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Abstract

Non-alcoholic fatty liver disease (NAFLD) is prevalent worldwide and seriously affects
health. M6A methylation is crucial in its pathogenesis. In this study, a thorough analysis of
three gene expression datasets identified nine key differentially expressed genes DEGs
associated with m6A methylation in NAFLD that are involved in important biological
processes. Subsequently, functional enrichment analysis, weighted gene co-expression
network analysis (WGCNA), gene set variation analysis (GSVA) and immune infiltration
analysis were conducted to explore the molecular mechanism and gene expression
patterns. The LASSO risk model contains a total of 5 m6A-related differentially expressed
genes (m6A-RDEGs)(RBM15, IGF2BP2, EIF3B, YTHDC1, WTAP), and the diagnostic
model based on these key genes has high accuracy. Among them, YTHDC1 and WTAP
are used as prominent biomarkers. In addition, an interaction network between mRNA
and miRNA, RNA-binding protein (RBP), transcription factor (TF) and drugs is also con-
structed. Finally, the animal model of NAFLD was successfully established and validated
by RT-gPCR and western blot. This study provides a valuable tool for clinical diagnosis
and drives the progress of NAFLD research.

Introduction

Nonalcoholic fatty liver disease (NAFLD) is a frequently observed disorder. It is a typical
feature of hepatic fat accumulation in people who consume little or no alcohol. It represents
a liver presentation of metabolic syndrome, which is closely related to obesity, dyslipidemia,
and type 2 diabetes [1]. Its prevalence is between 20% and 30% globally, making it a frequent
risk factor for chronic liver disease. About 25% of the U.S. population is affected by NAFLD,
with a significant proportion progressing to nonalcoholic steatohepatitis (NASH), cirrhosis,
fibrosis, or even hepatocellular carcinoma [2,3]. Although the prevalence of NAFLD is high,
the mechanism underlying its pathogenesis remains unclear, and specific pharmacological
therapeutic techniques approved for NAFLD or NASH are lacking. Lifestyle modifications,
such as diet and exercise, are the main ways to manage NAFLD, but these strategies are often
insufficient, highlighting the need to develop novel therapeutic approaches.
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The effect of N6-methyladenosine (m6A) RNA methylation, a dynamically reversible
process catalyzed by writers, erasers, and readers, on various conditions has recently attracted
considerable attention. It has the highest prevalence among endogenous eukaryotic messenger
RNA (mRNA) modifications [4] and plays a key role in regulating mRNA stability, splic-
ing, translation, and attenuation [5]. Recently, m6A methylation was reported to affect liver
metabolism, fibrosis, and inflammation, indicating its effect on the pathogenesis of NAFLD
[6]. For example, METTL3 and FTO regulate adipogenesis by influencing m6A methylation
and RUNXI1T1 levels. Additionally, overexpression of FTO can increase lipid accumulation
and decrease m6A methylation levels in adipocytes, whereas the overexpression of METTL3
can inhibit lipid accumulation and increase m6A methylation levels [7-10]. YTHDC2 can
bind to adipogenic gene mRNAs and reduce mRNA stability while inhibiting the expression
of corresponding genes, thus inhibiting adipogenesis to regulate TG homeostasis and inhibit
hepatic steatosis [5]. These findings indicate that m6A methylation is crucial for treating
NAFLD.

As m6A RNA methylation is important for NAFLD, in this study, differential m6A-
related gene expression in NAFLD patients was assessed, and their biological functions and
underlying mechanisms of action were investigated. Data from three independent datasets
(GSE89632, GSE37031, and GSE135251) were used, and differential expression gene analysis,
weighted gene coexpression network analysis (WGCNA), functional enrichment analysis,
gene set variation analysis (GSVA), and immune infiltration analysis were performed. Addi-
tionally, nRNA-miRNA, mRNA-RBP, mRNA-TE and mRNA-drug interaction networks
were established to identify possible therapeutic targets. Key findings were validated through
animal experiments, including RT-qPCR and Western blotting assays.

Our comprehensive analysis revealed that m6A-related genes, which are related to vari-
ous biological processes and pathways associated with disease progression, are differentially
expressed in NAFLD. These results provided new insights into the molecular mechanisms
underlying NAFLD. Targeting m6A RNA methylation can offer a novel therapeutic approach
for this prevalent and challenging liver disease.

Materials and methods
Data acquisition

We obtained the GSE89632, GSE37031, and GSE135251 datasets, which are relevant to
NAFLD, from the Gene Expression Omnibus (GEO) database [11] using the R package GEO-
query [12]. The samples in these datasets were collected from human livers (Homo sapiens).
We specifically profiled GSE89632 on the GPL14951 platform, GSE37031 on the GPL14877
platform, and GSE135251 on the GPL18573 platform. These platforms are summarized in SI
Table.

All datasets comprised samples from individuals with NAFLD and healthy controls.
GSE89632 included 39 NAFLD samples and 24 control samples, GSE37031 included eight
NAFLD samples and seven control samples, and GSE135251 included 206 NAFLD samples
and 10 control samples. This study included all of these samples.

The m6A-related gene set was curated from the PubMed literature, which yielded 97 genes.
After merging and removing duplicates, 34 unique m6A-related genes were identified (S2 Table).

To mitigate batch effects, the R package sva was used for processing the datasets GSE89632
and GSE37031, resulting in an integrated GEO dataset including 47 NAFLD samples and 31
control samples. Additionally, principal component analysis (PCA), a dimensionality reduc-
tion approach that projects high-dimensional data onto lower-dimensional space, was used to
verify batch effect removal efficiency, facilitating visualization in 2D/3D plots.
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Finally, the R package limma was used to normalize and annotate the probes of the inte-
grated GEO dataset and GSE135251, ensuring standardized expression data for subsequent
analysis.

Identification of NAFLD-related differentially expressed genes (m6A-
RDEGs)

To elucidate the biological pathways related to DEGs and their associated mechanisms in
NAFLD, the limma package was used to analyze the differentially expressed genes (DEGs)

of the NAFLD dataset and the GSE135251 dataset. DEGs were screened according to the
threshold of log fold change (IogFC) >0 and adjusted p-value (adj. P. Val) <0.05. Genes with a
positive logFC value were considered to be upregulated, whereas those with a negative logFC
value were considered to be downregulated.

To identify m6A-RDEGs related to NAFLD, the variance of the NAFLD dataset and
GSE135251 were standardized. We then cross-referenced the DEGs with the m6A-related
gene set and used a Venn diagram to illustrate these gene set intersections. The R package
ggplot2 was used to draw volcano plots, whereas pheatmap was used to generate heatmaps to
visualize the results of the DEG analysis.

