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Elevated arachidonic acid metabolism (AAM) has been linked to the progression of non-alcoholic 
fatty liver disease (NAFLD). However, the specific role of AAM-related genes (AAMRGs) in NAFLD 
remains poorly understood. To investigate the involvement of AAMRGs in NAFLD, this study analyzed 
datasets GSE89632 and GSE135251 from the Gene Expression Omnibus (GEO) and Molecular 
Signatures Database (MSigDB). Differential expression analysis revealed 2256 differentially expressed 
genes (DEGs) between NAFLD and control liver tissues. Cross-referencing these DEGs with AAMRGs 
identified nine differentially expressed AAMRGs (DE-AAMRGs). Least absolute shrinkage and selection 
operator (LASSO) and univariate logistic regression analyses pinpointed five biomarkers—CYP2U1, 
GGT1, PLA2G1B, GPX2, and PTGS1—demonstrating significant diagnostic potential for NAFLD, as 
validated by receiver operating characteristic (ROC) analysis. These biomarkers were implicated in 
pathways related to AAM and arachidonate transport. An upstream regulatory network, involving 
transcription factors (TFs) and MicroRNAs (miRNAs), was constructed to explore the regulatory 
mechanisms of these biomarkers. In vivo validation using a NAFLD mouse model revealed liver 
histopathological changes, and quantitative reverse transcription polymerase chain reaction (qRT-
PCR) and western blot (WB) analyses confirmed the upregulation of biomarker expression, particularly 
PTGS1, in NAFLD. The bioinformatic analysis identified five AAM-related biomarkers, enhancing the 
understanding of NAFLD pathogenesis and offering potential diagnostic targets.
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Non-alcoholic fatty liver disease (NAFLD) is an acquired metabolic disorder marked by hepatic fat accumulation 
due to metabolic stress1. It is strongly linked to obesity, dyslipidemia, hypertension, and insulin resistance, and 
is often considered a hepatic manifestation of metabolic syndrome2. NAFLD evolves through four distinct 
stages: hepatic steatosis (fat accumulation), non-alcoholic steatohepatitis (NASH), fibrosis, and cirrhosis3. The 
early stage is characterized by hepatic steatosis or non-alcoholic fatty liver. Chronic inflammation then triggers 
the onset of fibrosis, leading to the replacement of functional hepatocytes with scar tissue. Cirrhosis, the most 
advanced stage of NAFLD, involves extensive structural and functional impairments of hepatocytes4. NAFLD 
has become the leading cause of liver-related mortality globally, which impose a significant healthcare burden. 
Despite its growing impact, NAFLD remains underrecognized as a major chronic disease5, with limited progress 
in diagnostic and therapeutic advancements. Further research is essential to deepen our understanding of the 
disease and to identify more effective diagnostic and treatment strategies.

Arachidonic acid is a polyunsaturated fatty acid abundantly present in mammalian cell membranes, which 
dissociates from the membranes upon activation of phospholipase A2 (PLA2) by nerve signals. Free arachidonic 
acid can undergo metabolic transformations via multiple pathways (cytochrome P450 (CYP450), lipoxygenase, 
and cyclooxygenase (COX) pathways) to generate hydroxyeicosapentaenoic acids, epoxyeicosatrienoic acids, 
prostaglandins (PGs), and other active metabolites6. Early research indicated that NAFLD progression was 
associated with arachidonic acid metabolism (AAM). Studies have found that PLA2 is genetically altered to 
reduce liver steatosis caused by high fat diets7. CYP450 family enzymes contribute to the generation of anti-
inflammatory epoxyeicosatrienoic acids, hydroxyicosatetraenoic acids (HETEs) and reactive oxygen species, 
which are thought to be the drivers of steatohepatitis8,9. 5- lipoxygenase-derived leukotrienes are involved in the 
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pathogenesis of NAFLD, and increased 5-lipoxygenase derivatives are associated with severity of liver disease10,11. 
The COX pathway participates in the pathogenesis of NAFLD by acting on peroxisome proliferator-activated 
receptor γ, which is associated with insulin resistance and liver steatosis12. However, the potential regulatory 
mechanisms of AAM in NAFLD are not yet understood, and the potential role of AAM as a diagnostic and 
therapeutic targets for NAFLD requires further study. In the bioinformatics analysis, mendelian randomization 
analysis demonstrated that elevated arachidonic acid levels are potentially associated with an increased risk of 
NAFLD13. RNA-Seq analysis indicated that CYP450 family plays a pivotal role in lipid metabolism, oxidative 
stress, and inflammation in NAFLD, suggesting that CYP450 enzymes may serve as potential diagnostic and 
therapeutic targets for NAFLD14. Furthermore, AAM may enhance the prognosis of breast cancer patients by 
promoting immune responses15. Additionally, AAM-related genes (AAMRGs) play a significant role in immune 
regulation and oxidative stress in coupes with repeated implantation failure, potentially contributing to the 
occurrence of embryo implantation failure16. However, there are no bioinformatics studies on AAMRGs in 
NAFLD, and our study fills a gap in current research.

