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Background: Previous studies have shown that glycosylation of proteins ofen
plays an important role in HCC. However, the potential mechanism of
glycosylation in HCC has not been described systematically.

Methods: We comprehensively evaluated the glycosylation patterns in HCC
samples based on 43 glycosylation regulators, and annotated the modification
patterns with the enrichment of immune cells and stromal cells. Considering
the heterogeneity of HCC patients, the glycosylation score was constructed
using single-sample gene set enrichment analysis (ssGSEA). We also explored
the drugs that different HCC patients were sensitive to based on glycosylation
mode and score.

Results: We identified three glycosylation-regulated gene subtypes. By
annotating the subtypes, it was found that the glycosylation regulated gene
subtypes was highly matched with three immunophenotypes of HCC (immune-
inflamed, immune-excluded, and immune-desert), regardless of the
characteristics of immune cell infiltration or prognosis. Based on the
characteristic genes of glycosylation-regulated gene subtypes, we
constructed a glycosylation-related model, and found that glycosylation-
related model was highly consistent with the glycosylation regulated gene
subtypes. The glycosylation score that evaluates the glycosylation
characteristics of a single HCC sample has high prognostic value, and the
prognosis of patients with high glycosylation score is significantly worse.
Interestingly, we found that the glycosylation score was closely related to

Abbreviations: HCC, Hepatocellular carcinoma; TCGA, the Cancer Genome Atlas; CNV, copy number
variation; GEO, Gene Expression Omnibus; PCA, Principal component analysis; GSVA, Gene Set
Variation Analysis; GDSC, Genomics of Drug Sensitivity in Cancer.
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tumor node metastasis (TNM) staging. By applying glycosylation-regulated
gene subtypes and glycosylation score to explore the sensitivity of different
patients to anticancer drugs, it was found that the sensitivity of Thapsigargin,
Shikonin, Embelin and Epothilone. B was closely related to the
glycosylation mode.

Conclusion: This study reveals that the diversity of glycosylation patterns plays
an important role in HCC. Therefore, evaluating the glycosylation patterns of
patients with HCC will be helpful in identifying the characteristics of immune

cell infiltration and selecting accurate treatment methods.
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hepatocellular carcinoma, glycosylation, prognosis, immunocyte infiltration, sensitive

drugs

1 Introduction

Post-translational modification of proteins is the main factor
that affects the functional diversity of the proteome. At present,
post-translational modification of protein mainly includes
phosphorylation, glycosylation, ubiquitination, nitrosylation,
methylation, acetylation, lipidization, and proteolysis (Vu
et al, 2018). Glycosylation, an important post-translational
modification of proteins, plays an important role in various
diseases, such as tumors, viral infections, and Alzheimer’s
disease, mainly by affecting the stability of protein structures
(Park, 2019; Tao and Huang, 2019; Liu et al., 2021). Abnormal
glycosylation can affect the progression of a variety of tumors and
usually involves the regulation of epithelial mesenchymal
microenvironment
(Wattanavises et al., 2019; Zhang et al., 2020a). Therefore, an
in-depth exploration of the role of these regulatory factors in

transformation and the immune

hepatocellular carcinoma (HCC) will help reveal their
mechanism of action.

Glycosylation of different proteins play different roles in
HCC. For example, Hitomi et al. showed that N-glycosylation of
fuc increases with the progression of HCC and can be used as an
independent prognostic factor for HCC (Asazawa et al., 2015). A
recent study on HCC showed that N-glycosylation of Cesl can
inhibit the proliferation of HCC cells (Na et al, 2020).
Glycosylation of LAMP2 and SV40 serves as a protective
mechanism against HCC (Pousset et al, 1997; Chiu et al,
2022). Glycosylation of HCC mostly occurs in oncogenes such
as AFP, AACT, and MDR, which can be used as risk factors for
HCC (Ledoux et al., 2003; Lee et al., 2022). Glycosylation of these
genes is not only involved in the molecular mechanism of HCC
progression but is also closely related to tumor drug resistance. In
HCC, mRNA, miRNAs, and IncRNAs can participate in the
regulation of glycosylation (Liu et al., 2017; Liu et al,, 2018).
Glycosylation of PD-L1 may lead to immunosuppression or
inactivation (Huang et al, 2019). However, the role of
glycosylation in the tumor microenvironment of HCC
remains unclear.
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Owing to experimental limitations, research in the field has
been limited to one or two glycosylation regulators, even though
the mechanism of glycosylation regulation in HCC is regulated
by the interaction of many other glycosylation regulators in a
highly
understanding of the role of multiple glycosylation regulators

coordinated manner. Therefore, a systematic
is essential for studying glycosylation regulatory models in HCC.
In this study, we integrated the genomic information of HCC
samples in ‘The Cancer Genome Atlas’ (TCGA) and Gene
Expression Omnibus (GEO) databases to comprehensively
evaluate the glycosylation regulatory model and defined
different subtypes using the enrichment of immune cells and
stromal cells. We identified three glycosylation subtypes in this
study and surprisingly found that the characteristics of these
three subtypes were highly consistent with immune rejection,
immune inflammation, and immune desert phenotypes. In
addition, we constructed a glycosylation score for HCC to
predict the prognosis and drug sensitivity of different patients.

