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Abstract
Background N6-methyladenosine (m6A) RNA modification plays a crucial role in various biological events and 
is implicated in various metabolic-related diseases. However, its role in MASLD remains unclear. This study aims to 
investigate the impact of METTL3 on MASLD through multi-omics analysis, with a focus on exploring its potential 
mechanisms of action.

Methods An MASLD mouse model was established by feeding C57BL/6J mice a high-fat diet for 12 weeks. A METTL3 
stable overexpression AML12 cell model was also constructed via lentiviral transfection. Subsequent transcriptomic 
and proteomic analyses, as well as integrated analysis between different omics datasets, were conducted.

Results METTL3 expression was significantly increased in the MASLD mouse model. Through our transcriptomic 
and proteomic analyses, we identified 848 genes with significant inconsistencies between the transcriptomic and 
proteomic datasets. GO/ KEGG enrichment analyses identified terms that may be involved in post-transcriptional 
modifications, particularly METTL3-mediated m6A modification. Subsequently, through integrated proteomic 
analysis of the METTL3-overexpressed AML12 cell model and the MASLD mouse model, we selected the top 20 
co-upregulated and co-downregulated GO/ KEGG terms as the main biological processes influenced by METTL3 
during MASLD. By intersecting with pathways obtained from previous integrated analyses, we identified GO/ KEGG 
terms affected by METTL3-induced m6A modification. Protein-protein interaction analysis of proteins involved in 
these pathways highlighted GAPDH and TPI1 as two key hub genes.

Conclusions During MASLD, METTL3 regulates the glycolytic pathway through m6A modification, influencing the 
occurrence and development of the disease via the key hub genes GAPDH and TPI1. These findings expand our 
understanding of MASLD and provide strong evidence for potential therapeutic targets and drug development.
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Introduction
The concept of nonalcoholic fatty liver disease (NAFLD) 
was first proposed in the 1980s, but with a deeper under-
standing of the condition [1], there arose an urgent need 
for a more neutral and accurate term to name the disease. 
Therefore, in 2023, supported by over 200 liver disease 
experts from multiple international liver disease research 
associations, there was a proposal to rename NAFLD as 
metabolic dysfunction-associated steatotic liver disease 
(MASLD). This change aims to reduce the stigma asso-
ciated with the disease, enhance awareness and under-
standing, and drive the development of drugs/biomarkers 
[2]. A retrospective study found that 98% of individuals 
meeting the criteria for NAFLD also met the criteria for 
MASLD [3].

MASLD is an umbrella term encompassing a con-
tinuum of liver conditions, extending from metabolic 
dysfunction-associated steatotic liver (MASL) to meta-
bolic dysfunction-associated steatohepatitis (MASH) 
[4]. MASL is defined by an accumulation of triglycerides 
within liver cells, accompanied by minimal or absent 
inflammation and the absence of hepatocyte balloon-
ing, and it is often reversible. To fall within the MASLD 
spectrum, steatosis must be linked to at least one cardio-
metabolic risk factor such as obesity [5], dyslipidemia, 
hypertension, or insulin resistance, excluding excessive 
alcohol consumption [2].

Epidemiological studies using MASLD diagnostic clas-
sifications have found that 20–30% of adults with MASL 
progress to MASH [6], with approximately 20–50% of 
MASH patients nearing the progression to cirrhosis 
[7]. In the pediatric population diagnosed with MASLD 
through biopsy, 25–50% have MASH, and 10–25% ini-
tially present with advanced fibrosis [8–12]. Even in 
patients who do not progress to cirrhosis, approximately 
13–49% of hepatocellular carcinoma (HCC) cases occur 
in individuals with non-cirrhotic MASH [13]. It is esti-
mated that by 2030, over 300  million individuals in 
China, over 100  million in the United States, and 15 to 
20 million in major European countries will have MASLD 
[14].

An increasing body of research has demonstrated the 
significant role of m6A in the occurrence and devel-
opment of MASLD [15]. A recent study on MASLD 
patients found differential m6A modifications in 176 
mRNA and 44 lncRNA between healthy and MASLD 
liver tissues, with differential modifications primarily 
enriched in biological processes related to transcriptional 
regulation and carboxylic acid metabolism [16]. In a 
mouse model of MASLD induced by a high-fructose diet, 
researchers identified 266 differentially expressed genes 
(DEGs) altering m6 modification levels using RNA tran-
scriptome sequencing and m6A RNA immunoprecipita-
tion sequencing, indicating that the majority of highly 

methylated genes are associated with lipid metabolism 
[17]. Similar results were observed in mice with fatty liver 
induced by a high-fat diet (HFD) [18]. Cheng and col-
leagues found, through bioinformatics methods, that in 
comparison to the control group, m6A regulatory factors 
METTL3/14 and FTO were elevated in MASLD patients, 
while WTAP, RBM15, YTHDC1, YTHDC2, IGF2BP1, 
HNRNPC, and HNRNPA2B1 were decreased [19].

The m6A “writers,” that is m6A methyltransferases, 
form a multi-component methyltransferase complex 
that catalyzes m6A modification, collectively regulating 
the transfer of methyl groups from S-adenosyl methio-
nine to the adenine base of RNA [20]. These enzymes 
include methyltransferase-like 3 (METTL3), METTL5, 
METTL14, METTL16, Wilms tumor 1-associated pro-
tein (WTAP), Vir-like m6A methyltransferase associated 
(also known as KIAA1429), RNA-binding motif protein 
15/15B (RBM15/15B), zinc finger CCCH-type containing 
13 (ZC3H13), and HAKAI (also known as CBLL1, a ring 
finger-type E3 ubiquitin ligase) [21–24]. Of these m6A 
methyltransferases, METTL3 and METTL14 exert the 
most significant impact on m6A RNA methylation. The 
core subunit of the m6A-METTL complex, METTL3, 
contains a unique methyltransferase catalytic domain, 
and it interacts with METTL14 to form the active m6A-
METTL complex, termed METTL3/ METTL14 het-
erodimer. In the heteromeric m6A-METTL complex, 
METTL14 binding to METTL3 is known to provide 
functional support [22, 25].

METTL3 overexpression has been reported to enhance 
the expression of Rubicon mRNA, inhibiting autopha-
gosome-lysosome fusion, hindering autophagic degra-
dation, and thus reducing hepatic lipid clearance during 
MASLD [26]. However, Qin et al. [27] found that loss of 
METTL3 in myeloid cells slows down the progression of 
MASLD by reducing m6A modification of DNA damage-
inducible transcript 4 (DDIT4), which plays a crucial role 
in regulating macrophage activation by lowering mTOR 
and NF-κB signaling pathway activity. By increasing the 
expression level of DDIT4, they concluded that METTL3 
plays an important role in accelerating MASLD develop-
ment by increasing m6A modification of DDIT4. Addi-
tionally, Xie et al. [28] confirmed that elevated METTL3 
promotes liver insulin resistance (IR) and stimulates 
lipid synthesis by n6-methylation of fatty acid synthase 
mRNA, thereby increasing its overall mRNA levels. 
Zhong et al. [29] found that knocking out YTHDF2 or 
METTL3 in vitro could increase the stability of peroxi-
some proliferator-activated receptor (PPAR) α mRNA 
and the expression of PPARα, thereby reducing lipid 
accumulation. Li et al. [30] found that the levels of m6A 
and the expression of METTL3 increased in the livers 
of mice fed with HFD. Overall, these studies collectively 
support the role of METTL3 in promoting MASLD.
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Although MASLD imposes a significant burden clini-
cally, there are currently no approved drug therapies for 
the prevention or treatment of MASLD, despite ongo-
ing exploration of numerous potential pathways [31, 
32]. Understanding the mechanisms underlying MASLD 
is crucial for the development of new therapeutic tar-
gets and prognostic markers. However, research on the 
relationship between METTL3-mediated m6A post-
transcriptional modification and MASLD is limited. By 
exploiting recent advances in “omics” technologies that 
have made large-scale molecular analysis of biological 
systems possible, we report here an investigation of the 
relationship between METTL3 and MASLD in a mouse 
model through multi-omics analysis.