The current study utilized transcriptomic data and bioinformatics tools to identify key genes involved in 
AAM in NAFLD, with subsequent validation of biomarker expression via quantitative reverse transcription 
polymerase chain reaction (qRT-PCR) and western blot (WB) assays in livers of NAFLD mouse models. 
Additionally, the investigation examined the underlying mechanisms of these biomarkers in NAFLD, providing 
potential targets for diagnostic and therapeutic strategies in the treatment of NAFLD.

Results
Identification of differentially expressed genes (DEGs) and differentially expressed AAMRGs 
(DE-AAMRGs)
A total of 2256 DEGs were identified between NAFLD and control (CTL) samples (Fig. 1a, Supplementary Material 
1). Intersection analysis of DEGs and AAMRGs yielded 9 DE-AAMRGs (Fig.  1b). These DE-AAMRGs were 
significantly associated with Gene Ontology (GO) terms related to fatty acid metabolic processes (biological process, 
BP), arachidonic acid metabolic processes (BP), nuclear outer membrane (cellular component, CC), azurophil 
granule lumen (CC), calcium-dependent phospholipase A2 activity (molecular function, MF), and lipase activity 
(MF), among others (Fig. 1c). Furthermore, Kyoto Encyclopedia of Genes and Genomes (KEGG)17 pathway analysis 
revealed enrichment in pathways such as alpha-linolenic acid metabolism, linoleic acid metabolism, fat digestion 
and absorption, ether lipid metabolism, glycerophospholipid metabolism, and fatty acid degradation (Fig. 1d). The 
resulting protein-protein interaction (PPI) network consisted of 9 nodes and 20 edges, including interactions between 
GGT1-GPX2, PLA2G1B-PTGES2, and PLA2G10-PLA2G3, among other pairs (Fig. 1e).