2 Materials and methods

2.1 Hepatocellular carcinoma data set and
preprocessing

HCC datasets with gene expression data and complete
clinical information were retrieved from TCGA and GEO
TCGA-LIHC, GSE76427, and
GSE14322 were included in subsequent analysis. By deleting

databases. Finally,
samples with missing clinical information in the dataset, TCGA-
LIHC included 281 HCC GSE76427 included
microarray data of 115 HCC cases with complete clinical data.
GSE14322 included 167 samples, including 115 cases of HCC
and 52 cases of normal HCC. Gene annotation and data

samples.

standardization were performed to obtain a standard gene
expression matrix. Data on somatic mutations and copy
number variation (CNV) of HCC were obtained from TCGA.
The list of glycosylation regulators were summarized from
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FIGURE 1
Flow-process diagram.

previous literature and the molecular signature database V7.4
(Liberzon et al,, 2015). The specific analysis process of this study
is shown in Figure 1.

2.2 Unsupervised hierarchical clustering
analysis of glycosylation regulators

Univariate Cox regression analysis was applied to screen for
prognosis-related glycosylation regulatory genes, with a
screening criteria of p < 0.05. The limma package was applied
based on the GSE14322 cohort analysis of glycosylation
regulatory genes differentially expressed in HCC and adjacent
tissues. The intersection of the two was used to identify
differentially expressed glycosylation regulatory genes with
prognostic value for subsequent unsupervised cluster analysis.
Before unsupervised clustering, the conditional survival curve
was constructed using the surviviner and survival packages to
check the availability of the data. Consensus clustering was
applied to build a glycosylation regulatory gene model, and its
clustering number and stability were determined by a consensus
clustering algorithm (Timmerman et al., 2013). This process was

performed on the ConsensusClusterPlus package of R version
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4.1.2, which was repeated 1,000 times to ensure the stability of the
model (Wilkerson and Hayes, 2010).

2.3 Verification of glycosylation regulated
gene subtypes

To verify the prognostic value of different glycosylation
regulatory genes, survival analysis of patients with different
subtypes was performed using the surviviner and survival
packages to compare the survival of different subtypes.
Nomograms were constructed for clinical application based on
age, sex, tumor node metastasis (TNM) stage, race, and
glycosylation-regulated gene subtypes. A calibration curve was
constructed to test the accuracy of the nomogram. This process
was performed on the nomogramEx package.

2.4 Principal component analysis and
calculation of glycosylation score

To further verify the subtypes of glycosylation regulatory
genes, common differentially expressed genes among the
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different subtypes were analyzed using the limma package as
glycosylation-related genes. Univariate Cox regression was used
to screen for glycosylation-related genes with prognostic value.
The advantage of PCA is that it can cluster genes with the largest
contribution, whereas genes with smaller contributions are not
included in the clustering process. In this study, PCA was used to
conduct a secondary clustering of patients with HCC. Surviviner
and survival packages were used to explore the survival of
patients with different subtypes. Then, single-sample gene set
enrichment analysis (ssGSEA) was used to calculate the
glycosylation score for each sample (Yi et al, 2020). The
relationship between the glycosylation score and different
subtypes was explored to verify the predictive power of the
glycosylation regulation model in HCC.

2.5 Analysis of immune cell infiltration and
stromal cell enrichment

An increasing number of studies have shown that the tumor
microenvironment plays an important role in the pathogenesis
and drug resistance of tumors (Wang et al., 2021). Exploring the
infiltration of immune cells in different glycosylation regulatory
genes is not only helpful in the choice of immunotherapy for
different patients, but also in defining different glycosylation
subtypes. xCell is a new gene signature method based on the
1822 pure human cell-type transcriptome, which infers
64 immune and stromal cell types (Aran et al, 2017). To
show the differences in immune cell infiltration and stromal
cells in different subtypes, we used xCell to comprehensively
analyze the distribution of immune and stromal cells in each
subtype. This process was primarily performed on the IOBR
package and was visualized using the pheatmap package.

2.6 Immune checkpoint analysis

The distribution of immune checkpoints is closely related to
HCC (Xu et al, 2018). In this study, we selected common
immune checkpoints for HCC, including CYBB, IDOI,
KIR3DL1, HAVCR2, CD274, PDCD1, TIGIT, CTLA4, LAG3,
BTLA, CD27, CD28, CD40, IL2RB, TNFRSF9, TNFRSF4,
TNFRSF18, and ICOS. By verifying the expression of immune
checkpoints in different subtypes, we can determine the
responsiveness with  different

of patients subtypes to

immunotherapy.

2.7 Gene set variation analysis
GSVA can calculate the pathway enrichment score of each

sample according to the expression matrix and enrichment of the
reaction pathway in the sample (Tao et al., 2021). The
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clusterProfiler package was used to calculate the path
enrichment score of each sample and to construct the
expression matrix of the pathway. The limma package was
used for differential expression analysis to determine pathways
with differences between different subtypes. In this study, to
show the enrichment of pathways in different genotypes, we
performed GSVA analysis on the subtypes based on the
glycosylation-regulated gene model. h.all.v7.4. symbols.gmt
was downloaded from the MSigDB database as the reference
gene set, and p < 0.05 was considered statistically different.

2.8 Drug sensitivity analysis

The Genomics of Drug Sensitivity in Cancer (GDSC)
database (Yang et al, 2013), which is designed to apply
therapeutic biomarkers to improve the therapeutic efficacy in
cancer patients, can detect drug sensitivity based on the genetic
characteristics of different patients. In this study, to guide clinical
medication based on the glycosylation regulatory gene subtype,
we applied the pRRophetic package to identify sensitive drugs in
patients with HCC with different glycosylation subtypes.

2.9 Statistical analyses

All statistical analyses were performed using R version 4.1.2.
Measurement data between the two groups were tested for
normality and homogeneity of variance and significant
differences estimated using two-sample t-test if the two
conditions were met, and a Wilcoxon rank-sum test
otherwise. The measurement data among three groups were
analyzed using ANOVA, and the Bonferroni test was used for
comparison between the two groups. Statistical significance was

set at p < 0.05.