In the MASLD animal model, a multi-omics inte-
grated analysis was conducted on the transcriptome 
and proteome to identify pathways exhibiting differen-
tial expression and inconsistent trends between the two 
datasets, indicative of potential pathways under epigen-
etic regulation. Given the overexpression of METTL3 
in MASLD, we established an AML12 cell line overex-
pressing METTL3 for proteomic analysis. Enriched path-
ways regulated by METTL3 were identified, and further 

intersection analysis was performed between these path-
ways and the proteomic pathways in the MASLD model 
to pinpoint pathways potentially regulated by METTL3 
in MASLD. Subsequent intersection of these path-
ways with those potentially under epigenetic regulation 
revealed pathways in MASLD potentially modulated 
by METTL3-mediated m6A regulation (Fig.  1). This 
research should provide a foundation and a direction for 
future research on the impact of m6A methyltransferase 
METTL3 on MASLD.

Materials and methods
MASLD mouse model establishment
In line with previous modeling methods, this study uti-
lized adult male C57BL/6J mice (Charles River Labora-
tory), aged 8 weeks and weighing 20–22  g [33]. After a 
one-week acclimation period, the mice were divided 
into two groups: one group was fed a high-fat diet (HFD, 
Product D12492, sourced from Research Diets) for 12 
weeks to establish the MASLD model, while the other 
group received a standard chow diet as the control 
group. The entire animal study protocol was thoroughly 
reviewed and subsequently received ethical approval 

Fig. 1 Technology roadmap: contains the overall design thinking for this study
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from the Animal Care and Protection Committee of 
the Capital Institute of Pediatrics (Approval number, 
SHERLL2021032). After 12 weeks, the mice were eutha-
nized with CO2, and their livers were perfused with saline 
until whitish. The liver tissues were carefully excised, fro-
zen in liquid nitrogen, and stored at -80℃ for analysis, 
preserving sample integrity.

Hematoxylin and Eosin (H&E) staining
Mouse liver tissues preserved in paraffin were sectioned 
into 5 μm slices and then subjected to H&E, Masson, and 
Sirius red staining. Fresh liver tissues were embedded in 
Tissue-Tek OCT compound and cut into 10 μm sections 
for oil red O staining to detect lipid droplets. All the sam-
ples were examined at 200× magnification via a Nikon 
ECLIPSE 50i microscope (Nikon, Tokyo, Japan).

Immunohistochemistry (IHC)
Mouse liver tissues preserved in paraffin were sectioned 
into 5 μm slices and subjected to immunohistochemistry 
(IHC). After deparaffinization and rehydration, antigen 
retrieval was performed by heating the sections in citrate 
buffer (pH 6.0) in a pressure cooker. Endogenous peroxi-
dase activity was blocked using a 3% hydrogen peroxide 
solution. The tissue sections were incubated overnight at 
4  °C with primary antibodies specific to target proteins, 
followed by incubation with HRP-conjugated secondary 
antibodies. The antigen-antibody complexes were visu-
alized using a DAB substrate kit, and the sections were 
counterstained with hematoxylin. All stained samples 
were examined at 200× magnification using a Nikon 
ECLIPSE 50i microscope (Nikon, Tokyo, Japan) to evalu-
ate protein expression patterns in liver tissue.

Cell culture and transfection
AML12 cell lines were sourced from BeNa Culture Col-
lection and cultured in DMEM (Life Technology) with 
10% fetal bovine serum, 1% penicillin/streptomycin, ITS 
solution (Life Technology), and 40 ng/mL dexametha-
sone at 37  °C in 5% CO2. Synthetic METTL3-coding 
sequences were inserted into a cloning vector and co-
introduced with psPAX2 and pMD2G into HEK293T 
cells for lentivirus production, as described previously 
[33]. The lentivirus was used to infect AML12 cells for 
24 h, followed by selection with 2 μg/mL puromycin for 
6 days.

Western blot
Western blot was done as described previously [33]. 
To determine the protein levels of METTL3, we used a 
specific antibody from Cell Signaling Technology (cata-
log number 86132). The expression of GAPDH, ENO1, 
TPI1, and β-Actin was assessed using antibodies from 
ABclonal (catalog numbers A19056, A1033, A2579, and 

AC026, respectively). Additionally, H3 protein levels 
were measured with an ABclonal antibody (catalog num-
ber A2348), ensuring a comprehensive evaluation of pro-
tein expression in our experiments.

Quantitative real-time PCR (qRT-PCR)
Quantitative real-time PCR (qRT-PCR) was done as 
described previously [34]. Gene expression analysis was 
meticulously conducted applying the relative quanti-
fication 2−ΔΔCt method, with 18  S rRNA serving as the 
endogenous reference for normalization. Mouse GAPDH 
qPCR Primer Pair (Forward Primer- A G G T C G G T G T G A 
A C G G A T T T G; Reverse Primer-  T G T A G A C C A T G T A G 
T T G A G G T C A), Mouse ENO1 qPCR Primer Pair (For-
ward Primer-  T G C G T C C A C T G G C A T C T A C; Reverse 
Primer-  C A G A G C A G G C G C A A T A G T T T T A), Mouse 
TPI1 qPCR Primer Pair (Forward Primer-  C C A G G A A G 
T T C T T C G T T G G G G; Reverse Primer-  C A A A G T C G A T 
G T A A G C G G T G G).

Liquid chromatography-tandem mass spectrometry 
analysis
Samples were retrieved from − 80 °C storage and imme-
diately lysed by ultrasonication in a buffer containing 8 M 
urea and 1% protease inhibitor cocktail. After centrifuga-
tion at 12,000 g for 10 min at 4 ℃, the supernatants were 
transferred to new tubes for protein concentration deter-
mination using the BCA Protein Assay Kit. Liquid chro-
matography-tandem mass spectrometry of the samples 
was performed at PTM Bio lab (Hangzhou, China). The 
liquid chromatography-tandem mass spectrometry pro-
cedure was performed as previously described [33, 35, 
36]. Briefly, we employed the 4D label-free quantification 
(LFQ) technique to analyze protein digested peptides 
via liquid chromatography-tandem mass spectrometry 
(LC-MS/MS). Peptides were first separated using the 
EASY-nLC 1200 ultra-high-performance liquid chroma-
tography (UHPLC) system, then introduced into the NSI 
ion source for ionization, before being analyzed using the 
Orbitrap Exploris 480 mass spectrometer. The resulting 
MS/MS data were processed using the Proteome Dis-
coverer search engine (v.2.4). Tandem mass spectra were 
searched against the Musmusculus10090SP20230103.
fasta database (17132 entries), concatenated with a 
reverse decoy and contaminants database. The pro-
teomics data has been uploaded to the public database 
ProteomeXchange.

