Pharmacogenomics and Personalized Medicine Dove

|dentification and Validation of Glycosylation-Related
Genes in Obesity and MASH: Insights from Human
Liver Samples and a High-Fat Diet Mouse Model

Weihua Yu*, Jionghuang Chen*, Shengxi Jin, Xiaoxiao Fan, Xiujun Cai
Department of General Surgery, Sir Run Run Shaw Hospital, School of Medicine, Zhejiang University, Hangzhou, People’s Republic of China
*These authors contributed equally to this work

Correspondence: Xiujun Cai, Department of General Surgery, Sir Run Run Shaw Hospital, School of Medicine, Zhejiang University, Hangzhou,
310000, People’s Republic of China, Tel/Fax +86-571-86006617, Email srrsh_cxj@zju.edu.cn

Background: Obesity is reaching epidemic proportions in the developed world. The biosynthesis and degradation of human
glycoproteins take place at the highest level in the liver. However, the association between glycosylation and the factors affecting
obesity and metabolism-associated steatohepatitis (MASH) is still unclear.

Materials and Methods: Gene expression data of liver samples from obese patients were retrieved from GSE83452 and GSE89632
databases. Difference analysis and machine learning were used to identify hub genes involved in glycosylation and associated with the
response of weight loss treatment. A total of 7 glycosylation-related hub genes were identified and then subjected to correlation
analysis, immune cells infiltration analysis and ROC (Receiver Operating Characteristic) analysis. We also evaluated the potential
function of 7 hub genes in obesity patients. MASH mice were used to validate the glycosylation-related hub genes.

Results: A total of 25 overlapped glycosylation-related genes were identified by DEGs analysis. ACER2, STX17, ARFS, GPC4,
ENTPDS5, NANP, and DPY19L2 were identified as hub genes. Among these hub genes, ACER2, STX17, ARFS5, and ENTPDS5 were
also differential expressed in MASH patients. ENTPDS5 showed increased transcription in obese MASH mice.

Conclusion: The current study identified seven glycosylation-related genes, ACER2, STX17, ARFS5, GPC4, ENTPD5, NANP, and
DPY19L2, that might play key roles in the development of obesity. ENTPD5 might play a key role in the development of MASH.
These findings provide fresh perspectives for expanding the investigation of obesity and MASH.

Keywords: obesity, MASH, glycosylation, machine learning

Introduction

Obesity-induced diseases are important issues threatening human health." In the past 20 years, the economic development
and urbanization of many countries have led to sedentary lifestyles and over-nutrition eating habits, laying the ground-
work for the epidemic of obesity.? Diet control and bariatric surgery are the main means to reduce weight. However, not
everyone will benefit from these treatments. Thus, we need to explore the key factors that affect the efficiency of weight
loss treatments.

Glycosylation is a diverse protein post-translational modification.> During inflammation, glycosylation regulates
protein function in various complex ways, thereby playing a key role in promoting inflammation.* In recent years,
proton nuclear magnetic resonance (1H-NMR) spectroscopy has become increasingly available, enabling compounds
such as metabolites, lipoproteins, and glycoproteins to be detected. This technique has been used to study 5 glycoprotein
variables: GlycA, GlycB, and GlycF, and the height-to-width ratio (H/W) of GlycA and GlycB. It has been documented
that GlycA, a marker of inflammation, is associated with patient mortality.>® However, the role of glycosylation in
obesity and MASH was still uncertain.
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In this study, we obtained gene expression data from the Gene Expression Omnibus (GEO) database and identified
DEGs between response and non-response patients to weight loss treatment. The function of these DEGs was further
explored. Glycosylation-related DEGs were also extracted. Three machine-learning approaches were used to screen hub
genes in glycosylation-related DEGs: Random Forest, Least absolute shrinkage and selection operator (Lasso), and
Support vector machines (SVM). A total of 7 hub genes were identified and then subjected to correlation analysis,
immune cells infiltration analysis and ROC analysis. Hub genes were validated in MASH mice.