Functional enrichment analysis (GO) of differentially expressed genes

We performed Gene Ontology (GO) annotation, which includes biological process (BP),
molecular function (MF), and cellular component (CC) terms, on m6A-RDEGs using the R
package clusterProfiler. The p-value threshold and the Benjamini-Hochberg (BH) approach
were used to correct the p-value to control the false discovery rate.

WGCNA of the NAFLD dataset

We conducted WGCNA with the R package [13], with RsquaredCut set to 0.85, a minimum
of 100 module genes, and a module combined splicing height of 0.4. This approach facilitated
the identification of coexpression modules associated with genes from different groups in the
NAFLD dataset (Control/NAFLD). The m6A-RDEGs identified through differential analysis
subsequently overlapped with module genes exhibiting the highest correlation between the
NAFLD group and the control group to identify candidate genes.

Key gene screening and LASSO risk model construction

The support vector machine (SVM) model was constructed based on the m6A-RDEG levels
of the NAFLD dataset to identify the most accurate and least erroneous genes related to m6A
(m6A-RDEGS). Subsequently, the least absolute shrinkage and selection operator (LASSO)
regression was performed using the R package glmnet, and reproducibility was ensured by set-
ting the number of seeds to 500. LASSO regression, which includes a penalty term to mitigate
overfitting, was illustrated through diagnostic and variable trajectory plots. The m6A-RDEGs
selected by the final LASSO model were considered to be key genes for subsequent analyses.
We computed the risk score using the LASSO risk score formula and stratified the NAFLD
dataset into high-risk or low-risk categories based on the median risk score. This methodology
was also extended to the GSE135251 dataset. Moreover, the LASSO risk score (RiskScore) was
determined as follows:

RiskScore = ZCoefﬁcient (genei) * mRNA Expression(genei) (1)
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Diagnostic performance of key genes and validation of the LASSO risk
model

Using the R package rms, a nomogram was constructed based on the LASSO regression
results to illustrate the relationships of key gene levels in the NAFLD dataset with the diag-
nosis of NAFLD. The R package ggDCA [14] was used to produce decision curve analysis
(DCA) plots based on these key genes; this approach is used to evaluate molecular biomarkers,
perform diagnostic tests, and construct clinical prediction models. Using similar methods,
another nomogram was constructed to depict the relationship between key gene expression

in the GSE135251 dataset and NAFLD diagnosis. Subsequently, ggDCA was used to produce
DCA plots based on these key genes.

Immune infiltration analysis

To assess the proportions of various immune cell infiltrates, we used a single-sample gene
set enrichment analysis (ssGSEA) algorithm. The enrichment scores derived from the GSVA
package in R reflected the presence of various immune cells among different samples [15,16].

Boxplots were drawn to illustrate differences in the infiltration levels of immune cells
between the NAFLD and control groups. We determined Pearson correlation coefficients
between two groups within this dataset and graphically represented them using the R package
ggplot2.

The NAFLD dataset’s gene expression matrix was integrated to calculate and present cor-
relations between immune cells and key genes through correlation point plots with ggplot2.
Additionally, ssGSEA was applied to all genes in the NAFLD dataset to analyze enrichment
differences and parameters consistent with those used for the NAFLD and control groups
were used.

m6A phenotype score

The R package GSVA was used to calculate the m6A phenotype score (m6A score) via the
ssGSEA algorithm on key gene expression matrices from the NAFLD and GSE135251 data-
sets, which were associated with NAFLD. All samples were categorized into high-m6A or
low-m6A score groups based on the median score; this grouping facilitated the comparison of
the m6A score distributions across the datasets.

We also generated receiver operating characteristic (ROC) curves for the m6A score
in both datasets using the R package pROC, delineating the performance in the high and
low groups. The efficacy of the key genes in reflecting the m6A phenotype score was also
assessed using these curves. Then, the area under the curve (AUC) was used to evalu-
ate diagnostic performance; the AUC value ranged from 0.5 to 1. An AUC closer to 1
signifies greater diagnostic efficacy, while AUCs of 0.5-0.7 suggest poor performance,
those of 0.7-0.9 suggest moderate performance, and values exceeding 0.9 denote high
performance.

Construction of mRNA-miRNA, mRNA-RBP, mRNA-TF, and mRNA-drug
interaction networks

We used the ENCORI database to predict miRNAs potentially interacting with key genes
and subsequently constructed an mRNA-miRNA interaction network by selecting pairs that
were documented across at least four sources. RNA-binding proteins (RBPs) were identified
through the same database, applying criteria of clusterNum > 7 and clipExpNum > 7 to filter
mRNA-RBP interaction pairs for network visualization.
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Transcription factors (TFs) binding to key genes were determined by CHIPBase (version
3.0) and the hTFtarget database. The Cytoscape software was used to visualize the mRNA-TF
interaction network, which helped us understand human health-related information.

This study assessed the CTD database to predict small molecules or drugs that interact with
key genes, with the mRNA-drug interaction network visualized using the Cytoscape software
for determining potential therapeutic relationships.

Experimental animals and groups

Our study protocol was approved by the Medical Ethics Committee of the First Affiliated Hos-
pital of Yunnan University of Traditional Chinese Medicine(DW-2024-029). The experiments
strictly adhered to animal ethics guidelines. Wild-type male C57BL mice (18-20g, six weeks
old) were raised in a temperature-controlled room (23 +1 °C) under a 12-h/12-h light-dark
cycle and allowed free access to water and food. After acclimating to a standard chow diet for
one week, they were randomly assigned to either the normal diet control (CON) group or the
high-fat diet (HFD) group (n = 8 mice/group). The animals were maintained on these diets
for 12 weeks after NAFLD induction. After this experiment ended, they were euthanized with
1% sodium pentobarbital (3 ml/kg) to collect liver tissue samples for either hematoxylin and
eosin (H&E) and Oil Red O staining or immediately flash frozen in liquid nitrogen and later
preserved at -80 °C before use.

Histopathological observation

After immersing in 4% paraformaldehyde for 24 h, the liver tissues were dehydrated, embed-
ded in paraffin, and cut into 5-7-pm slices before H&E staining. To conduct Oil Red O stain-
ing, liver samples were frozen in OCT compound, sliced into 8-um sections, and stained with
Oil Red O. Each group included six animals, and microscopic observations were conducted
using a Thermo microscope (Waltham, MA, United States) at 100x magnification; four fields
of view per sample were examined to assess changes in liver tissue.

