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Abstract
Objective

Cholesterol metabolic disturbance accompanies metabolic fatty liver disease (MAFLD) progression. This
study aimed to identify cholesterol metabolism-related core genes and explore their roles in MAFLD.

Methods

Four liver microarray datasets were analyzed, with GSE135251 as the training set and GSE48452,
GSE89632, and GSE126848 as validation sets. ssGSEA quantified cholesterol metabolic activity.
Differential expression and WGCNA identified candidate genes, and LASSO, SVM-RFE, and XGBoost
screened core biomarkers. Candidate drugs were predicted via DSigDB and validated by molecular
docking. A high-fat diet (HFD) mouse model was used for in vivo verification.

Results

MAFLD samples showed elevated cholesterol metabolic activity (P < 0.007). WGCNA and differential
analysis yielded 274 candidate genes enriched in lipid/steroid metabolism, inflammation, and
detoxification. From 93 PPI hub genes, the three algorithms identified INHBE, LGALS4, and PPP1R3C,
with AUCs of 0.940, 0.921, and 0.939 in the training set and good diagnostic performance in validation
sets. Co-Dergocrine Mesilate, Etoposide, and Trichostatin A stably bound these targets. In HFD mice,
hepatic expression of all three genes was upregulated, with elevated cholesterol, triglycerides, and
marked lipid accumulation.

Conclusion

INHBE, LGALS4, and PPP1R3C are potential diagnostic biomarkers and therapeutic targets for MAFLD,
whose progression is driven by cholesterol disturbance-mediated lipid deposition and inflammation.

1. Introduction

Metabolic fatty liver disease (MAFLD) is the most prevalent chronic metabolic liver disorder worldwide,
with excessive and abnormal lipid deposition in hepatocytes as its core pathological feature. Its disease
spectrum ranges from simple steatosis to steatohepatitis, liver fibrosis, and cirrhosis, and in severe
cases it can progress to hepatocellular carcinoma, thereby posing a serious threat to human health (=3l
Compared with the traditional concept of non-alcoholic fatty liver disease, MAFLD places greater
emphasis on metabolic disturbance as the central pathogenic driver and is closely associated with
metabolic abnormalities such as obesity, dyslipidemia, and insulin resistance [4.5] 1n recent years, driven
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by high-fat dietary patterns and increasingly sedentary lifestyles, the global prevalence of MAFLD has
continued to rise, exceeding 25% in the general population, with a noticeable trend toward younger onset
[6.71, Clinical studies have confirmed that simple hepatic steatosis can progressively evolve into
steatohepatitis in the absence of obvious symptoms, accompanied by hepatocyte inflammation,
necrosis, and hepatic fibrosis, making it a major risk factor for the progression of chronic liver disease,
liver failure, and hepatocarcinogenesis [ 9.

The liver is the central organ responsible for cholesterol synthesis, metabolism, and transport.
Maintaining cholesterol homeostasis is essential for preserving normal hepatic physiological function
['0]. Cholesterol metabolism mainly comprises four core processes: endogenous synthesis, exogenous
uptake, bile acid conversion, and lipid transport. Precise regulation of the genes involved in these
processes is critical for maintaining lipid metabolic homeostasis [°. Under normal physiological
conditions, the liver avoids abnormal lipid accumulation by regulating rate-limiting enzymes of
cholesterol synthesis, lipid-transport receptors, and metabolic pathway genes. When metabolic
disturbances occur, however, excessive cholesterol synthesis, abnormal increases in uptake, and
impaired metabolic clearance lead to intracellular cholesterol overload in hepatocytes and trigger
lipotoxic injury [ 101