3 Results

3.1 Genetic variation of glycosylation
related genes in hepatocellular carcinoma

This study analyzed a glycosylation gene modification model
based on 255 glycosylation-regulatory genes (Supplementary
Table SI). A total of 56 prognosis-related glycosylation
regulatory genes (Figure 2A) were identified using univariate
Cox regression analysis. Excepting that the high expression of
MGAT4C and GALNT15 suggested a better patient prognosis, all
the other genes were risk factors for HCC. By differential
expression analysis of the 56 prognosis-related genes, 43 genes
were found to have significant differences between HCC and
normal tissues (Figure 2B). The positions of 43 differentially
expressed glycosylation regulators with prognostic value on
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FIGURE 2

Genetic variation in glycosylation-regulatory genes in HCC. (A). Univariate Cox regression analysis of glycosylation regulatory genes; (B).
Differential expression of glycosylation regulated genes with prognostic value; (C). Location of 43 differentially expressed genes with prognostic
value on the chromosome; (D). Gene mutation of glycosylation regulator; (E). CNV of glycosylation regulators.

chromosomes are shown in Figure 2C. Based on the analysis of
43 prognostic genes of mutation data in the TCGA database,
18 genes, namely XXYLTI, STT3B, POMGNT2, GXYLTI,
B4GALT5, ~B4GALT3, B4GALT2, B3GNTLI, B3GATS3,
B3GALNTI1, ALG3, TMTC3, TMEM165, MOGS, PIGZ, PIGM,
EXT2, and MUC6 were mutated in HCC. Among them, MUC6
had the highest mutation frequency (Figure 2D). Most of the
and MUC6
significantly lower in HCC, suggesting that mutations in
MUC6 may affect MUC6 expression. CNV analysis suggested
that amplified copy number variation appeared in PIGM,
B4GALT3, and MGAT4B, and deletion CNV appeared in

mutations were missense, expression  was
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MUC6, B3GAT3, and B4GALT4 (Figure 2E). Gene mutation
and CNV analyses indicated that the CNV of the 43 glycosylation
regulators was the main factor affecting their expression in HCC.

3.2 Modification models mediated by
43 glycosylation regulating genes

The conditional probability survival results are shown in
Figure 3A. The longer the survival time of patients with HCC, the
higher the subsequent survival rate. The 5-year survival rate of
patients increased by 66%, 75%, 81%, and 86%, respectively, from
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FIGURE 3

Glycosylation regulatory gene model. (A). Conditional probability survival curve; (B). Apply consensus clustering to construct a glycosylation
regulator gene model; (C). Kaplan-Meier survival analysis of the glycosylation regulator gene model; (D). Calibration curve at 5 and 8 years; (E).

Nomogram.
the overall survival rate of 49%. The conditional probability of The calibration curve showed the high accuracy of the
survival was consistent with that of patients with HCC, indicating nomogram (Figure 3D). Using the nomogram plot, we can
that the data could be used for subsequent analysis. Based on predict patient survival at five and 8 years based on age, sex,
consensus clustering, HCC patients were divided into three TNM stage, ethnicity, and glycosylation regulatory gene model.

subtypes (Figure 3B): female patients, T3-T4 patients, and
MI1 patients were most likely to be in Cluster_A, and
MO patients were not found in Cluster_C. Patients in 3.3 Annotations of glycosylation

Cluster_B  had

the best prognosis among the

three regulatory gene model

glycosylation types, whereas the survival of patients in

Cluster_A and Cluster_C was not significantly different To understand the biological behavior associated with the
(Figure 3C), which showed that the typing model was highly different glycosylation regulatory models, we annotated them
correlated with the TNM stage. Therefore, we constructed a using immune cell infiltration analysis, stromal cell enrichment
nomogram based on the glycosylation regulatory gene model. analysis, immune score, stromal score, immune checkpoint, and
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Annotation of the glycosylation regulatory gene models. (A). Enrichment of immune cells and stromal cells in different subtypes; (B). Differences
in immune scores and stromal scores in different subtypes. (C). Differential expression analysis of immune checkpoints in different subtypes; (D). The

StromalScore

GSVA of Cluster_A-Cluster_B; (E). The GSVA of Cluster_B-Cluster_C.

GSVA. Immune cell infiltration analysis showed (Figure 4A)
basophils_ xCell, and CD8. The naive T. Cells and macrophages_
M1_ Xcel and other immune cells in cluster_ A had the highest
infiltration, whereas cluster_C had the lowest infiltration. The
distribution of stromal cells, such as preadipocytes and
hepatocytes, in different subtypes was consistent with that of
the immune cells. Surprisingly, stromal and immune scores also
tended to be consistent across the subtypes (Figure 4B). Analysis
of the expression of immune checkpoints in different
glycosylation regulatory gene subtypes (Figure 4C) revealed
that all the immune checkpoints, except IDO1, KIR3DL1, and
CD40, had the highest expression in Cluster_A and the lowest
expression in Cluster_C. Based on the above analysis (Figures
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4A-C), we classified Cluster_ A as an immune rejection

phenotype, which was characterized by the highest immune

cell infiltration and stroma activation. Cluster_B was classified

as an immune-inflammatory phenotype, characterized by partial

immune activation. Cluster_C was classified as an immune desert

phenotype,characterized by

immunosuppression.

Further

mining of molecular mechanisms in different models of

glycosylation regulators. The GSVA results of Cluster_A and
Cluster_B indicated that pathways like (Figure 4D), G2-
M_checkpoint, PI3K/_AKT/_mTOR_signaling, inflammatory
response, and Myc Target were significantly enriched in

Cluster A, whereas xenobiotic metabolism, angiogenesis, and

coagulation were significantly enriched in Cluster_B. The GSVA
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results of Cluster_ B and Cluster_C showed (Figure 4E) that G2-
M PI3K/_ AKT/mTOR
mTORCI signaling, and other channels were highly enriched

checkpoint, signaling,
in Cluster_B, whereas interferon gamma response, coalescence,

and adipogenesis were highly enriched in Cluster _ C.