RT-qPCR analysis

Initially, TRIzol (Invitrogen) was used to isolate liver RNA, which was subsequently
reverse-transcribed into cDNA with PrimeScript™ RT Master Mix (TAKARA). RT-qPCR
analysis was performed using an Agilent MX3000P system with SYBR Premix Ex Taq II
(TAKARA). Each reaction mixture consisted of SYBR Premix Ex Taq II (10 uL), the corre-
sponding primers (0.5 pL), cDNA (1 pL), and ddH,0 (8 pL). The PCR amplification condi-
tions were as follows: initial denaturation at 95 °C for 30s; 5s at 95 °C; and 105 at 62 °C for
40 cycles. The 2-44“ method was used to quantify gene expression, with GAPDH used as the
reference. The detailed primer sequences are listed in S3 Table.

Western blotting

Liver tissues were lysed using RIPA buffer (Beyotime, Shanghai, China) containing protease
inhibitors for protein extraction. The protein content was analyzed using the BCA approach,
followed by 5 min of boiling at 95 °C. Next, 60 pg of protein was loaded per well, followed

by 1h of separation through 12% SDS-PAGE at 110 V. After transferring the proteins to the
PVDF membranes, the membranes were immersed in 5% nonfat milk at ambient tempera-
ture (20-25 °C) for 2h. GAPDH(proteintech. 60004-1-Ig), EIF3B(proteintech. 10319-1-AP),
IGF2BP2(proteintech. 11601-1-AP), YTHDCI (proteintech.14392-1-AP), RBM15(proteintech.
22249-1-AP), and WTAP(proteintech) primary antibodies were applied to the membranes
and incubated overnight at 4 °C. The membranes were washed three times and incubated with

PLOS One | https://doi.org/10.1371/journal.pone.0321757 May 28, 2025 5/23




PLOS ONE

m6A Genes’ Role in NAFLD

HRP-conjugated secondary antibody(Proteintech. RGAR001) for 1 h, exposed in a standard
enhanced chemiluminescence reaction accord ing to manufacturer’s instructions (Servicebio.
G2020), and the Image] software was used to quantify the immunoreactive bands.

Statistical analysis

The data were processed and analyzed using the R software (version 4.1.2). Continuous data were
presented as the mean + SD and analyzed by the Wilcoxon rank sum test and the Kruskal-Wallis
test between two and multiple groups. Categorical data were analyzed by conducting the Chi-
square test or Fisher’s exact test. The molecular correlation coefficients were computed using
Spearman’s correlation analysis, with P < 0.05 indicating statistical significance.

Result
Analysis of metabolism-related differential genes in NAFLD

NAFLD-related genes were comprehensively analyzed using the GSE89632 and GSE37031
datasets. The sva package in R was used to mitigate batch effects, followed by normalization
with the limma package to create a unified NAFLD dataset (Fig 1A-1B), encompassing 47
NAFLD and 31 healthy control samples. The PCA results confirmed a substantial reduction
in batch effects and improved sample uniformity post-correction (Fig 1C-D). The GSE135251
dataset, comprising 216 samples (206 NAFLD and 10 normal samples), was also standardized
to achieve homogenous expression profiles (Fig 1E-1F).

By conducting differential expression analysis, we identified 14,612 DEGs in the NAFLD
dataset, with 5,250 genes satisfying the thresholds (|logFC| > 0, adj.P. Val < 0.05). These DEGs
included 2,974 upregulated and 2,276 downregulated genes. Similarly, the GSE135251 dataset
revealed 15,826 DEGs, of which 7,133 genes met the criteria, with 3,471 upregulated and 3,662
downregulated genes. These results were visualized using volcano plots (Fig 2A-B).

To identify m6A-RDEGs, we initially identified DEGs common to both datasets by making
a Venn diagram (Fig 2C). Further intersection with m6 ARGs revealed nine m6A-RDEGs,
which are illustrated in a Venn diagram (Fig 2D). Their expression variability was assessed by
conducting the Wilcoxon signed rank test, which revealed significant differences and sub-
stantial significance in the NAFLD and GSE135251 datasets (Fig 2E and 2F). The differential
expression profiles of these genes were then elucidated and presented in a heatmap drawn
using the R package pheatmap (Fig 2G-2H).

GO annotation of m6A-RDEGs

To further elucidate the biological implications of nine m6A-rDEGs in NAFLD, GO functional
annotation was conducted on these genes (S4 Table). The results of the analysis showed that the
above genes were related mostly to the regulation of alternative mRNA splicing, a process intrin-
sic to the spliceosome, as well as other mRNA metabolic processes, including RNA methylation.
Regarding cellular components, the genes were strongly associated with the eukaryotic translation
initiation complex and nuclear speck. Regarding molecular functions, the genes were involved in
translation initiation factor activity, nucleic acid binding, and RNA binding, among others. The
GO results were presented using bar charts (Fig 3A) and a network diagram (Fig 3B-D).

Additionally, an integrated logFC GO enrichment analysis was performed for the nine
m6A-rDEGs, and the respective z scores of diverse molecules were calculated based on their
logFC values upon differential analysis of the NAFLD dataset. The results of the combined
logFC GO enrichment analysis are shown using a bubble plot (Fig 3E); the findings indicate
that most of the enriched GO terms were related to BP.
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dataset GSE135251. C. Venn diagram of differentially expressed genes in NAFLD dataset and differentially expressed genes in dataset GSE135251. D. Venn
diagram of common differentially expressed genes (DEGs) and m6A related genes (m6A). E. Differential expression analysis of m6A-RDEGs in NAFLD
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Differential gene analysis and WGCNA of the NAFLD dataset

To analyze the DEGs of the different groups in the NAFLD dataset (NAFLD vs. control),
we conducted WGCNA. The 20% genes with the most significant differences according

to mean expression were used to perform hierarchical clustering, which delineated the
NAFLD samples, as shown in Fig 4A. Using a power threshold criterion of 0.85, an optimal
value of 4 was used for network construction, categorizing genes into MEgray, MEyellow,
MEturquoise, MEblue, and MEbrown modules (Fig 4C). A module merge cutoff height of
0.4 was set, facilitating the consolidation of modules with shear heights below this threshold
(Fig 4D). The gene expression patterns were correlated with the phenotypic classification
of NAFLD subtypes, identifying four key modules (MEyellow, MEblue, MEturquoise, and
MEgray) in the dataset (Fig 4E). By intersecting the nine m6A-RDEGs with the MEblue
module and subsequently with the MEturquoise and MEyellow modules, six m6A-related
genes (METTL5, EIF3B, EIF3A, ZNF217, RBM15, and YTHDF1) were identified, as shown
in Fig 4F-4H.