( h t t p  s : /  / p r o  t e  o m e  c e n  t r a l  . p  r o t  e o m  e x c h  a n  g e .  o r g  / c g i  / G  e 
t D a t a s e t ?   I D = P X D 0 4 7 8 1 9;  h t t p  s : /  / p r o  t e  o m e  c e n  t r a l  . p  r o t  e 
o m  e x c h  a n  g e .  o r g  / c g i  / G  e t D a t a s e t ?   I D = P X D 0 5 0 5 6 5)

Transcriptomics sequencing
Total RNAs were extracted from liver tissue samples 
using TRIzol reagent. All sequencing was performed on 

https://proteomecentral.proteomexchange.org/cgi/GetDataset?ID=PXD047819
https://proteomecentral.proteomexchange.org/cgi/GetDataset?ID=PXD047819
https://proteomecentral.proteomexchange.org/cgi/GetDataset?ID=PXD050565
https://proteomecentral.proteomexchange.org/cgi/GetDataset?ID=PXD050565
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the DNBseq platform using the PE150 strategy. Clean 
reads were derived from the RNA-sequencing data by 
eliminating sequences with low quality, including adapter 
sequences, sequences with a quality score > 10% in raw 
reads, and sequences shorter than 25 base pairs. The 
clean reads were then aligned to the reference genome 
GCF000001635.27GRCm39 using HISAT. The raw data 
of the transcriptomics has been deposited into the SRA 
public dataset.

( h t t p  s : /  / w w w  . n  c b i  . n l  m . n i  h .  g o v  / b i  o p r o  j e  c t / P R J N A 1 0 5 2 
3 9 0)

Transcriptome and proteomics analyses
A differential expression analysis was performed using 
DESeq, yielding log2 fold-change (Log2FC) and q-values 
for each comparison group. To minimize false positives, 
p-values were adjusted with the Benjamini-Hochberg 
correction (q-value). Transcripts with Log2FC > 1 and 
q-value < 0.05 were classified as significantly upregu-
lated, while those with Log2FC < -1 and q-value < 0.05 
were downregulated. For proteomic quantification, rela-
tive expression ratios and p-values were analyzed, with 
no further FDR correction required due to smaller data 
volume. Proteins with a ratio < 1.2 and p-value < 0.05 were 
considered significantly upregulated, and those with a 
ratio > 1.2 and p-value < 0.05 were downregulated.

GO and KEGG
After identifying significantly differentially expressed 
transcripts and proteins in each comparison group 
(using the aforementioned criteria), we conducted Gene 
Ontology (GO) and Kyoto Encyclopedia of Genes and 
Genomes (KEGG) enrichment analyses. For proteomic 
data, a p-value threshold of < 0.05 was used, and for 
transcriptomic data, a q-value threshold of < 0.05 was 
applied. GO term enrichment analysis was carried out 
using the Eggnog-mapper software (version 5.0.2,  h t t p  : / 
/  e g g n  o g  5 . e  m b l  . d e /  # /  a p p / h o m e) based on the EggNOG 
database. The GO annotation process involved using 
Eggnog-mapper to extract GO IDs from the identified 
proteins according to the EggNOG database and per-
forming functional classification annotation based on 
cellular components, molecular functions, and biologi-
cal processes. Each gene or protein was associated with 
terms from the GO database, which includes three major 
categories: Molecular Function (MF), Biological Process 
(BP), and Cellular Component (CC).

For KEGG annotation, we employed Diamond software 
(version 2.0.11.149) to perform gene or protein annota-
tion based on the KAAS (KEGG Automatic Annotation 
Server, April 3, 2015,  h t t p  : / /  w w w .  g e  n o m  e . j  p / k e  g g  / k a a s 
/) database. This allowed us to associate genes or  p r o t e i 
n s with metabolic pathways, signaling pathways, and bio-
logical functional modules within the KEGG database. 

Functional annotation was provided by linking the pro-
teins to KEGG IDs. Protein pathway annotation was per-
formed by comparing sequences through BLAST (blastp, 
e-value ≤ 1e-4), where the top-scoring result was used for 
each sequence.

Statistical analyses
All reported data were obtained from at least three inde-
pendent experiments. The data were then analyzed using 
GraphPad Prism software (version 8; GraphPad, La Jolla, 
CA, USA). The results are presented as mean ± standard 
deviation (SD). Group comparisons were conducted 
using a two-tailed unpaired Students t-test. Differences 
yielding a p-value < 0.05 were deemed statistically signifi-
cant (*p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001).

Results
METTL3 expression is significantly increased in MASLD
We established a mouse model of MASLD through 12 
weeks of HFD, and we subsequently performed transcrip-
tomic sequencing and proteomic profiling of the mouse 
liver (Fig.  2A). Observation of H&E stained liver tissue 
sections revealed diffuse macro-vesicular changes in 
hepatocytes after HFD feeding, likely due to lipid droplet 
accumulation. Oil Red O staining and Sirius Red stain-
ing further confirmed the pathological state of the mouse 
liver, which was characterized by lipid droplet accumula-
tion without evident fibrosis (Fig. 2B and C). Consistent 
with most literature findings, we also observed a sig-
nificant increase in METTL3 expression in the MASLD 
mouse model (p-value = 0.0008) (Fig. 2D and E). In par-
ticular, the immunohistochemistry results revealed an 
elevated expression of METTL3 in the nucleus (Fig. 2E).

MASLD has a significant impact on the transcriptomic 
profile of mouse liver tissue
Through transcriptome sequencing analysis, we aimed to 
identify the transcriptomic changes in the liver tissue of 
mice with MASLD. To ensure the accuracy and reliability 
of the obtained data, rigorous quality control measures 
were applied to the transcriptome sequencing data (Fig-
ure S1). We performed RNA analysis using the Agilent 
2100, and the results indicated that the RNA 28  S/18S 
ratio was greater than 1.5, and the RNA Integrity Num-
ber (RIN) was greater than 7, demonstrating good quality 
and integrity of the RNA suitable for library construction 
(Figure S1A-S1C). Subsequently, we employed Pearson 
correlation coefficients and Principal Component Anal-
ysis (PCA) to demonstrate the correlation and charac-
teristics of gene expression among samples. The results 
showed high intra-group correlation, inter-group differ-
ences, and no sample outliers (Figure S1D-S1E). Follow-
ing this, box plots, density plots, and bar graphs were 
utilized to illustrate the good distribution of sequencing 

https://www.ncbi.nlm.nih.gov/bioproject/PRJNA1052390
https://www.ncbi.nlm.nih.gov/bioproject/PRJNA1052390
http://eggnog5.embl.de/#/app/home
http://eggnog5.embl.de/#/app/home
http://www.genome.jp/kegg/kaas/
http://www.genome.jp/kegg/kaas/
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data (Figure S1F-S1H). Subsequently, using|log2FC| > 1 
and q-value < 0.05 as the threshold criteria, we compared 
gene expression between the control (CON) group and 
the HFD group, identifying a total of 386 differentially 
expressed genes (DEGs), 211 upregulated genes and 175 
downregulated genes (Fig. 3A and B).

