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Background: As known abnormal sialylation exerts crucial roles in the growth, metastasis, and immune evasion of cancers, but the
molecular characteristics and roles in bladder cancer (BLCA) remain unclear. This study intends to establish BLCA risk stratification
based on sialylation-related genes and elucidate its role in prognosis, tumor microenvironment, and immunotherapy of BLCA.
Methods: Bulk RNA-seq and scRNA-seq data were downloaded from open-access databases. The scRNA-seq data were processed
using the R package “Seurat” to identify the core cell types. The tumor sub-typing of BLCA samples was performed by the R package
“ConsensusClusterPlus” in the bulk RNA-seq data. Signature genes were identified by the R package “limma” and univariate
regression analysis to calculate risk scores using the R package “GSVA” and establish risk stratification of BLCA patients. Finally,
the differences in clinicopathological characteristics, tumor microenvironment, and immunotherapy efficacy between the different
groups were investigated.

Results: 5 core cell types were identified in the scRNA-seq dataset, with monocytes and macrophages presenting the greatest
percentage, sialylation-related gene expression, and sialylation scores. The bulk RNA-seq samples were classified into 3 tumor
subtypes based on 19 prognosis-related sialylation genes. The 10 differential expressed genes (DEGs) with the smallest p-values were
collected as signature genes, and the risk score was calculated, with the samples divided into high and low-risk score groups. The
results showed that patients in the high-risk score group exhibited worse survival outcomes, higher tumor grade, more advanced stage,
more frequency of gene mutations, higher expression levels of immune checkpoints, and lower immunotherapy response.
Conclusion: We established a novel risk stratification of BLCA from a glycomics perspective, which demonstrated good accuracy in
determining the prognostic outcome, clinicopathological characteristics, immune microenvironment, and immunotherapy efficacy of
patients, and we are proposing to apply it to direct the choice of clinical treatment options for patients.
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Introduction

Bladder cancer (BLCA) is one of the most prevalent malignancies of the urinary system, with an estimated 573,000 new
cases and 213,000 deaths worldwide in 2020." Depending on the tissue type, it can be classified into urothelial and non-
urothelial cancers, out of which urothelial cancer is the most frequent pathological type of BLCA, accounting for about
90%.2 Upon the invasion depth, it can be divided into non-muscle invasive bladder cancer (NMIBC) and muscle-invasive
bladder cancer (MIBC), and their ratio is about 3:1 in patients with BLCA at the first consultation.’ Risk factors in
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developing BLCA include smoking, and exposure to cyclic chemicals, dyes, and paints. Despite the accelerated
development of comprehensive treatment with multiple therapies in recent years, including surgery, chemotherapy,
radiotherapy, and immunotherapy. However, the high recurrence rate and high infiltration of BLCA have resulted in
a poor prognostic outcome of patients with a median survival of merely 14 months.* Thus, a more in-depth investigation
of the underlying mechanisms of BLCA is required to unlock new openings and identify more sensitive biomarkers for
early diagnosis, individualized treatment, and prognostic outcomes of BLCA patients. The aberrant salivary acidification
was observed in preceding research to play a critical role in the growth, metastasis, and immune evasion of several
tumors™° and could be applied as a biomarker for specific tumors.”

Sialylation is a type of glycosylation that covalently attaches sialic acid to the terminal glycans of glycoproteins and
glycolipids to produce sialic acid-containing sialoglycans,® which usually covers the surface of tumor cells and can be
adopted as tumor-associated antigens serving as biomarkers for the detection and monitoring of cancer, including sialyl-
Tn (sTn), sialyl-T (sT) and sialyl-Lewis antigens et al.” Numerous pieces of evidence have shown that the dense
sialoglycans coat on the surface of tumor cells has significant implications in promoting tumor growth, metastasis, and
immune evasion.'®!'" Sialylation of integrins and selectins can interfere with cell adhesion molecules and promote the

metastasis of neoplasm cells to distant sites,'*"?

alternatively in ovarian cancer sialyltransferase ST3GAL1 (ST3 f-
Galactoside o-2,3-Sialyltransferase 1) can also promote tumor metastasis through the TGF-B1 (Transforming growth
factor-B1) signaling pathway induces EMT (Epithelial-Mesenchymal Transition) to promote tumor metastasis.'®
Hypersialylation of cell death receptors inhibits apoptosis and promotes the growth of colon cancer cells.'> In terms
of immune evasion, intensive sialoglycans on the surface of tumor cells conceal the underlying glycan and protein
epitopes, rendering immune cells unable to recognize antigens;'¢ they can also avoid immune cell attack by decorating
themselves with sialic acid-bound antigens'’ or by mimicking the cell surface glycosylation of healthy cells.'® Elevated
sialoglycans levels have also been detected in BLCA and the sTn antigen associated with BLCA grade and muscle
invasion is a hallmark of poor prognosis.'® Nevertheless, there are relatively scarce studies on BLCA, so the exact role
and mechanism of sialoglycans in BLCA remain uncertain. In this study, we analyzed sialylation-related gene expression
heterogeneity in urothelial carcinoma cells by scRNA-seq data and integrated bulk RNA-seq to screen prognosis-related
sialylation signature genes for risk stratification of BLCA patients by calculating risk scores. Then, we conducted
a comparative analysis of various aspects including tumor microenvironment and immunotherapy efficacy in patients
with high and low-risk groups to reveal the effects and potential mechanisms of sialylation-related genes in BLCA for
providing more sensitive prognostic biomarkers and therapeutic targets for BLCA patients.