Materials and Methods

Acquisition of Datasets
Gene expression profiles of GSE83452 and GSE89632 were downloaded from the Gene Expression Omnibus (GEO)
database (http://www.ncbi.nih.gov/gds/). Both gene expression profiles were acquired from human liver samples. For

GSE83452, a total of 21 liver samples of obesity patients response to weight loss treatments and 17 liver samples of
obesity patients non-response to weight loss treatments were enrolled. For GSE89632, 19 liver samples from metabo-
lism-associated steatohepatitis (MASH) patients and 24 liver samples from control groups were enrolled. Glycosylation-
related genes were obtained from published work.” The diagnosis of steatohepatitis in the human liver samples was
confirmed by histologic examination as reported in the original studies from which the data were obtained (GSE83452
and GSE89632).

|dentification of Differentially Expressed Genes and Selection of Potential Target

Genes

To identify DEGs between non-response and response patients, we performed differentially expressed gene analysis
based on gene expression profiles of GSE83452 using the “limma” package. The cut-off value was set to P-value < 0.05.
The overlapped genes were chosen for subsequent analysis.

Enrichment Analysis
We performed Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analysis using
the R package “clusterProfiler” package to comprehend the biological significance of selected genes.

Construction of Protein-Protein Networks
For overlapping partial genes, we created protein-protein interaction (PPI) networks using the STRING (https:/string-db.org)
database and GeneMINIA (http://genemania.org/) database.

|dentification of Hub Genes

To identify hub genes associated with response to weight loss treatments, three machine learning approaches were used to
screen hub genes in glycosylation-related DEGs, including Random forest (R package “randomForest), Least absolute
shrinkage and selection operator (Lasso, R package “glmnet”), and Support vector machines (SVM, R package
“kernlab”).

Random Forest is a supervised learning algorithm that combines multiple decision trees to create a model. It is an
ensemble learning method in which a group of uncorrelated decision trees are constructed and combined to form a more
accurate and stable prediction model. In each tree, a random subset of the training data is used to grow the tree, and the
final prediction is made by aggregating the predictions of all the trees.

Lasso (Least Absolute Shrinkage and Selection Operator) is a linear regression algorithm that performs variable
selection and regularization to prevent overfitting. It adds a penalty term to the cost function, which reduces the
magnitude of the coefficients of less important features to zero while keeping the most significant features. Lasso can
be used for feature selection and dimensionality reduction tasks.

Support Vector Machine (SVM): Support Vector Machine is a powerful supervised learning algorithm that can be
used for classification, regression, and outlier detection tasks. SVM finds a hyperplane that maximizes the margin
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between two classes, where the margin is the distance between the closest points of different classes. SVM uses a kernel
function to transform the input data into a higher dimensional space, making it easier to find a separating hyperplane.
SVM can handle non-linearly separable data using different kernel functions such as polynomial, RBF, sigmoid, etc.

Microenvironment Analysis
R package “GSVA” was used to evaluate liver samples’ immune cell infiltration level. The correlation of gene expression
with immune cells was calculated and displayed.

Gene Regulatory Network
The gene regulatory network of hub genes was analyzed using the Regnetwork database (www.regnetworkweb.org).

Cytoscape software was used to visualize the network.

Animals and Diets

Six-week-old male C57BL/6J mice were obtained from Charles River Laboratories and housed in a specific pathogen-
free (SPF) facility at Zhejiang University in China. The mice were kept under controlled conditions with a constant
temperature of 20-22°C and a 12-hour light-dark cycle. To induce non-alcoholic fatty liver disease (NAFLD), the mice
were treated with a two-week course of antibiotics (ampicillin 1 g/L, gentamicin 1 g/L, metronidazole 1 g/L, and
vancomycin 0.5 g/L), followed by a high-fat, high-carbohydrate (HFHC) diet. The HFHC diet used was the Surwit model
from Trophic Animal Feed High-Tech Co., Ltd, China, which contained 18.9 g glucose and 23.1 g fructose per liter of tap
water. At week 16, the mice were sacrificed, and various samples were collected. In intervention experiments, some mice
were fed with 3-HPAA at a 75 pg/mL concentration after the antibiotic treatment and then continued on the HFHC diet
until week 16. Weekly measurements were taken of the mice’s body weight and food intake. Before sample collection,
the mice were fasted for 12 hours, and blood was collected from the retro- orbital sinus. The mice’s body weights were
recorded, and the liver was promptly excised and weighed. All animal procedures were conducted following the approval
of the Zhejiang University Experimental Animal Ethics Committee.