Gene Ontology (GO) and Kyoto Encyclopedia of Genes 
and Genomes (KEGG) enrichment analyses are common 
bioinformatics methods used to understand the func-
tions and regulatory mechanisms of DEGs in different 
biological processes. Using these enrichment analyses, 
we identified and displayed here the enriched pathways 
based on the top 20 terms with the smallest q-values 
(Fig. 3C and F). In the GO enrichment analysis at the BP 
level, we found that the terms were mainly concentrated 
in metabolic processes, and (to a lesser extent) biologi-
cal responses, and biological rhythms. Within metabolic 
processes, the DEGs were especially enriched in the pro-
cesses of lipid metabolism and organic acid metabolism 
(Fig.  3C). At the CC level, the enriched terms included 
various cellular and molecular components that are cru-
cial for understanding cell structure and function, includ-
ing cell membranes, organelles, protein complexes, and 
extracellular structures (Fig. 3D). At the MF level, terms 
related to oxidoreductase activity, protein binding, and 

enzyme activity were especially enriched (Fig. 3E). These 
three levels of enrichment analysis in GO enrichment 
constitute the core structure, providing a hierarchical 
way to understand the functions of DEGs. The enriched 
pathways in KEGG analysis included vitamin metabo-
lism, fatty acid metabolism, hormone biosynthesis, bio-
synthesis and metabolism pathways, signaling pathways, 
and sugar metabolism. Further investigation into these 
pathways should contribute to understanding the com-
plex biological regulatory networks and the mechanisms 
underlying the occurrence of MASLD (Fig. 3F).

MASLD has a significant impact on the proteomic profile of 
mouse liver tissue
Due to the regulatory effects of post-transcriptional 
and post-translational modifications, mRNA expression 
levels may not accurately reflect protein levels. There-
fore, we conducted a proteomic analysis to examine the 
impact of MASLD at the level of proteins, the primary 
executors of cellular functions. During the process of 
protein mass spectrometry analysis, rigorous quality con-
trol measures were implemented to ensure the accuracy 
of our results (Figure S2). We evaluated the protein qual-
ity using Coomassie brilliant blue staining. The results 
revealed clear and distinct protein bands in all lanes, 

Fig. 2 Significant Increase of METTL3 in MASLD. (A) Schematic representation of the modeling process. Male wild-type mice were subjected to high-fat 
diet feeding for 12 weeks, followed by transcriptomic and proteomic analysis. (B) Liver sections stained with H&E. Scale bar, 100 μm. (C) Liver sections 
stained with Oil Red and Sirius Red. Scale bar, 100 μm. (D) Western blotting and quantitative analysis of METTL3 protein in the MASLD mouse model. (E) 
Immunohistochemistry staining of METTL3 in liver sections of the MASLD mouse model. Scale bar, 100 μm. (n = 4, t-test, *p < 0.05, **p < 0.01, ***p < 0.001, 
****p < 0.0001)
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with a protein band distribution consistent with the ideal 
scenario and no protein degradation observed (Figure 
S2A). Subsequently, we enzymatically digested the pro-
teins and analyzed the resulting peptides using liquid 

chromatography-mass spectrometry (LC-MS). To ensure 
high-quality analysis results, we set a 1% False Discovery 
Rate (FDR) as the accuracy standard for data filtering at 
the level of spectra, peptides, and proteins (Figure S2B). 

Fig. 3 High-fat diet alters the transcriptome of mouse liver tissue. (A) Heatmap showing the expression of DEGs in the HFD group and CON group. (B) 
Bar graph illustrating the number of DEGs. (C-E) GO enrichment analysis of DEGs, including (C) Biological Processes, (D) Cellular Components, and (E) 
Molecular Functions. (F) KEGG enrichment analysis of DEGs

 



Page 8 of 21Wang et al. BMC Genomics          (2025) 26:188 

Proteins were identified only if they had at least one spe-
cific peptide. After completing the database search of 
the mass spectrometry raw data, we conducted quality 
control by assessing peptide length distribution, peptide 
count distribution, protein coverage distribution, and 
protein molecular weight distribution (Figure S2C-S2F). 
The evaluation results conformed to the general rules 
of mass spectrometric fragmentation and did not result 
in the loss of proteins within specific molecular weight 
ranges. Pearson’s correlation coefficient (PCC), PCA, and 
Relative Standard Deviation (RSD) demonstrated excel-
lent repeatability among our samples, with no outliers 
(Figure S2G-S2I). Box plots, distribution bar graphs, and 
density distribution curve graphs were used to illustrate 
the distribution and differences in protein intensity val-
ues among different samples (Figure S2J-S2L). The results 
showed good data distribution dispersion, intensity value 
distribution, and distribution of protein intensity values. 
In the proteomic analysis, differentially expressed pro-
teins (DEPs) were analyzed with threshold criteria of|FC| 
> 1.2 and p-value < 0.05. Compared to the CON group, 
we identified 482 upregulated DEPs and 455 downregu-
lated DEPs in the MASLD mouse model group, totaling 
937 DEPs (Fig. 4A and B).

GO and KEGG enrichment analyses of the proteome 
are advantageous for revealing the biological functions 
and regulatory mechanisms of proteins. We selected the 
top 20 terms with the smallest p-values for analysis and 
subsequent display. At the BP level of GO enrichment, 
the enriched terms included important metabolic pro-
cesses comprising the synthesis, breakdown, and trans-
formation of molecules such as nucleotides, nucleosides, 
monocarboxylic acids, and ATP (Fig.  4C). At the CC 
level, the enriched terms included cytoplasm, organelles 
(such as mitochondria, peroxisomes, endoplasmic retic-
ulum), cell membrane, and internal structures of organ-
elles (such as matrix, lumen) (Fig. 4D). At the MF level, 
the enriched terms were related to various enzyme activi-
ties and binding properties (Fig. 4E). KEGG enrichment 
included various metabolic pathways such as steroid 
metabolism, lipid metabolism, amino acid metabolism, 
and sugar metabolism. Additionally, various types of 
biological defense and detoxification pathways were also 
enriched (Fig. 4F).

In summary, disruptions in both proteomic and tran-
scriptomic profiles were observed during MASLD. How-
ever, the tendencies of dysregulation in GO/ KEGG 
pathways differ between the two omics layers. Hence, a 
combined analysis of the transcriptomic and proteomic 
data becomes imperative to gain a comprehensive 
understanding of the molecular mechanisms underlying 
MASLD.