CYP2U1, GGT1, PLA2G1B, GPX2, and PTGS1 could commendably diagnose NAFLD as 
biomarkers
When λ = 0.04064, the error rate was minimized, and five genes were identified at this threshold (Fig.  2a). 
Through univariate logistic analysis of these genes, five biomarkers—CYP2U1, GGT1, PLA2G1B, GPX2, and 
PTGS1—were ultimately selected. Among them, GGT1 emerged as a risk factor (odds ratio (OR) > 1), while the 
others acted as protective factors (OR < 1) (Fig. 2b). Expression patterns of CYP2U1 and PTGS1 were consistent 
across the GSE89632 and GSE135251 datasets, with both showing elevated expression in NAFLD samples 
compared to CTL samples (Fig. 2c). The area under the curve (AUC) values for CYP2U1 (AUC = 0.891), GGT1 
(AUC = 0.849), PLA2G1B (AUC = 0.821), GPX2 (AUC = 0.760), and PTGS1 (AUC = 0.763) all exceeded 0.7, 
suggesting their robust predictive capacity for NAFLD (Fig. 2d). The diagnostic performance of these biomarkers 
was further confirmed in the GSE135251 dataset (Fig.  2e). Furthermore, correlation analyses of biomarkers 
across all samples, NAFLD, and CTL groups in GSE89632 revealed both consistencies and discrepancies. For 
example, PLA2G1B and CYP2U1 were significantly negatively correlated across all sample types (all samples: 
Cor = -0.65, P < 0.05; NAFLD samples: Cor = -0.38, P < 0.05; CTL samples: Cor = -0.80, P < 0.05). In contrast, 
a notable negative correlation between CYP2U1 and PTGS1 was observed in NAFLD samples (Cor = -0.38, 
P < 0.05), whereas a positive correlation was evident in CTL samples (Cor = 0.50, P < 0.05) (Fig. 2f). In addition, 
the nomogram constructed on the basis of five biomarkers showed good predictive ability (Supplementary 
Material 7 and Supplementary Material 9). The AUC value of the receiver operating characteristic (ROC) curve 
exceeded 0.7, and the decision curve analysis (DCA) curve showed that the net benefit level of the model was 
higher than the prediction of individual biomarkers (Supplementary Figure S1b-1c). These results further 
confirmed the reliability of the prediction model.

The biomarkers were related to AAM pathways
The biological functions and pathways associated with the biomarkers were explored using gene set enrichment 
analysis (GSEA), which identified the enrichment of CYP2U1 in KEGG pathways such as AAM, pyruvate 
metabolism, and non-alcoholic fatty liver disease. GGT1 was linked to KEGG pathways including steroid 
hormone biosynthesis, unsaturated fatty acid biosynthesis, and fatty acid degradation. PLA2G1B was involved 
in pathways like the sphingolipid signaling pathway, inositol phosphate metabolism, and cytokine-cytokine 
receptor interaction. GPX2 participated in cholesterol metabolism, hematopoietic cell lineage, and sphingolipid 
signaling pathways. PTGS1 was associated with lipid metabolism, atherosclerosis, osteoclast differentiation, 
and IL − 17 signaling pathways (Fig. 3a, Supplementary Material 2–6). Furthermore, biomarkers, together with 
other genes in the GeneMANIA network, contributed to processes such as AAM, arachidonate transport, and 
fatty acid derivative metabolism (Fig. 3b). Ultimately, the TF-miRNA-gene regulatory network, consisting of 77 
nodes and 119 edges, included reciprocal relationships such as SOX17-GPX2, hsa-miR-607-CYP2U1, and hsa-
miR-4251-PTGS1 (Fig. 3c).

Scientific Reports |         (2025) 15:8521 2| https://doi.org/10.1038/s41598-025-92972-z

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


Fig. 1.  Identification of DEGs and DE-AAMRGs. (a-1) Heatmap of expression of downregulated Top10 
differentially expressed genes on NAFLD and CTL samples. Gradually higher expression with blue to red 
colour. (a-2) Volcano plot of differentially expressed genes between NAFLD and CTL samples. Red dots 
represent upregulated genes, blue dots represent downregulated genes, and grey dots represent genes with 
no significant difference or small fold changes. The figure is labelled for up- and down-regulation of each of 
the Top10 genes. (b) Venn diagram of DEGs and DE-AAMRGs. (c-1) GO-BP enrichment treemap for DE-
AAMRGs. (c-2) GO-CC enrichment treemap for DE-AAMRGs. (c-3) GO-MF enrichment treemap for DE-
AAMRGs. (d) KEGG pathway enrichment treemap of DE-AAMRGs. (e) PPI network of DE-AAMRG.
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Fig. 2.  Performance of five key biomarkers (CYP2U1, GGT1, PLA2G1B, GPX2, PTGS1) in the diagnosis 
of NAFLD. (a-1,2) LASSO regression analysis to screen for signature genes. (b) Logistic regression forest 
plot for key genes. (c-1) Scatter box plot of key gene expression in GSE89632. (c-2) Scatter box plot of key 
gene expression in GSE135251. (d) ROC curve for key genes in GSE89632. (e) ROC curve for key genes 
in GSE135251. (f-1) Key gene correlations in all samples in GSE89632. (f-2) Key gene correlations in CTL 
samples in GSE89632. (f-3) Key gene correlations in NAFLD samples in GSE89632.
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qRT-PCR and WB validation revealed that the expression trend of PTGS1 was consistent with 
both datasets
The expression of five biomarkers (CYP2U1, GGT1, PLA2G1B, GPX2, and PTGS1) was assessed in NAFLD 
samples through qRT-PCR, with comparisons made to CTL samples. The data revealed a significant reduction 
in the expression of GPX2 and GGT1 in NAFLD relative to CTL samples, while PLA2G1B and PTGS1 showed 
increased expression. No significant difference in CYP2U1 expression was observed between the two groups 
(Fig.  4a–e). Notably, the expression trend of PTGS1 mirrored that in the two datasets, indicating its central 
role among the biomarkers and suggesting its potential involvement in the pathogenesis and progression of 

