SIAs (3-5) had
a widespread frequency of CNV loss (Fig. 1B). Among
the 412 bladder cancer samples, 42 (10.19%) experi-
enced mutation in the 8 SiaTs which were ST6GAL-
NAC1, ST3GAL6, ST8SIA2, ST6GAL2, ST6GALI,
ST6GALNACS5, ST6GALNACS3, and ST3GALS5 (Fig. 1C).
Locations of the CNV alteration of the 20 SiaTs on
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chromosomes are shown in Fig. 1D. When compared
to normal, 9 SiaTs showed decreased expression in
tumor, including ST8SIAs (1, 6), ST6GALNAC: (3, 5-6),
ST6GALs (1-2), and ST3GALs (3, 5) (Fig. 1E), and the
interactions between the 9 differentially expressed SiaTs
was constructed by using STRING (Fig. 1F). The genetic
heterogeneity and altered expression profile of the SiaTs
suggested that SiaTs might play critical roles in the occur-
rence and progression of bladder cancer.

Identification of SiaTs_Clusters and the correlations

with biological functions in bladder cancer

The regulator network showed the interactions between
the 20 SiaTs, regulator relation, as well as their prognostic
value for bladder cancer (Fig. 2A). Patients were classified
into two subgroups (SiaTs_Cluster A and SiaTs_Cluster
B) analyzed with the ConsensusClusterPlus R package
based on the expression level of the 20 SiaTs with the
optimal clustering variable of two (k=2) (Fig. 2B-D). The
principal component analysis indicated that the SiaTs-
based classification pattern could classify patients with
bladder cancer into these two subgroups (Fig. 2E). SiaTs_
Cluster A had a particularly outstanding overall sur-
vival benefit compared with SiaTs_Cluster B (P=0.005)
(Fig. 2F). Moreover, a heatmap was generated represent-
ing the correlations between the SiaTs_Clusters and the
clinical features of bladder cancer patients (age, gender,
grade, TNM stage) (Fig. 2G), as well as the GSVA enrich-
ment analysis of the biological differences (Fig. 2H).
SiaTs_Cluster A was mostly enriched in the pathogenic
Escherichia coli infection, progesterone-mediated oocyte
maturation, oocyte meiosis, glioma, melanoma, regula-
tion of actin cytoskeleton, focal adhesion, nod like recep-
tor signaling pathway, prion diseases, systemic lupus
erythematosus, viral myocarditis, chemokine signaling
pathway, and leishmania infection; whereas SiaTs_Clus-
ter B was enriched in the steroid hormone biosynthe-
sis, retinol metabolism, metabolism of xenobiotics by
cytochrome P450, glycerophospholipid metabolism,
ether lipid metabolism, linoleic acid metabolism, and
alpha linoleic acid metabolism.

To further analyze the differential level of the
immune infiltration between the two clusters, the
abundance of 22 kinds of the immune cells were
included with the ssGSEA analysis. Among them, 21
types of the immune cells showed statistically differ-
ence between SiaTs_Cluster A and SiaTs_Cluster B,
with significant differences in the immune cell com-
positions (Fig. 3A). SiaTs_Cluster A exhibited a greater
enrichment of activated B cells (Fig. 3E), activated
CD4 T cells (Fig. 3F), activated CD8 T cells (Fig. 3G),
natural killer T cells (Fig. 3H), macrophages (Fig. 3I),
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Fig. 3 Correlations between the two subgroups and the abundance of immune infiltration in bladder cancer. A The abundance of immune
infiltration between SiaTs_cluster A (blue) and SiaTs_cluster B (yellow). B-J Differences in the abundance of immune infiltration between the two
subgroups, including CD56dim natural killer cells (B), monocytes (C), type 17T helper cells (D), activated B cells (E), activated CD4 T cells (F),
activated CD8T cells (G), natural killer T cells (H), macrophages (1) and neutrophils (J). *P < 0.05, ***P < 0.001
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and neutrophils (Fig. 3]), etc.; while CD56dim natural
killer cells (Fig. 3B), monocytes (Fig. 3C) and type 17 T
helper cells (Fig. 3D) were enriched in SiaTs_Cluster B.
According to these findings, the SiaTs represented cru-
cial relationship with immune infiltration, which might
serve as a potential contributor to bladder cancer.
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Identification of differentially expressed genes