Materials and Methods

Data Sources and Processing

A total of 934 BLCA samples diagnosed as urothelial carcinoma and 26 melanoma samples from open-access datasets were
included, which contained complete information on gene expression, clinical features, survival, and treatment. The scRNA-
seq dataset GSE 145281 containing 10 peripheral blood mononuclear cells (PBMCs) samples from BLCA patients treated with
atezolizumab (anti-PD-L1 mAb) was used to reveal the core cell types and the expression of sialylation gene in the cells of
BLCA patients. The transcriptomic and clinical data (including age, grade, TNM stage, survival status, and survival time, etc.)
from the TCGA-BLCA dataset of 411 samples and the GSE13507 dataset of 165 samples were downloaded from UCSC Xena
(https://xenabrowser.net/) and the Gene Expression Omnibus (GEO) database (http://www.ncbi.nlm.nih.gov/geo/) as the bulk

RNA-seq training dataset by merging and correcting batch effects using the R packages “limma” and “sva”,>° which was

applied to construct sialylation-related risk model. To evaluate the predictive potential of sialylation-related genes on the
efficacy of immunotherapy in BLCA patients, we first obtained transcriptomic and matched clinical data from the IMvigor210
cohort (n=348) of patients with locally advanced/metastatic urothelial carcinoma all treated with anti-PD-L1 by using the
“IMvigor210CoreBiologies” package (http:/research-pub.gene.com/IMvigor210CoreBiologies).”' For the enhancement of

the predictive stability of risk stratification, we also included melanoma patients receiving anti-PD1 therapy obtained from the
GSE78220 dataset (n=26) as a supplement.
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ScRNA-Seq Analysis

ScRNA-seq data were filtered and analyzed using the R package “Seurat”.?* First, we conducted quality control of

single-cell data by the following criteria: 1) exclusion of genes covered by less than 3 cells, 2) removal of cells
expressing less than 200 genes, 3) retained cells with less than 5% of the mitochondrial gene, and 4) included cells
with less than 7500 genes. In the subsequent processing, we reduced the batch effect between samples by R package
“harmony” and normalized the scRNA-seq data by “ScaleData”, then principal component analysis (PCA) was
performed, the “RunUMAP”** function to reduce the dimensionality and “FindAllMarkers” for finding differentially
expressed genes in different clusters. Finally, the R package “singleR™** combined with manual adjustment for cluster
annotation, leading to the acquisition of the core cell types of BLCA patients.

Gene Sets Variation Analysis (GSVA)
We downloaded the HALLMARK pathway data from the Msigdb database (http://www.gsea-msigdb.org/gsea/index.jsp)
and utilized the R package “GSVA”™® for scoring the pathway in each cell type. To investigate the heterogeneity of

sialylation-related genes in the expression of BLCA patient cells, we accessed 105 sialylation-related genes from the
study of Zhou et al*® and calculate the sialylation score of each cell by the ssGSEA method in the R package “GSVA”™.
Furthermore, to examine the correlation between sialylation scores and function among cell types, we also performed
a correlation analysis and divided the patients into high and low-score groups based on the median value of sialylation
scores, with comparing the differences in HALLMARK pathway enrichment between the two groups.

Consensus Clustering Analysis
Univariate Cox proportional risk regression analysis was performed in the training set and extracted the genes with
p-values < 0.05 as prognostic genes, whereby we conducted consensus cluster analysis using the R package

9927

“ConsensusClusterPlus”” to identify tumor subtypes. Followed by the Kaplan-Meier survival curve plotted by the

R package “survminer” (https://CRAN.R-project.org/package=survminer) and the Log rank test to ascertain the prog-

nostic differences between subtypes. To detect the underlying mechanisms leading to the differences in prognosis among
the different tumor subtypes, we downloaded the HALLMARK pathway, KEGG pathway, and Reactome pathway data
from the Msigdb database, and used the R package “GSVA” to verify the discrepancies in the pathways among the 3

subtypes and visualized with heatmaps by the R package “pheatmap”.*®

Analysis of Immune Cell Infiltration and Functional Enrichment Analysis

To analyze the immune cell characteristics between 3 tumor subtypes, we adopted the R package “ESTIMATE">” and the
ssGSEA method in the R package “GSVA” to measure immune cell infiltration fractions for each sample. Differential
analysis was performed between subtypes using the “limma” package, and genes that exhibited a |log2 (fold change)|>1
and p-value<0.05 were considered as DEGs, visualized with heatmaps by the R package “ggplot2”.*° Subsequently,
functional enrichment analysis of DEGs was investigated through the Kyoto Encyclopedia of Genes and Genomes

(KEGG) and Gene Ontology (GO) analyses using the R package “clusterProfiler”.”!