Serum Detection

Upon collection, blood samples obtained from the orbital vein of the mice were allowed to stand at room temperature for
30 minutes. Subsequently, the samples underwent centrifugation at 4°C and 3000 rpm for 5 minutes. The resulting
supernatant was carefully collected and stored in 100 pL aliquots at —80°C for future use. To determine the serum
concentrations of alanine aminotransferase (ALT), the ALT/GPT activity assay kit was employed (Applygen, Beijing,
China). Similarly, the serum concentrations of aspartate aminotransferase (AST) were determined using the AST/GOT
activity assay kit (Applygen, Beijing, China). For the measurement of serum triglyceride (TG) levels, the GPO-PAP
method-based triglyceride assay kit was utilized (Nanjing Jiancheng Bioengineering Institute, Jiangsu, China).

Histological Analysis

The liver tissues were immersed in 4% paraformaldehyde for 24 hours. Following this, a dehydration process using
a gradient solution was performed, and the tissues were subsequently embedded in paraffin for slicing into 4um thick
sections. Hematoxylin and eosin (H&E) staining (Solarbio, Beijing, China), as well as Sirius red staining (Abcam), were
employed. To evaluate the progression of NAFLD, we utilized the NAFLD activity score (NAS) system, which
encompasses steatosis, lobular inflammation, and hepatocellular ballooning. This system assigns scores ranging from 0
to 2 for non-MASH, 3-4 for MASH borderline, and 5 to 8 for MASH. To further assess the extent of liver fibrosis, Sirius
red staining was employed. Liver tissues intended for frozen sections were initially rapidly frozen using liquid nitrogen
and subsequently embedded in an Optimal cutting temperature compound (OCT). These frozen tissues were then sliced
at —20°C into sections with a thickness of 8um. Oil red O staining (Solarbio, Beijing, China) was performed to quantify
the area occupied by lipid droplets and evaluate fat accumulation in the liver.
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RNA Extraction and Quantitative Real-Time PCR

The RNA extraction from liver and ileum tissues was conducted using the RNA-Quick Purification Kit (ESscience,
China). The extracted RNA samples were subjected to absorption measurements to evaluate their quality and quantity.
Subsequently, the RNA was reverse-transcribed into complementary DNA (cDNA) using the Evo M-MLV RT Premix kit
(Vazyme Biotech Co., Ltd). The cDNA was combined with Hifair™ qPCR SYBR Green Master Mix to form a mixture
(Accurate Biology, China), and the expression levels of the target genes were assessed using an ABI 7900HT Real-Time
PCR system (Applied Biosystems, USA). For comparative data analysis, the 2-AACt method was applied. The relative
expression differences between the comparison groups were determined. All reactions were conducted in triplicate to
ensure reliable results.

Statistical Analyses
The experiments were replicated at least three times, and the data is expressed as mean + SD. Statistical analysis was
performed using GraphPad Prism version 8.0 (www.graphpad.com). Student’s t-tests were primarily utilized for

comparisons between the two groups. For comparisons involving three or more groups, one-way or two-way analysis
of variance (ANOVA) followed by Tukey’s post hoc test was applied. Statistical significance was considered at *P <0.05,
**P <0.01 ***P <0.001.

Results

|dentification of DEGs

We first normalized the expression profile of GSE83452 (Figure 1A and B). The DEGs were screened using GSE83452
according to the cut-off criterion of P-value < 0.05. The volcanic diagram and heatmap of DEGs are shown in Figure 1C
and D. In GSE83452, 688 genes were up-regulated in the non-response group and 649 genes were down-regulated.

Enrichment Analysis of DEGs

We performed GO and KEGG enrichment analysis based on 688 up-regulated DEGs and 649 down-regulated DEGs. GO
analysis showed that DEGs were mainly related to the alcohol metabolic process and cellular carbohydrate metabolic
process in biological process (BP) (Figure 2A), nuclear envelope and vesicle lumen in cellular component (CC)
(Figure 2B) and DNA—-binding transcription activator activity and ubiquitin protein ligase binding in molecular function
(MF) (Figure 2C). For the results of KEGG, Cytokine—cytokine receptor interaction, TNF signaling pathway, Ubiquitin
mediated proteolysis, FoxO signaling pathway, and TGF—beta signaling pathway were enriched (Figure 2D).

|dentification of Glycosylation-Related DEGs

We next obtained glycosylation-related genes and selected these from DEGs. Results indicated that among 572
glycosylation-related genes, 7 genes were up-regulated in the non-response group and 18 genes were down-regulated
(Figure 3A and B). KEGG analysis suggested that these 25 glycosylation-related DEGs were enriched in Phagosome,
Amino sugar and nucleotide sugar metabolism, SNARE interactions in vesicular transport, and ECM—receptor interaction
(Figure 3C and D). We further displayed the volcanic map (Figure 4A), heatmap (Figure 4B) and differential expression
boxplot (Figure 4C) between non-response and response groups. We also explored the protein-protein interaction
network between 25 glycosylation-related DEGs using String and GeneMANIA database (Figure SA and B).