and the construction of the SRGs-related prognostic
signature

After the construction of SiaTs Clusters and correlation
analysis with biological functions, 372 DEGs were identi-
fied between SiaTs_Cluster A and SiaTs_Cluster B (Jlog2fold
change|21, P<0.05). The functional enrichment analysis was
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performed, and the top 10 enriched GO terms of biologi-
cal process (BP), cellular component (CC), and molecular
function (MF) were shown (Fig. 4A). It was found that the
DEGs enriched in GO pathways were mainly associated
with extracellular matrix organization, extracellular struc-
ture organization, collagen-containing extra cellular matrix
and extracellular matrix structural constituent. In addition,
KEGG enrichment analysis was also conducted, suggesting
that the DEGs were mostly enriched in pathways related to
extracellular matrix organization, extracellular structure
organization, and negative regulation of immune system
process (Fig. 4B). Then, the consensus clustering algorithm
was utilized to classify patients into distinct subtypes (gene_
Cluster A and gene_Cluster B) according to the expression of
372 DEGs, with the optimal clustering variable of two (k=2)
(Fig. 4C-E). Gene_Cluster B demonstrated better outcome
than gene_Cluster A (Fig. 4F). The expression of the 20 SiaTs
in these two gene_Clusters were further explored. We found
that the expression of 17 kinds of the SiaTs showed signifi-
cant, among which 14 were elevated (ST8SIA6, ST8SIA4.
ST8SIA2, ST8SIAl, ST6GALNAC6, ST6GALNACS,
ST6GALNAC4, ST6GALNAC3, STOGALNAC2, ST6GAL2,
ST6GALL, ST3GAL6. ST3GAL3, and ST3GAL2) in gene_
Cluster A while 3 were increased (ST3GALS5, STAGAL4, and
ST3GALL) in gene_Cluster B (Fig. 4G). The relationships
between gene_Clusters and the clinical manifestations were
investigated, and different characteristic genes were illus-
trated (Fig. 4H).

The Sankey diagram was applied to visualize the correla-
tion between the SiaTs_Cluster, gene_Cluster, risk score
(SRGs_score), and the outcomes (Fig. 5A). It was found
that the risk score was significantly higher in SiaTs_Cluster
A (Fig. 5B) and gene Cluster A (Fig. 5C), supporting our
previous findings that SiaTs Cluster B and gene Cluster B
had better outcomes. In order to eliminate the influence of
overfitting, least absolute shrinkage and selection operator
(LASSO) Cox regression analysis was performed, and the
best prognostic genes were identified, which were CD109,
TEAD4, FN1, TM4SF1, CDCA7L, ATOHS8, and GZMA
(Fig. 5D, E). The risk score was calculated based on the
expression of seven genes, as well as their coefficients, and the
formula was established: Risk score=(0.222 X expression of
CD109)+(0.216 X expression of TEAD4)+(—0.147 X expres-
sion of ATOHS) +(0.097 X expression of
FN1)+(0.106 x expression of TM4SF1)+(—0.364 X expres-
sion of GZMA)+(0.124 X expression of CDCA7L). Patients
with bladder cancer were divided into high- and low-risk
categories based on the median risk score. According to the
Kaplan—Meier plot, patients with low risk tended to have
a better prognosis and longer survival time (Fig. 5F). Then,
time-dependent ROC curves were constructed to evaluate
the predictive ability of the constructed prognostic model in
predicting 1-, 3-, and 5-years survival rates for bladder cancer
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patients, with AUC of 0.698 after 1 year, 0.685 after 3 years,
and 0.700 after 5 years (Fig. 5G), suggesting the model was
a good predictor. The distribution of the risk score and the
patient survival outcomes revealed that the mortality rate of
patients was elevated as the risk score increased (Fig. 5H).
We also evaluated the expression of the seven genes in the
risk group which found that five of them (CD109, TEAD4,
FN1, TM4SF1, and CDCA?7L) were upregulated while two
(ATOHS8 and GZMA) were downregulated in the high-
risk group (Fig. 5I). These results demonstrated that the
SRGs-related prognostic model could effectively predict the
prognosis of patients with bladder cancer. Moreover, a nom-
ogram based on the risk score and the clinical characteristics
consisting of age, gender, grade, and TNM stages for predict-
ing the patients’ overall survival (OS) was generated. As indi-
cated, the risk score, age, gender, T stage and M stage were
significantly correlated with the outcome of bladder cancer
patients (Fig. 5]), and the calibration curve for internal vali-
dation of the nomogram showed good consistency between
the nomogram-predicted OS and the observed actual OS of
1,2, and 3 years (Fig. 5K).