Similarities and differences in the proteomic and 
transcriptomic profiles of the MASLD mouse model
Transcriptomics and proteomics elucidate gene expres-
sion at the transcriptional and translational levels, 
respectively. Besides the straightforward one-to-one rela-
tionships between transcripts and proteins, there exist 
more complex regulatory interactions between the tran-
scriptome and the proteome. Comparing the quantitative 
correlations between the two omics layers provides rapid 
insights into potential regulatory relationships between 
proteins and transcripts. We merged protein expres-
sion and mRNA expression by utilizing the correspon-
dence between protein and transcript IDs. A scatter plot 
depicting the expression levels of transcripts and their 
corresponding proteins is shown in Fig.  5A. Through 
a combined analysis of protein and mRNA changes, we 
identified only 56 genes, 31 upregulated genes and 25 
downregulated genes, showing a matching direction of 
change in both the proteome and transcriptome (Fig. 5B). 
Additionally, 848 genes exhibited no changes at the tran-
scriptome level but showed significant alterations at the 
proteome level, suggesting the potential presence of post-
transcriptional modifications (Fig. 5B).

Considering our earlier observation of significant 
abnormalities in m6A post-transcriptional modifica-
tions in MASLD, we focused our attention on the 442 
genes upregulated at the protein level but unchanged at 
the transcript level and the 406 genes downregulated at 
the protein level but unchanged at the transcript level 
(Fig. 5B).

Based on our comparative analysis, we categorized 
proteins or transcripts according to different expres-
sion patterns, with each category corresponding to spe-
cific regulatory relationships (transcriptomic-proteomic: 
down-down, unchange-down, down-unchange, up-
unchange, up-up, unchange-up). To gain further insights 
into the biological processes involved in proteins or tran-
scripts exhibiting diverse regulatory relationships, we 
conducted KEGG and GO enrichment analyses using 
the Fisher exact test for each regulatory relationship. We 
selected GO functions/ KEGG pathways significantly 
enriched in at least one category (p-value < 0.05) and 
compared their enrichment levels among different pro-
tein categories using a heatmap. In the heatmap of the 
results, the x-axis represents different protein categories, 
the y-axis indicates GO functions/ KEGG pathways, and 
the color indicates the significance of enrichment (repre-
sented by p-value through log10 and Z-score transforma-
tion) (Fig. 5C and F).

The GO enrichment results revealed significant incon-
sistencies between the transcriptome and proteome 
across 56 BP categories (Fig.  5C). These processes 
included nucleotide metabolism, fatty acid metabo-
lism, carboxylic acid metabolism, glucose metabolism, 
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nucleoside and nucleotide biosynthesis, RNA processes, 
cellular responses, protein processes, and various other 
metabolic activities. Similarly, there were significant 
inconsistencies between the transcriptome and proteome 
across 36 CC categories (Fig. 5D). These included endo-
plasmic reticulum (ER) components, organelle com-
ponents, lysosome and vacuole components, ribosome 

components, vesicle components, microbody and per-
oxisome components, mitochondria components, and 
lipid-related components. GO enrichment analysis also 
highlighted significant inconsistencies between the tran-
scriptome and proteome across 59 MF components, 
primarily involving enzyme activity and binding activity 
(Fig. 5E). KEGG enrichment analysis revealed significant 

Fig. 4 High-fat diet alters the proteome of mouse liver tissue. (A) Heatmap displaying the expression of DEPs in the HFD group and CON group. (B) Bar 
graph depicting the number of DEPs. (C-E) GO enrichment analysis of DEPs, including (C) Biological Processes, (D) Cellular Components, and (E) Molecular 
Functions. (F) KEGG enrichment analysis of DEPs
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Fig. 5 (See legend on next page.)
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inconsistencies between the transcriptome and proteome 
across 41 pathways (Fig.  5F). These pathways included 
lipid metabolism, nucleotide and nucleic acid metabo-
lism, drug metabolism and detoxification, neurotrans-
mitter and signaling pathways, carbohydrate metabolism, 
and amino acid metabolism.

METTL3 overexpression alters the hepatic proteome
To investigate the impact of METTL3 on liver cell 
function, we established a stable overexpression 
cell line in AML12 mouse liver cells using lentivirus 
(p-value = 0.0002) (Fig. 6A). We assessed the protein qual-
ity using Coomassie brilliant blue staining. The outcomes 
revealed distinct protein bands in all lanes, with the band 
distribution meeting the ideal criteria and no evidence 
of protein degradation (Figure S3A). Subsequently, we 
utilized LC-MS to enzymatically digest the proteins and 
analyze the resulting peptides. To ensure high-quality 
analysis outcomes, we employed a 1% FDR as the accu-
racy benchmark for data filtration across spectra, pep-
tides, and proteins (Figure S3B). Protein identification 
necessitated the presence of at least one specific peptide. 
Upon completion of the database search for the mass 
spectrometry raw data, we conducted quality assess-
ment by examining peptide length distribution, peptide 
count distribution, protein coverage distribution, and 
protein molecular weight distribution (Figure S3C-S3F). 
The evaluation results adhered to the typical principles 
of mass spectrometric fragmentation and did not result 
in protein loss within specific molecular weight ranges. 
PCC, PCA, and RSD indicated excellent reproducibility 
among our samples, with no outliers (Figure S3G-S3I). 
Box plots, distribution bar graphs, and density distribu-
tion curve graphs were employed to display the distri-
bution and disparities in protein intensity values among 
various samples (Figure S3J-S3L). The findings showcased 
satisfactory data dispersion, intensity value distribution, 
and protein intensity value distribution. After stringent 
quality control procedures, we conducted a differential 
analysis of the protein mass spectrometry data between 
the Blank group and the METTL3 overexpression group 
(Fig. 6B). Using|FC| < 1.2 and p-value < 0.05 as threshold 
criteria for the analysis of Differentially Expressed Pro-
teins (DEPs), we identified a total of 2397 differentially 
expressed proteins, including 1176 upregulated proteins 
and 1221 downregulated proteins (Fig. 6C and D).

Next, GO/ KEGG enrichment analyses were performed 
to reveal the biological processes influenced by METTL3 

in the liver. The top 20 terms with the smallest p-values 
were selected for analysis and presentation. In the BP 
category, enriched terms included glycolysis and sugar 
metabolism, ketone metabolism, energy metabolism, 
and nucleotide biosynthesis and degradation processes 
(Fig.  6E). In the CC category, enriched terms included 
various cellular structures and functions, comprising 
components related to the cell membrane, cell nucleus, 
mitochondria, secretory vesicles and vacuoles, molecu-
lar machinery, and complexes, as well as components 
related to the cell skeleton and structure (Fig. 6F). These 
components have specific locations and functions within 
the cell, participating in physiological activities and bio-
logical processes such as signal transduction, energy 
metabolism, secretion, maintenance of the cell skeleton, 
and nuclear functions. In the MF category, enriched 
terms included terms related to oxidoreductase activity, 
membrane transport activity, ion channel and regulatory 
activity, hydrolase activity, and molecular binding activ-
ity (Fig. 6G). The KEGG enrichment analysis results were 
enriched for cellular processes such as sugar metabolism, 
energy metabolism, signal transduction, mineral balance, 
and some specific cellular processes (Fig. 6H).

Enrichment analysis of genes regulated by METTL3 in 
MASLD
To further explore the proteins regulated by METTL3 
during MASLD, we conducted a combined analysis of 
highly expressed proteins in both the MASLD model 
group and the METTL3 overexpression group, revealing 
an overlap of 84 upregulated proteins (Fig. 7A). It is note-
worthy that over 50% of the upregulated proteins primar-
ily localize to the cytoplasm, with most of the remaining 
proteins exhibiting a nuclear localization, and a smaller 
fraction distributed among other cellular compartments 
(Fig. 7B).