Selection of Hub Genes via Machine Learning

Three algorithms were utilized for screening hub genes among key glycosylation-related DEGs. For the LASSO
algorithm, we selected the minimum criteria for building the LASSO classifier due to higher accuracy by comparisons
and 11 characteristic genes were identified (Figure 6A). For the random forest algorithm, the top 10 characteristic genes
with relative importance > 0.5 were determined (Figure 6B). For the SVM-RFE (Support Vector Machine-Recursive
Feature Elimination) algorithm, the classifier had the minimum error when the feature number was 25 (Figure 6C).
Following the intersection, 7 characteristic genes shared by the three algorithms were finally identified (ACER2, STX17,
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Figure | Identification of differentially expressed genes.
Notes: (A) Boxplots before expression profile homogenization. (B) Boxplots after expression profile homogenization. (C) Volcano plots of DEGs from GSE83452. (D)
Heatmap of top 20 DEGs from GSE83452.

ARFS5, GPC4, ENTPDS5, NANP, and DPY19L2; Figure 6D). The expression profiles of the 7 genes were significantly
correlated (Figure 6E). Besides, we also estimated the prediction performance of each hub gene in predicting response to
weight loss treatment. The AUC (Area Under Curve) values of ROC curves were illustrated in Figure 6F, indicating that
these hub genes enabled the estimate of the response to weight loss treatment.

Immune Cell Infiltration Analysis

The ssGSEA algorithm of R package “GSVA” was used to evaluate the infiltration level of 23 immune cells using
GSE83452 (Figure 7A). The differences between non-response and response groups were compared. Results indicated
that the infiltration levels of 5 of 23 immune cells were lower in liver tissues of non-response patients, indicating that
patients who are non-response to weight loss treatment have less immune cell levels (Figure 7B). The correlation of hub
genes with 23 immune cell infiltration levels was analyzed (only show results with p < 0.05; Figure 7C).

Characteristics of Glycosylation-Related Hub Genes

Correlation analysis between 7 hub genes and all genes was carried out and the 50 genes with the strongest positive
correlation were displayed by heatmap respectively (Figure 8). For example, ENTPDS was positively correlated with
KLHDC7A, PIPOX, and TOLLIP. Based on the results of correlation analysis, the GSEA analysis of a single gene based
on Reactome was prosecuted to evaluate signaling pathways involved in the hub genes (Figure 9). ENTPDS was
associated with Metabolism, Mitochondrial translation, and MAPK family signaling cascades.
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Figure 2 Enrichment analysis of DEGs.
Notes: (A—C) GO enrichment analysis of DEGs, including BP (A), CC (B), and MF (C). (D) KEGG analysis of DEGs. The top 20 terms were displayed.

Establishment of the miRNA-TF-Genes Network

To investigate the molecular mechanism, the RegNetwork database was utilized to identify upstream miRNAs and TFs
(transcription factors) of the 7 target genes (Figure 10). For example, ACER2 was predicted to be regulated by has-miR
-206, TFAP4, and CTCF in this network. NANP was predicted to be regulated by USF1, RXRA, and MAX.

Validation of Glycosylation-Related Hub Genes
Since obesity is closely related to MASH, we next explored the relationship of these glycosylation-related hub genes with
MASH. We normalized the expression profile of GSE89632 (Figure 11A and B). The DEGs were screened using
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GSE89632 according to the cut-off criterion of P-value < 0.05. The volcanic diagram and heatmap of DEGs are shown in
Figure 11C and D. We performed GO and KEGG enrichment analyses based on DEGs. GO analysis showed that DEGs
were mainly related to positive regulation of MAPK cascade and mononuclear cell differentiation in BP, apical part of the
cell and early endosome in CC, and active transmembrane transporter activity in MF (Figure 11E). For the results of
KEGG, the PI3K—Akt signaling pathway, MAPK signaling pathway, and Cytokine—cytokine receptor interaction were
enriched (Figure 11F). Among 7 hub glycosylation-related genes, we found that ACER2 was down-regulated in MASH
patients while STX17, ARFS5, and ENTPDS were up-regulated in MASH patients (Figure 11G).