Associations between the risk score and the abundance

of immune infiltration and immune checkpoint genes
ssGSEA algorithm was utilized to estimate the infil-
tration levels of immune cells. Differential abundance
of immune infiltration in high- and low-risk groups is
shown in Fig. 6A. Results indicated that the high-risk
group had more immune cells present. The plasma cells
(Fig. 6B), T cells CD4 memory activated (Fig. 6C), T
cells CD8 (Fig. 6D), T cells regulatory (Tregs) (Fig. 6E)
and monocytes (Fig. 6G) were negatively correlated
with the risk score. On the contrary, the macrophages
MO (Fig. 6F) and neutrophils (Fig. 6H) were posi-
tively correlated with the risk score. The relationships
between the seven genes and the infiltration levels of 22
types of immune cells were detected (Fig. 6I), as well as
the correlations between the risk score and the expres-
sions of 25 kinds of immune checkpoint genes (ICIs)
(Fig. 6]). A total of 22 ICIs were differentially expressed,
among which the majority of them were upregulated
in the high-risk group (TNFRSF9, CD27, TNFRSF18,
CTLA4, CD244, ICOS, TNESF4, CD48, NRP1, CD276,
TIGIT, TNFSF9, PDCD1, CD40, HAVCR2, TNFSF14,
CD70, ADORA2A, CD40LG, TNFRSF4, and LAIR1),
whereas only TNFRSF14 was downregulated.

Characteristics of the SRGs-related prognostic signature

As reported, the tumor mutation burden (TMB) was
a catalyst of tumor progression and had a close linkage
with the tumor outcome, however, we did not observe
any significant difference between high- and low-risk
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Fig. 5 Construction of the SRGs-related prognostic signature and the validation nomogram. A Relationships between the SiaTs_Cluster, gene_
Cluster, risk group and the survival outcomes visualized by Sankey diagram. B Comparison of the risk score between SiaTs_Cluster A (blue) and B

groups (yellow). C Comparison of the risk score between gene_Cluster

A (blue) and B groups (yellow). D LASSO analysis on the seven candidate

SRGs. E Cross-validation in the LASSO regression. F Kaplan-Meier curve for overall survival between high- (red) and low-risk groups (blue). G

Time-dependent receiver operating characteristic curve analysis of the

prognostic model in predicting 1-, 3-, and 5-years survival rates of bladder

cancer patients. H The distribution of the risk score and the patient survival outcome plots. I Heatmap of the 7 signature genes’ expression
in the prognostic model. J Nomogram constructed based on the risk score and clinical characterization to predict the overall survival of bladder
cancer patients. K Calibration plot for the internal validation of the nomogram. *P < 0.05, **P < 0.01. ***P < 0.001