Accumulating evidence indicates that cholesterol metabolic dysfunction is among the initiating factors
driving the occurrence and progression of MAFLD ["'l. Accumulated free cholesterol disrupts hepatic
mitochondrial structure and function, induces oxidative stress, promotes massive generation of reactive
oxygen species, and subsequently activates inflammatory pathways such as NF-kB, leading to
inflammatory infiltration, apoptosis, and necrosis of hepatocytes [12.13] At the same time, cholesterol
imbalance exacerbates hepatic lipid deposition and creates a vicious cycle of “lipid metabolic disorder—
lipid accumulation—inflammatory injury—fibrotic progression,” pushing simple steatosis toward severe
fatty liver disease ['* 131, Clinical epidemiological studies show that elevated serum total cholesterol and
low-density lipoprotein cholesterol levels are significantly positively correlated with MAFLD risk, and that
the prevalence of MAFLD is markedly higher in patients with hypercholesterolemia ' 171 Other studies
have further shown that aberrant activation of hepatic cholesterol metabolic pathways markedly
aggravates insulin resistance, worsens systemic metabolic disturbance, and accelerates disease
progression [18.19]

Existing metabolomic studies have established that cholesterol metabolic disturbance is one of the
most core metabolic abnormalities in MAFLD and can serve as an important metabolic signature for

disease diagnosis and severity assessment [20 211 However, current research largely focuses on
differential analysis at the metabolite level, and systematic investigations into the expression patterns,
regulatory networks, and clinical translational value of cholesterol metabolism-related regulatory genes
during MAFLD progression remain lacking. Stable and reproducible core gene biomarkers for early
MAFLD diagnosis are still scarce, and the discovery of candidate drugs targeting cholesterol
metabolism-related genes remains insufficient.
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To address this gap, the present study leveraged multiple human liver-tissue microarray datasets from
GEO and integrated ssGSEA-based cholesterol metabolism scoring, WGCNA, and differential expression
analysis to construct a candidate gene set related to cholesterol metabolism in MAFLD. LASSO, SVM-
RFE, and XGBoost machine-learning algorithms were used to screen core biomarkers, whose diagnostic
performance was validated in independent external datasets. Potential targeting drugs were predicted
using the DSigDB database, and drug—target protein binding was evaluated by molecular docking. In
addition, a high-fat diet-induced mouse MAFLD model was established to validate the in vivo expression
changes of the core genes INHBE, LGALS4, and PPP1R3C, as well as hepatic lipid phenotypes. This study
aims to elucidate the molecular mechanisms by which cholesterol metabolism-related genes regulate
MAFLD progression, and to provide new theoretical support for early diagnosis, mechanistic research,
and clinical targeted intervention in MAFLD

2. Methods
2.1 Data Sources and Preprocessing

Four MAFLD-related human liver tissue microarray datasets were downloaded from the Gene Expression
Omnibus (GEO) database: GSE135251, GSE48452, GSE89632, and GSE126848. The GSE135251 dataset
contained 206 MAFLD patient samples and 10 normal liver tissue control samples; GSE48452
comprised 18 MAFLD samples and 14 control samples; GSE89632 comprised 19 MAFLD samples and
24 control samples; and GSE126848 comprised 31 MAFLD samples and 14 control samples.
GSE135251 was used as the training set, whereas GSE48452, GSE89632, and GSE126848 served as
external validation sets. In addition, 50 cholesterol metabolism-related genes (CMRGs) were compiled

from previous literature for subsequent metabolic score quantification and gene screening analyses [22]

2.2 Quantification of Cholesterol Metabolism Activity
Scores

Single-sample gene set enrichment analysis (ssGSEA) was performed to quantify cholesterol
metabolism activity in each sample. Based on the set of 50 CMRGs, the "ssgsea" function in the R
package GSVA was used to calculate the cholesterol metabolism activity enrichment score for each
sample in the training set, thereby precisely reflecting the activity level of cholesterol metabolism at the
single-sample level. The Wilcoxon rank-sum test was used to compare metabolic scores between the
MAFLD group and normal control group, so as to define the overall dysregulation characteristics of
cholesterol metabolism under disease conditions.

2.3 Weighted Gene Co-Expression Network Analysis
(WGCNA)

The R package WGCNA (version 1.72) was used to construct a gene co-expression network and to
identify core gene modules highly associated with cholesterol metabolism activity and MAFLD disease
phenotype. First, a soft-thresholding power was set to ensure that the network conformed to scale-free
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topology (squared correlation coefficient threshold = 0.90). Genes were assigned to distinct co-
expression modules using hierarchical clustering combined with the dynamic tree-cutting algorithm.
Module eigengenes were calculated, and their correlations with the cholesterol metabolism activity
score and disease phenotype were evaluated. Modules meeting |r| > 0.3 and P < 0.05 were selected as
significant core modules, and all genes within these modules were extracted as candidate co-expressed
genes.