3.4 Clinical features and transcriptomic
characteristics of the glycosylation-
related model

We verified the glycosylation regulatory model by
constructing a glycosylation-related model. First, the limma
package was used to analyze differentially expressed genes
between different glycosylation regulatory gene subtypes. The
screening criteria were | log(FC) | >1 and p < 0.05. In total,
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1,592 differentially expressed genes were obtained from
Cluster_A Cluster_B 5A). total,
1,214 differentially expressed genes were obtained from
Cluster_B and Cluster_C (Figure 5B). The intersection of
these yielded 514 differentially
(Figure 5C). Univariate Cox regression analysis of the
514 differentially expressed genes revealed 79 prognosis-

and (Figure In

two expressed  genes

related glycosylation-related genes (Supplementary Table S2).
PCA was applied to construct a glycosylation-related model, and
the two-group model could significantly distinguish patients
(Supplementary Figures S1IA-C), whereas the survival of the
four-group model was not significantly different (Supplementary
Figure S1F), and the three-group model was more detailed than
the two-group model (Supplementary Figures S1D, E).
Therefore, the three-group model was the optimal typing
(Gene_Cluster_A, Gene_Cluster_B and Gene_Cluster_C).
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Analysis of the expression of 56 prognostis-related glycosylation-
regulatory genes revealed that all genes, except DADI, had the
highest expression in Gene_Cluster_C and the lowest expression
in Gene_Cluster_A (Figure 5D). The GAVA analysis of the
glycosylation regulatory model found that G2-M checkpoint
and PI3K/AKT/mTOR signaling were significantly enriched in
different models; therefore, we analyzed the expression of G2-M
checkpoint markers (p53, CDK1) and PI3K/AKT/mTOR
signaling markers (AKT1, AKT2, AKT3, and TEC) in
different glycosylation-related models. The expression of key
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molecules of PI3K/AKT/mTOR signaling, including AKTI,
AKT2, and AKT3, were highest in gene_cluster_C and lowest
_A (Figure 5E). However, p53 and
CDK1 showed the opposite trend. Analysis of immune cell

in gene cluster
infiltration in glycosylation-related models revealed that most
immune cells were mainly enriched in Gene_Cluster_C and were
low in Gene_Cluster_A (Supplementary Figure S2A). The
distribution of immune checkpoints among the three
glycosylation-related subtypes showed a consistent trend

(Supplementary Figure S2B).
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The correlation analysis between glycosylation score and drug sensitivity.

3.5 Clinical characteristics of the
glycosylation score

Glycosylation scores were calculated for each HCC patient,
and all patients were divided into high-score and low-score
groups (Figure 6A). Analysis of the survival value of the
glycosylation scores showed that patients with high scores had
a significantly worse prognosis (p < 0.001, Figure 6B). When we
verified the prognostic value of the glycosylation score in the
GSE76427 cohort, we found that its prognostic value was high
(Figure 6C). Clinical subgroup analysis was used to determine
whether the glycosylation score had an independent prognostic
value and found that the glycosylation score had a high
prognostic value in multiple subgroups of age, sex, and TNM
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stage (Supplementary Figure S3). Analysis of the corresponding
relationship between the glycosylation regulation model,
glycosylation-related gene model, and glycosylation score
revealed that most patients with high glycosylation scores
corresponded to Cluster_ A, whereas the low glycosylation
score included clusters_ B, Cluster_ C, and a small number of
Clusters_ A members (Figure 6D). Interestingly, we found that
there were significant differences in glycosylation scores between
different genotypes of the glycosylation regulatory gene model
and the glycosylation-related gene model (Figures 6E,F). This
further explains the relationship between the glycosylation
regulatory gene model, glycosylation-related gene model, and
glycosylation score. By exploring the relationship between
glycosylation score, differentiation grade, and TNM stage, it
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was found that the glycosylation score was significantly
correlated with TNM stage but not with the differentiation
grade of patients (Figure 6G). Further analysis of the
relationship between the glycosylation score and tumor size,
lymph node metastasis, and distant metastasis in TNM stage
showed that the glycosylation score was mainly related to distant
metastasis and tumor size (Figure 6H).

3.6 Screening of drug sensitivity based on
the glycosylation regulatory gene model

The results of analyzing the drug sensitivity of patients with
different subtypes of glycosylation regulatory gene models
indicate that (Supplementary Figure S3), patients in Cluster_A
were most sensitive to drugs such as AS601245, AUY922,
BleomyciBMS.70816, CCT007093, DMOG, Doxorubicin,
Embelin, Epothilone. B, FTL277, Gemcitabine, Mitomycin. C,
Shikonin, Thapsigargin and VX.702. To ensure the accuracy of
the findings, Pearson’s correlation was used to analyze the
correlation between drug sensitivity and the glycosylation
score (Figure 7). The glycosylation score was positively
correlated with the IC5, of Thapsigargin (r = 0.18, p = 3.1e -
03), whereas it was negatively correlated with Shikonin (r = -
0.14, p = 2.2E - 02), embelin (r = — 0.14, p = 2.0e — 02),
Epothilone B (r = —0.19, p = 1.8e-03), DMOG (r = -0.23, p =
7.7e—05), doxorubicin (r = —-0.26, p = 8.2e-06), bleomyci
(r = -0.28, p = 1.2e-06), and mitomycin. C (r = -0.29, p =
5.8e—07), AUY922 (r = -0.29, p = 5.4e—07), VX.702 (r = — 0.47,
p = 1.3e — 16) and gemcitabine (r = — 0.47, p = 5.3e — 17).