Cao et al. European Journal of Medical Research (2023) 28:515 Page 11 of 17
A Risk £ low [ high B K_—“
100 e we we Wik Rk wkk kR RkE kKK kKK kK kK kKK kKK kke kkk ek kK ok il _
c - - 5 R=-0.18,5=00071
S - - : <1 .
g ors{ I 7| | Lfed 1l- 10 ™ AR
£ | —h%*-“’-‘ ‘%’t‘, "HY sl 3] -\%IT- R T A MO S 2
E 05015 T ‘ T3] %H \ %‘1\"" [TeT “!M%'\‘ 8
g 025 L} [ z | K
E \ : \ a
0.00 -
2 2 2 N2 N2 N P W N2 N O N @ N2 N 2 WY WY W@ N W@ W
<:°\ o“’\ o°\ cé c?‘\ <.°\ Q‘Q\ o°\ 2 oé oq, rp‘g cP\ OQ o"\ o°\ Q“\ o°\ & o°\ o°\ o‘”\ o“\ 0.0 25 5.0 7.5 10.0
O WA O & V0 FAHEECE L S ;
6@5 QOD‘ 00% o&\ \‘41‘\ \(-‘\ Q/o"\ 6”\@ \o‘o 0&\ & W Q° ~i~‘\\é \%3\ \;o" Q&\ \od ‘\o\Q \@Q ,(@\Q ‘&\Q Risk score
& R L P 2 & ¥ NG & &K A
& ¢ N &S & & . S ¥ N At
[ 6\\.@ 6&(» 6@6 \(\o@(@ 0’0& \6‘0@@ ‘\6& & \,\@\b € \\\o" *Qa Qg\ *Q?;
Ll S & S © AAE R
Wt P « o
& N
&® Q
Cc D 1
/\q—/ T cells regulatory (Tregs) [ ] ERE
K T cells gamma delta
S 0.51 ioipu0on fe-05p-70015 T cells follicular helper
g © T cells CD8 |
> a T cells CD4 naive .
) ‘z T cells CD4 memory resting
5 ° T cells CD4 memory activated [ = | **p<0.001
£ > Plasma cells "p<0.01
< L "
9 NK cells resting p<0.05
) NK cells activated Correlation
§ 1 1 1 1 T | | | | ) Neutrophils 0.50
- 00 25 50 75 10.0 00 25 50 7.5 10.0 Monocytes 0.20
Risk score Risk score Mast cells resting 0.00
Mast cells activated 025
E F Macrophages M2 0.
k—l k_" Macrophages M1 -0.50
- Macrophages M0
§ il—gse p= 11007 05l R=042.p=20-f0 Eosinophils
E 02 g ) Dendritic cells resting
'
2 » Dendritic cells activated
‘3 ) B cells naive
s = B cells memory g
o Q
g S S
3 g v O N\
00 25 50 7.5 10.0 00 25 50 75 10.0
Risk score Risk score J .
Risk EJ low [ high
5 XK 68 R R RER KRR K KOR KK AR AKE RE R KON RO RO % Ark dnk ek
¢ L H /\w
L] [PR—— =08 p=076-06 5 10
0 2 :
$ g -
5 2 : i :
] = © o s °
5 g S 5 o H 7
s S H b
: ; I BT
2 [ H H R ‘
‘ il
! o . v- . i i . 0
00 25 50 7.5 10.0 00 25 50 7.5 10.0 Qf.f‘zo""\ @:ﬂg\t*(&‘:éy
Risk score Risk score & Q& R
& & RANEDS

Fig. 6 Evaluation of the abundance of the immune infiltration and immune checkpoint genes between high- and low-risk groups. A Differential

abundance of the immune infiltration in low- (blue) and high-risk groups (yellow). B-H Associations between the risk score and immune
cells, including plasma cells (B), CD4 activated memory T cells (C), CD8 T cells (D), regulatory T cells (E), MO macrophages (F), monocytes (G),
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groups (Fig. 7A). Moreover, no obvious correlations were
detected between the risk score and TMB (Fig. 7B), as
well as the RNA stemness (RNAss) (Fig. 7C). The maft-
tools package was chosen for the analysis of the distribu-
tion of the somatic mutations in the risk groups, which
indicated that the high-risk group experienced a little bit

increased TMB (95.02%) than low-risk group (92.61%),
and the most significant mutated genes were TP53 and
TTN. TP53 was the gene with the highest mutation rate
(low/high=35%/57%), while TTN was the gene with
mutation rate of 40% in the low-risk group and 38% in
the high-risk group (Fig. 7D, E).
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mutation frequency in the low- (D) and high-risk groups (E)

Drug sensitivity evaluation of the SRGs-related prognostic
signature

The chemotherapeutic agents were screened based on
the GDSC drug susceptibility database (https://www.
cancerrxgene.org/), and the relationships between the
SRGs-related prognostic signature and the responsive-
ness to various anticancer drugs were evaluated by calcu-
lating the half-maximal inhibitory concentration (IC50)
of the samples. The high-risk group revealed more sensi-
tive to bortezomib (Fig. 8A), cisplatin (Fig. 8B), docetaxel
(Fig. 8C), gemcitabine (Fig. 8D), paclitaxel (Fig. 8E) and
pazopanib (Fig. 8F), while the low-risk group was more
sensitive to lapatinib (Fig. 8G), methotrexate (Fig. 8H),
temsirolimus (Fig. 8I), MK2206 (Fig. 8J), SB590885
(Fig. 8K) and VX702 (Fig. 8L). In light of these findings,
we believed that the risk scores based on the SRGs-
related genes might be promising indicators to guide the
selection of the clinical medical therapies.