2.4 Screening of MAFLD-Associated Cholesterol
Metabolism-Related Differential Genes

Differentially expressed genes (DEGs) between MAFLD and control samples in the training set were
identified using the R package limma, with screening thresholds of P <0.05 and [log2FC| > 1.0. The
intersection between WGCNA core module genes and DEGs was obtained by Venn analysis to yield
MAFLD-related candidate cholesterol metabolism genes. Gene Ontology (GO) functional enrichment and
Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway enrichment analyses were performed using
the clusterProfiler package (version 4.4.4) to clarify the functional mechanisms and signaling pathways
involved. A protein—protein interaction (PPI) network of the candidate genes was constructed based on
the STRING database (organism: Homo sapiens; confidence score > 0.4), and hub interacting genes
within the network were extracted for subsequent analysis.

2.5 Machine Learning-Based Screening of Core Feature
Genes

To identify optimal MAFLD cholesterol metabolism-related feature genes, this study integrated 12
classical machine learning algorithms to construct diagnostic prediction models. Feature selection and
model training were completed through 113 algorithm combinations to obtain a subset of candidate
genes. Subsequently, three machine learning algorithms were integrated to screen core feature
biomarkers of MAFLD from these candidate genes. (i) LASSO regression: the R package glmnet was
applied with 10-fold cross-validation and 1,000 iterations, and key feature genes were selected based on
the minimum criterion of lambda.min, thereby eliminating gene collinearity and overfitting. (ii) SVM-RFE:
through 5-fold cross-validation, low-weight features were progressively eliminated to identify the feature
gene combination with the highest model accuracy and lowest error rate. (iii) XGBoost: the
SHAPforxgboost package was used to calculate the contribution of each gene to model prediction, and
core genes with high contribution were ranked and selected. Finally, the overlapping genes commonly
identified by all three algorithms were regarded as potential core biomarkers for MAFLD.

2.6 Molecular Docking Validation of Drug—Target Binding

Approved drugs capable of targeting and regulating the core biomarkers were retrieved from the DSigDB
database (https://dsigdb.tanlab.org/) to screen potential therapeutic agents. Molecular docking analysis
was performed to validate the binding activity between candidate drugs and core targets. Standard
accession numbers of the core target proteins were obtained from the UniProt database, and crystal
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structures of the target proteins (PDB format) were downloaded from the RCSB PDB database
(https://www.rcsb.org/); the 3D molecular structures of candidate drugs (SDF format) were downloaded
from the PubChem database (https://pubchem.ncbi.nim.nih.gov/). The online molecular docking tool CB-
Dock2 (http://clab.labshare.cn/cb-dock/) was used to perform blind docking simulations of the drugs
against the target proteins, and binding sites, binding energies, and hydrogen-bond interactions were
analyzed to verify drug—target binding affinity.

2.7 Animals and Experimental Procedures

All animal experiments were conducted in accordance with the ARRIVE guidelines and were approved by
the Institutional Animal Care and Use Committee of Guangzhou Jennio Biotech Co., Ltd. (Approval No.:
JENNIO-IACUC-2026-A056). Twelve male C57BL/6J mice (6 weeks old, weighing 18-22 g) were
obtained from the Experimental Animal Center of Southern Medical University and housed in a
temperature-controlled environment (20-24°C) under a 12 h:12 h light—dark cycle, with free access to
food and water. The mice were randomly divided into twogroups (n = 6 per group): (1) Control group: fed
a standard chow diet (Jiangsu Xietong Biotechnology Co., Ltd.) for 6 weeks; (2) Low-fat high-cholesterol
group: fed a diet containing 15% fat, 1.25% cholesterol, and 0.5% cholic acid (Jiangsu Xietong
Biotechnology Co., Ltd.) for 6 weeks.

2.8 Hematoxylin and Eosin (H&E) Staining

Liver specimens were fixed in 4% paraformaldehyde and embedded in paraffin. Paraffin blocks were cut
into 5-um-thick sections, which were then dewaxed and rehydrated. The sections were stained with H&E
solution (Sigma-Aldrich, St. Louis, MO, USA) for 10 min. Pathological changes in the liver were evaluated
by observing five different fields per section.