Risk Stratification and Clinicopathological Characteristics of BLCA Patients

Given the DEGs, the top 10 genes were ultimately integrated into the signature geneset by univariate analysis and
ranking p-values, then the secondary consensus clustering analysis was performed, it turned out that a good clustering
effect and significant differences in survival outcomes between subtypes and eventually accepted as the result of BLCA
patient subtypes. For more accuracy in risk stratification of BLCA patients, we calculated risk scores based on the
signature genes via the R package “GSVA?”, classified the training set samples into high and low-risk score groups by the
optimal cut-off values, and drew survival curve and heatmap to demonstrate the differences in survival outcomes and
clinical characteristics between the two groups of patients. More specifically, the clinicopathological characteristics of the
samples included fustat, gender, grade, stage, N stage, and T stage. The distribution of clinicopathological characteristics
among groups was assessed using the Kruskal-Wallis test or the Wilcoxon rank test.
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Immune Microenvironment Analysis

Initially, we measured the differences in gene mutations between patients in high and low-risk groups using the
R package “maftools”,*> which may be partly responsible for the variable immune response in tumor patients.
Afterward, we extracted the expression of 5 immune check loci (CD274, CTLA-4, LAG3, PDCDI, and TIGIT) and
multiple chemokines for comparison between the two groups of patients by Wilcoxon test to reveal the relationship
between risk score and immune microenvironment. In parallel, Pearson correlation analysis was undertaken to evaluate
the association between risk scores and the HALLMARK pathways. p-value<0.05 was considered as a significant

correlation and visualized by bar plots with the R package “ggplot2”.

Evaluation and Validation of Immunotherapeutic Efficacy

To further explore the potential guidance of risk scores for immunotherapy, we collected 2 tumor immunotherapy
datasets, including the GSE78220 dataset of melanoma patients treated with anti-PD1 and IMvigor210 cohort of bladder
urothelial carcinoma patients treated with anti-PDL1, and divided the samples of the 2 datasets into high and low-risk
score groups in terms of the optimal cut-off value of risk score, followed by comparing the differences in survival
outcomes and response to immunotherapy between the two groups. Meanwhile, we validated the potential of the risk
score in immunotherapy in the scRNA-seq dataset GSE145281 by the R package “ggplot2” to show the expression of
signature genes in each core cell type and then using the R package “Seurat” to assess the relationship between the
distribution of immunotherapeutic response and risk scores in patients. Moreover, we calculated the IC50 values of each
sample for multiple anti-cancer drugs using the R package “pRRophetic”** for targeted drug prediction in two groups,
with absolute values of correlation greater than 0.4.

Results
|dentification of BLCA Core Cell Subtypes

We followed the scRNA-seq data quality control procedure to discard low-quality cells and genes, as shown in
Supplementary Figure 1: the number of cellular genes was mostly concentrated below 3000, the number of transcripts

was under 4000, the percentage of mitochondrial content in each sample was extremely low, while the top 10 highly
variable genes were labeled. Finally, 13,502 genes and 14,474 cells were captured for subsequent analysis. The 12
clusters were identified after umap dimensionality reduction, and annotation of clusters yielded 5 core cell types through
the “singleR” package including CD4 T cells, CD8 T cells, NK cells, monocytes and macrophages, and B cells
(Figure 1A).** Detailed cell counts for each cell type were displayed in Figure 1B, and it can be seen that monocytes
and macrophages accounted for the highest percentage, over 58%, and B cells accounted for the lowest percentage, less
than 5%. The differentially expressed genes of each core cell type were searched by the FindAllMarkers algorithm, and
the top 5 genes with up- and down-regulated expression for each cell type are indicated in Figure 1C, and the full list of
differential genes can be found in Supplementary Table 1. For clarifying the functions of each cell and the biological

processes participated in, we performed GSVA pathway scoring for each cell and discovered that monocytes and
macrophages were involved in almost all HALLMARK pathways, including tumor growth promotion, cell cycle, energy
metabolism, and immune response (Figure 2).