Fig. 3.  Correlation of biomarkers with arachidonic acid metabolic pathways. (a) Enrichment ridge map of 
KEGG for key genes. (b-1) Co-expression network of key genes. (b-2) Treemap of key gene co-expression 
network functions. (c) TF-miRNA-gene regulatory network of key genes.
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NAFLD. WB analysis further confirmed the upregulation of all five biomarkers in the NAFLD group (Fig. 5, 
Supplementary Material 8).

The liver of the NAFLD mice exhibited a notable infiltration of fat and inflammatory cells, 
along with a deposition of collagen
Following the establishment of the NAFLD mouse model, all mice in the NAFLD cohort exhibited increased 
body weight compared to the control group (Fig.  6a,b), with a significant difference observed between the 
two groups by week 12. Additionally, the livers of NAFLD mice appeared visibly lighter in color (Fig.  6c). 
Biochemical analysis of serum samples revealed markedly elevated Alanine Aminotransferase (ALT) and 
Aspartate Aminotransferase (AST) levels in the NAFLD group, with significant inter-group differences (Fig. 6d). 
Histopathological examination of liver tissue confirmed the presence of pronounced hepatocyte edema and 
necrosis, cytoplasmic disintegration, inflammatory cell infiltration, lipid droplet accumulation, and collagen 
deposition in NAFLD mice (Fig. 6e-g).

Discussion
NAFLD is the most prevalent cause of chronic liver disease, with a reported worldwide prevalence of 25%5. 
Late-stage NAFLD can lead to liver failure and hepatocellular carcinoma4,5. Despite extensive research, the 
intrinsic mechanism of NAFLD is complex and not fully understood2, which has resulted in a lack of reliable 
noninvasive diagnostic tools, dynamic biomarkers and effective treatment drugs18. Therefore, identifying 
a validated biomarker for NAFLD is crucial for developing individual treatment strategies. Early research 
indicated that NAFLD progression was associated with AAM7, while the specific pathogenesis and regulation of 
AAM in NAFLD are not clear. Therefore, our study aimed to investigate the potential molecular mechanisms of 
AAMRGs in NAFLD, offering novel biomarkers for diagnostic and therapeutic interventions against NAFLD.

To date, bioinformatic analyses of AAMRGs in NAFLD have not been reported. In the present study, we 
systematically investigated the differential expression of AAMRGs between NAFLD and CTL samples enrolled 
from the Gene Expression Omnibus (GEO), and we finally identified nine DE-AAMRGs. The difference in 
AAMRGs between NAFLD and the CTL sample indicated that AAMRGs may participate in the occurrence and 
progression of NAFLD. DE-AAMRGs correlation analysis indicated a relatively close correlation between DE-
AAMRGs. GO and KEGG enrichment analyses indicated the nine DE-AAMRGs were significantly involved in 
the AAM, which indicated the DE-AAMRGs are key genes of AAM in NAFLD.

