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Abstract

Prostate cancer impacts millions of men worldwide and causes significant disease
burden. Glycosylation is the post-translational modification offering novel therapeutics
for prostate cancer. The scRNA-seq data is combined with bulk RNA-seq data
of prostate cancer to understand the glycosylation role and identify the therapeutic
targets. This study aims to investigate the differences within tumor and the role
of glycosylation. The findings confirm that glycosylation can establish multiple
cell biomarkers and divide the cell subtypes of prostate cancer. The specific cell
subtypes have diverse functions in cell interactions, transcript activity, prognosis and
immunotherapy response, such as UDP-N-acetyl-alpha-D-galactosamine:polypeptide
N-acetylgalactosaminyltransferase 7+ (GALNT7+) epithelial cells and UDP Glucose
Ceramide Glucosyltransferase+ (UGCG+) cancer associated macrophages. These
outcomes assist in the better understanding of prostate cancer and provide new approach

of the targeted therapy.
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1. Introduction

Prostate cancer (PCa) is the globally prevalent disease af-
fecting millions of men. The incidence and mortality rates
are high despite the progress in its diagnosis and treatment.
Around one quarter of new male cancers diagnosed in United
States are attributed to PCa [1]. Various treatments have been
identified in recent years, including androgen receptor (AR)
targeted therapies, chemotherapy, bone-targeting treatments,
poly (adenosine diphosphate (ADP)-ribose) polymerase in-
hibitors and immunotherapy [2]. Immunotherapy has been
particularly focused in PCa treatment. Other strategies include
the targeting of cytotoxic T-lymphocyte associated antigen 4
(CTLA4), programmed cell death 1 (PD/) and programmed
cell death ligand 1 (PD-L1), however their benefits for PCa
patients are unclear. Studies have shown the potential of
immunotherapy in treating PCa but with limited efficacy [3,
4]. There is a need to dissect the tumor microenvironment
(TME) and discover potential biomarkers for improving the
immunotherapeutic response in PCa patients.

Glycosylation involves the addition of sugar molecules to
proteins, lipids or other biomolecules [5]. Glycosylation is
the post-translational modification (PTM) occurring on range
of cellular proteins [6]. The glycome includes diverse and
abundant glycans on cells surface [7, &]. Ten types of monosac-
charides construct glycans in human which include glucose
(Gle), galactose (Gal), N-acetylglucosamine (GIcNAc), N-
acetylgalactosamine (GalNAc), fucose (Fuc), xylose (Xyl),

sialic acid (NeuSAc), glucuronic acid (GlcA), mannose (Man)
and iduronic acid (IdoA) [5]. Glycosylation as an important
regulatory mechanism controls multiple biological processes
such as regulating the localization, function and activity of
proteins in cells and tissues, and affects the biological activities
of cell recognition, differentiation, signal transduction and
immune response [5, 9, 10].

Abnormal glycosylation may cause diseases like cancer,
diabetes, cardiovascular and neurodegenerative [11]. Glyco-
sylation modification has role in cancer biology including the
PCa [12]. N-Glycosylation is highly related to the clinical
pathological changes of PCa [13, 14]. Recent research has
identified specific changes in the glycosylation patterns of
proteins in PCa that may serve as potential disease biomarkers.
One type of glycosylation implicated in PCa is oligomannose
N-glycan. The oligomannose N-glycans are increased in high-
grade PCa tumors and are associated with more aggressive
disease and poorer clinical outcomes [13].

The glycosylation modification impacts the metabolism and
immune evasion of tumor cells which affect the PCa devel-
opment and treatment [15—17]. For instance, the glycosy-
lation modification affects expression of immune checkpoint
proteins as the critical targets of cancer immunotherapy [16].
The changes in glycosylation patterns may thus serve as the
potential biomarkers for PCa, particularly in predicting disease
aggressiveness and response to therapy. Targeting the specific
glycosylation pathways represent a novel therapeutic approach
for PCa. However, more studies are required to validate these
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findings and determine clinical utility.