Expression Characteristics of Sialylation Genes in scRNA-Seq Data

Upon acquisition of the sialylation geneset, we evaluated the expression of each gene in diverse cell types and showed in
a scatter plot in Figure 3A that the expression levels of PSAP and FCNI1 were significantly higher in monocytes and
macrophages than in other genes. To more specifically measure the heterogeneity of sialylation gene expression in
individual cells, we calculated the sialylation score of each cell and found that monocytes and macrophages had the
highest sialylation gene expression level and sialylation score, while the lowest sialylation score occurred in CD4 T cells
(Figure 3B). All cells were classified into high- and low-sialylation score groups determined by the median value of
sialylation score, it can be observed that the high-sialylation score group contained more monocyte and macrophages but
fewer CD4 and CD8 T cells, suggesting that the patients in the high-sialylation score group may suffer from the
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Figure | Identification of core cell subtypes in BLCA based on scRNA-seq data. (A) 12 cell clusters and 5 core cell subtypes visualized by the UMAP algorithm in
GSE145281. (B) Quantity and belonging of cells of each cluster. (C) Identification of top 5 differential genes for each cell subtype by FindAlIMarkers.

immunosuppressed situation (Figure 3C and D). Hence, to explore the underlying explanations for the differences in
immune status between the two groups, we performed GSVA enrichment analysis, which resulted in markedly higher
enrichment of the HALLMARK pathway in the high-sialylation score group, particularly in the complement pathway and
oxidative phosphorylation pathway (Figure 4A). Similarly, sialylation scores were significantly correlated with
HALLMARK pathway scores in all cell types (p<0.05), with stronger positive correlations in B cells, monocytes, and
macrophages (Figure 4B).

Screening for Prognosis-Related Sialylation Genes and Tumor Subtypes in Bulk
RNA-Seq Data

Aiming to provide more stability and general application of the findings, we extracted bulk RNA-seq data from the
TCGA-BLCA and GSE13507 dataset after removing batch effects and then combined them into a training set, and the
PCA plots of the merged samples showed an even distribution between the two sets, with a total of 17,147 genes and 576
samples obtained (Figure 5A and B). In addition, we performed correlation analysis and univariate regression analysis
across 19 prognosis-related sialylation genes (Figure 5C). We subjected the sialylation genes to univariate Cox regression
analysis in the training set and identified 19 sialylation genes that were significantly associated with prognosis (p<0.05),
out of which 5 were prognostic favorable factors, including B3GNT3, NPL, ST3GAL4, ST3GALS, and GALNTL6, and
the rest were risk factors (Supplementary Table 2), with Kaplan-Meier survival curve for each gene shown in

Supplementary Figure 2. Immediately after, BLCA samples were classified into 3 tumor subtypes based on prognostic

genes (Figure 6A), and the survival curves indicated significant differences in prognostic outcomes between subtypes
(p<0.001), where median survival was significantly higher in cluster C than in the other two subtypes, and the worst in
cluster A (Figure 6B). When comparing the expression of sialylation prognostic genes in the 3 subtypes, as shown in
Figure 6C: except for SIGLEC6, there were remarkable differences in the expression of all genes in each subtype
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Figure 2 HALLMARK pathway enrichment for 5 core cell subtypes by GSVA analysis.

(p<0.05). The majority of risk factors in cluster C were expressed at low levels, whereas favorable factors were expressed
at high levels, especially B3GNT3, ST3GAL4, and ST3GALS. The distribution of the remaining clinical characteristics
of gender, age, grade, stage, T stage, M stage, N stage, and fustat among the 3 subtypes is shown in Figure 6D.

Functional Enrichment and Immune Infiltration Analysis of Tumor Subtypes

To investigate the hidden motives for the different prognostic and clinicopathological characteristics between subtypes, we
calculated the HALLMARK pathway, KEGG pathway, and Reactome pathway scores among the 3 tumor subtypes, respectively.
Within the HALLMARK pathway, cluster A was primarily enriched in pro-tumor development and proliferation, immune
response, and anti-tumor response (Figure 7A). For the KEGG pathway, cluster A was enriched in receptor signal transduction
pathways, such as NOD-like receptor signaling pathway, and ECM receptor interaction et al (Figure 7B). Among the Reactome
pathways, cluster A was mainly enriched in the tumorigenic and lipid metabolism pathways (Figure 7C). Whereas clusters B and
C showed similar results in all three GSVA analyses, predominantly involved in the peroxisome, and energy metabolism
pathways. The results of GSVA analysis showed that cluster A patients are involved in complex and contradictory biological
processes, both pro- and anti-tumor. Together with the cluster A survival curve analysis, it was hypothesized that the anti-tumor
effect in cluster A patients were presumably in the suppressed condition, so we further evaluated the immune status of BLCA
patients. It was confirmed first in the PCA plot that there were existing differences between the three tumor subtypes (Figure 8A),
and then the immune score, stromal score, and ESTIMATE score were measured by R package “ESTIMATE” across the different

3404  "tes Journal of Inflammation Research 2023:16

Dove!