Fig. 4.  Expression validation of five biomarkers. (a) Expression analysis of CYP2U1 in the case and normal 
groups. (b) Expression analysis of GGT1 in the case and normal groups. (c) Expression analysis of PLA2G1B 
in the case and normal groups. (d) Expression analysis of GPX2 in the case and normal groups. (e) Expression 
analysis of PTGS1 in the case and normal groups. ns: no significance; *: p < 0.05.
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In this study, we employed least absolute shrinkage and selection operator (LASSO) and univariate logistic 
analysis to identify five biomarkers (CYP2U1, GGT1, PLA2G1B, GPX2, and PTGS1) with an AUC value of all 
more than 0.7 in the training sets, which indicating that they had excellent ability to predict the risk of NAFLD. 
We also constructed a nomogram and DCA curve, which further verified the reliability of the prediction model. 
Therefore, we conclude that the five biomarkers are reliable and robust biomarkers for the diagnosis of NAFLD.

CYP2U1, a member of the CYP450 enzyme family, catalyzes the hydroxylation of both arachidonic acid and 
structurally similar long-chain fatty acids to a series of oxygenated products19. CYP2U1- derived 20-HETE can 
contributes to inflammation, oxidative stress20. Recent studies have reported an upregulation of CYP2U1 in 
NAFLD, suggesting that CYP2U1 may play a role in drug metabolism in NAFLD patients, thereby influencing 
drug efficacy and drug dose adjustments21. In this study, WB analysis confirmed elevated CYP2U1 expression 
in NAFLD samples, which is consistent with recent study. Therefore, an in-depth investigation into the specific 
functions of CYP2U1 in NAFLD could facilitate the optimization of individualized pharmacotherapy for NAFLD 
patients. Arachidonic acid-derived metabolites, including cysteinyl leukotrienes (leukotrienes C4, leukotrienes 
D4 and leukotrienes E4), are implicated in promoting inflammation and oxidative stress22. Gamma-glutamyl 
Transferase 1 (GGT1), a cell surface enzyme involved in the hydrolysis of γ-glutamyl compounds, plays a critical 
role in glutathione metabolism and the conversion of leukotrienes C4 to leukotrienes D423. GGT is widely 
recognized as a marker of oxidative stress24. Numerous studies have established a link between GGT and the 
increased risk of metabolic syndrome, obesity, and diabetes25,26. This study is the first to identify a relationship 
between GGT1 and NAFLD. qRT-PCR analysis revealed a significant reduction in GGT1 expression in NAFLD, 
whereas WB results indicated an increase in GGT1 levels in the disease. This discrepancy suggests that GGT1 
protein may accumulate in the liver due to impaired protein degradation pathways or post-transcriptional 
regulatory mechanisms. Our experimental findings imply that GGT1 may play a significant role in the pathogenesis 
of NAFLD. However, its precise molecular mechanisms and biological functions require further investigation. 
Future research should focus on elucidating the regulatory mechanisms, intracellular localization, and stability 
of GGT1 in NAFLD, as well as its association with oxidative stress and inflammatory responses. PLA2G1B, a 

Fig. 5.  Five biomarkers in mice in the control and NAFLD groups in protein level. ***: p < 0.001; ****: 
p < 0.0001.
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Fig. 6.  The NAFLD mouse liver exhibits significant fat infiltration, inflammatory cell infiltration, and collagen 
deposition. (a) Liver weight growth curves of mice in control and NAFLD groups. (b) Differences in liver 
weight between control and NAFLD mice. *: p < 0.05. (c) Comparison of liver conditions in control and 
NAFLD mice. (d) Results of lipid analysis in control and NAFLD groups. *: p < 0.05. (e) HE staining results of 
liver cells in mice from the control group and the NAFLD group. (f) Oil Red O staining results of liver cells in 
mice from the control group and the experimental group. ***: p < 0.001. (g) Changes in collagen fibres in liver 
tissue were detected using Masson staining.