Key gene screening and LASSO risk model construction

The SVM model, which was developed with nine m6A-RDEGs, identified six genes that
maximized the diagnostic accuracy for NAFLD (Fig 5A-5B). These genes were further refined
through LASSO regression, yielding a model involving five genes, including RBM15, IGF2BP2,
EIF3B, YTHDCI, and WTAP (Fig 5C-5D). A RiskScore was calculated for the NAFLD and
GSE135251 datasets, stratifying NAFLD patients into high-risk or low-risk groups according
to the median RiskSore. RiskSore was calculated using the following equation:

RiskScore = (—4.992) * RBM15+(—0.732) * IGF2BP2 +(—1.031) * EIF3B

+(-1.375) % YTHDC1+(—0.658) * WTAP @

We constructed a logistic regression diagnostic model with a nomogram illustrating the

effect of key gene expression on the diagnosis of NAFLD, highlighting RBM15, WTAP, and
IGF2BP2 as significant contributors (Fig 5F). The results of the DCA confirmed the clinical
utility of the model, revealing a superior net benefit over standard benchmarks (Fig 5G). For
the GSE135251 dataset, a similar nomogram was constructed, and DCA was performed, based
on which YTHDC1, WTAP, and RBM15 were identified as particularly influential, with the
model demonstrating higher diagnostic potential (Fig 5H-5I).

Differential analysis of the ssGSEA immune characteristics of the NAFLD
dataset

To further investigate the immune characteristics of key genes in the NAFLD dataset, we used
the ssGSEA algorithm to calculate the infiltration levels of 28 immune cell types, such as acti-
vated B cells, CD8+ T cells, and CD4+ T cells (Fig 6A), in the NAFLD group and the normal
group. The results of the correlation analysis showed a significant positive correlation between
the degree of cell infiltration in the NAFLD cohort (Fig 6B). Moreover, five key genes were
related to these immune cell infiltration levels, revealing substantial positive relationships at
the P < 0.05 threshold (Fig 6C).

Construction of m6A phenotype scores and correlation analysis of key
genes

An m6A phenotype score was derived from the expression of five key genes (RBM15,
IGF2BP2, EIF3B, YTHDCI1, and WTAP) in the NAFLD dataset and the GSE135251 cohort.
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with MEblue (F), MEturquoise (G) and MEyellow (H) module genes. WGCNA: Weighted gene co-expression network analysis.
Méa-rdegs: m6A related differentially expressed genes. NAFLD: Nonalcoholic fatty liver disease.

https://doi.org/10.1371/journal.pone.0321757.9004

The m6A phenotype score was calculated for each sample using the ssGSEA algorithm. The
results of the Mann-Whitney U tests revealed significant differences in the expression of key
genes, such as IGF2BP2, YTHDCI, and EIF3B, between groups stratified by the m6A phe-
notype score in the NAFLD dataset (Fig 7A). Similar findings were recorded for the RBM15,
YTHDC1, and WTAP genes in the GSE135251 dataset (Fig 7B).

Diagnostic efficacy was further assessed through ROC curve analysis, which yielded AUC
values that suggested substantial diagnostic potential for IGF2BP2, YTHDCI1, and WTAP in
the NAFLD dataset (Fig 7D-7F). Conversely, RBM15 and WTAP showed lower diagnostic
utility (Fig 7C-7G). In the GSE135251 dataset, YTHDCI and WTAP were found to be strong
diagnostic indicators (Fig 7K-7L), in contrast to RBM15, IGF2BP2, and EIF3B, which showed
lower diagnostic efficacy (Fig 7H-7]).

Construction of the interaction network of mRNAs-miRNAs, mRNAs-
RBPs, mRNAs-TFs, and mRNAs-drugs

The mRNA-miRNA interactions that involved five key genes were predicted using the star-
Base database, whereas the Cytoscape software was used to visualize the resulting network
(Fig 8A). The network included four key genes (IGF2BP2, EIF3B, YTHDCI, and WTAP) and
43 miRNA molecules, with 44 mRNA-miRNA pairs identified. The detailed interactions can
be found in S5 Table. We predicted mRNA-RBP interactions based on the ENCORI database
and visualized them (Fig 8B). This network included five key genes (RBM15, IGF2BP2, EIF3B,
YTHDCI, and WTAP) and 23 RBP molecules, which formed 58 mRNA-RBP interactions.
The specific interactions are detailed in S6 Table. Transcription factor (TF) binding to key
genes was identified through the CHIPBase and hTFtarget databases, with interaction data
visualized (Fig 8C). The mRNA-TF network included 52 TFs that interacted with two key
genes (RBM15 and IGF2BP2), with RBM15 exhibiting 53 mRNA-TF pairs. These interactions
are listed in S7 Table. The CTD database was used to identify possible molecular compounds
and drugs that target these five key genes, followed by a description of the mRNA-drug inter-
action network (Fig 8D), which included 61 compounds related to key genes, with specific
interactions provided in S8 Table.

Confirmation of the hub genes in the mice used as a model for NAFLD

Compared to the control group, the model (MOD) group presented significantly higher
mouse body weights and an elevated liver index. The total cholesterol (T'C) and triglyceride
(TG) contents in the liver and serum also increased considerably, and alanine aminotrans-
ferase (ALT) and aspartate aminotransferase (AST) activities also increased substantially.
Histological analysis of NAFLD mice revealed severe steatosis of hepatocytes, characterized
by small round cytoplasmic vacuoles and lymphocyte infiltration around the central vein or
within the lobules (Fig 9).

Validation by RT-qPCR

The results of the RT-qPCR analysis confirmed that the expression of the EIF3B mRNA was
elevated in the NAFLD group compared to its expression in the control group, whereas the
expression of the RBM15, YTHDCI, and WTAP levels were reduced. These findings were
consistent with the results of our bioinformatics analysis (Fig 10).
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>

based on dataset GSE135251. I. Decision curve analysis (DCA) plot of key genes of non-alcoholic fatty liver disease (NAFLD) diagnostic model
based on dataset GSE135251. SVM: Support Vector Machine. M6a-rdegs: m6A related differentially expressed genes, NAFLD: Nonalcoholic fatty
liver disease, LASSO, Least Absolute Shrinkage and Selection Operator.

https://doi.org/10.1371/journal.pone.0321757.9005
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Fig 7. Construction of m6A Phenotype Score and Correlation Analysis of Key Genes. A. Group comparison figure of key genes between
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phenotype score Low group and High group in GSE135251 dataset were shown. The closer the AUC in the ROC curve is to 1, the better the
diagnostic effect is. When AUC was between 0.5 and 0.7, the accuracy was low. When AUC was 0.7-0.9, it had a certain accuracy. AUC > 0.9

had high accuracy.

https://doi.org/10.1371/journal.pone.0321757.9g007
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Western blotting analysis

Compared to those in the control group, the levels of RBM15, EIF3B, YTHDCI, IGF2BP2
and WTAP proteins were significantly lower in the NAFLD group (Fig 11, full blot shown

in S9 Fig).