In this study, the role of glycosylation modification in PCa is
explored. The potential of single cell analysis in understanding
this complex disease is found out. The implications of gly-
cosylation modification in cancer immunotherapy and devel-
opment of new treatments for PCa are described. GALNT7+
epithelial cells, UGCG+ cancer associated macrophages, and
other cell subtypes are screened which impact the prognosis
and immunotherapies. By gathering the cutting-edge research
from multiple disciplines, the cancer biology can be better
understood to provide assistance for new advances in PCa
diagnosis and treatment.

2. Materials and methods

2.1 Data sources

The scRNA-seq data (GSE141445) for 13 PCa samples
was obtained from Gene Expression Omnibus (GEO,
https://www.ncbi.nlm.nih.gov/). The bulk RNA-seq of PRAD
for 52 normal and 499 tumor samples were downloaded
from UCSC Xena (https://xena.ucsc.edu). The gene set of
glycosyltransferases was retrieved from published literature
with total of 185 gene [I18] (Supplementary Table 1).
Glycosyltransferases were a class of enzymes transferring
sugar molecule from one molecule to another [19]. They
were named according to the substrate and type of catalyzed
reaction.  For example, N-acetylglucosaminyltransferase
transferred N-acetylglucosamine (GIcNAc) residue from
Uridine diphosphate (UDP)-GIcNAc to serine or threonine on
protein, forming O-linked glycosylation [20].

2.2 Preprocessing for scRNA-seq

Seurat package (v4.1.1) in R (v4.1, USA) was utilized to pre-
process the scRNA-seq data for ensuring downstream analysis
quality. Cells with mitochondrial genes of >15% and detected
genes of <200 or >4000 were removed. The data was normal-
ized through “LogNormalize” function. The first 2000 highly
variable genes were selected for principal component analysis
(PCA) and the first 15 PCs for further analysis. The “Find-
Clusters” function (resolution = 0.4) was used to cluster and
visualize 15 PCs into Uniform Manifold Approximation and
Projection (UMAP). The “FindAllMarkers” function was em-
ployed to find the differentially expressed genes in each clus-
ter. Cell type annotation was performed in integrated manner
by combining predefined cell markers with online databases in-
cluding CellMarker (http://xteam.xbio.top/CellMarker/), and
PanglaoDB (https://panglaodb.se/).

2.3 Evaluation of metabolism features

ScMetabolism [21] was utilized as an R package to quantify
the metabolic activity at single-cell level and to evaluate the
metabolic activity of TME in PCa. This package used con-
ventional single-cell matrix files with the VISION algorithm
to score each cell, which provided an activity score of each
cell in the metabolic pathway. Additionally, the package could
calculate the metabolism of each cell type to infer the metabolic
activity across entire system.
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2.4 Cell-to-cell communication

The “CellChat” (v1.4.0) R package was used to infer the inner
relationship of paired ligand-receptor based on the ligand-
receptor interaction [22]. CellChat required cell’s gene expres-
sion data as the input and simulated the probability of cell-to-
cell communication by combining gene expression with prior
knowledge of interactions between signaling ligands, receptors
and their fellow-factors.

2.5 Non-negative Matrix factorization for
scRNA-seq

Non-negative Matrix Factorization (NMF) was an unsuper-
vised method decomposing non-negative matrix into the prod-
uct of two non-negative matrices. NMF algorithm could find
non-negative matrices of W and H for any given non-negative
matrix V. The non-negative matrix V was almost equal to the
product of W and H, i.e., V=~ W x H. The approach identified
the underlying patterns and features in the data. NMF clus-
tering was performed for the specific cell type in scRNA-seq
data to explore the heterogeneity and functional characteristics
within the cells. The “NMF” (v0.24.0) R package was used to
conduct the clustering process [23].

2.6 Single-cell transcription factor analysis

Cell heterogeneity in tissues was primarily based on the dif-
ferences in cell transcriptional states, which were determined
and maintained by gene regulatory networks (GRNs) driven
by transcription factors. The “SCENIC” (v1.3.1) R package
was utilized to calculate the transcription factors activity of
scRNA-seq data, which employed the co-expression and motif
analysis to compute gene regulatory network reconstruction
and identify cell states [24].