 

Scientific Reports |         (2025) 15:8521 8| https://doi.org/10.1038/s41598-025-92972-z

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


member of the PLA2 family, hydrolyzes phospholipids into fatty acids and lysophospholipids27. Several studies 
have demonstrated that PLA2G1B plays a role in diet-induced hyperlipidemia, obesity, and diabetes27–29. The 
present study reveals, for the first time, that PLA2G1B expression is upregulated in NAFLD samples. Previous 
research has demonstrated that PLA2G1B can promote inflammation during colitis development, and its 
inactivation can enhance epithelial repair and mitigate inflammatory responses by increasing intestinal stem 
cell numbers30. Given the frequent association between NAFLD and hepatic inflammation, this finding implies 
that down-regulating PLA2G1B expression might reduce inflammation and aid in NAFLD treatment. GPX2, an 
antioxidant enzyme belonging to the Glutathione Peroxidase family, primarily eliminates hydrogen peroxide and 
organic peroxides, thereby protecting cell membranes from oxidative stress31. Recent study has shown elevated 
GPX2 expression in NAFLD samples32 signifies the liver’s response to oxidative stress and may be associated 
with the progression of NAFLD. WB data in our study further corroborated the increased expression of GPX2 
in NAFLD samples. Additional research has indicated that GPX2 may play a pivotal role in mediating oxidative 
stress, while exposure to 2,4-D may contribute to the development of NAFLD by modulating antioxidant genes, 
thereby influencing hepatic oxidative stress levels. Oxidative damage to the liver is recognized as one of the key 
pathological mechanisms underlying NAFLD33. Consequently, future investigations should delve deeper into 
the relationship between GPX2 and NAFLD to provide novel insights for therapeutic strategies. PTGS1 (COX-
1) catalyzes the synthesis of PGs and related compounds from arachidonic acid34. Increased PGs production 
disrupts lipid metabolism35,36. Furthermore, PTGS1, as an oxidative lipid metabolism gene implicated in the 
response to Omega-3 fatty acids, may play a crucial role in the inflammatory response. Alterations in its expression 
could influence the production of oxidative lipids, including PGs, thereby potentially impacting inflammation 
and immune responses37. Recent studies have reported significant upregulation of PTGS1 expression in liver 
tissues from rodents with high-fat-diet-induced NAFLD35, aligning with the current results. Furthermore, the 
PTGS1/PTGS2 inhibitor indomethacin and the PTGS1 inhibitor SC-560 have been shown to reduce fluoxetine-
induced lipid accumulation in the liver38. Therefore, the substantial upregulation of PTGS1 expression appears 
to be closely associated with the progression of NAFLD. Research into PTGS1 may offer a novel therapeutic 
perspective for the management of NAFLD.

In this study, a co-expression network of the five biomarkers was constructed using GeneMANIA, revealing 
their involvement, along with other genes in the network, in processes such as AAM, arachidonate transport, 
and fatty acid derivative metabolism. Endogenous arachidonic acid generation primarily occurs through the 
release of arachidonic acid from cell membrane phospholipids, a process catalyzed by enzymes of the PLA2 
superfamily. Free arachidonic acid is then subjected to various metabolic pathways, yielding numerous 
derivatives with diverse biological functions6. Exposure of arachidonic acid to oxidative stress, reactive oxygen 
species, and reactive nitrogen species leads to its oxidation, producing isoprostanes and nitroeicosatetraenoic 
acids39,40. Several arachidonic acid derivatives are implicated in chronic inflammation, which plays a central role 
in the development and progression of NAFLD7,41. PLA2G1B is a member of the PLA2 enzyme family, while 
CYP2U1, a CYP450 enzyme, catalyzes the hydroxylation of arachidonic acid19. PTGS1 (COX-1) is responsible 
for the conversion of arachidonic acid into PGs and related compounds34. Both GGT1 and GPX2 are involved 
in oxidative stress regulation24,31. These findings indicated CYP2U1, GGT1, PLA2G1B, GPX2, and PTGS1 play 
essential roles in AAM, aligning with the results of GeneMANIA network analysis. Additionally, the GeneMANIA 
network analysis revealed that the five genes are also involved in fatty acid derivative metabolism. The fatty acids 
undergone esterification to form triglycerides, which are either stored as lipid droplets or packaged into very-
low-density lipoprotein (VLDL) for secretion into the bloodstream. Hepatic steatosis arises when triglyceride 
accumulation within hepatocytes surpasses the capacity of VLDL synthesis, leading to further triglyceride 
depletion from VLDL, which then converts into low-density lipoprotein (LDL)42. In addition, the fatty acid-
derived hydroperoxides are associated with oxidative stress43. Previous studies found that CYP2U1 catalyzes 
the conversion of long-chain fatty acids into oxygenated products19. GGT, present in arterial atheromatous 
plaques, enhances LDL oxidation through redox reactions44. PLA2G1B hydrolyzes phospholipids into fatty 
acids and lysophospholipids, which in turn stimulate hepatic VLDL production27. PTGS1 is a key enzyme 
in PGs synthesis. The PGs, as bioactive compounds with pleiotropic effects, could diminish the secretion of 
hepatic VLDL secretion34,45. GPX2 reduces fatty acid-derived hydroperoxides43. Collectively, CYP2U1, GGT1, 
PLA2G1B, GPX2, and PTGS1 are critical for fatty acid derivative metabolism.