Validation of Hub Genes in MASH Mice

To investigate the role of hub genes in vivo, we established a murine model of MASH by subjecting them to a high-
fat high-carbohydrate (HFHC) diet. After a 16-week modeling period, the HFHC group exhibited evident hepatic
steatosis (Figure 12A, B, E and G), increased fibrosis (Figure 12C and H), and a significant increase in body weight
(Figure 12D). Biochemical analysis of blood samples revealed elevated levels of triglycerides (TG) in the HFHC
group mice (Figure 12F). In the liver tissues of both groups, quantitative real-time PCR (qPCR) analysis identified
significant differences in the transcription levels of two genes out of the hub genes we screened. Specifically,
ENTPDS5 showed increased transcription in obese mice, while DPY19Y3 exhibited decreased transcription, con-
sistent with our previous predictions (Figure 12I). These findings prove that the predicted hub genes play a role in
MASH.
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Figure 4 Exhibition of glycosylation-related DEGs.
Notes: (A) Volcano plots of glycosylation-related DEGs from GSE83452. (B) Heatmap of glycosylation-related DEGs from GSE83452. (C) Differential expression of
glycosylation-related DEGs between non-response and response groups, *P <0.05, **P <0.01.

Discussion
Obesity is a serious disease worldwide, and in the past decades, obesity has become a growing global public health
problem.®’ For example, in China, obesity is strongly associated with hypertension, angina, diabetes, and arthritis."'
Theoretically, obesity is an excessive accumulation or abnormal distribution of body fat.'' The complications of obesity
are numerous and include, but are not limited to, diabetes, MASH, cardiovascular disease, stroke, dyslipidemia,
hypertension, osteoarthritis, sleep apnea, etc.'>'? Obese patients also have a higher incidence of various types of tumors
and worse survival rates.'*">

Surgery, lifestyle modification, and medications are the current mainstay of treatment for obesity.'®'” However, many
patients are non-response to these treatment modalities. Finding the underlying mechanisms and hub genes that affect

therapeutic sensitivity is particularly important.
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Figure 5 PPl network for DEGs.
Note: (A and B) The PPl network was constructed by glycosylation-related DEGs using STRING and the GeneMANIA database.

Glycosylation is a diverse protein post-translational modification.® During inflammation, glycosylation regulates
protein function in various complex ways, thereby playing a key role in promoting inflammation.* However, the role
of glycosylation in obesity was still uncertain.

In our work, integrated bioinformatics, including differential expression analysis and machine learning, were
performed to identify hub genes associated with response to weight loss treatment. We first screened DEGs between non-
response and response groups. GO and KEGG analysis showed that DEGs were mainly related to the Alcohol metabolic
process, Cytokine—cytokine receptor interaction, TNF signaling pathway, ubiquitin-mediated proteolysis, FoxO signaling
pathway, and TGF—beta signaling pathways. Studies have shown that excessive alcohol consumption can lead to weight
gain.'® Our findings suggested that alterations in alcohol metabolism, as well as other important pathways, may be
associated with sensitivity to weight loss therapy in obese patients.

We next obtained glycosylation-related genes and selected these from DEGs. Three algorithms were utilized for
screening hub genes among key glycosylation-related DEGs. For the LASSO algorithm, we selected the minimum
criteria for building the LASSO classifier due to higher accuracy by comparisons and 11 characteristic genes were
identified. For the random forest algorithm, the top 10 characteristic genes with relative importance > 0.5 were
determined. For the SVM-RFE algorithm, when the feature number was 25, the classifier had the minimum error.
Following the intersection, 7 characteristic genes shared by the three algorithms were finally identified (ACER2, STX17,
ARFS5, GPC4, ENTPDS, NANP, and DPY19L2). The AUC values of ROC curves were also illustrated. ENTPDS has the
highest AUC value (0.804) among the 7 genes.