4 Discussion

An increasing number of studies have shown that various
glycosylation regulators play an indispensable role in immune
microenvironment regulation, cell proliferation, and tumor drug
resistance in HCC by regulating the glycosylation of proteins. At
present, most studies have only focused on a single glycosylation
regulator and the glycosylation regulator model of HCC has not
been comprehensively described. To bridge this gap, we analyzed
the glycosylation regulator model of HCC based on genomic
data, hoping to help in the formulation of immunotherapy
strategies.

In this study, 43 prognostic genes with differential expression
in HCC were analyzed based on 255 glycosylation regulators in
all tumors. Based on this, three glycosylation regulation models
were revealed, where cluster A corresponded to the immune
the
cluster_ C

cluster_ B

phenotype,
corresponded to the immune desert phenotype. Immune-

rejection  phenotype, corresponded  to

immunoinflammatory and

exclusive HCC is not without the infiltration of immune cells,
but these HCC cells escape the detection and destruction of
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immune cells via immunogenic shaping (Lindblad et al., 2021).
In the process of immune escape in HCC, the IL-6 JAK/
STAT3
important role, in which IL6/JAK/STAT3 mainly promotes

signaling pathway and MYC pathway play an

the glycosylation of PD-L1 to increase its stability (Zhou
et al., 2020). MYC mediates the immune escape of HCC cells,
mainly via the B-catenin protein encoded by the CTNNBI gene
(Luke et al,, 2019). In this study, we found that the prognosis of
patients in cluster_B was the best; therefore, our results are
consistent with these previous results, which validates the
reliability of the glycosylation regulator model. The infiltration
characteristics of immune cells and the prognosis of patients with
immune rejection and immune desert HCC highly corresponded
to cluster_ A and cluster_ C, which further proves the
importance of the glycosylation regulatory gene model in
HCC. We also constructed nomograms based on the
glycosylation regulatory gene model. Clinicians can not only
predict the prognosis of patients with HCC based on the
nomogram, but can also use it to formulate clinical treatment
strategies.

Differentially expressed genes are considered to be the
characteristic genes of the phenotype; therefore, this study
verified the glycosylation regulatory model based on the
differentially expressed genes between different glycosylation
regulatory gene models. Similar to the glycosylation regulatory
model, we could divide HCC patients into three subtypes based
on differentially expressed genes. Using enrichment analysis of
immune and stromal cells, we found that these three gene
subtypes were significantly related to the enrichment of
This
gene

immune and stromal cells. also proves that the
has  different

characteristics of immune cell infiltration. To determine the

glycosylation  regulatory model
influence of individual differences in patients with HCC on
the

glycosylation score. Patients in cluster_A, characterized by

glycosylation regulator model, we constructed a
immune rejection, all corresponded to high glycosylation

scores, whereas patients in cluster_B, characterized by

immune inflammation, mostly corresponded to low
glycosylation scores. In addition, we found that both G2-M
PI3K/AKT/mTOR differed
significantly between different glycosylation regulatory models.
Both G2-M checkpoint and PI3K/AKT/mTOR signaling differed
significantly between glycosylation-regulatory gene subtypes
(Sheng et al.,, 2021). Related studies have shown that LARP4B,
OGDHL, and miR-454-3p may affect the prognosis of patients
with HCC via G2-M checkpoint (Li et al., 2019a; Li et al., 2019b;
Jiao et al., 2019). Glycosylation is closely associated with HCC cell
proliferation (Takahashi et al., 2020). Therefore, we inferred that
genotypes different

proliferation characteristics.

checkpoint  and signaling

glycosylation-regulated have cell
We screened the drug sensitivity in HCC patients based on
the glycosylation regulatory model and glycosylation score, and

found drugs such as thapsigargin, shikonin, embelin, epothilone
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B, DMOG, doxorubicin, bleomycin, mitomycin C, AUY922,
VX.702, and gemcitabine. Among them, the roles of
thapsigargin, shikonin, embelin, doxorubicin, bleomycin,
mitomycin C, and gemcitabine drugs in HCC have long been
reported (You et al., 1994; Newell et al., 2010; Zhang et al., 2020b;
Djokic et al., 2020; Diggs et al., 2021; Song et al.,, 2021; Cheng
et al., 2022), and there are no clear studies on the indications for
these drugs. In this study, we evaluated the sensitivity of these
drugs on different subtypes based on the glycosylation regulatory
model. We also analyzed the drugs associated with glycosylation
scores to ensure the accuracy of the analysis. Thus, we provide the
scope for the application of these drugs after identification of the
subtypes of patients with HCC.

In conclusion, the glycosylation regulatory gene model
constructed in this study can comprehensively evaluate the
characteristics of immune cell infiltration in HCC patients
and will facilitate guidance for clinical treatment. In addition,
we constructed the glycosylation score for HCC, which had an
independent prognostic value. More importantly, we screened
drug sensitivity for patients with HCC based on the glycosylation
regulatory gene model and glycosylation score. Our results
provide a new approach for improving the clinical treatment
of patients with HCC and promoting individualized HCC
treatment.

Data availability statement

The original contributions presented in the study are
included in the article/Supplementary Material, further
inquiries can be directed to the corresponding author.