Discussion

To date, researches on various approaches aims to display
the pathogenesis, identification of diagnostic, prognos-
tic biomarkers and therapeutic targets of urinary system
cancers have been conducted, which helps to facilitate
and improve clinical decision-making for cancer patients.
For instance, di Meo et al. suggested that lipidomics was
a promising tool which should include in next decade
for patient-tailored therapy perspective [26]. Detection
of metabolic alterations by using multi-omics approach
integrating transcriptomics, metabolomics, and lipidom-
ics was a powerful strategy for better comprehension of
cancer progression and provided potential prognostic
biomarkers, as well as therapeutic applications for includ-
ing prostate cancer [27, 28], renal cell carcinoma [29, 30],
and bladder cancer [31, 32]. In addition, miRNAs also
represented the potential to be biomarkers for the predic-
tion of carcinogenicity or invasiveness of bladder cancer
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since 2010s, as well as its predictive value in discriminat-
ing NMIBC patients with cystitis or with nonmalignant
hematuria, including miR-126, miR-214, miR-155, miR-
20a. miR-146a-5p, miR-146, etc. [33]. As main immu-
notherapeutic options, programmed cell death 1 (PD1),
PD1 ligand (PDL-1), and cytotoxic T-lymphocyte antigen
4 (CTLA-4) expression might be served as potential fac-
tors for individual selection of treatment with immune
checkpoint inhibitors for bladder cancer patients [34, 35].
During last few decades, urinary liquid biopsy has gained
growing attention about its utilization as biomarkers for
prognosis and prediction of drug response, which was
a non-invasive test with potential to improve the diag-
nostic and therapeutic pathway of bladder cancer [36].
Although with the improvement of detection approaches,
prognosis prediction and medical therapy selection for
bladder cancer, the patients still could not retrieve a good
outcome due to the high recurrence or distant metastasis
rate, and drug resistance [37-39]. Early diagnosis, per-
sonalized treatment and regular follow-up are the key
to achieve and amelioration of patients’ prognosis. Thus,
discovering novel biomarkers to ameliorate survival and
evaluate drug response is urgently needed for bladder
cancer.

Evidences have shown that SiaTs mediates tumor devel-
opment through regulating events like proliferation [40],
metastasis [41], angiogenesis [42] and chemotherapy
resistance [43]. In the current study, we identified 17 dif-
ferentially expressed SiaTs in bladder cancer, and divided
patients into two SiaTs_Clusters based on their expres-
sion level. Then, two gene_Clusters were established
based on the DEGs between SiaTs_Clusters, and 7 genes
(CD109, TEAD4, FN1, TMA4SF1l, CDCA7L, ATOHS8
and GZMA) were screened by LASSO and Cox regres-
sion analysis to generate the SRGs-related prognostic
signature, which separated patients into high- and low-
risk groups. Survival analysis suggested that patients in
the low-risk group had better prognosis and longer sur-
vival time. As well, the time-dependent ROC curve was
applied to evaluate the prognostic predictive value of the
signature in predicting 1-, 3-, and 5-years survival rates,
implying the good predictive ability of the signature that
further validated with the constructed nomogram. The
calibration curve for internal validation of the nomo-
gram showed good consistency between the nomogram-
predicted OS and observed OS in 1, 2, and 3 years. These
findings suggested that the newly established SRGs-
related prognostic signature could effectively evaluate
prognosis, acting as a supplementary means for outcome
assessment of bladder cancer patients.