To investigate the molecular mechanism of 7 hub genes, the RegNetwork database was utilized to identify upstream
miRNAs and TFs of the 7 target genes. For example, ACER2 was predicted to be regulated by has-miR-206, TFAP4, and
CTCF. NANP was predicted to be regulated by USF1, RXRA, and MAX.

Since obesity is closely related to MASH, we next explored the relationship of these glycosylation-related hub genes
with MASH. Among 7 hub glycosylation-related genes, we found that ACER2 was down-regulated in MASH patients
while STX17, ARFS5, and ENTPDS5 were up-regulated in MASH patients. These results indicated that these hub genes
also correlated with MASH.

Pharmacogenomics and Personalized Medicine 2024:17 https: 371
Dove!


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

Yu et al

Dovepress

13 13 13 13 13

13 13 13 11 11 12 8 4

30 35

Binomial Deviance
25

1.5

1.0

0.50

S I
5 3
] !

RMSE (Cross-Validation)
o
IS
1

0.42

dNVN

Sensitivity

0.4

Figure 6 Selection of hub genes via machine learning.
Notes: (A-C) Three algorithms were utilized for screening hub genes among key glycosylation-related DEGs, including the LASSO algorithm (A), random forest algorithm
(B), and SVM-RFE algorithm (C). (D) Intersection of hub genes between three indicated machine learning algorithms. (E) Correlation of 7 hub genes. The red line represents
a positive correlation, green represents a negative correlation, and the deeper the color, the stronger the correlation. (F) Diagnostic efficacy of the 7 hub genes in

GSE83452.

ENTPD5

ARFS

DPY19L2

Gene

1.0

0.8

0.6

0.2

0.0

THBS2

STX17

SEC22B

NANP

GPC4

ACER2

CALR

L
@
o
o
L
®
®
®
®
|
i imponiance :

randomForest

importance

i_l_
nl

ACER2 AUC 0.706
—— STX17 AUC 0.737
—— ARF5AUC 0.751
GPC4 AUC 0.773

—— ENTPDS5 AUC 0.804

—— NANP AUC 0.695
DPY19L2 AUC 0.69

7

0.2

T T T T
0.4 0.6 0.8

1 - Specificity

1.0

372

DovePress

https://doi.org/10.2147/PGPM.S463608

Pharmacogenomics and Personalized Medicine 2024:17


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

Dove Yu et al

B

S B -
88 3 8 = 383
- EEE £ 35 8 S8 s
838385t s58% . % 253
@008 E 323 5 5 220
TTIT BT 2EETLQ g -2 = EEE
§388 g35¢2 £22088%3 -t cluster 8 Non_response &1 Response
. — el 1 ns ns ns * ns ns ns ns ns * ns ns ** ns ons * ** ns ns ns ns ns ons
Activated.B.cell * * * * 8 é
Activated.CD4.T.cell * = b
) B T
Activated.CD8.T.cell 08 . *-'p H .
wn .
Activated.denditc.cell iy . # = T =
A . IS}
CD56bright.tural killer.cell o .
R = " i =
CDS56dim.tural killer.cell g o o * ﬁé . N #
- I .
Eosinophil 04 L‘I: o . H . .
Gamma.delta.T.cell # :
Immature..B.cell Q1 # ' # . .
Immature.dendritic.cell 0.2 =] ﬁ
MDSC o
Macrophage 0 g__ = == = === ¢ = ° - - - T = =
0 F 0 9 oE 009 ° 0 T O 0 Q 90 O O
Mast cell Qggnggqqgng‘égqgggqoqo
Monocyte mkE = o 5 E o8 £ g0 P Sk 55 6 5
-0.2 T~ 2 0 ¢ ¢ . A 7] o . s 2 7 0 0 0 0
Natural killer T.cell TY¥Y s EZT =38 ¢ % S8=525SEProa0o
Aot 90 Q0T XX oGgzeUT 52 £ =0T 6 0 0 0O
atural killer.cell 00T gWB 25 & = = Zcg<Eccc
Neutrophil o4 2T 35955 g & O = g5 IS §FFEE
Plasmacytoi i C Q2 0 g5 = = € E g ElR- S B = « N o
ytoid.dendritic.cell <& 5 '8 £ = € = T = T 9 8 6 < o
Regulatory.T.cell -06 2 2% 0= g = 2 zZ 8 S X =249 o
A 5§ 8<23 © z > o > 9 >
Tfollicular.helper.cell < © 2 5 Q O] £ 19 = = = (=
T < G © 9 £ © =
ype.1.Thelper.cel -08 <9 Q £ £
Type.17.Thelper.cell 8 O Immune %
Type.2.Thelper.cell ] o
Eosinophil
Neutrophil: —
.val
pvalue abs(cor)
0.04 Type 1 T helper cell{ —————@ ® 035
p.value 0.03 0.40
0.02 @ 045
0.0290650 0.01 @ o0
Neutrophjl - Type 17 o CD56 —_—
T helper cell abs(cor)  dim tural killer cell| p.value
e 033 0.04
abs(cor) @ 036 0.03
@ 0.3543251 @ 039 0.02
042 cpse S A T A P 0.01
@ 045 bright tural killer cell
CD56 dim ..—
tural killer cell
Neutrophil { ————————e
dg.0 0.1 0.2 0.3 -b4 -b3 -b2 -b.1 O. 00 01 02 03 04 05
ACER2 sTX17 GPC4
Regulatory T cell- —_—
Immature B cell o abs(cor)
® 035
@ 040 p.value
@ 045
vated . ® o0
CD4 T cell @ o055 0.0352430
Gamma ..—
p.value delta T cell
Natural killer: — 0.03
Tcell abs(cor)
002 @ 03425077
0.01
Activated D —
dendritic cell
MDSC
b4 b2 g0 -3 -b2_ -b1 00
ENTPDS ARF5
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Impaired protein N-glycosylation is known to induce ER stress, which can lead to either adaptive survival or
maladaptive apoptosis. Oxidative stress plays a central role in sarcopenic obesity, particularly through mitochondrial
dysfunction and ER stress.'” In our study, we identified several glycosylation-related genes that may influence these
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Note: The top 50 genes most positively associated with indicated hub genes were shown in the heatmap.
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pathways. Specifically, ENTPDS5, which showed increased transcription in obese MASH mice, is known to be involved