https://www.dovepress.com
https://www.dovepress.com

Dove Tan et al

A B 100%
PSAP . . L] L] -
cHsT2 . . 5
B3GNT?
SIGLECE 6000
o3 . . . § )
- : : : . . . .
SIGLECS . » . . = s ] iR < CellType
el p p 3 . 5 H I H ! € £ B MoroMacro
sioLECTS . . ; : i i H 2 4000 s B corr
S : : . i ] ] g 50% -
siLcs ] 8 g W oot
soLEc? ] 3 B o
sioLect i Heo
SGLECTS
CLNG 2000 25%
e
ABCAZ
HEXB . . . .
HEXA . 3 5 i ™ - 7 T
JATN : : . : 7 g ? : i
B3GALT A : E 5 i 0 0%
GALNT12 . . . A
GALNTH1 G 3 . 5 2y Py 3 Py
C1GALTI S ¥ 2 i potep é0° q@" Q@ ®°°
GALNT10 . . . @ <@ @ o
i . : , . <o w S v &
GoNTs . . . .2 & o o« o
creATICH . : i ol
B4GALTS . . : "
cHsTe . . . . @
aNs ; 4 i .
B3GNT2 » e » Average Expression . .
s celltype Sialylation group
GANTS . . '
GALNT2 . . . . 10 10
GALNTIS . . :
GALNTS . . B 3
B4GALTS . . 5 ’ / P
NPL . 4 : !
cwas
cTsA
NANS . . . .
NANP . . . . b 5 b
sLcasA1
GNE
sLc17as o l 5
oLe1 [ Y High.score group
STEGALT 2 2 % o Lowscoregroup
STBGALNAC2 El 0 3
STIGALS °
ST3GAL4 0 o
NEUt
Neu4
NEU3
STIGALS
STEGALNACS
STeGALNACA
STEGALNACS -
sT36ALS : ; ; . 5 =
STasiA¢ . . .
STEGALNACT
sT3GAL2 . . . .
STIGALY 0 : : S0 5§ T o %G
UMAP_1 UMAP_1 UMAP_1

Mono Macro c04_T co8_T NKcell B_cell

Figure 3 Expression characteristics of sialylation genes in scRNA-seq data. (A) Expression of sialylation genes in the individual cell types. (B) Sialylation scores for each cell
subtype with GSVA. (C) Sialylation score expressing profile in individual cells and the distribution of cells in high- and low-sialylation score groups in the umap plot. (D) The
proportion and count of each cell subtype in the high- and low-sialylation score groups.

subtypes, and it was observed that the level of immune infiltration was significantly higher in cluster A than the other two types
(p<0.0001) (Figure 8B). Finally, the degrees of infiltration of the 23 immune cells were verified in more detail using the ssGSEA
feature, and the results were consistent with the previous findings, with significantly higher levels of infiltration of most immune
cells in cluster A, except for monocytes, CD56dim-NK cells and Th17 cells (p<0.0001) (Figure 8C). Contrary to our speculation,
immune cell infiltration was greater in cluster A patients, but the prognosis turned out to be worse, inferring that this group of
patients may suffer from immune tolerance contributing to the decline of the organism’s anti-tumor response. With the above
speculation, we further proceeded with differential analysis among tumor subtypes (B-A, C-A and C-B) and finally obtained 1065
DEGs through a two-by-two comparison to take a merged set (Figure 9A). GO/KEGG enrichment analysis results revealed that
DEGs were largely associated with negative regulation of the immune system, leukocyte migration, extracellular matrix structure,
cytokine interactions, and BLCA (Figure 9B-D). These results confirm our speculation to some extent.

Establishment and Validation of Risk Stratification Based on Sialylation-Related Genes
in BLCA

All DEGs were subjected to univariate regression analysis (Supplementary Table 3), and the top 10 genes with the
minimum p-value were considered as signature genes, including EMP1, CD109, CERCAM, CARDI11, TM4SF1, FNI,
FBN1, ELOVL4, ANXA1, and SERPINB2. The forest plot indicated that all the remaining 9 genes were prognostic risk
factors besides CARDI11 (Supplementary Figure 3A). The consensus clustering analysis was conducted again in the

training set, and the best clustering was achieved at k=2 (Supplementary Figure 3B). We analyzed the prognosis, gene

expression levels, and clinicopathological characteristics of both genecluster groups, and we observed that patients in
genecluster A experienced worse prognosis than genecluster B (p<<0.001) (Supplementary Figure 3C), the expression of

signature genes exhibited elevated expression of risk factors and reduced expression of protective factors (p<0.001)
(Supplementary Figure 3D), and we also compared other clinicopathological parameters (Supplementary Figure 3E). The

risk score was calculated from the expression of signature genes, and the training set samples were divided into high and
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Figure 4 Correlation between sialylation score and HALLMARK pathway enrichment. (A) Heatmap of the HALLMARK pathway in high- and low-sialylation score groups by
R package pheatmap. (B) Association of hallmark pathway scores with sialylation scores among different cell subtypes. (*p value < 0.05; **p value < 0.01; ***p value < 0.001;
*¥p value < 0.0001).

low-risk score groups depending on the optimal cut-off values to establish sialylation-related risk stratification for BLCA
patients. The stability of the sialylation-related risk stratification was subsequently validated in terms of survival analysis,
immune infiltration, and clinicopathological characteristics. First of all, the survival curves displayed a median survival
of < 2 years for patients in the high-risk score group, which was lower than in the low-risk score group (p<0.001)