2.9 Oil Red O Staining

Liver specimens were collected and cut into frozen sections (5 pm), which were then stained with Oil Red
O solution (Solarbio Science & Technology Co., Ltd., Beijing, China) according to the manufacturer's
instructions. The percentage of steatotic hepatocytes was assessed based on relative lipid content, and
quantitative analysis was performed using ImagedJ software.

2.10 Statistical Analysis

All bioinformatics analyses were performed using R software (version 4.4.3). Comparisons between two
groups were conducted using the unpaired t-test, and P < 0.05 was considered statistically significant.

3. Results

3.1 Cholesterol Metabolism Activity Is Significantly
Dysregulated in MAFLD Patients

Page 6/17



The GSE135251 dataset was used to construct the training set, and GSE48452, GSE89632, and
GSE126848 served as validation sets. ssGSEA quantification showed that cholesterol metabolism
activity scores were significantly higher in MAFLD samples than in normal controls (P <0.001),
confirming that MAFLD progression is characterized by marked overactivation of cholesterol metabolism
and metabolic imbalance, thereby laying the foundation for subsequent gene screening and mechanistic
investigation (Fig. TA-D). Moreover, ROC analysis indicated that the overall cholesterol metabolism
activity score had high diagnostic value for MAFLD (Fig. 2A-D).

3.2 Screening and Functional Enrichment of MAFLD-
Associated Cholesterol Metabolism Candidate Genes

WGCNA showed that when the soft-thresholding power was set to 7, the network met the scale-free
topology criterion (r2 = 0.90), and 11 gene co-expression modules were ultimately identified (Fig. 3A-B).
Among them, six modules were significantly correlated with the cholesterol metabolism activity score
and MAFLD disease phenotype: the tan module (r=-0.509, P < 0.001), black module (r = - 0.490, P <
0.001), salmon module (r=-0.224, P<0.001), red module (r=0.658, P < 0.001), brown module (r=0.761,
P <0.001), and greenyellow module (r = 0.654, P <0.001), collectively comprising 4,191 module genes
(Fig. 3C). Differential expression analysis identified 471 MAFLD-related DEGs, including 247 upregulated
and 224 downregulated genes (Fig. 3D). Venn analysis of the intersection yielded 274 cholesterol
metabolism-related candidate dysregulated genes for MAFLD (Fig. 3E).

GO functional enrichment analysis showed that the candidate genes were significantly enriched across
biological process (BP), cellular component (CC), and molecular function (MF) categories (Fig. 4A). In
the BP category, the genes were predominantly enriched in heavy metal ion stress response and
detoxification events, including cellular responses to cadmium, copper, and zinc ions, inorganic
compound detoxification, and maintenance of intracellular zinc ion homeostasis; they were also
significantly enriched in lipid and steroid metabolic processes, covering alcohol metabolism, cholesterol
metabolism, steroid biosynthesis, and organic hydroxy compound synthesis, as well as in responses to
toxic substances and interleukin-1-mediated inflammatory responses. CC terms mainly involved
subcellular structures such as the RISC complex, RNAi effector complex, RNA polymerase Il transcription
regulator complex, late endosome, secretory vesicle lumen, and peroxisome. MF terms included
phospholipid binding, glycolipid binding, cytokine activity, DNA-binding transcription activator activity,
and amyloid-beta binding. KEGG pathway enrichment analysis indicated that the candidate genes were
mainly involved in lipid and steroid metabolism, heavy metal ion toxicity response, xenobiotic
detoxification, and cellular inflammatory response pathways. Collectively, these results suggest that the
candidate genes may participate in the onset and progression of the studied phenotype by regulating
metal ion detoxification, lipid metabolic reprogramming, and inflammatory responses (Fig. 4B). PPI
network analysis showed that 93 of the 274 candidate genes exhibited significant protein—protein
interactions and formed a core regulatory network; these genes were included in subsequent machine
learning screening (Fig. 4C).
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3.3 Machine Learning-Based Screening of MAFLD Core
Biomarkers