Next, we performed GO enrichment analysis to eluci-
date the functions of METTL3-upregulated DEPs dur-
ing MASLD. In the BP category, the upregulated DEGs 
were enriched for nucleotide biosynthetic processes, 
nucleotide metabolic processes, nucleotide phosphoryla-
tion, and glycolysis (Fig. 7C). At the CC level, the upregu-
lated DEGs were enriched for terms including cytoplasm, 
lipid-related structures, microbodies, granules, and 
membranes (Fig.  7D). At the MF level, the upregulated 
DEGs were enriched for various functions and activi-
ties related to biology and biochemistry, including pro-
tein binding, catalytic activity, and molecular binding 

(See figure on previous page.)
Fig. 5 Correlation analysis between transcriptome and proteome in the MASLD mouse model. (A) Scatter plot showing the expression levels of transcripts 
and their corresponding proteins. (B) Upset plot comparing the quantitative differences between the transcriptome and proteome. (C-E) Heatmaps il-
lustrating the GO enrichment of proteins under different regulatory relationships between the transcriptome and proteome, including (C) Biological 
Processes, (D) Cellular Components, and (E) Molecular Functions. (F) Heatmap depicting the KEGG enrichment of proteins under different regulatory 
relationships between the transcriptome and proteome
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(Fig. 7E). In addition, we employed KEGG enrichment to 
analyze the biological mechanisms enriched in METTL3-
upregulated DEPs during MASLD. Among the top 20 
enriched terms, many were related to glucose metabo-
lism, lipid metabolism, and amino acid metabolism 
(Fig. 7F).

Through our combined analysis of the MASLD model 
group and the METTL3 overexpression group, we also 
identified 111 consistently downregulated DEPs (Fig. 8A). 
These downregulated DEPs primarily localize to mito-
chondria, followed by the cell membrane and extracellu-
lar space (Fig.  8B). GO and KEGG enrichment analyses 
provided an insight into the cellular localization and pos-
sible functions of these downregulated DEPs. At the BP 
level, the downregulated DEPs were mainly associated 
with energy conversion, membrane transport, nucleotide 
metabolism, as well as cholesterol and steroid metabo-
lism (Fig. 8C). At the CC level, the downregulated DEPs 
were associated with mitochondria, organelles bounded 
by the inner membrane, vacuoles, and lysosomes 
(Fig. 8D). At the MF level, the downregulated DEPs were 
primarily associated with catalytic activity, transporter 
protein activity, and glycine N-acyltransferase activity 
(Fig. 8E). The results of KEGG enrichment analysis indi-
cate significant enrichment in these downregulated DEPs 
for pathways related to organic acid metabolism, amino 
acid metabolism, steroid metabolism, as well as organ-
elles and structural components (Fig. 8F).

Pathway enrichment of METTL3-induced m6a post-
transcriptional modifications during MASLD
By comparing the transcriptome and proteome of an 
MASLD mouse model, we were able to identify several 
enriched pathways potentially related to post-transcrip-
tional modifications. Additionally, through a comparison 
between the proteome of an MASLD mouse model and 
the proteome of liver cells overexpressing METTL3, we 
were able to identify the pathways regulated by METTL3 
during MASLD. Our aim here is to integrate these two 
sets of bioinformatics annotations to identify the biologi-
cal impacts of METTL3-mediated post-transcriptional 
modifications in MASLD.

First, we performed GO enrichment analysis of the 
integrated data. At the BP level, 24 co-enriched GO 
terms were identified. These terms encompass nicotin-
amide/ nicotinic acid metabolism, ketone body metabo-
lism, nucleotide processes, carbohydrate metabolism, 
monocarboxylic acid metabolism, and cholesterol bio-
synthesis. At the CC level, we identified 27 co-enriched 
GO terms related to the cytoplasmic region, peroxisome, 
microbody, mitochondria, vacuole, lysosome, and other 
cellular organelles and membranes. At the MF level, 11 
co-enriched GO terms were identified, and these mostly 
involved enzyme activities. Next, we performed KEGG 

pathway enrichment analysis of the integrated data. We 
were able to identify 25 co-enriched pathways covering 
fatty acid metabolism, amino acid metabolism, carbo-
hydrate metabolism, steroid biosynthesis, and cellular 
organelles (Table S1).

Core node proteins regulated by METTL3 during MASLD
After conducting statistical analysis on the enriched 
pathways mentioned above, we identified a total of 158 
DEPs. Next, the database identifiers or protein sequences 
of these DEPs were compared with the STRING pro-
tein-protein interaction network database. Based on 
a confidence score greater than 0.7 (high confidence), 
we extracted the interaction relationships among DEPs 
(Fig. 9A). On this basis, we selected proteins with five or 
more interactions as core node proteins in the protein-
protein interaction network (PPI), resulting in a total 
of 11 core node proteins (Fig.  9B). These 11 hub genes 
were uploaded to the DSigDB database to predict poten-
tial small-molecule drugs for reversing MASLD. We 
selected the top ten small molecules based on p-values, 
including 7,8-Benzoflavone, pd 158,780, rosiglitazone, 
Vorinostat, acrylamide, 9001-31-4, fulvestrant PC3, ibu-
profen, Plumbagin, and 2,6-dichloro-4-nitrophenol. 
These small molecule compounds have the potential to 
exert anti-MASLD effects by inhibiting the upregula-
tion of hub genes (Figure S4). Among these hub genes, 
GAPDH, TPI1, and ENO1, which rank in the top three, 
have caught our attention. We validated the mRNA and 
protein levels of these genes in both animal and cellu-
lar models. The results closely matched our sequencing 
data. In the animal model, there was no significant dif-
ference in the mRNA levels of these three hub genes in 
the HFD group (Fig. 9C), while their protein levels were 
significantly enhanced (Fig. 9D and E). In cells with over-
expression of METTL3, we observed similar results, with 
the exception of ENO1 (Fig. 9F and H).