(Supplementary Figure 3F). Over the course of repeated subgroups, patients in the high-risk score group were all from

the genecluster A subtype, while most patients in the low-risk score group were alive, suggesting the importance of
signature genes in the risk stratification of BLCA patients (Supplementary Figure 3G). Then, we also evaluated the

correlation between risk score and immune cell infiltration and the results suggested that risk score was positively
correlated with multiple immune cell infiltration levels, especially NK T cells and NK cells (p<0.05) (Supplementary
Figure 3H). Lastly, we matched 6 clinicopathological characteristics including fustat, gender, grade, stage, N stage, and
T stage, which were significantly different between the two groups of patients. The box plot indicated that death
(p<0.0001) and female patients (p=0.0035) had higher risk scores, higher graded patients had risk scores increased
(p<0.0001) and patients with later stage, N stage, and T stage had significantly greater risk score than those with the
earlier stage (p<<0.01). As for the bar plots, a significantly higher proportion of patients in the high-risk score group died
(64% vs 37%), were female (34% vs 21%), were higher grade (98% vs 71%), and were stage III/IV (81% vs 61%), N1/2
(36% vs 22%), and T3/4 (74% vs 47%) patients (Figure 10A-F).

Correlation Between Risk Score and Tumor Microenvironment

The tumor microenvironment is the internal and external environment in which tumors live and is closely related to
tumorigenesis, progression, and metastasis. After clarifying that risk score is an important factor in the variability of
prognosis and clinicopathological characteristics in BLCA patients, we explored the correlation between risk score and
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Figure 5 Significant correlation between sialylation-related genes and prognosis of BLCA patients. (A and B) PCA plots of TCGA-BLCA and GSEI3507 datasets before and
after integration by limma and sva packages. (C) Correlation analysis and Univariate regression analysis across 19 prognosis-related sialylation genes. Lines indicate
a significant correlation between sialylation-related genes (p < 0.0001); purple indicates risk factors and green indicates favorable factors for OS.

tumor microenvironment and attempted to reveal some oncological features of bladder urothelial carcinoma from this aspect.
The fundamental source of tumorigenesis is the mutation of hereditary elements, so we analyzed the mutation situation
between high- and low-risk score groups, and the results indicated that missense mutation was the dominant mutation type in
both groups, and the top 5 mutated genes were TP53, TTN, KMT2D, MUC16, and PIK3CA (Figure 11A and B), but the
frequency of mutation was higher in the high-risk score group (Figure 11C). Immune cells are an essential component of the
tumor microenvironment, and the expression of immune check loci can regulate the activation of immune cells, so we
extracted the expression of 5 immune check loci including CD274, CTLA-4, LAG3, PDCDI, and TIGIT between high and
low-risk score groups, as Figure 12A showed that the expression levels of all 5 immune check loci in the high-risk score
group were significantly higher than those in the low-risk score group (p<0.0001). Chemokines are the major non-cellular
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elements in the tumor microenvironment and regulate tumor immunity by recruiting lymphocytes into the tumor micro-
environment through the chemokine-chemokine receptor signaling pathway, therefore we compared the expression levels of
chemokines in the two groups and indicated that most chemokines and cytokines were significantly highly expressed in the
high-risk score group, especially the CC chemokine family and CXC chemokine family (p<0.05) (Figure 12B). Additionally,
we examined the correlation between risk score and HALLMARK pathways and discovered that risk score was positively
correlated with multiple immune-related pathways, such as complement, IL-6/Jak/Stat3 signaling, TNF-a signaling via
NF«B, and IL-2/ Stat5 signaling pathway et al (Figure 12C).

Estimating and Validating the Value of Risk Score as a Predictor of Immunotherapeutic
Efficacy in Patients with BLCA

We further evaluated the role of the risk score in the immunotherapy of BLCA patients. The samples of the GSE78220
dataset and IMvigor210 cohort were divided into high and low-risk score groups depending on the optimal cut-off value
of risk score, and the survival analysis of both datasets showed that the median survival of the high-risk score group was
lower than the low-risk score group, with p-values of 0.0052 and 0.00075, respectively (Figure 13A and C). The response
to immunotherapy also differed between the two groups, with a higher proportion of non-responders to immunotherapy
(PD/SD) in the high-risk score group (Figure 13B and D), which contributed to the different survival outcomes in the two
groups. For the patients who were not sensitive to immunotherapy, we also performed the targeted drug prediction and
detected significant differences (p<0.05) in the IC50 values of 12 targeted drugs (Supplementary Figure 4). In the end,
the value of the risk score for immunotherapy efficacy in BLCA patients was verified in sScRNA-seq data. The expression

of signature genes in various cell types was analyzed (Figure 14A), and heterogeneity among cells was observed by

calculating the risk score, with the highest risk score in monocytes and macrophages (Figure 14B). The immunotherapy
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Figure 8 Analysis of immune cell infiltration between tumor subtypes. (A) PCA plot of sample distribution for tumor subtypes. (B) Differences in immune, stromal, and
ESTIMATE scores across tumor subtypes assessed by ESTIMATE package. (C) The degree of immune cell infiltration between different tumor subtypes was measured by
ssGSEA analysis. (***p value < 0.001).