Machine learning screening was performed based on the 93 core interacting genes. Using 12 machine
learning algorithms, 113 prediction models were constructed, ultimately yielding 75 candidate genes
(Fig. 4D). Further analysis showed that LASSO regression identified 14 feature genes, with an optimal
lambda value of 0.0213 (Fig. 5A-B); the SVM-RFE model identified 7 core feature genes, at which point
the model achieved the lowest error rate and highest accuracy (0.844) (Fig. 5B—C); and the XGBoost
model ranked genes by contribution and selected the top 10 high-contribution feature genes (Fig. 5E).
The overlapping genes identified by all three algorithms yielded three final candidate core genes: INHBE,
LGALS4, and PPP1R3C (Fig. 5F).

3.4 INHBE, LGALS4, and PPP1R3C Are Identified as
Potential MAFLD Biomarkers

ROC curve analysis showed that in the training set, the AUC values were 0.940 for INHBE, 0.921 for
LGALS4, and 0.939 for PPP1R3C (Fig. 6A); in the validation sets, the mean AUC values were 0.894 for
INHBE, 0.847 for LGALS4, and 0.815 for PPP1R3C, indicating that all three genes have good diagnostic
and predictive performance for MAFLD (Fig. 6B—D). Expression analysis in the training set showed that
INHBE, LGALS4, and PPP1R3C were all highly expressed in MAFLD samples (Fig. 6E). In the validation
sets, INHBE, LGALS4, and PPP1R3C were significantly upregulated in the MAFLD groups of GSE48452,
GSE89632, and GSE126848, indicating that the validation results were fully consistent with the training
set and confirming the stable high expression of the three genes in MAFLD (Fig. 6F—H).

3.6 Subcellular Localization of Core Genes, Targeted Drug
Prediction, and Molecular Docking Validation

Using the DSigDB database, drug prediction identified 15 potential drugs targeting INHBE, 10 targeting
LGALS4, and 15 targeting PPP1R3C (Fig. 7A). Molecular docking showed that Co-Dergocrine Mesilate
bound stably to the active pocket of the INHBE protein, with an optimal binding free energy of - 9.6
kcal/mol, and interacted with key amino acid residues of INHBE through hydrogen bonds, indicating
excellent binding affinity (Fig. 7B—C). Etoposide bound to the optimal site of the LGALS4 protein with a
binding free energy of - 8.2 kcal/mol, stably occupying the active region of LGALS4 and effectively
modulating its protein activity (Fig. 7D-E). Trichostatin A bound to the optimal site of the PPP1R3C
protein with a binding free energy of - 7.1 kcal/mol, stably occupying the active region of PPP1R3C and
effectively modulating its protein activity (Fig. 7F-G). These findings confirm that the three drugs
possess a molecular basis for targeted intervention in MAFLD.

3.7 In Vivo Validation in a Mouse Model
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In the high-fat diet-induced mouse MAFLD model, gross anatomical examination revealed that the liver
tissue of HFD-fed mice appeared pale and whitish, and abundant gallstones were observed in the
gallbladder, whereas none of these phenomena were present in the control group (Fig. 8A). HE staining
showed obvious fatty vacuoles and lipid accumulation in the liver tissue of model mice (Fig. 8B), and Oil
Red O staining likewise confirmed lipid accumulation, consistent with the pathological features of
MAFLD (Fig. 8C). IHC detection confirmed that the gene and protein expression levels of INHBE, LGALS4,
and PPP1R3C in the liver tissue of the model group were significantly higher than those in the normal
control group, fully consistent with the bioinformatics analysis results (Fig. 8D).

4. Discussion

The core pathogenesis of MAFLD lies in the imbalance of hepatic metabolic homeostasis, among which
cholesterol metabolic disturbance serves as a key initiating factor driving disease progression from

simple lipid deposition to inflammation and fibrosis [9.23] previous studies have mostly focused on the
lipidomic and metabolomic differences of MAFLD and have clarified abnormal changes in cholesterol

metabolites [24]; however, systematic multi-dataset studies on the mechanistic roles and clinical
translational value of core cholesterol-metabolism-regulating genes during MAFLD progression remain
limited. In this study, by integrating multiple GEO datasets and combining ssGSEA-based metabolic
scoring, WGCNA, differential gene analysis, multi-machine-learning screening, molecular docking, and in
vivo validation in high-fat-diet mice, we systematically investigated the regulatory roles of cholesterol
metabolism-related genes in MAFLD and identified INHBE, LGALS4, and PPP1R3C as potential core
biomarkers and therapeutic targets for MAFLD.