Discussion
While there has been significant research on m6A in the 
context of MASLD, few studies have investigated the 
role of METTL3 in the development and progression 
of MASLD through multi-omics integrated analysis. In 
this study, we employed multi-omics integrated analysis 
to conduct large-scale molecular profiling of animal and 
cell models of MASLD, with the aim of obtaining a com-
prehensive understanding of molecular-level processes 
such as disease mechanisms and cellular metabolism. In 
the animal model, a combined analysis of the transcrip-
tome and proteome revealed that only 56 genes exhibited 
consistent changes at both protein and transcript lev-
els. Hence, we infer the presence of extensive post-tran-
scriptional and post-translational modifications in the 
MASLD mouse model. We shifted our focus towards the 
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Fig. 6 Overexpression of METTL3 alters the proteome in the liver. (A) Western blotting and quantitative analysis of METTL3 protein in AML12 cells trans-
fected with overexpressing METTL3 lentivirus. (B) Heatmap displaying the expression of DEPs in the Blank group and over-METTL3 group. (C) Volcano plot 
illustrating the expression of DEPs. (D) Bar graph depicting the number of DEPs. (E-G) GO enrichment analysis of DEPs, including (E) Biological Processes, 
(F) Cellular Components, and (G) Molecular Functions. (H) KEGG enrichment analysis of DEPs. (n = 3, t-test, *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001)
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Fig. 7 Integrative enrichment analysis of upregulated genes in the proteome of mouse and cell models with METTL3. (A) Venn diagram depicting the 
overlap between upregulated DEPs in the MASLD mouse model and the METTL3 overexpressing AML12 cell model. (B) Subcellular classification of 
commonly upregulated genes. (C-E) GO enrichment analysis of intersecting genes, including (C) Biological Processes, (D) Cellular Components, and (E) 
Molecular Functions. (H) KEGG enrichment analysis of commonly upregulated genes
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Fig. 8 Integrative enrichment analysis of downregulated genes in the proteome of mouse and cell models with METTL3. (A) Venn diagram illustrating 
the overlap between downregulated DEPs in the MASLD mouse model and the METTL3 overexpressing AML12 cell model. (B) Subcellular classification 
of commonly downregulated genes. (C-E) GO enrichment analysis of intersecting genes, including (C) Biological Processes, (D) Cellular Components, and 
(E) Molecular Functions. (H) KEGG enrichment analysis of commonly downregulated genes
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Fig. 9 Core node proteins regulated by METTL3 in MASLD. (A) Protein-protein interaction network diagram of DEPs. (B) Statistical analysis of gene interac-
tions. (C) qRT‒PCR analysis of the mRNA expression levels of genes between control and HFD group. (D and E) Western blotting (D) and quantitative anal-
ysis (E) of the protein expression levels between control and HFD group. (F) qRT‒PCR analysis of the mRNA expression levels of genes between blank and 
over-METTL3 group. (G and H) Western blotting (G) and quantitative analysis (H) of the protein expression levels between blank and over-METTL3 group
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848 proteins that exhibited changes at the protein level 
despite no alterations at the transcriptome level. This 
approach allowed us to delve deeper into the molecular 
mechanisms underlying MASLD, and to identify poten-
tial therapeutic targets and prognostic markers.

We observed that upon METTL3 overexpression, 
the transcriptional levels of many genes remained 
unchanged. As a key regulator of the post-transcriptional 
m6A modification, METTL3 can modulate protein levels 
through various mechanisms, such as RNA modifica-
tion, splicing, export, stability, and translation, without 
affecting transcription levels [37]. The limited impact of 
METTL3 overexpression on the proteome or transcrip-
tome may result from a combination of factors, including 
the dynamic equilibrium of m6A modification, the com-
plex regulation of mRNA stability and translation, and 
cellular compensation mechanisms [38]. Together, these 
factors enable METTL3 to regulate various biological 
processes in the cell without altering mRNA or protein 
levels.

Our subsequent analysis was grounded in pathway 
analysis rather than simple gene analysis because path-
way analysis provides more comprehensive information, 
covering interactions between genes and signaling net-
works. Pathway analysis takes into account the collab-
orative interactions between genes, facilitating a better 
understanding of their overall functionality in biological 
processes. Compared to simple gene analysis, pathway 
analysis is more likely to reveal the overall changes and 
relationships associated with specific biological processes 
or disease states.

Using an approach involving integrative analysis of 
the transcriptome and proteome, we conducted GO 
and KEGG enrichment analyses for these proteins and 
selected the top 60 terms for each enrichment category 
for further analysis. We observed a substantial inconsis-
tency between the enriched pathways in the transcrip-
tome and proteome. In MASLD, the pathways identified 
are differentially regulated by post-transcriptional modi-
fications, particularly m6A modification. The detection of 
high expression of METTL3 in the MASLD mouse model 
prompted our consideration of the role of METTL3-
mediated m6A post-transcriptional modification in influ-
encing the development of MASLD.

To elucidate the role of METTL3 in MASLD, we 
established a stable cell line overexpressing METTL3 
in AML12 liver cells. Integrated proteomic analysis of 
mouse and cellular proteins revealed a total of 195 pro-
teins that were consistently changed in both the MASLD 
mouse model group and the METTL3 overexpression 
group. These proteins are likely regulated by METTL3 
during MASLD, and GO/ KEGG analyses identified asso-
ciated terms indicative of METTL3 regulation. To con-
firm that the pathway alterations were specifically due 

to the impact of METTL3-induced m6A post-transcrip-
tional modifications rather than other factors, we per-
formed an intersection analysis of the enriched pathways 
identified in the two combined analyses. The resulting 
GO/ KEGG terms highlighted the major biological pro-
cesses influenced by METTL3-induced m6A transcrip-
tional modifications in MASLD, particularly the KEGG 
terms.

As shown in Table S1, the terms enriched in GO: BP 
primarily encompass nicotinamide/nicotinic acid metab-
olism, ketone body metabolism, nucleotide processes, 
carbohydrate metabolism, monocarboxylic acid metabo-
lism, and cholesterol biosynthesis. Disruptions in nico-
tinamide/nicotinic acid metabolism can affect cellular 
energy metabolism and antioxidant capacity, thereby pro-
moting the occurrence and progression of MASLD [39]. 
Abnormal ketone body metabolism may reflect a dis-
ruption in hepatic fatty acid metabolism, with excessive 
ketone body production and impaired utilization, poten-
tially exacerbating the metabolic burden on the liver and 
leading to hepatocyte damage. Abnormal nucleotide 
processes can impair normal cellular functions and gene 
expression regulation, particularly affecting hepatocyte 
proliferation, apoptosis, and metabolic activity [40]. Dis-
ruption of carbohydrate metabolism leads to increased 
glucose uptake and utilization in the liver, promoting fat 
synthesis and accumulation, further aggravating hepatic 
steatosis. Additionally, carbohydrate metabolism dis-
turbances may affect the liver’s antioxidant defense sys-
tem, increasing oxidative stress damage [41]. Abnormal 
monocarboxylic acid metabolism impacts cellular energy 
metabolism and signal transduction, promoting fat accu-
mulation and inflammation in hepatocytes [42]. Altera-
tions in cholesterol biosynthesis could result in excessive 
cholesterol accumulation in the liver, forming cholesterol 
crystals that trigger inflammatory responses and hepato-
cyte damage, contributing to the progression of MASLD 
[43]. In GO: CC, the enriched GO terms are related to 
the cytoplasmic region, peroxisomes, microbodies, mito-
chondria, vacuoles, lysosomes, and other cellular organ-
elles and membranes. The cytoplasm is the primary site 
for various metabolic activities within the cell, includ-
ing fatty acid synthesis and ketone body formation, both 
of which are relevant to MASLD. Abnormalities in the 
cytoplasmic region could affect the transport of meta-
bolic substances and enzyme activity, leading to meta-
bolic disorders that promote the onset and progression of 
MASLD. Dysfunction of peroxisomes disrupts fatty acid 
metabolism, resulting in an excess of peroxides and free 
radicals, inducing oxidative stress damage and worsen-
ing hepatocyte injury [44]. Abnormalities in microbody 
function may impair the liver’s ability to clear meta-
bolic toxins, exacerbating liver damage and advancing 
MASLD. Mitochondrial dysfunction can lead to impaired 
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fatty acid oxidation, generating excessive reactive oxy-
gen species (ROS), causing oxidative stress, damaging 
cellular functions, and promoting hepatocyte apoptosis 
and inflammation [45]. Vacuoles may play a role in lipid 
storage and transport, and dysfunction here may lead 
to abnormal lipid accumulation within the cell, worsen-
ing hepatic steatosis. Lysosomal dysfunction can cause 
impaired degradation of lipid metabolites, leading to the 
formation of lipid peroxidation products, which trigger 
inflammation and hepatocyte damage [44]. In GO: MF, 
most of the enriched terms are associated with enzyme 
activity, participating in fatty acid synthesis, oxidation, 
and cholesterol metabolism. Abnormal enzyme activity 
could be an early signal of NAFLD onset.