information of scRNA-seq revealed a significantly higher risk score in the immunotherapy non-responder group than in
the responder group (p<0.001) (Figure 14C), and reaffirmed in the UMAP plot of the relationship between immunother-
apy response and score distribution in BLCA patients, with a greater proportion of immunotherapy non-responders in the
high-risk score group (Figure 14D), which was consistent with the results of immunotherapy data from bulk RNA-seq.
And the cell numbers and proportions of monocytes and macrophages were highest in the high-risk score group
(Figure 14E), suggesting that monocytes and macrophages may be involved in immunotherapy tolerance for patients
in the high-risk score group. To investigate the potential mechanisms leading to immune tolerance, we further enriched
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Figure 9 Recognition and functional enrichment analysis of DEGs among tumor subtypes. (A) Volcano plot of DEGs between clusters (A-C). (B) Bubble plots of the GO
terms of DEGs. (C) Bubble plots of the KEGG pathways of DEGs. (D) Counterparts of top 5 pathway and genes in KEGG enrichment analysis.

the HALLMARK pathways in both groups, and the results indicated that most of the pathways were enriched in the high-
risk score group, and risk score in all types of cells was significantly correlated with most of the HALLMARK pathways
(p<0.05), except for CD4 T cells (Supplementary Figure 5A and B).

Discussion

Glycosylation is the most common and complex post-translational modification of proteins, and roughly more than half
of human proteins are glycosylated.*> As one of the classes of glycosylation, sialylation is involved in important
biological processes regarding tumor metastasis, metabolic reprogramming, and immune recognition®® in a variety of
malignancies including colon,'> ovarian,'* breast,>” and liver,*® but its role in BLCA is still obscure owing to the paucity
of relevant studies. Therefore, it may be worthwhile to investigate sialylation-related biomarkers for predicting the
survival outcome of BLCA patients. In this study, we combined scRNA-seq and bulk RNA-seq data to disclose the
effects of sialylation-related genes in BLCA patients by glycomics analysis, which may provide critical targets for
individualized treatment.

We identified 5 core cell types among the scRNA-seq data, with the highest proportion of monocytes and macro-
phages and significant enrichment in the HALLMARK pathway, suggesting that monocytes and macrophages were
intimately associated with BLCA development and played critical roles in tumor tumorigenesis, immunity, and energy
metabolism. Previous studies have well elaborated the vital role of monocytes and macrophages in tumorigenesis, as
monocyte-derived macrophages secrete pro-angiogenic growth factors during polarization to M2-like macrophages and
accompanied with the alterations in sialylation and desialylation profiles, resulting in a pro-angiogenic and lymphangio-
genic role.***° M2-like macrophages are regarded as tumor-associated macrophages (TAMs) that facilitate tumor growth,
metastasis, and suppression of cellular immunity, which are associated with poor prognosis in BLCA patients.*' In
parallel, sialic acid generated by tumor cells can stimulate the differentiation of monocytes into tumor-associated
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Figure 10 Association analysis of risk scores with clinical characteristics. Box plot for differences in risk score profiles (Left) and bar plot for sample distribution in high and
low-risk score groups (Right) in different survival status (A), gender (B), grade (C), tumor stage (D), N stage (E), and T stage (F).

macrophages by being recognized by Siglecs (Sialic acid-binding immunoglobulin-type lectins), initiating immune
tolerance of various immune cells such as T cells, NK cells and monocytes.*? Therefore, we believe that monocytes
and macrophages occupy an indispensable position in the pathological process of BLCA.

The sialylation process is strictly regulated by a diversity of sialidases and sialyltransferases,’ so we obtained
sialylation-related genes and measured the sialylation scores of each cell type, discovering that the sialylation scores
of monocytes and macrophages are significantly higher than those of other cells, which indicates that the sialylation
process in such cells was active and strongly associated with the development of BLCA. 19 sialylation-related genes
associated with the prognosis of BLCA patients were identified in the bulk RNA-seq data, including 1 sialylase (NPL)
and 12 sialyltransferases (GALNT6, GALNTS, GALNTI15, GALNTL6, ST3GALS, B4GALNTI1. ST3GALSG,
ST6GALNAC3, ST3GAL4, BAGAT1, B3GNT4, and B3GNT3), demonstrating that sialyltransferase activity could to
some extent impact the prognostic outcome of patients. Nevertheless, the results of univariate regression analysis
indicated that sialyltransferase is a double-edged sword for the prognosis of BLCA patients, which could be both
a risk factor and a favorable factor. ST3GALS (ST3 B-galactoside a-2,3-sialyltransferase 5) can encode ganglioside GM3,
which exhibits anti-tumor effects by decreasing the proliferation of BLCA cells via inhibiting apoptosis and angiogenesis
and reducing epidermal growth factor receptor phosphorylation.**** For its part, ST3GAL6 was modulated by the
transcription factor GATA3, and in BLCA GATA3 was downregulated to diminish the inhibition of ST3GAL6 promoter
activity, and ST3GALG6 expression was upregulated to increase the level of sialylation in tumor cells to enhance tumor
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invasion and migration,*> which is consistent with the results of the present study. Based on the detected prognosis-
related sialylation genes, samples were stratified into 3 tumor subtypes. Significant differences in gene expression levels,
the prognosis of patients, functional enrichment analysis results, and immune cell infiltration were observed across
subtypes, with cluster A exhibiting the worst prognosis and the highest level of immune cell infiltration (p<0.001) and
increased expression levels of multiple sialyltransferases, taking into account that the poor prognosis of patients was
likely relevant to increased levels of sialylation causing immune tolerance. The hypothesis was finally confirmed in
function enrichment analyses of DEGs among tumor subtypes, revealing that DEGs were enriched in several immune-
related pathways such as negative regulation of immune system processes, leukocyte migration, extracellular matrix
structure, and chemokine signaling pathways.