2.7 Single sample gene set enrichment
analysis

Single sample gene set enrichment analysis (ssGSEA) was a
computational method to evaluate the enrichment of set of
genes in single sample such as the patient sample. This method
was useful for analyzing the gene expression data of small
number of samples where traditional methods might not be
appropriate because of limited statistical power. In this study,
the “FindAllMarkers” function was used to pre-define the dif-
ferential expression genes of each cluster during cell subtype
identification process prior to the NMF clustering. These
marker genes were then employed for the ssGSEA analysis of
bulk RNA-seq data. “GSVA” R package (v1.46.0) was utilized
to perform ssGSEA analysis using “GSVA” function [25].

2.8 Immunotherapy response analysis

Tumor Immune Dysfunction and Exclusion (TIDE;
http://tide.dfci.harvard.edu/y  was  the  computational
framework designed to evaluate the likelihood of tumor
immune escape and rejection based on gene expression
profiles of tumor samples [26, 27]. TIDE was utilized in
this study for assessing the response to immune checkpoint
blocking therapy.
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3. Results

3.1 Single-cell RNA-seq data preparation
and cell types annotation

The 13 single-cell RNA-seq samples of PCa from GSE141445
were subjected to quality control preprocessing (Fig. 1 A). The
downstream analysis was performed on 32,603 cells clustered
into 22 groups (Fig. 1B). Seven cell types were identified
based on this analysis: Myeloids, T cells, Natural killer cells
(NK cells), B cells, Epithelial cells, Endothelial cells and
Fibroblasts (Fig. 1C). The cell markers for each cell type were
designated (Fig. 1 D). Transcriptional signatures specific to the
cell types were identified. Epithelial cells were enriched for
Keratin 19 (KRT19), KRT18 and KRTS; T cells and NK cells
for CD3 delta subunit of t-cell receptor complex (CD3D) and
C-X-C motif chemokine receptor 4 (CXCR4); Myeloids for
Lysozyme (LYZ) and CD68; Endothelial cells for Transmem-
brane 4 1 six family member 1 (TM4SF1) and Von Willebrand
Factor (VWF); and B cells for CD69.

3.2 Cell-to-cell interactions inference

The ligand-receptor interactions were analyzed using CellChat
to explore the cell-to-cell interactions (Fig. 2A). CellChat
quantified the communications between two cell groups
mediated by signaling genes and associated each interaction
with the probability value [22]. Significant interactions were
identified based on the statistical test that randomly permuted
the group labels of cells and recalculated the interaction
probability. An intercellular communication network was a
weighted directed graph composed of connections between
the interacting cell groups. The number of inferred ligand-
receptor pairs depended on the method used to calculate
average gene expression of cell population. CellChat’s default
method was “trimean”, which produced fewer interactions
but helped to find more significant communications. The
total number of interactions was higher between epithelial
and endothelial cells. The overall strength of interactions
was consistent with the results of interaction number, and
demonstrated stronger interactions between epithelial and
endothelial cells (Fig. 2B). Additionally, the epithelial cells
exhibited stronger interactions with myeloids (0.7), NK cells
(0.6) and endothelial cells (0.6) compared to the other cells.
The signaling patterns were compared among these cells
(Fig. 2C). Epithelial cells had the most outgoing signaling
patterns as they sent the highest communication signals to other
cells. Myeloids received the largest signaling strength among
the incoming signaling patterns. Endothelial cells received
the highest signaling pathways compared to the other cells,
indicating their involvement in multiple signaling regulations.