Discussion

Nonalcoholic fatty liver disease (NAFLD) is a common hepatic disease that substantially
affects the quality of life of patients and is often associated with various complications.
Although the specific pathophysiological mechanisms underlying NAFLD have not been fully
elucidated, many studies have shown that genetic factors, immune dysregulation, and RNA
methylation play key roles in its development. Specifically, m6A methylation, a form of RNA
methylation, significantly affects the levels of genes related to lipid metabolism, insulin resis-
tance, and inflammatory responses; thus, it is highly important for preventing and treating
NAFLD. In this study, bioinformatics approaches were used to identify nine DEGs related to
NAFLD from 34 m6A methylation-related genes, highlighting that m6A RNA methylation

is important for NAFLD. The results of the GO analysis showed that the above genes were
related primarily to the regulation of selective mRNA splicing, including RNA methylation. At
the molecular function level, these genes were implicated in key activities, such as translation
initiation factor activity, nucleic acid binding, and RNA binding. Based on these results, we
established a diagnostic model using nine hub genes associated with m6A methylation (EIF3B,
EIF3A, IGF2BP2, WTAP, YTHDCI1, METTLS5, ZNF217, RBM15, and YTHDF1). Among the
biomarkers, YTHDCI1 (AUC = 0.923) and WTAP (AUC = 0.912) showed superior diagnos-
tic performance. This indicated good model performance and close alignment with the ideal
predictive model, thus proving its robust diagnostic accuracy and providing a promising tool
for clinical applications in NAFLD.

EIF3B, an important member of the family of eukaryotic translation initiation factors
(EIFs), influences eukaryotic cell translation by modulating the interaction between ribo-
somes and RNA, serving as the rate-limiting step during protein biosynthesis. It can accel-
erate esophageal squamous cell carcinoma development by upregulating the expression of

PLOS One | https:/doi.org/10.1371/journal.pone.0321757 May 28, 2025 18/23



https://doi.org/10.1371/journal.pone.0321757.g011

PLOS ONE

m6A Genes’ Role in NAFLD

TEX9 [17]. Additionally, in chronic myeloid leukemia, high EIF3B expression promotes cell
proliferation and viability while suppressing apoptosis, thus facilitating the progression of the
disease [18].

The m6A “reader” YTHDCI1 found in the nucleus [19] has diverse functions. It can interact
with nuclear export adaptor proteins (e.g., SRSF3) and splicing factors, facilitating the binding
of RNA to SRSF3 and NXF1 and thus regulating m6A-modified mRNA nuclear export [20].
YTHDC1/ABCBS6 is involved in cognitive dysfunction in AD mice by modulating neuro-
nal ferroptosis. Moreover, in cooperation with PKM2, YTHDCI affects the stability of the
FOXO1 mRNA, subsequently influencing autophagy and disease alleviation. In renal cell
carcinoma, YTHDCI1 decreases mRNA stability of the downstream target gene ANXA1 in an
m6A-dependent manner and decreases sunitinib sensitivity in renal cancer cells [13]. Con-
versely, in breast cancer, it enhances the stability of the EGF mRNA and increases doxorubicin
resistance in breast cancer cells, thus promoting chemoresistance [21].

The m6A methyltransferase RNA binding motif protein 15 (RBM15) contains specific
RNA recognition domains that enable it to directly bind to the RRACH-rich sequences of
target mRNAs. By recruiting the WTAP-METTL3 complex, RBM15 modulates m6A RNA
methylation and controls the activation of multiple pathways, including the Notch, Wnt, and
JAK/STAT pathways [22]. RBM15 promotes the growth and migration of liver cancer cells
and increases cancer cell growth, colony formation, invasion, and epithelial-mesenchymal
transition [23,24]. The m6A modification of TMBIM6 mediated by RBM15 increases its
stability in an IGF2BP3-dependent manner, promoting the development and progression of
laryngeal squamous cell carcinoma [25]. RBM15 can also regulate YES1 m6A modification
in an IGF2BP1-dependent manner, promoting the development of hepatocellular carcinoma
(23].

Moreover, m6A modification can regulate the stability of inflammation-related transcripts,
including proinflammatory and anti-inflammatory factors. In our study, specific m6A-
associated genes were positively related to the degree of inflammatory cell infiltration, suggest-
ing that m6A modification may modulate the inflammatory response in NAFLD by affecting
the levels of inflammatory mediators. The complex interplay between immune cell infiltration
and m6A modification is a central element of disease pathophysiology. Additionally, m6A
methylation can regulate the stability of mRNAs of specific TFs and signaling molecules, thus
affecting the differentiation of T-cell subpopulations such as Th1, Th2, Th17, and Treg cells
[26]. These findings suggest that specific immune cell populations may exert a stronger influ-
ence on the disease process than others. The significant differences in the infiltration levels of
immune cells, such as CD8+ T cells, suggest that these cell types may affect the development
and progression of NAFLD.

Epigenetics has recently shifted the attention of researchers to microRNAs (miRNAs),
which are small endogenous RNAs of about 21-23 nucleotides that specifically combine
with 3’-UTRs in target gene mRNAs [14]. They play a key role in gene regulation by
promoting mRNA degradation or inhibiting translation. They are cell-specific and organ-
specific and are associated with various biological processes, such as cell differentiation,
proliferation, embryonic development, and apoptosis. MiRNAs are closely associated with
liver disease and regulate lipid metabolism. Lipid metabolism disorders are the core of
NAFLD pathogenesis. The overexpression of miR-23b-3p inhibits the TGF-p1-induced
proliferation and apoptosis of ASMCs, as TGFR2 is a direct and functional target [15].
Lowering miR-15b levels exacerbates cardiomyocyte apoptosis by downregulating Bc1-2
and MAPK3 [16]. PA stimulates macrophage production of miR-3064-5p to mediate meta-
bolic inflammation in hepatocytes and adipocytes [27]; TNF-a induces miR-222 to regulate
downstream protein expression or act as a new biomarker of liver fibrosis [28]. Overall,
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miRNAs are important for gene regulation and disease pathogenesis and may serve as

new markers of NAFLD. In the mRNA-drug network, fenretinide interacts with IGF2BP2,
induces apoptosis, inhibits growth, and binds RAR with antitumor activity [29]. Resvera-
trol can regulate transporters and drug-metabolizing enzymes [30]. Pirinixic acid activates
PPAR, lowers visceral fat and hepatic triglycerides, increases insulin sensitivity, and almost
completely inhibits IL-1-induced IL-6 and prostaglandin production and COX-2 levels

by suppressing the NF-«kB pathway, which can interact with three key genes [31]. These
findings suggest that these drug targets are related to the treatment of NAFLD and lay the
scientific foundation for drug discovery.