MiRNAs and TFs are key gene regulators involved in various critical cellular processes. MiRNAs modulate 
gene expression at the posttranscriptional level, while TFs regulate transcription at the transcriptional level46. In 
this study, a TF-miRNA-gene regulatory network consisting of 77 nodes and 119 edges was constructed, including 
reciprocal interactions such as SOX17-GPX2, hsa-miR-19a-3p-CYP2U1, and hsa-miR-144-5p-PTGS1. Recent 
research has identified SOX17 as a target of dehydrovomifoliol in NAFLD treatment47. Additionally, miR-19a-
3p has been shown to be dysregulated in the serum of NASH patients48, and miR-144-5p expression is reduced 
in NAFLD patients49. This indicates that these MiRNAs and TFs are likely to play a crucial role in the NAFLD 
progression. The interactions uncover potential gene regulatory mechanisms and offer novel molecular targets 
for the treatment of NAFLD.

This study identifies five potential biomarkers of AAM (CYP2U1, GGT1, PLA2G1B, GPX2, and PTGS1) with 
promising diagnostic potential. Additionally, a network of associated TF-miRNA-gene pathways is constructed. 
The findings enhance the understanding of the distinct relationship between AAM and NAFLD. Furthermore, 
they suggest that further investigation into AAM could reveal therapeutic targets and biomarkers for NAFLD 
patients. However, several limitations exist. Firstly, while the animal models replicate the NAFLD gene 
expression profile, additional liver tissue samples from both NAFLD patients and healthy controls are required 
for more comprehensive functional studies. Secondly, prospective clinical trials and more complex molecular 
experiments are needed to validate the mechanisms of action of the five AAMRGs.
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Methods
Sources of data
Datasets GSE89632 and GSE135251 were extracted through GEO (https://www.ncbi.nlm.nih.gov/gds), where 
GSE89632 (Platform: GPL14951; Chip data) included 39 NAFLD liver tissue samples (20 simple steatosis and 
19 non-alcoholic steatohepatitis) and 24 CTL samples, the GSE135251 (Platform: GPL18573; High-throughput 
data) contained 31 NAFLD liver tissue samples (15 simple steatosis and 16 non-alcoholic steatohepatitis) and 
14 CTL samples. Then, totally 61 AAMRGs were yielded via Molecular Signatures Database (MSigDB) ​(​​​h​t​t​p​s​:​/​
/​w​w​w​.​g​s​e​a​-​m​s​i​g​d​b​.​o​r​g​/​g​s​e​a​/​m​s​i​g​d​b​/​i​n​d​e​x​.​j​s​p​​​​​)​. In addition, in order to deal with batch effects, the distribution 
of data from different batches was first observed through box-and-line plots or clustered heat maps. If there 
were differences, the significance of the batch effect was also determined with the aid of Principal Component 
Analysis (PCA), which provided quantitative results. Finally, adjustments were made using the ComBat function 
of the sva package (version 3.50.0; date of use: 2023.7.4)50.