3.3 Clustering for the epithelial cells

The epithelial cells were subset and NMF clustering was per-
formed to investigate the heterogeneity of glycosylation in
PCa. Fig. 3A showed the identified 10 clusters. The differen-
tial gene expression analysis was conducted for each cluster,
and results presented in Supplementary Table 2. These
results were used to identify the glycosylation-related cell sub-

types. Cells with highly expressed glycosylation-related genes
were confirmed as the glycosylation-positive epithelial cells
(Epi). Four glycosylation gene-positive cell types were identi-
fied including ALG13 UDP-N-Acetylglucosaminyltransferase
Subunit+ (4LG13+) Epi-C1, Beta-1,3-Glucuronyltransferase
3+ (B3GAT3 +) Epi-C2, UGCG + Epi-C3 and GALNT7 + Epi-
C5, and one negative cell type, Non-GTs-Epi-C4 (Fig. 3B).
Non-GTs-Epi-C4 was the cell population without specific gly-
cosyltransferases as the markers in NMF results.

CellChat was used to evaluate the interactions of epithelial
cells subtypes with others. There were more interactions
between the epithelial and endothelial cells (Fig. 3C), be-
ing consistent with Fig. 2A. The interactions of glycosyla-
tion gene-positive epithelial cells with endothelial cells were
higher than those with Non-GTs-Epi-C4. Fig. 3D exhibited
the interaction strength among these cells which also revealed
the higher interaction strength between glycosylation gene-
positive epithelial cells and endothelial cells. Additionally, the
glycosylation gene-positive epithelial cells displayed higher
interaction strengths with other cells.

Resultantly, ALG13 + Epi-C1, B3GAT3 + Epi-C2, UGCG +
Epi-C3 and GALNT?7 + Epi-C5 were identified to interact more
with endothelial cells. Glycosylation positive epithelial cells
displayed higher metabolic activity than those of the glycosy-
lation negative. ALG13 (asparagine-linked glycosylation 13)
protein was involved in N-linked glycosylation. It worked with
ALGI14 to construct functional UDP-GIcNAc glycosyltrans-
ferase in endoplasmic reticulum, which catalyzed the protein
N-glycosylation second step [28, 29]. Polypeptide-N-acetyl-
galactosaminlytransferase 7 (GALNT?7) belonged to GalNAc-
transferase family which was previously reported for modi-
fying O-glycosylation, promoting tumor growth in PCa, and
transferring GalNAc to Ser/Thr of proteins/peptides [30-32].
UDP-glucose ceramide glycosyltransferase (UGCG) was the
key enzyme to regulate glycosphingolipid (GSL) metabolism
and transfer UDP-glucose to ceramide [33].

In conclusion, the glycosylation-related genes could distin-
guish cell subsets of epithelial cells, and glycosylation-positive
epithelial cells had higher communication with other cells,
especially the endothelial cells. Metastasis was the major
death cause in cancer patients. Tumor cells required to cross
endothelial layer of blood vessels to enter blood system and
find new growth sites in the body. This process involved the
interaction of tumor cells with endothelial cells [34].

3.4 Functional evaluation of epithelial cell
subtypes

Further analysis was conducted for the internal regulatory
traits of epithelial cell subtypes to clarify their functional fea-
tures. Given that the epithelial cells had high interactions with
endothelial cells, the VEGF signaling pathway was focused
which promoted the angiogenesis. Glycosylation-positive ep-
ithelial cells and fibroblasts were the senders of VEGF signal-
ing, while Non-GTs-Epi-C4 did not send this signal (Fig. 4A).
Endothelial cells were the only receivers for VEGF path-
way, indicating that this signaling pathway had the special-
ized function in endothelial cells. Furthermore, the specific
gene expression of epithelial cell subtypes was investigated,
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FIGURE 1. Single cell RNA-seq data preparation and cell types annotation. (A) Quality control preprocessing of 13 PCa
samples from GSE141445. (B) Clustering analysis of preprocessed data resulting in the identification of 22 groups. (C) Cell type
annotation based on the clustering analysis reveal seven distinct cell types: Myeloids, T cells, NK cells, B cells, Epithelial cells,
Endothelial cells and Fibroblasts. (D) Cell markers for the identified cell types.

and subsequently projected onto UMAP. Four genes, ALG13,
GALNT7, B3GAT3 and UGCG displayed differences in UMAP
distribution to further reflect the intrinsic heterogeneity of
epithelial cells in PCa (Fig. 4B).