References

Aran, D, Hu, Z, and Butte, A. J. (2017). xCell: digitally portraying the tissue
cellular heterogeneity landscape. Genome Biol. 18 (1), 220. doi:10.1186/s13059-017-
1349-1

Asazawa, H., Kamada, Y., Takeda, Y., Takamatsu, S., Shinzaki, S., Kim, Y., et al.
(2015). Serum fucosylated haptoglobin in chronic liver diseases as a potential
biomarker of hepatocellular carcinoma development. Clin. Chem. Lab. Med. 53 (1),
95-102. doi:10.1515/cclm-2014-0427

Cheng, H. H,, Liao, W. C,, Lin, R. A,, Chen, I. S, Chou, C. T,, Jan, C. R, et al.
(2022). Hydroxytyrosol [2-(3, 4-dihydroxyphenyl)-ethanol], a natural phenolic
compound found in the olive, alters Ca(2+) signaling and viability in human
HepG2 hepatoma cells. Chin. J. Physiol. 65 (2), 30. doi:10.4103/cjp.cjp_74_21

Chiu, C. C,, Chen, Y. C,, Bow, Y. D,, Chen, J. Y., Liu, W., Huang, J. L., et al. (2022).
diTFPP, a phenoxyphenol, sensitizes hepatocellular carcinoma cells to C(2)-
ceramide-induced autophagic stress by increasing oxidative stress and ER stress
accompanied by LAMP2 hypoglycosylation. Cancers 14 (10), 2528. doi:10.3390/
cancers14102528

Diggs, L. P., Ruf, B., Ma, C., Heinrich, B., Cui, L., Zhang, Q., et al. (2021). CD40-
mediated immune cell activation enhances response to anti-PD-1 in murine
intrahepatic cholangiocarcinoma. J. Hepatol. 74 (5), 1145-1154. doi:10.1016/j.
jhep.2020.11.037

Djokic, M., Cemazar, M., Bosnjak, M., Dezman, R., Badovinac, D., Miklavcic, D.,
et al. (2020). A prospective phase II study evaluating intraoperative
electrochemotherapy of hepatocellular carcinoma. Cancers 12 (12), 3778. doi:10.
3390/cancers12123778

Frontiers in Genetics

10.3389/fgene.2022.1001901

Author contributions

LZ: data analysis and writing; YG: revision of the article and
plotting; ZL: quality control and data verification; JM: data
visualization and quality control; YP: revision and typesetting;
DZ: design of the study, drafting and rivision.

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could
be construed as a potential conflict of interest.

Publisher’'s note

All claims expressed in this article are solely those of the
authors and do not necessarily represent those of their
affiliated organizations, or those of the publisher, the
editors and the reviewers. Any product that may be
evaluated in this article, or claim that may be made by its
manufacturer, is not guaranteed or endorsed by the
publisher.

Supplementary material

The Supplementary Material for this article can be found
online at: https://www.frontiersin.org/articles/10.3389/fgene.
2022.1001901/full#supplementary-material

Huang, X., Zhang, Q., Lou, Y., Wang, J., Zhao, X., Wang, L., et al. (2019).
USP22 deubiquitinates CD274 to suppress anticancer immunity. Cancer Immunol.
Res. 7 (10), 1580-1590. doi:10.1158/2326-6066.Cir-18-0910

Jiao, Y., Li, Y., Fu, Z., Hou, L., Chen, Q., Cai, Y., et al. (2019). OGDHL expression
as a prognostic biomarker for liver cancer patients. Dis. Markers 2019, 9037131.
doi:10.1155/2019/9037131

Ledoux, S., Yang, R, Friedlander, G., and Laouari, D. (2003). Glucose depletion
enhances P-glycoprotein expression in hepatoma cells: Role of endoplasmic
reticulum stress response. Cancer Res. 63 (21), 7284-7290.

Lee, J., Yeo, I, Kim, Y., Shin, D., Kim, J., Kim, Y., et al. (2022). Comparison of
fucose-specific lectins to improve quantitative AFP-L3 assay for diagnosing
hepatocellular carcinoma using mass spectrometry. J. Proteome Res. 21 (6),
1548-1557. doi:10.1021/acs.jproteome.2c00196

Li, Y., Jiao, Y., Fu, Z, Luo, Z, Su, J., and Li, Y. (2019). High miR-454-3p
expression predicts poor prognosis in hepatocellular carcinoma. Cancer Manag.
Res. 11, 2795-2802. doi:10.2147/cmar.S196655

Li, Y., Jiao, Y., Li, Y., and Liu, Y. (2019). Expression of La ribonucleoprotein
domain family member 4B (LARP4B) in liver cancer and their clinical and
prognostic signiﬁcance. Dis. Markers 2019, 1569049. doi:10.1155/2019/
1569049

Liberzon, A., Birger, C., Thorvaldsdéttir, H., Ghandi, M., Mesirov, J. P., and
Tamayo, P. (2015). The Molecular Signatures Database (MSigDB) hallmark gene set
collection. Cell. Syst. 1 (6), 417-425. doi:10.1016/j.cels.2015.12.004

frontiersin.org


https://www.frontiersin.org/articles/10.3389/fgene.2022.1001901/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fgene.2022.1001901/full#supplementary-material
https://doi.org/10.1186/s13059-017-1349-1
https://doi.org/10.1186/s13059-017-1349-1
https://doi.org/10.1515/cclm-2014-0427
https://doi.org/10.4103/cjp.cjp_74_21
https://doi.org/10.3390/cancers14102528
https://doi.org/10.3390/cancers14102528
https://doi.org/10.1016/j.jhep.2020.11.037
https://doi.org/10.1016/j.jhep.2020.11.037
https://doi.org/10.3390/cancers12123778
https://doi.org/10.3390/cancers12123778
https://doi.org/10.1158/2326-6066.Cir-18-0910
https://doi.org/10.1155/2019/9037131
https://doi.org/10.1021/acs.jproteome.2c00196
https://doi.org/10.2147/cmar.S196655
https://doi.org/10.1155/2019/1569049
https://doi.org/10.1155/2019/1569049
https://doi.org/10.1016/j.cels.2015.12.004
https://www.frontiersin.org/journals/genetics
https://www.frontiersin.org
https://doi.org/10.3389/fgene.2022.1001901

Zhao et al.