in protein folding and ER stress response. Future studies should explore the mechanistic link between these glycosyla-

tion-related genes and ER stress pathways to better understand their roles in obesity and MASH. Our findings on

glycosylation-related genes could also be extended to investigate their potential involvement in oxidative stress path-

ways. For instance, STX17, identified as a hub gene in our study, has been implicated in mitochondrial function and

could be a link between glycosylation, oxidative stress, and sarcopenic obesity. Further research should include oxidative

stress markers and mitochondrial function assays in both human and animal models.
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Note: The RegNetwork database was utilized to identify upstream miRNAs and TFs of the 7 hub genes.

The connection between MASH and sarcopenia is indeed significant, and the scarcity of suitable animal models has
limited research in this area. Additionally, we recognize the challenges in defining and diagnosing sarcopenia, as
highlighted in “Intern Emerg Med. 2023”.%° To address this, we propose to include standardized criteria for sarcopenia
diagnosis in future studies, such as muscle strength and mass measurements, to ensure consistency and comparability of
results.

ACER?2 is involved in the metabolism of sphingolipids, which are critical components of cell membranes and play
a role in cell signaling. Dysregulation of sphingolipid metabolism can lead to inflammation and insulin resistance,
contributing to obesity and liver steatosis. Zhang et al*' found that ACER2 (alkaline ceramidase 2) was involved in
obesity-induced adipose dysfunction which is a major contributor to atherosclerosis.

STX17 (syntaxin 17) is essential for autophagy, a process that degrades and recycles cellular components. In the
context of MASH, STX17 homocysteinylation and ubiquitination can block autophagy, leading to increased inflamma-

tion and fibrosis. Xu et al** found that STX17 induced obesity-related cardiac impairment. STX17 homocysteinylation
and ubiquitination leads to a block in autophagy during MASH progression.> Supplementary vitamin B12 and folate

restore STX17 expression and autophagy to decrease inflammation and fibrosis in MASH.>?
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Figure 11 Validation of glycosylation-related hub genes.