The metabolism analysis was also performed for epithelial
cell subtypes. The metabolic features were calculated for these
5 cell types based on ScMetabolism algorithm. Fig. 4C dis-
played the metabolic landscape where glycosylation-positive
epithelial cells had higher metabolic levels than Non-GTs-Epi-
C4. Furthermore, the glycosylation-positive epithelial cells
exhibited heterogeneity with the others. ALGI3 + Epi-Cl,
and B3GAT3 + Epi-C2 manifested the highest metabolic levels
followed by UGCG + Epi-C3 and GALNT?7 + Epi-CS5.

The glycosylation-positive epithelial cells thus had higher
communication with endothelial cells in VEGF signaling, but
not the Non-GTs-Epi-C4. Additionally, the glycosylation-
positive epithelial cells exhibited high metabolic status fea-
tures.

3.5 Clustering for cancer associated
endothelial cells (CAE)

Endothelial cells displayed high interactions with epithelial
cells. They were subset and NMF clustering was performed
based on the glycosylation genes expression profiles. Ten
clusters were identified as shown in Fig. 5A. The differential
gene expression analysis was conducted on each cluster
(Supplementary Table 3). Resultantly, 6 glycosylation
gene-positive endothelial cell subtypes were identified
(Fig. 5B), including Alpha-1,3-Mannosyl-Glycoprotein 2-
Beta-N-Acetylglucosaminyltransferase (MGATI) + CAE-C1,
UGCG + CAE-C3, ST6 Beta-Galactoside Alpha-2,6-
Sialyltransferase 1 (ST6GALI) + CAE-C4, ALGS5 + CAE-CS,
Beta-1,4-Galactosyltransferase 1 (B4GALT1) + CAE-C6 and
Chondroitin Sulfate Synthase 1 (CHSYI) + CAE-C7.
CellChat calculated the interaction profiles between
endothelial cell subtypes and epithelial cells.  All the
glycosylation gene-positive endothelial cells displayed higher
number of interactions with epithelial cells compared to Non-
GTs-CAE-C2 (Fig. 5C). MGATI1 + CAE-C1, UGCG + CAE-
C3, ALG5 + CAE-CS and B4GALT! + CAE-C6 exhibited
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more interactions than other subtypes. The interaction strength
with epithelial cells was also higher in glycosylation-positive
endothelial cells than in Non-GTs-CAE-C2 (Fig. 5D). The
findings suggested that glycosylation-positive endothelial
cells might promote epithelial cell function through their
interactions.

It was found that VEGF signaling pathway had an impact
on endothelial cells by the epithelial cells (Fig. 4A). The
affected specific endothelial cell subtypes were investigated as
illustrated in Fig. 5E. The findings indicated that epithelial cells
mainly influenced ALGS5 + CAE-CS, B4GALTI + CAE-C6,

CHSY1 + CAE-C7, MGATI + CAE-C1 and UGCG + CAE-
C3 endothelial cell subtypes through VEGF signaling pathway.
These glycosylation-positive subtypes exhibited high interac-
tion levels with epithelial cells in VEGF signaling pathway,
implying their role in promoting epithelial cell function.

The transcriptional activity of these subtypes was evaluated
by the Scenic analysis. A higher status of transcriptional ac-
tivity was found in the glycosylation-positive endothelial cells
than in Non-GTs-CAE-C2 (Fig. 5F). These findings suggested
that glycosylation might regulate endothelial cell function and
serve as potential therapeutic target for PCa.



20

(AN NN NN NXNNN]
S OONONRWN 2O

=)

UMAP_1

Number of interactions

3

37

NMF_celltype
20
10
o~ ® ALG13+Epi-C1
a! ©® B3GAT3+Epi-C2
<§t o ® UGCG+Epi-C3
5] ® Non-GTs-Epi-C4
® GALNT7+Epi-C5

UMAP_1

Interaction weights/strength

0:2

FIGURE 3. NMF clustering for the epithelial cells. (A) NMF clustering of epithelial cells resulting in the identification of
10 clusters. (B) Identification of glycosylation gene-positive cell types in epithelial clusters including ALG13 + Epi-C1, B3GAT3
+ Epi-C2, UGCG + Epi-C3, GALNT?7 + Epi-C5, and one negative cell type, Non-GTs-Epi-C4. (C) Evaluation of cell-to-cell
interactions using CellChat, showing more interactions between epithelial cells and endothelial cells. (D) Interaction strength

among different cell types.