Lindblad, K. E., Ruiz de Galarreta, M., and Lujambio, A. (2021). Tumor-Intrinsic
mechanisms regulating immune exclusion in liver cancers. Front. Immunol. 12,
642958. doi:10.3389/fimmu.2021.642958

Liu, B, Pan, S., Xiao, Y., Liu, Q., Xu, J., and Jia, L. (2018). LINC01296/miR-26a/
GALNT3 axis contributes to colorectal cancer progression by regulating
O-glycosylated MUCI via PI3K/AKT pathway. J. Exp. Clin. Cancer Res. 37 (1),
316. doi:10.1186/s13046-018-0994-x

Liu, H. M., Ma, L. L,, Cao, B, Lin, J. Z,, Han, L., Li, C. Y., et al. (2021). Progress in
research into the role of abnormal glycosylation modification in tumor immunity.
Immunol. Lett. 229, 8-17. doi:10.1016/j.imlet.2020.11.003

Liu, Y., Huang, H,, Liu, M., Wu, Q,, Li, W., and Zhang, J. (2017). MicroRNA-24-
1 suppresses mouse hepatoma cell invasion and metastasis via directly targeting
O-GlcNACc transferase. Biomed. Pharmacother. = Biomedecine Pharmacother. 91,
731-738. doi:10.1016/j.biopha.2017.05.007

Luke, J. J., Bao, R, Sweis, R. F., Spranger, S., and Gajewski, T. F. (2019). WNT/B-
catenin pathway activation correlates with immune exclusion across human
cancers. Clin. Cancer Res. 25 (10), 3074-3083. doi:10.1158/1078-0432.Ccr-18-1942

Na, K., Kim, M., Kim, C. Y., Lim, . S., Cho, J. Y., Shin, H., et al. (2020). Potential
regulatory role of human-carboxylesterase-1 glycosylation in liver cancer cell
growth. J. Proteome Res. 19 (12), 4867-4883. doi:10.1021/acs.jproteome.0c00787

Newell, A. M., Yousef, G. G., Lila, M. A., Ramirez-Mares, M. V., and de Mejia, E.
G. (2010). Comparative in vitro bioactivities of tea extracts from six species of
Ardisia and their effect on growth inhibition of HepG2 cells. J. Ethnopharmacol. 130
(3), 536-544. doi:10.1016/j.jep.2010.05.051

Park, S. S. (2019). Post-glycosylation modification of sialic acid and its role in
virus pathogenesis. Vaccines 7 (4), E171. doi:10.3390/vaccines7040171

Pousset, D., Piller, V., Bureaud, N., Monsigny, M., and Piller, F. (1997). Increased
alpha2, 6 sialylation of N-glycans in a transgenic mouse model of hepatocellular
carcinoma. Cancer Res. 57 (19), 4249-4256.

Sheng, X., Zhu, P., Zhao, Y., Zhang, J., Li, H., Zhao, H,, et al. (2021). Effect of
PI3K/AKT/mTOR signaling pathway on regulating and controlling the anti-
invasion and metastasis of hepatoma cells by bufalin. Recent Pat. anticancer.
Drug Discov. 16 (1), 54-65. doi:10.2174/1574892816666210201120324

Song, M., Zhang, H., Chen, Z, Yang, J., Li, J., Shao, S., et al. (2021). Shikonin
reduces hepatic fibrosis by inducing apoptosis and inhibiting autophagy via the
platelet-activating factor-mitogen-activated protein kinase axis. Exp. Ther. Med. 21
(1), 28. doi:10.3892/etm.2020.9460

Takahashi, H., Kamiyama, T., Hirane, N., Kobayashi, N., Aiyama, T., Nagatsu, A., et al.
(2020). Analysis of the correlation between alterations in N-glycans and invasiveness in
liver cancer cell lines. Oncol. Rep. 44 (6), 2757-2769. doi:10.3892/0r.2020.7795

Tao, P. F., and Huang, H. C. (2019). Regulation of APPP glycosylation modification
and roles of glycosylation on ABPP cleavage in Alzheimer’s disease. ACS Chem.
Neurosci. 10 (5), 2115-2124. doi:10.1021/acschemneuro.8b00574

Frontiers in Genetics

13

10.3389/fgene.2022.1001901

Tao, Y., Zou, W., Nanayakkara, S., Freindorf, M., and Kraka, E. (2021). A revised
formulation of the generalized subsystem vibrational analysis (GSVA). Theor.
Chem. Acc. 140 (3), 31. doi:10.1007/s00214-021-02727-y

Timmerman, M. E., Ceulemans, E., De Roover, K., and Van Leeuwen, K. (2013).
Subspace K-means clustering. Behav. Res. Methods 45 (4), 1011-1023. doi:10.3758/
513428-013-0329-y

Vu, L. D,, Gevaert, K., and De Smet, I. (2018). Protein language: Post-translational
modifications talking to each other. Trends Plant Sci. 23 (12), 1068-1080. doi:10.
1016/j.tplants.2018.09.004

Wang, N., Wang, S., Wang, X., Zheng, Y., Yang, B., Zhang, J., et al. (2021).
Research trends in pharmacological modulation of tumor-associated macrophages.
Clin. Transl. Med. 11 (1), €288. d0i:10.1002/ctm2.288