To further investigate how m6A methylation affects NAFLD, we constructed a NAFLD
mouse model by administering an HFD and experimentally validated five previously
identified genes. Among these five key genes, the expression patterns of RBM15, YTHDCI1,
WTAP, and IGF3 BP2 were consistent, whereas the expression of EIF3B did not exhibit
a clear trend. Further validation of these four significantly altered genes through West-
ern blotting analysis revealed that three key genes (RBM15, YTHDCI, and WTAP) pre-
sented consistent changes at the transcriptional and protein expression levels, whereas the
IGF2BP2 protein level did not change considerably. This difference occurred probably due
to the complex interactions involved in the translation of cDNA into proteins, including
transcription, translation, and posttranslational modifications. This was a retrospective,
and based on the results obtained, we aim to conduct further in-depth research to assess the
significance of the m6A phenotypic score for predicting the prognosis of NAFLD patients
and its potential as a biomarker for disease progression. We also investigated the interaction
of m6A RNA methylation with other epigenetic modifications in NAFLD to reveal new
regulatory mechanisms.

While this study enhances the analytical rigor through multi-dataset integration and rigor-
ous batch effect correction, several limitations in sample characteristics and methodological
scope require acknowledgment. Although the aggregated sample size (N=294) provides initial
statistical power, latent heterogeneity in clinical features (e.g., NAFLD progression stages,
comorbidities) across cohorts may constrain model generalizability. The 5-gene signature
(RBM15, IGF2 BP2, EIF3B, YTHDC1, WTAP), derived from SVM-LASSO combinatorial
screening, demonstrated robust diagnostic performance in internal validation; however, its
clinical translatability remains to be confirmed through independent external cohorts with
expanded demographic diversity. Additionally, unmeasured confounders—including lifestyle
factors (dietary patterns, physical activity) and concomitant medications—may introduce bias
into m6A-related gene expression profiles, warranting covariate adjustment in subsequent
studies.

Methodologically, while we successfully identified NAFLD-associated m6A regulators,
the mechanistic underpinnings of their methylation regulatory roles remain partially
unresolved. Notably, molecular dynamics (MD) simulations—a gold-standard approach
for probing atomic-level biomolecular interactions—were not employed to delineate
the structural dynamics of m6A protein-RNA binding interfaces. To address these gaps,
future work will adopt a dual-strategy framework, first, Multi-center collaborations to
establish validation cohorts with standardized clinical metadata, complemented by
single-cell or spatial transcriptomics to dissect microenvironment-specific m6A regula-
tory circuits; Second, computational-experimental integration leveraging MD simulations
to reconstruct free energy landscapes of m6A reader protein-RNA complexes, thereby
bridging molecular mechanisms to NAFLD pathogenesis. This synergistic approach is
anticipated to resolve current limitations in both biological interpretability and clinical
applicability.

PLOS One | https:/doi.org/10.1371/journal.pone.0321757 May 28, 2025 20/23




PLOS ONE

m6A Genes’ Role in NAFLD

Supporting information
S1 Table. NAFLD Data Set Information List.
(PDF)

S2 Table. M6A-Related Genes List.
(PDF)

S3 Table. The Primer Information.
(PDF)

$4 Table. GO Enrichment Analysis Results.
(PDF)

S5 Table. mRNA-miRNA Interaction Network Nodes.
(PDF)

S6 Table. mRNA-RBP Interaction Network Nodes.
(PDF)

S7 Table. mRNA-TF Interaction Network Nodes.
(PDF)

S8 Table. mRNA-Drug Interaction Network Nodes.
(PDF)

S9 Fig. Uncropped Western blot images for blots used in Fig 11.
(PDF)

Acknowledgements

This work has greatly benefited from the contributions of GEO. We express our gratitude
to the GEO network for generously sharing substantial amounts of data, and thank the
Yunnan Provincial Engineering Research Center of PreventativeTreatment of Traditional
Chinese Medicine, In addition, the authors would like to thank the editors and the anony-
mous reviewers for their valuable comments and suggestions to improve the quality of the

paper.

Author contributions
Conceptualization: Yan Qi, Jianguo Ma.

Data curation: Yangyang Fu, Jing Xu.

Formal analysis: Rongyi Xu, Renlin Li, Yangyang Fu.
Funding acquisition: Yan Qi.

Methodology: Renlin Li.

Project administration: Lei Zhou.

Software: Jing Xu.

Supervision: Yan Qi.

Validation: Rongyi Xu, Renlin Li, Jing Xu.
Writing - original draft: Jianguo Ma, Rongyi Xu.
Writing - review & editing: Yan Qi, Lei Zhou.

PLOS One | https://doi.org/10.1371/journal.pone.0321757 May 28, 2025 21/23



http://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pone.0321757.s001
http://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pone.0321757.s002
http://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pone.0321757.s003
http://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pone.0321757.s004
http://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pone.0321757.s005
http://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pone.0321757.s006
http://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pone.0321757.s007
http://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pone.0321757.s008
http://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pone.0321757.s009

PLOS ONE

m6A Genes’ Role in NAFLD

References

1.

10.

1.

12.

13.

14.

15.

16.

17.

18.

19.

Lefever DE, Miedel MT, Pei F, DiStefano JK, Debiasio R, Shun TY, et al. A quantitative systems phar-
macology platform reveals NAFLD pathophysiological states and targeting strategies. Metabolites.
2022;12(6):528. https://doi.org/10.3390/metabo12060528 PMID: 35736460

Méndez-Sanchez N, Bugianesi E, Gish RG, Lammert F, Tilg H, Nguyen MH, et al. Global multi-
stakeholder endorsement of the MAFLD definition. Lancet Gastroenterol Hepatol. 2022;7(5):388—90.
https://doi.org/10.1016/S2468-1253(22)00062-0 PMID: 35248211

Chan KE, Koh TJL, Tang ASP, Quek J, Yong JN, Tay P, et al. Global prevalence and clinical character-
istics of metabolic-associated fatty liver disease: a meta-analysis and systematic review of 10 739 607
individuals. J Clin Endocrinol Metab. 2022;107(9):2691-700. https://doi.org/10.1210/clinem/dgac321
PMID: 35587339