3.6 Clustering macrophages and their
interactions with epithelial cells

This study identified that myeloid and NK cells had role in
the TME of PCa through high interactions with epithelial
cells. Macrophages had complex phenotypes and represented
the most abundant innate immune population in TME [35].
Cancer-associated macrophages (CAM) regulated the tumor
growth, metastasis and drug resistance. Myeloid cells were
thus reannotated as illustrated in Fig. 6A. Two cell types, i.e.,
macrophages and dendritic cells were identified.

NMEF clustering was performed on macrophages based on
their glycosylation gene expression.  Differential gene
expression analysis was conducted with each -cluster
(Supplementary Table 4). Two cell types, MGAT44 +
CAM-C1 and UGCG + CAM-C3 were identified. CellChat

was used to assess their interactions with epithelial cells.
Higher number of interactions and interaction strength were
observed between the glycosylation-positive macrophages
and epithelial cells (Fig. 6B,C). The metabolic characteristics
of each macrophage subtype were also evaluated. MGAT4A +
CAM-C1 and UGCG + CAM-C3 exhibited higher metabolism
than Non-GTs-CAM-C2 (Fig. 6D). These findings suggested
that various glycosylation macrophage subtypes had distinct
metabolic profiles, which might influence their functions in
cell-to-cell interactions and metabolism.

3.7 Scoring cell subtypes by ssGSEA in bulk
RNA-seq

The marker genes of each cell subtype (Supplementary Table
5) were integrated to perform ssGSEA based on the results
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FIGURE 5. Clustering and interactions of endothelial cells with epithelial cells in PCa. (A) NMF clustering of endothelial
cells identified 10 clusters based on the glycosylation gene expression profiles. (B) Differential gene expression analysis reveal
6 glycosylation gene-positive endothelial cell subtypes. (C) Interaction profiles between glycosylation gene-positive endothelial
cell subtypes and epithelial cells, showing higher number of interactions compared to Non-GTs-CAE-C2. (D) Interaction
strength with epithelial cells being higher in glycosylation-positive endothelial cells than in Non-GTs-CAE-C2. (E) Epithelial
cells influenced the specific glycosylation-positive endothelial cell subtypes through VEGF signaling pathway. (F) Higher
transcriptional activity observed in glycosylation-positive endothelial cells compared to Non-GTs-CAE-C2. POLR2A: RNA
Polymerase II Subunit A; FOS: Fos Proto-Oncogene, AP-1 Transcription Factor Subunit; ATF3: Activating Transcription Factor
3; JUN: Jun Proto-Oncogene; JUNB: JunB Proto-Oncogene; FOSB: FosB Proto-Oncogene; EGRI: Early Growth Response 1;
JUND: JunD Proto-Oncogene; STAT3: Signal Transducer And Activator Of Transcription 3; ELFI: E74 Like ETS Transcription
Factor 1; FOSL2: FOS Like 2; ELK3: ETS Transcription Factor ELK3; FOSL2: FOS Like 2; ELK3: ETS Transcription Factor
ELK3; SOX4: SRY-Box Transcription Factor 4; CEBPB: CCAAT Enhancer Binding Protein Beta; E7S/: ETS Proto-Oncogene 1;
YY1: YY1 Transcription Factor; ERG: ETS-related gene; ELF2: E74 Like ETS Transcription Factor 2; KLF6: KLF Transcription
Factor 6; CEBPD: CCAAT Enhancer Binding Protein Delta; FOXP1I: Forkhead Box P1.
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of differential gene expression analysis. Analysis results re-
flected the relative cell scoring in bulk RNA-seq data. The cell
scoring of UGCG + CAM-C3, ALG13 + Epi-C1, B3GAT3 +
Epi-C2 and GALNT?7 + Epi-C5 were higher in prostate tumor
than in normal samples (Fig. 7A). The scoring of UGCG + Epi-
C3, B4GALTI + CAE-C6 and CHSYI + CAE-C7 were lower
in tumor compared to the normal samples (p value of < 0.05
was statistically significant, *p < 0.05, **p < 0.01, ***p <
0.001 and ****p < 0.0001).