Our ssGSEA analysis confirmed that cholesterol metabolism activity scores were significantly elevated in
the liver tissues of MAFLD patients, suggesting abnormal activation of the overall hepatic cholesterol
metabolic pathway and imbalance of lipid homeostasis, ultimately leading to hepatocellular lipid
accumulation. Combined WGCNA and differential expression screening yielded 274 candidate genes
with dysregulated cholesterol metabolism. Functional enrichment showed that, in addition to
participating in classical MAFLD pathological processes such as lipid deposition, steroid biosynthesis,
and inflammatory response, these candidate genes were also significantly enriched in biological events
including heavy metal ion stress and xenobiotic detoxification. This indicates that cholesterol metabolic
disturbance is not an isolated event; rather, it can act synergistically with cellular detoxification and
oxidative stress pathways to jointly promote MAFLD progression. Excessive cholesterol accumulation
damages hepatocyte mitochondria, promotes ROS release, activates downstream inflammatory
signaling pathways, and amplifies hepatic inflammatory injury, thereby forming a vicious cycle of

“cholesterol metabolic disturbance-lipotoxic injury—inflammatory activation—disease progression” ['4

25].

Based on the PPI network, 93 core genes with protein—protein interactions were obtained. Further joint

screening with three machine learning algorithms—LASSO, SVM-RFE, and XGBoost—followed by

intersection analysis, identified three core genes: INHBE, LGALS4, and PPP1R3C. Multi-dataset ROC
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validation showed that all three genes exhibited good diagnostic performance for MAFLD in both the
training set and three independent external validation sets, and were stably upregulated in MAFLD
samples, suggesting that they may serve as potential biomarkers for the early diagnosis of MAFLD.

INHBE, an inhibin BE subunit, participates in the regulation of metabolic homeostasis, cell proliferation,
and inflammatory responses; existing studies suggest that it is involved in hepatic metabolic
disturbance and steatosis [2%1. LGALS4, a member of the galectin family, mediates cell adhesion,
inflammatory signaling, and lipid-related signal regulation; it is upregulated in chronic liver diseases and
contributes to shaping the hepatic inflammatory microenvironment [27- 28] ppp1R3C, as a regulatory
subunit of protein phosphatase 1, is involved in glycogen and lipid metabolism regulation, and its
increased expression can promote lipid accumulation in hepatocytes 2% 3% Qur in vivo IHC results
confirmed that INHBE, LGALS4, and PPP1R3C protein expression was significantly upregulated in the liver
tissue of high-fat-diet-induced MAFLD mice, accompanied by elevated hepatic cholesterol and
triglycerides and obvious steatosis, further supporting the roles of these three genes in MAFLD
pathogenesis.

To explore potential clinical translational value, candidate drugs targeting these three core genes were
predicted using the DSigDB database, and molecular docking was performed. The docking results
showed that Co-Dergocrine Mesilate, Etoposide, and Trichostatin A could stably bind the proteins INHBE,
LGALS4, and PPP1R3C, respectively, with relatively low binding free energies, indicating molecular
potential for targeted regulation of these targets and providing candidate molecular clues for MAFLD
targeted drug development.

This study still has several limitations. First, it is fundamentally a bioinformatics study combined with an
animal model; the diagnostic value of INHBE, LGALS4, and PPP1R3C in human MAFLD cohorts, as well
as the in vivo therapeutic effects of the candidate drugs, still require validation by large-sample clinical
cohorts and additional animal intervention experiments. Second, we only verified the upregulation of
these three core genes in MAFLD liver tissue; the specific upstream and downstream molecular
mechanisms by which INHBE, LGALS4, and PPP1R3C regulate hepatic lipid deposition and inflammatory
injury still need to be elucidated by in vitro cellular functional experiments. Finally, the mutual regulatory
network between the cholesterol metabolic pathway and these three core genes, as well as the
mechanism by which multiple genes cooperatively promote MAFLD progression, warrant further
investigation.