Wei CM, Gershowitz A, Moss B. Methylated nucleotides block 5’ terminus of HelLa cell messenger
RNA. Cell. 1975;4(4):379-86. https://doi.org/10.1016/0092-8674(75)90158-0 PMID: 164293

Zhou B, Liu C, Xu L, Yuan'Y, Zhao J, Zhao W, et al. N6 -methyladenosine reader protein YT521-B
homology domain-containing 2 suppresses liver steatosis by regulation of mRNA stability of lipogenic
genes. Hepatology. 2021;73(1):91-103. https://doi.org/10.1002/hep.31220 PMID: 32150756

Wang Y-F, Zhang W-L, Li Z-X, LiuY, Tan J, Yin H-Z, et al. METTL14 downregulation drives S100A4+
monocyte-derived macrophages via MyD88/NF-«kB pathway to promote MAFLD progression. Signal
Transduct Target Ther. 2024;9(1):91. https://doi.org/10.1038/s41392-024-01797-1 PMID: 38627387

Han X, Guo J, Fan Z. Interactions between m6A modification and miRNAs in malignant tumors. Cell
Death Dis. 2021;12(6):598. https://doi.org/10.1038/s41419-021-03868-5 PMID: 34108450

Xu Z, Peng B, CaiY, Wu G, Huang J, Gao M, et al. N6-methyladenosine RNA modification in cancer
therapeutic resistance: current status and perspectives. Biochem Pharmacol. 2020;182:114258.
https://doi.org/10.1016/j.bcp.2020.114258 PMID: 33017575

Liu N, Pan T. N6-methyladenosine—encoded epitranscriptomics. Nat Struct Mol Biol. 2016;23(2):98—
102. https://doi.org/10.1038/nsmb.3162 PMID: 26840897

Wu R, ChenY, LiuY, Zhuang L, Chen W, Zeng B, et al. m6A methylation promotes white-to-beige fat
transition by facilitating Hif1a translation. EMBO Rep. 2021;22(11):e52348. https://doi.org/10.15252/
embr.202052348 PMID: 34569703

Wen W, Wu P, Zhang Y, Chen Z, Sun J, Chen H. Comprehensive analysis of NAFLD and the thera-
peutic target identified. Front Cell Dev Biol. 2021;9:704704. https://doi.org/10.3389/fcell.2021.704704
PMID: 34616724

Yu G, Wang L-G, Han Y, He Q-Y. clusterProfiler: an R package for comparing biological themes
among gene clusters. OMICS. 2012;16(5):284-7. https://doi.org/10.1089/0mi.2011.0118 PMID:
22455463

Li W, Ye K, Li X, Liu X, Peng M, Chen F, et al. YTHDC1 is downregulated by the YY1/HDAC2 complex
and controls the sensitivity of ccRCC to sunitinib by targeting the ANXA1-MAPK pathway. J Exp Clin
Cancer Res. 2022;41(1):250. https://doi.org/10.1186/s13046-022-02460-9 PMID: 35974388

Rani V, Sengar RS. Biogenesis and mechanisms of microRNA-mediated gene regulation. Biotechnol
Bioeng. 2022;119(3):685-92. https://doi.org/10.1002/bit.28029 PMID: 34979040

Zamanian M, Hajizadeh MR, Esmaeili Nadimi A, Shamsizadeh A, Allahtavakoli M. Antifatigue effects
of troxerutin on exercise endurance capacity, oxidative stress and matrix metalloproteinase-9 levels
in trained male rats. Fundam Clin Pharmacol. 2017;31(4):447-55. https://doi.org/10.1111/fcp.12280
PMID: 28214375

LiuY, Yang L, Yin J, Su D, Pan Z, Li P, et al. MicroRNA-15b deteriorates hypoxia/reoxygenation-
induced cardiomyocyte apoptosis by downregulating Bcl-2 and MAPKS. J Investig Med.
2018;66(1):39—45. https://doi.org/10.1136/jim-2017-000485 PMID: 28814571

Xu F, Zhang S, Liu Z, Gu J, LiY, Wang L, et al. TEX9 and elF3b functionally synergize to promote
the progression of esophageal squamous cell carcinoma. BMC Cancer. 2019;19(1):875. hitps://doi.
org/10.1186/s12885-019-6071-9 PMID: 31481019

Huang L, Wei Z, Chang X, Zheng X, Yan J, Huang J, et al. elF3b regulates the cell proliferation and
apoptosis processes in chronic myelogenous leukemia cell lines via regulating the expression of C3G.
Biotechnol Lett. 2020;42(7):1275-86. https://doi.org/10.1007/s10529-020-02878-1 PMID: 32236758

Tung N, Wang Y, Collins LC, Kaplan J, Li H, Gelman R, et al. Estrogen receptor positive breast
cancers in BRCA1 mutation carriers: clinical risk factors and pathologic features. Breast Cancer Res.
2010;12(1):R12. https://doi.org/10.1186/bcr2478 PMID: 20149218

PLOS One | https:/doi.org/10.1371/journal.pone.0321757 May 28, 2025 22/23



https://doi.org/10.3390/metabo12060528
http://www.ncbi.nlm.nih.gov/pubmed/35736460
https://doi.org/10.1016/S2468-1253(22)00062-0
http://www.ncbi.nlm.nih.gov/pubmed/35248211
https://doi.org/10.1210/clinem/dgac321
http://www.ncbi.nlm.nih.gov/pubmed/35587339
https://doi.org/10.1016/0092-8674(75)90158-0
http://www.ncbi.nlm.nih.gov/pubmed/164293
https://doi.org/10.1002/hep.31220
http://www.ncbi.nlm.nih.gov/pubmed/32150756
https://doi.org/10.1038/s41392-024-01797-1
http://www.ncbi.nlm.nih.gov/pubmed/38627387
https://doi.org/10.1038/s41419-021-03868-5
http://www.ncbi.nlm.nih.gov/pubmed/34108450
https://doi.org/10.1016/j.bcp.2020.114258
http://www.ncbi.nlm.nih.gov/pubmed/33017575
https://doi.org/10.1038/nsmb.3162
http://www.ncbi.nlm.nih.gov/pubmed/26840897
https://doi.org/10.15252/embr.202052348
https://doi.org/10.15252/embr.202052348
http://www.ncbi.nlm.nih.gov/pubmed/34569703
https://doi.org/10.3389/fcell.2021.704704
http://www.ncbi.nlm.nih.gov/pubmed/34616724
https://doi.org/10.1089/omi.2011.0118
http://www.ncbi.nlm.nih.gov/pubmed/22455463
https://doi.org/10.1186/s13046-022-02460-9
http://www.ncbi.nlm.nih.gov/pubmed/35974388
https://doi.org/10.1002/bit.28029
http://www.ncbi.nlm.nih.gov/pubmed/34979040
https://doi.org/10.1111/fcp.12280
http://www.ncbi.nlm.nih.gov/pubmed/28214375
https://doi.org/10.1136/jim-2017-000485
http://www.ncbi.nlm.nih.gov/pubmed/28814571
https://doi.org/10.1186/s12885-019-6071-9
https://doi.org/10.1186/s12885-019-6071-9
http://www.ncbi.nlm.nih.gov/pubmed/31481019
https://doi.org/10.1007/s10529-020-02878-1
http://www.ncbi.nlm.nih.gov/pubmed/32236758
https://doi.org/10.1186/bcr2478
http://www.ncbi.nlm.nih.gov/pubmed/20149218

PLOS ONE

m6A Genes’ Role in NAFLD

20.