The immunotherapy response analysis was performed on
bulk RNA-seq data using TIDE. The efficacy of ICB treatment
response in PCa tumor samples was compared. Higher UGCG
+ CAM-C3, B3GAT3 + Epi-C2 and GALNT7 + Epi-C5 scores

were associated with greater efficacy of ICB treatment, while
higher ST6GALI + CAE-C4 and ALG5 + CAE-CS5 scores were
linked to the lesser response (Fig. 7B). The efficacy of ICB
therapy might thus be influenced by specific glycosylation-
related cell subtypes present in PCa.

3.8 Prognosis efficacy of
glycosylation-related cell subtypes

This study provided evidence that glycosylation-related
cell subtypes might regulate PCa therapy and affect patient
prognosis and survival. A survival analysis was conducted
using glycosylation-related cell subtypes. The results showed
that high ALGI3 + Epi-C1 and GALNT7 + Epi-CS5 scores in
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FIGURE 7. Cell subtype scoring and immunotherapy response in PCa. (A) Cell scoring of cell subtypes in prostate tumor
compared to the normal samples. (B) Immunotherapy response analysis showing association between cell subtype scores and

ICB treatment efficacy.

epithelial cell subtypes were associated with poor prognosis
(Fig. 8A,B). An impact on the prognosis from endothelial cell
subtypes was also observed. Higher B4GALTI! + CAE-C6
scores were associated with adverse effects, while ALGS
+ CAE-C5 and UGCG + CAE-C3 scores were linked to
the improved prognosis (Fig. 8C-E). Furthermore, the
macrophages also had influence on prognosis where high

UGCG + CAM-C3 scores contributed to poor prognosis
(Fig. 8F). The glycosylation-related cell subtypes had thus an
impact on prognosis of PCa patients. This study identified
differences in the effects of glycosylation-related cell subtypes
among various cell types.
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4. Discussion

ScRNA-seq had provided new perspective at the single-cell
level. A better understanding of inner traits was attained based
on the scRNA-seq data analysis of PCa patients. In this study,
scRNA-seq and bulk RNA-seq were utilized to focus on the
influence of glycosylation in dissecting cellular components’
inner heterogeneity of PCa.

Seven cell types were identified in the scRNA-seq of PCa.
Further analysis of cell-to-cell interactions within TME re-
vealed that the epithelial cells had high level of interaction
with endothelial cells. NMF clustering of the epithelial cells
was performed based on the glycosylation genes expression to
investigate whether intrinsic tumor cells exhibited intrinsic het-
erogeneity. The survival analysis depicted that ALG13 + Epi-
Cl and GALNT7 + Epi-C5 were linked with the poor prognosis
of PCs patients. ALG13 regulated GABA 4 receptors and was
related to epileptogenesis [36]. ALG13 gene mutation caused
early infantile epileptic encephalopathy known as ALGI3-
CDG, which was a congenital disorder of glycosylation (CDG)
resulting from disorder in N-linked protein glycosylation [37].
However, there was limited work on the ALG1 3 role in tumors.
A neuroblastoma study had shown that ALG13 was associated
with poor clinical outcomes, however its specific mechanism
was unclear [38]. In this study, it was identified that high
ALGI13 expression in epithelial cells of prostate cancer (PCa)

was associated with poor clinical outcomes. Similarly, it was
found that PCa patients with GALNT7 positive epithelial cells
had poor prognosis. Targeted knockdown of GALNT7 could
inhibit the proliferation, migration and invasion in nasopharyn-
geal carcinoma [39]. Therefore, it was proposed that GALNT7
was a potential target for PCa treatment.