From the results of DEGs univariate regression analysis, the 10 signature genes with the smallest p-values were extracted
to calculate a risk score for the risk stratification of BLCA samples, and the clinicopathological and tumor microenviron-
mental characteristics of the high and low-risk score groups were analyzed in comparison, discovering that patients in the
high-risk score group had worse survival outcome, higher tumor grade, later stage, higher frequency of gene mutations, and
higher expression levels of immune checkpoints and chemokines. All of the above-mentioned results illustrated that risk score
exerted direct or indirect effects on tumor immunity in the tumor microenvironment of bladder urothelial carcinoma cells,
which affected tumor progression, treatment, and patient prognostic outcome. Description of the risk score can be considered
as a criterion for risk stratification of BLCA patients and provide new evidence for individualized treatment of BLCA
patients. We also assessed and validated the efficacy of immunotherapy in both groups of patients in the bulk RNA-seq
dataset and scRNA-seq dataset, and both results displayed lower immune response rates in the high-risk score group. In the
scRNA-seq dataset, we observed a higher proportion of monocytes/macrophages and a lower proportion of CD4/CD8 T cells
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Figure 13 Evaluation of the discrimination potency of risk scores on the efficacy of immunotherapy in BLCA patients. (A and B) Prognosis and immunotherapy response of
patients in GSE78220 datasets. (C and D) Prognosis and immunotherapy response of patients in IMvigor210 datasets.

in BLCA samples, together with the results of previous studies confirming that tumor-associated macrophages (TAMs)
secrete cytokines, chemokines, and enzymes to exert immunosuppressive effects and suppress the effective functions of both
CD8+ and CD4+ T cells,*®*” which may underlie the immunosuppressive microenvironment in the high-risk score group of
patients. Moreover, we also conducted targeted drug prediction in the immunotherapy-insensitive high-risk score group and
concluded that patients in the high-risk score group may be sensitive to Akt inhibitors (A.443654), Lck inhibitors (A.770041),
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Figure 14 Validation of immunotherapy efficacy in scRNA-seq data. (A) Expression profiles of signature genes in individual cell subtypes. (B) Risk scores for each cell
subtype with GSVA. (C) Distribution of immunotherapy responses of high and low-risk score groups in GSE145281. (***p value <0.001). (D) Umap plot for the distribution
of BLCA patients’ immunotherapy response with a risk score. (E) The proportion and count of each cell subtype in the high- and low-risk score groups.

PARP inhibitors (AAG.014699), AMPK activators (AICAR), and VEGFR inhibitors (AMG.706, AP.24534), but these results
need to be confirmed in additional clinical trials. Given the differences in clinicopathological characteristics, tumor micro-
environment, cellular heterogeneity, and immunotherapy efficacy between high and low-risk score groups, it is reasonable to
regard risk score as a reliable parameter for risk stratification of urothelial carcinoma, which can accurately discriminate
patients’ survival outcome and immunotherapy response.

Despite the meaningful results we yielded, there are still some inevitable limitations of the current study. On the one
hand, the sample size of the scRNA-seq dataset was relatively small and the expression level of some sialylation-related
genes was low, so small values of risk score were counted and the grouping was rather difficult; on the other hand, the
mechanism of sialylation-related genes impacting tumor microenvironment and immune tolerance is inexplicit, thus the

functions and interactions of these genes need further in vivo and in vitro experiments to explore and validate.

Conclusion

By synthetic analysis of scRNA-seq and bulk RNA-seq data, we made a systematic investigation of the effects and
clinical implications of sialylation-related genes in BLCA patients. We managed to establish a new risk stratification for
BLCA by counting the risk score in terms of the expression of sialylation-related genes, which seemed to possess
promising accuracy in predicting the prognostic outcome, clinicopathological characteristics, immune microenvironment
status, and immunotherapy efficacy of BLCA patients in open access databases. However, further experiments are needed
to validate the feasibility of glycomics in risk stratification for individualized anti-tumor therapy in BLCA patients and

provide more evidence for future clinical decisions.
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