In summary, this study systematically demonstrates that dysregulation of cholesterol metabolism-
related genes is an important driver of MAFLD progression. INHBE, LGALS4, and PPP1R3C can serve as
novel biomarkers for early MAFLD diagnosis and as potential targets for precision therapy. Cholesterol
metabolic disturbance promotes MAFLD progression by regulating lipid deposition and inflammatory
pathways. The findings of this study provide a theoretical and experimental basis for mechanistic
dissection, early screening, and development of targeted intervention strategies in metabolic fatty liver
disease.
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Abbreviations

AUC

area under the (ROC) curve

BP

biological process

CB-Dock2

cavity-detection guided blind docking, version 2
CcC

cellular component

CMRGs

cholesterol metabolism-related genes

CV

cross-validation

DEGs

differentially expressed genes

FC

fold change

GEO

Gene Expression Omnibus

GO

Gene Ontology

GSEA

gene set enrichment analysis

GSVA

gene set variation analysis

H&E

hematoxylin and eosin

HFD

high-fat diet

IHC

immunohistochemistry

KEGG

Kyoto Encyclopedia of Genes and Genomes
LASSO

least absolute shrinkage and selection operator
log2FC

log, (base-2) fold change

MAFLD

metabolic dysfunction-associated fatty liver disease
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PPI

protein—protein interaction

PDB

Protein Data Bank

ROC

receiver operating characteristic

ROS

reactive oxygen species

SHAP

SHapley Additive exPlanations

SSGSEA

single-sample gene set enrichment analysis
STRING

Search Tool for the Retrieval of Interacting Genes/Proteins
SVM-RFE

support vector machine-recursive feature elimination
WGCNA

weighted gene co-expression network analysis
XGBoost

extreme gradient boosting

INHBE

inhibin subunit beta E

LGALS4

galectin 4

PPP1R3C

protein phosphatase 1 regulatory subunit 3C
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Figure 5

Machine learning-based screening of core MAFLD biomarkers. (A) LASSO coefficient profiles of the 93
core interacting genes plotted against log(A). (B) Ten-fold cross-validation for LASSO: binomial deviance
(y-axis) versus log(\) (x-axis). The vertical dashed line indicates A.min = 0.0213, at which 14 feature
genes were retained. (C) SVM-RFE: cross-validation error rate as a function of the number of retained
features; the minimum error rate was achieved with 7 feature genes. (D) SVM-RFE: cross-validation
accuracy as a function of the number of retained features; the maximum accuracy was 0.844 at 7
feature genes. (E) XGBoost: ranking of the top 10 feature genes according to their mean SHAP (SHapley
Additive exPlanations) values, which quantify each gene's contribution to model prediction. (F) Venn
diagram showing the overlap among the gene sets identified by LASSO (n = 14), SVM-RFE (n = 7), and
XGBoost (n = 10). Three genes—INHBE, LGALS4, and PPP1R3C—were commonly identified by all three
algorithms and were defined as the core MAFLD biomarkers.
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Figure 7

Targeted drug prediction and molecular docking validation. (A) Drug—gene interaction network
predicted using the DSigDB database. A total of 15, 10, and 15 potential compounds were predicted to
target INHBE, LGALS4, and PPP1R3C, respectively. (B, C) Binding mode of Co-Dergocrine Mesilate to the
INHBE protein: (B) three-dimensional cartoon representation of the ligand within the predicted active
pocket, and (C) two-dimensional schematic of the intermolecular interactions. The optimal binding free
energy was -9.6 kcal/mol, and hydrogen bonds with key amino acid residues of INHBE are indicated by
dashed lines. (D, E) Binding mode of Etoposide to the LGALS4 protein: (D) three-dimensional
representation and (E) two-dimensional interaction schematic; optimal binding free energy = -8.2
kcal/mol. (F, G) Binding mode of Trichostatin A to the PPP1R3C protein: (F) three-dimensional
representation and (G) two-dimensional interaction schematic; optimal binding free energy = -7.1
kcal/mol.
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