Endothelial cells had role in the TME of PCa because of high
interactions with epithelial cells. Therefore, NMF clustering
of endothelial cells was performed and interaction analysis
was conducted with the epithelial cells. Results showed an
overall upregulation of communication with epithelial cells in
glycosylation-positive endothelial subtypes. It was established
based on the ligand-receptor interaction analysis that VEGF
signaling pathway had role in the process of epithelial cells
signaling to endothelial cells. The VEGF signaling path-
way was a key factor of promoting angiogenesis in cancer
[40], which enhanced the tumor growth and evaded detection
[41]. The findings suggested that endothelial cells had role
in the TME of PCa via the angiogenesis regulation. A study
on PCa treatment showed that downregulating VEGF -related
genes promoted the apoptosis in prostate cancer cell lines [42].
A glycosylation-related endothelial cells profile was estab-
lished at the single-cell level. The high transcriptional activity
in glycosylation-positive endothelial subtypes suggested that
glycosylation enhanced inner function of endothelial cells in
the TME. The survival analysis results indicated that gene-



specific endothelial cells had varying influences. Endothe-
lial cells positive for ALGS and UGCG exhibited protective
effect on prognosis, while those positive for B4GALTI did
not. These differences might ascribe to their varying func-
tions. B4GALTI, a beta-1,4-galactosyltransferase and newly
identified glycosyltransferase of PD-LI, was an enzyme of
the glycosylation process [43]. High B4GALT! expression in
pancreatic cancer was associated with chemotherapy resistance
and cancer progression [43]. This enzyme expression could
be regulated by p65 activation, which in turn interacted with
CDK11 pl110 protein via N-linked glycosylation to promote
cancer progression and chemoresistance [44].

The outcomes similar to those in epithelial and endothelial
cells were observed based on the NMF and interaction analy-
sis results on macrophages. Macrophages tested positive for
glycosylation exhibited high interactions with epithelial cells,
which were also characterized by the high metabolic levels.
However, UGCG-positive macrophages had negative impact
on survival prognosis, whereas they were the protective factor
in endothelial cells. In breast cancer, UGCG regulated the
glutamine metabolism and oxidative phosphorylation to pro-
mote tumor proliferation and drug resistance [45, 46]. UGCG
was also reported to be associated with lysosomal autophagy
and identified as a potential cancer target [33]. The survival
differences between macrophages and endothelial cells caused
by UGCG reflected that this gene might play various roles
which required further elucidations. UGCG was involved in
the endothelial cells, epithelial cells and macrophages NMF
clustering, demonstrating its multiple roles and critical impact
in PCa immune microenvironment.

Immunotherapy had treated a variety of cancers including
PCa. However, not all the patients responded equally to im-
munotherapy. It was imperative to identify biomarkers for pre-
dicting treatment response. In this study, TIDE analysis was
used to investigate the efficacy of immune checkpoint block-
ade (ICB) treatment in PCa patients based on glycosylation-
related cell subtypes. The results depicted that glycosylation
could alter the ICB efficacy. Different effects of various
genes were observed, indicating that glycosylation modifi-
cations performed diverse functions. Further studies were
required on these genes to impart more benefits to PCa patients.

Overall, these findings highlighted the complex and dy-
namic nature of TME in PCa. Understanding the interactions
between different cell types was crucial in developing effective
therapies. Further research might elucidate the mechanisms
underlying these interactions and their potential clinical im-
plications. Some biomarkers were also found which might
identify the patients less likely to benefit from ICB treatment
and thus require alternative treatments. These findings could
lead to more personalized treatment strategies for PCa patients
with improved outcomes.

5. Conclusions

This study provides insights to the glycosylation role in
prostate cancer subtyping. The identification of various cell
biomarkers and subtypes based on the glycosylation patterns
opens up avenues for targeted therapy and personalized
treatment of this disease, such as GALNT7+ epithelial
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cells and UGCG+ cancer associated macrophages. These
findings have implications in the development of therapeutic
strategies with improved patient outcomes and reduced PCa
disease burden worldwide. This work may inspire further
investigations into the role of glycosylation for other cancers
and develop effective therapies.
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