Wattanavises, S., Silsirivanit, A., Sawanyawisuth, K., Cha’on, U., Waraasawapati,
S., Saentaweesuk, W., et al. (2019). Increase of MAL-II binding Alpha2, 3-sialylated
glycan is associated with 5-FU resistance and short survival of cholangiocarcinoma
patients. Medicina 55 (12), E761. doi:10.3390/medicina55120761

Wilkerson, M. D., and Hayes, D. N. (2010). ConsensusClusterPlus: A class
discovery tool with confidence assessments and item tracking. Bioinforma. Oxf.
Engl. 26 (12), 1572-1573. doi:10.1093/bioinformatics/btq170

Xu, F, Jin, T., Zhuy, Y., and Dai, C. (2018). Immune checkpoint therapy in liver
cancer. J. Exp. Clin. Cancer Res. 37 (1), 110. doi:10.1186/s13046-018-0777-4

Yang, W., Soares, J., Greninger, P., Edelman, E. J., Lightfoot, H., Forbes, S., et al.
(2013). Genomics of drug sensitivity in cancer (GDSC): A resource for therapeutic
biomarker discovery in cancer cells. Nucleic Acids Res. 41, D955-D961. doi:10.1093/
nar/gks1111

Yi, M., Nissley, D. V., McCormick, F., and Stephens, R. M. (2020). ssGSEA score-
based Ras dependency indexes derived from gene expression data reveal potential
Ras addiction mechanisms with possible clinical implications. Sci. Rep. 10 (1),
10258. doi:10.1038/s41598-020-66986-8

You, J. S., Hau, D. M., Chen, K. T., and Huang, H. F. (1994). Combined effects of
chuling (Polyporus umbellatus) extract and mitomycin C on experimental liver
cancer. Am. J. Chin. Med. 22 (1), 19-28. doi:10.1142/s0192415x94000048

Zhang, D., Yang, L., Liu, X,, Gao, J., Liu, T., Yan, Q., et al. (2020). Hypoxia
modulates stem cell properties and induces EMT through N-glycosylation of
EpCAM in breast cancer cells. J. Cell. Physiol. 235 (4), 3626-3633. doi:10.1002/
jcp.29252

Zhang, G., Huang, X, Xiu, H,, Sun, Y., Chen, J,, Cheng, G, et al. (2020).
Extracellular vesicles: Natural liver-accumulating drug delivery vehicles for the
treatment of liver diseases. J. Extracell. Vesicles 10 (2), €12025. doi:10.1002/jev2.
12025

Zhou, B., Yan, J., Guo, L., Zhang, B,, Liu, S., Yu, M., et al. (2020). Hepatoma cell-
intrinsic TLRY activation induces immune escape through PD-L1 upregulation in
hepatocellular carcinoma. Theranostics 10 (14), 6530-6543. doi:10.7150/thno.44417

frontiersin.org


https://doi.org/10.3389/fimmu.2021.642958
https://doi.org/10.1186/s13046-018-0994-x
https://doi.org/10.1016/j.imlet.2020.11.003
https://doi.org/10.1016/j.biopha.2017.05.007
https://doi.org/10.1158/1078-0432.Ccr-18-1942
https://doi.org/10.1021/acs.jproteome.0c00787
https://doi.org/10.1016/j.jep.2010.05.051
https://doi.org/10.3390/vaccines7040171
https://doi.org/10.2174/1574892816666210201120324
https://doi.org/10.3892/etm.2020.9460
https://doi.org/10.3892/or.2020.7795
https://doi.org/10.1021/acschemneuro.8b00574
https://doi.org/10.1007/s00214-021-02727-y
https://doi.org/10.3758/s13428-013-0329-y
https://doi.org/10.3758/s13428-013-0329-y
https://doi.org/10.1016/j.tplants.2018.09.004
https://doi.org/10.1016/j.tplants.2018.09.004
https://doi.org/10.1002/ctm2.288
https://doi.org/10.3390/medicina55120761
https://doi.org/10.1093/bioinformatics/btq170
https://doi.org/10.1186/s13046-018-0777-4
https://doi.org/10.1093/nar/gks1111
https://doi.org/10.1093/nar/gks1111
https://doi.org/10.1038/s41598-020-66986-8
https://doi.org/10.1142/s0192415x94000048
https://doi.org/10.1002/jcp.29252
https://doi.org/10.1002/jcp.29252
https://doi.org/10.1002/jev2.12025
https://doi.org/10.1002/jev2.12025
https://doi.org/10.7150/thno.44417
https://www.frontiersin.org/journals/genetics
https://www.frontiersin.org
https://doi.org/10.3389/fgene.2022.1001901

	Characterization of glycosylation regulator-mediated glycosylation modification patterns and tumor microenvironment infiltr ...
	1 Introduction
	2 Materials and methods
	2.1 Hepatocellular carcinoma data set and preprocessing
	2.2 Unsupervised hierarchical clustering analysis of glycosylation regulators
	2.3 Verification of glycosylation regulated gene subtypes
	2.4 Principal component analysis and calculation of glycosylation score
	2.5 Analysis of immune cell infiltration and stromal cell enrichment
	2.6 Immune checkpoint analysis
	2.7 Gene set variation analysis
	2.8 Drug sensitivity analysis
	2.9 Statistical analyses

	3 Results
	3.1 Genetic variation of glycosylation related genes in hepatocellular carcinoma
	3.2 Modification models mediated by 43 glycosylation regulating genes
	3.3 Annotations of glycosylation regulatory gene model
	3.4 Clinical features and transcriptomic characteristics of the glycosylation-related model
	3.5 Clinical characteristics of the glycosylation score
	3.6 Screening of drug sensitivity based on the glycosylation regulatory gene model

	4 Discussion
	Data availability statement
	Author contributions
	Conflict of interest
	Publisher’s note
	Supplementary material
	References