genename

Notes: (A) Boxplots before expression profile homogenization. (B) Boxplots after expression profile homogenization. (C) Volcano plots of DEGs from GSE89632. (D)
Heatmap of top 20 DEGs from GSE89632. (E) GO enrichment analysis of DEGs. (F) KEGG analysis of DEGs. The top 20 terms were displayed. (G) The difference of

glycosylation-related hub genes in indicated groups, **P <0.01, ***P <0.001.
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Notes: (A) H&E staining images of two groups of mice. Images of oil red O staining and sirius red staining are shown in (B and C). (D) Weight gain of two groups of mice.
(E) The quantitative indicators of H&E staining. (F) TG levels of two groups of mice at the end of the modeling time. (G and H) The quantitative indicators of Oil Red
O staining and Sirius Red staining in the two groups of mice. (I) ENTPD5 showed increased transcription in obese mice, while DPY19Y3 exhibited decreased transcription,
consistent with our previous predictions. Statistical significance was considered at *P <0.05, **P <0.01 ***P <0.001.

GPC4 (serum glypican 4) is an adipokine associated with insulin resistance in adipose tissue. Elevated levels of GPC4
have been linked to increased obesity and insulin resistance. Targeting GPC4 could improve insulin sensitivity and
reduce adipose tissue inflammation, thereby addressing metabolic dysfunctions associated with obesity. Serum GPC4
levels were increased with increasing degrees of obesity in adults and children.”* Zhang et al* reported that GPC4 is an
adipokine associated with adipose tissue insulin resistance, and may be a marker for adipose tissue insulin resistance in
Chinese north obese populations, was involved in liver metabolic.

ENTPDS is involved in protein folding and glycosylation in the endoplasmic reticulum. It has been implicated in liver
metabolism and is upregulated in models of Type 2 Diabetes and obesity. Wei et al*® proposed that ENTPDS5 (ectonucleo-
side triphosphate diphosphohydrolase 5) was involved in liver metabolism and may act as a potential drug target for
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obesity, fatty liver disease, and insulin resistance associated with the metabolic syndrome. ENTPDS is also upregulated in
the db/db mouse model of Type 2 Diabetes and Obesity.>’

NANP (N-acetylneuraminic acid phosphatase) is associated with sialic acid metabolism, which plays a role in cell
signaling and inflammation. Dysregulation of sialic acid metabolism can contribute to hyperlipidemia and insulin
resistance. Targeting NANP could modulate these pathways, offering therapeutic benefits for metabolic disorders. In
rats, NANP was reported to be associated with hyperlipidemia and insulin resistance.®

ARFS5 (ADP-ribosylation factor 5) is involved in intracellular vesicle trafficking and lipid metabolism. Although its
role in obesity and NASH is not well-documented, ARF5 could influence lipid droplet formation and secretion,
impacting liver steatosis. ARF5 was required for oocyte meiosis and quality control.?’ DPY19L2(dpy-19-like 2) is
involved in cell adhesion and migration. DPY19L2 deletion was a major cause of globozoospermia.*® However, ARF5
and DPY19L2 have not been reported in obesity or MASH. Further research is needed to elucidate its specific functions
and potential as a therapeutic target.

To validate the role of these hub genes in vivo, we established a MASH mice model. In the liver tissues, ENTPD5
showed increased transcription in obese mice, while DPY19Y3 exhibited decreased transcription, consistent with our
previous predictions. These findings prove that the predicted hub genes play a role in MASH. Our results suggest that
glycosylation-related genes are not only crucial in the pathogenesis of obesity but also in the progression of MASH.
Specifically, ENTPDS5 was identified as a potential key player in MASH development, showing increased transcription in
both obese patients and MASH mice. This highlights the potential of ENTPDS as a therapeutic target for obesity-related
liver diseases.

It is important to note that while the HFHC diet induces fatty liver and fibrosis in mice, it does not fully recapitulate
the classical steatohepatitis or fatty liver disecase observed in humans. This limitation should be considered when
interpreting the results of our animal experiments. The observed hepatic steatosis and fibrosis in our mouse model
provide valuable insights but may not entirely represent the complexity of human MASH.

Future research should focus on further validating these findings through expanded animal studies, including protein
expression analysis, functional studies, and comprehensive biochemical assessments. These additional experiments will
provide deeper insights into the molecular mechanisms underlying obesity and MASH, and may pave the way for the
development of targeted therapies.

Conclusion

In conclusion, our study provides new perspectives on the role of glycosylation in obesity and MASH, emphasizing the
importance of glycosylation-related genes in these conditions. These findings offer a promising direction for future
research aimed at understanding and treating obesity and its related complications.
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