21.

22,

23.

24,

25.

26.

27.

28.

29.

30.

31.

Roundtree 1A, Luo G-Z, Zhang Z, Wang X, Zhou T, Cui Y, et al. YTHDC1 mediates nuclear export of
N6-methyladenosine methylated mRNAs. Elife. 2017;6:€31311. hitps://doi.org/10.7554/eLife.31311
PMID: 28984244

Li E, Xia M, DuY, Long K, Ji F, Pan F, et al. METTL3 promotes homologous recombination repair and
modulates chemotherapeutic response in breast cancer by regulating the EGF/RAD51 axis. Elife.
2022;11:e75231. hitps://doi.org/10.7554/eLife.75231 PMID: 35502895

Hu M, Yang Y, Ji Z, Luo J. RBM15 functions in blood diseases. Curr Cancer Drug Targets.
2016;16(7):579-85. https://doi.org/10.2174/1568009616666160112105706 PMID: 26758534

Cai X, Chen, Man D, Yang B, Feng X, Zhang D, et al. RBM15 promotes hepatocellular carcinoma
progression by regulating N6-methyladenosine modification of YES1 mRNA in an IGF2BP1-
dependent manner. Cell Death Discov. 2021;7(1):315. https://doi.org/10.1038/s41420-021-00703-w
PMID: 34707107

Zeng X, Chen K, Li L, Tian J, Ruan W, Hu Z, et al. Epigenetic activation of RBM15 promotes clear
cell renal cell carcinoma growth, metastasis and macrophage infiltration by regulating the méA
modification of CXCL11. Free Radic Biol Med. 2022;184:135—47. https://doi.org/10.1016/j.freerad-
biomed.2022.03.031 PMID: 35381326

Wang X, Tian L, LiY, Wang J, Yan B, Yang L, et al. RBM15 facilitates laryngeal squamous cell carci-
noma progression by regulating TMBIM®6 stability through IGF2BP3 dependent. J Exp Clin Cancer
Res. 2021;40(1):80. https://doi.org/10.1186/s13046-021-01871-4 PMID: 33637103

Wu J, Deng L-J, Xia Y-R, Leng R-X, Fan Y-G, Pan H-F, et al. Involvement of N6-methyladenosine mod-
ifications of long noncoding RNAs in systemic lupus erythematosus. Mol Immunol. 2022;143:77-84.
https://doi.org/10.1016/j.molimm.2022.01.006 PMID: 35051888

Luo H, Wang J, Lin F, LiuY, Wu X, Li G, et al. Macrophage exosomes mediate palmitic acid-induced
metainflammation by transferring miR-3064-5p to target IkBa and activate NF-kB signaling. J Adv Res.
2024:S2090-1232(24)00261-3. https://doi.org/10.1016/j.jare.2024.06.024 PMID: 38960278

Ogawa T, Enomoto M, Fujii H, Sekiya Y, Yoshizato K, lkeda K, et al. MicroRNA-221/222 upregulation
indicates the activation of stellate cells and the progression of liver fibrosis. Gut. 2012;61(11):1600-9.
https://doi.org/10.1136/gutjnl-2011-300717 PMID: 22267590

Ulukaya E, Wood EJ. Fenretinide and its relation to cancer. Cancer Treat Rev. 1999;25(4):229-35.
https://doi.org/10.1053/ctrv.1999.0127 PMID: 10448131

Vikal A, Maurya R, Bhowmik S, Khare S, Raikwar S, Patel P, et al. Resveratrol: A comprehensive
review of its multifaceted health benefits, mechanisms of action, and potential therapeutic appli-
cations in chronic disease. Pharmacol Res Nat Prod. 2024;3:100047. https://doi.org/10.1016/].
prenap.2024.100047

Ren Q, Xie X, Zhao C, Wen Q, Pan R, Du . 2,2;4,4’-Tetrabromodiphenyl Ether (PBDE 47) selectively
stimulates proatherogenic PPARY signatures in human THP-1 macrophages to contribute to foam cell
formation. Chem Res Toxicol. 2022;35(6):1023-35. https://doi.org/10.1021/acs.chemrestox.2c00043
PMID: 35575305

PLOS One | https://doi.org/10.1371/journal.pone.0321757 May 28, 2025 23/23



https://doi.org/10.7554/eLife.31311
http://www.ncbi.nlm.nih.gov/pubmed/28984244
https://doi.org/10.7554/eLife.75231
http://www.ncbi.nlm.nih.gov/pubmed/35502895
https://doi.org/10.2174/1568009616666160112105706
http://www.ncbi.nlm.nih.gov/pubmed/26758534
https://doi.org/10.1038/s41420-021-00703-w
http://www.ncbi.nlm.nih.gov/pubmed/34707107
https://doi.org/10.1016/j.freeradbiomed.2022.03.031
https://doi.org/10.1016/j.freeradbiomed.2022.03.031
http://www.ncbi.nlm.nih.gov/pubmed/35381326
https://doi.org/10.1186/s13046-021-01871-4
http://www.ncbi.nlm.nih.gov/pubmed/33637103
https://doi.org/10.1016/j.molimm.2022.01.006
http://www.ncbi.nlm.nih.gov/pubmed/35051888
https://doi.org/10.1016/j.jare.2024.06.024
http://www.ncbi.nlm.nih.gov/pubmed/38960278
https://doi.org/10.1136/gutjnl-2011-300717
http://www.ncbi.nlm.nih.gov/pubmed/22267590
https://doi.org/10.1053/ctrv.1999.0127
http://www.ncbi.nlm.nih.gov/pubmed/10448131
https://doi.org/10.1016/j.prenap.2024.100047
https://doi.org/10.1016/j.prenap.2024.100047
https://doi.org/10.1021/acs.chemrestox.2c00043
http://www.ncbi.nlm.nih.gov/pubmed/35575305
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/