In MASLD, the upregulated KEGG pathways influ-
enced by METTL3-induced m6A modifications 
included five terms related to carbohydrate metabolism: 
mmu00010, Glycolysis / Gluconeogenesis; mmu00052, 
Galactose metabolism; mmu00051, Fructose and man-
nose metabolism; mmu00030, Pentose phosphate path-
way; and mmu00620, Pyruvate metabolism. These 
pathways interact with each other to ensure cellular 
energy and metabolic balance. Additionally, they con-
tribute to enhanced lipid accumulation through a mecha-
nism involving Enhanced glycolysis. Here, glycolysis, the 
process of converting glucose into pyruvate, is intensi-
fied. Pyruvate is a crucial precursor for fatty acid biosyn-
thesis, and these pyruvates can be further converted into 
fatty acids or triglycerides. Increased pyruvate metabo-
lism is known to augment the rate of fatty acid synthesis 
[46]. High-fructose-fed mice exhibit increased METTL3 
transcript expression and elevated m6A levels, and these 
adaptations are associated with changes in the expression 
of genes related to glucose metabolism [30]. Augmented 
metabolism of galactose and fructose produces metabo-
lites that can enter glycolysis or the pentose phosphate 
pathway, increasing glucose supply and energy synthesis, 
thereby promoting lipid synthesis [46]. After activation 
of the pentose phosphate pathway, NADPH generated by 
the pentose phosphate pathway can be utilized for fatty 
acid synthesis. Thus, NADPH provides reducing equiva-
lents for fatty acid synthase (FASN), using acetyl-CoA as 
a primer and malonyl-CoA as a two-carbon donor to syn-
thesize fatty acids [47, 48].

In total, the enriched GO and KEGG pathways col-
lectively encompassed 158 DEPs. Through PPI network 
analysis, we identified 11 genes that interacted with other 
genes in more than five instances. Subsequently, we uti-
lized the DSigDB database to predict potential small 
molecule drugs for these 11 genes. This step is crucial 
to reducing research and development costs during sub-
sequent MASLD drug development, to expanding the 
range of drug development choices, and to facilitating a 
more comprehensive understanding of the correlation 

between drugs and gene expression. Furthermore, it 
facilitates a deeper exploration of the mechanisms of 
action of these drugs, thereby providing a solid theoreti-
cal foundation for subsequent research endeavors.

Among these hub genes, GAPDH, ENO1 and TPI1 
caught our attention. However, we found that while 
ENO1 expression increased in the animal model, 
there was no significant change in ENO1 expression in 
METTL3-overexpressing cells. This discrepancy may be 
due to the complexity of animal models, where high-fat 
feeding not only increases METTL3 expression but also 
affects other signaling pathways. These pathways may 
involve signaling between different cell types and inter-
organ communication. In contrast, cell models represent 
a more controlled environment, where METTL3 over-
expression only influences intracellular processes. The 
increased expression of ENO1 in the MASLD mouse 
model, but not in the cell model, suggests that the regu-
lation may not be solely mediated by METTL3. There-
fore, these two genes can be considered as key hub genes 
influenced by METTL3 during MASLD (Fig.  10). These 
genes occupy central positions in the expression net-
work, directly or indirectly interacting with many other 
genes, thus playing crucial roles in regulating biological 
processes.

Conventionally, GAPDH (Glyceraldehyde-3-phosphate 
dehydrogenase) is considered highly conserved, and 
GAPDH is commonly used as an internal control in stud-
ies of gene expression regulation. However, evidence sup-
porting the regulation of GAPDH expression itself under 
certain conditions is accumulating, especially because of 
its association with MASLD and type 2 diabetes [49–51]. 
GAPDH is a key rate-limiting enzyme in the glycolytic 
pathway [52], catalyzing the reaction of glyceraldehyde-
3-phosphate to 1,3-bisphosphoglycerate, generating 
NADH that can participate in processes such as oxida-
tive phosphorylation [52]. GAPDH, as a central step in 
glycolysis, serves as a convergence point for monosac-
charides entering either the glycolytic pathway or the 
pentose phosphate pathway. According to Shestov et al., 
when upstream substrates of GAPDH are abundant, gly-
colysis is primarily controlled by GAPDH. Conversely, 
when substrates upstream of GAPDH are limited, gly-
colysis is primarily regulated by other upstream rate-lim-
iting enzymes [53]. This theory concerning the changing 
role of GAPDH may provide new insights into MASLD 
research.

GAPDH is also known to stimulate terminal glycoly-
sis during the late interphase. Its activity promotes the 
activities of PGK1 and PKM2, generating ATP, while 
LDH-5 regenerates NAD+ for GAPDH function. Acti-
vation of PKM2 releases PEP from TPI-induced cleav-
age. Thus, DHAP synthesis is activated, maintaining the 
synthesis of glycerol phosphate required for triglyceride 
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formation [54]. TPI1 (Triosephosphate isomerase 1) 
is encoded by a single gene located on the short arm 
of chromosome 12 (12q13). This stable dimer exhibits 
high conservation across numerous organisms. In the 
glycolytic pathway, TPI enzyme catalyzes the intercon-
version of dihydroxyacetone phosphate (DHAP) and 

glyceraldehyde-3-phosphate (G3P), serving as a key cata-
lytic enzyme in both glycolysis and gluconeogenesis [55, 
56]. TPI1 facilitates the conversion of phosphoenolpyru-
vate in glycolysis, which is crucial for lipid metabolism 
processes such as fatty acid synthesis, beta-oxidation, and 
phospholipid biosynthesis. Glyceraldehyde-3-phosphate 

Fig. 10 Proposed mechanism diagram
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is also a key molecule in the pentose phosphate pathway. 
Because of the convoluted metabolic interconnections 
within cells, the many different metabolic processes can 
influence each other. Therefore, TPI1 may impact mul-
tiple intracellular energy metabolism processes such as 
glycolysis, gluconeogenesis, lipid metabolism, and the 
pentose phosphate pathway [57].

Conclusions
During MASLD, the hepatic glycolytic process may be 
influenced by hepatic fat deposition and cellular dys-
function, leading to modulation of the expression levels 
and activities of GAPDH and TPI1. These modifications 
reflect changes in liver metabolism, energy demand, and 
energy supply regulation. Regulation of the glycolytic 
pathway and these two hub genes by the key m6A post-
transcriptional modifier METTL3 likely contributes to 
the pathogenesis of MASLD. This insight aids in under-
standing the potential of METTL3 as a disease regulatory 
factor in MASLD, paving the way for novel therapeutic 
approaches in future MASLD research.
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