As one essential part of the prognostic signature,
TEA domain transcription factor 4 (TEAD4) is a key
member of the TEAD family. It plays important roles in
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cancer-related processes, including epithelial to mesen-
chymal transition (EMT) [44], metastasis [45], vasculo-
genic mimicry [46], and chemoresistance [47]. Studies
have demonstrated that TEAD4 mediated EMT of blad-
der cancer through PI3K/Akt pathway, indicating that
TEAD4 could serve as an effective biomarker for prog-
nosis prediction and a potential target for the treatment
of metastatic bladder cancer [48]. In our study, TEAD4
was upregulated in the high-risk group, indicating that
it might act as an oncogene in bladder cancer, which
was consistent with the previous research and its posi-
tive association with the abundance of immune infiltra-
tion. It was found that TEAD4 high expression group
was enriched in multiple immune related pathways, and
various infiltrated immune cells were related to TEAD4
expression, revealing that it was a potential immunoregu-
lator in bladder cancer [49]. Another critical component
was ATOHS, belongs to a large superfamily of transcrip-
tional regulators of basic helix loop helix proteins. It is
not only involved in embryonic development, but also
in the occurrence and development of cancer [50]. Xu
et al. found that ATOHS8-V1 was a novel pro-metastatic
factor which enhanced cancer metastasis, and served as
a potential therapeutic target for treatment of metastatic
cancers [51]. Song et al. reported that ATOHS8 appeared
to be a tumor suppressor which induced the stem cell fea-
tures and chemoresistance in hepatocellular carcinoma
[52]. In the current study, ATOH8 was downregulated
in the high-risk group, suggesting that it was a protective
factor for bladder cancer which might due to its negative
correlation with immune cell infiltration.

Studies have shown that SiaTs could promote cancer
progression by affecting immune cells infiltration that
played crucial roles in prognosis of cancers [53, 54].
Hence, we analyzed the abundance of immune infiltra-
tion in high- and low-risk groups which was statisti-
cally different between two groups. It was found that the
CD56dim natural killer cells and monocytes were less
enriched whereas 19 types of immune cells (activated B
cells, activated CD4 T cells, activated CD8 T cells, acti-
vated dendritic cells, eosinophils, gamma delta T cells,
immature B cells, immature dendritic cells, MDSC, mac-
rophages, mast cells, natural killer T cells, natural killer
cells, neutrophils, plasmacytoid dendritic cells, regu-
latory T cells, T follicular helper cells, type 1 T helper
cells, and type 2 T helper cells) were more enriched in
high-risk group in bladder cancer patients following with
poorer outcome. Yang et al. reported that neutrophils
enriched in the stroma of bladder cancer was potentially
represented as a reliable maker of poor prognosis of
bladder cancer patients [55]. Macrophages are believed
to have close linkage with the occurrence and pro-
gression of bladder cancer [56, 57]. Jin et al. found that
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pan-macrophage infiltration was significantly correlated
with poor prognosis of muscle-invasive bladder cancer
[58]. Liu et al. found that high stromal tumor infiltrating
mast cells was an independent unfavorable prognostica-
tor for muscle-invasive bladder cancer patients [59]. The
above evidences were consistent with our findings, illus-
trating that the impacts of SiaTs on bladder cancer might
rely on the infiltration of immune cells.

As the chemotherapy and immunotherapy are the most
important adjuvant treatments, we further utilized the
GDSC drug sensitivity database to screen the chemo-
therapeutic reagents to promote personalized medication
guidance for bladder cancer. According to IC50 predic-
tion, patients in high-risk group were more sensitive to
reagents like bortezomib, cisplatin, docetaxel, gemcit-
abine, paclitaxel and pazopanib. In addition, we com-
pared the expressions of 25 types of immune checkpoint
genes between high- and low-risk groups, finding 21
kinds were increased while only TNFRSF4 was decreased
in high-risk group. It might be helpful in choosing the
suitable immune checkpoint inhibitors for immuno-
treatment, and guiding the selection of personalized
medical therapy for bladder cancer.

Conclusions

In summary, we identified 7 SiaTs-related genes to estab-
lish a prognostic risk model that could effectively and
accurately predict the outcomes and drug sensitivity of
bladder cancer patients. Also, our findings suggested the
critical roles of SiaTs in bladder cancer, which might be
associated with the modulation of tumor immune micro-
environment. However, some limitations still existed
and further researches are needed to verify the findings,
as well as the molecular mechanism both in vitro and
in vivo.
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