Differential expression analysis, enrichment analyses, and PPI analysis
Gene expression data from NAFLD and CTL samples in GSE89632 were extracted and analyzed to identify 
DEGs using the limma package (version 3.46.0; date of use: 2023.7.4)51, with thresholds set at |log2FC| > 0.5 
and adj P < 0.05. |log2FC| > 0.5 indicated at least a twofold change in gene expression, and adj P < 0.05 was used 
to select statistically significant genes, reducing false positives and increasing reliability. The DEGs were then 
intersected with AAMRGs to generate a list of differentially expressed AAMRGs (DE-AAMRGs). In order to 
search the common functions and related pathways of DE-AAMRGs, GO analysis, including BP, CC, and MF, 
as well as KEGG enrichment, was performed using the clusterProfiler (version 4.4.4; date of use: 2023.7.8)52 and 
org.Hs.eg.db (version 3.15.0; date of use: 2023.7.8)53 R packages, with a significance threshold of adj P < 0.05. The 
adj P < 0.05 indicated that the results of enrichment analysis were significant. To investigate potential interactions 
among DE-AAMRGs, a PPI network was constructed using the STRING database (http://string-db.org), with a 
confidence score of 0.4.

Acquisition of biomarkers
To identify potential AAM-related biomarkers for diagnosing NAFLD, machine learning algorithms were 
employed. Initially, the LASSO logistic regression was applied to DE-AAMRGs using the glmnet package 
(version 4.1-6; date of use: 2023.7.14)54, generating gene coefficients and cross-validation error plots. LASSO 
is a shrinkage estimation method that produces strictly zero regression coefficients by minimizing the sum of 
squares of the residuals under the condition that the sum of the absolute values of the regression coefficients 
is constrained to yield an interpretable model. Subsequently, genes selected by LASSO underwent univariate 
logistic analysis to identify biomarkers (P < 0.05). P < 0.05 indicated that the relationship between the gene and 
the target variable was statistically significant. Also, potential risk factors (OR > 1) or protective factors (OR < 1) 
were identified by assessing the degree of influence of a single independent variable on the dependent variable. 
The expression patterns of these biomarkers between NAFLD and CTL samples were visualized using the 
Ggpubr package (version 0.4.0; date of use: 2023.7.4)55 in the GSE89632 and GSE135251 datasets.

Research on the acting mechanism of biomarkers on NAFLD
To assess diagnostic biomarkers, ROC curves were generated using the R pROC package (version 1.17.0.1; 
date of use: 2023.7.14)56 for GSE89632, with results subsequently validated in GSE135251 using the same 
methodology. Spearman correlations among biomarkers in the entire sample set, NAFLD samples, and CTL 
samples from GSE89632 were also analyzed. Next, in order to assess the overall ability of biomarkers to predict 
disease, nomogram was constructed based on biomarkers in all samples of the training set using the rms R 
package (version 6.5-0; date of use: 2025.1.25)57. Each biomarker corresponded to a score, and the total score 
was the sum of the scores of each factor, based on which the disease incidence was projected, with higher scores 
being associated with a higher risk of disease. Subsequently, the predictive performance of the model was 
further evaluated by ROC and DCA curves. GSEA was performed to explore biological functions and pathways 
associated with the biomarkers, utilizing the R package clusterProfiler (version 4.4.4; date of use: 2023.7.8)52, 
with the KEGG gene set (c2.cp.kegg.v7.4.symbols.gmt) as the background. Additionally, a co-expression network 
of biomarker interactions was constructed using GeneMANIA (http://genemania.org/). To predict miRNAs 
targeting these biomarkers, miRNA target prediction and functional annotation databases (miRDB, miRanda, 
and miCrocosm) were utilized, with the R package multiMiR (version 1.18.0; date of use: 2023.7.8)58 facilitating 
the intersection of predicted miRNAs. TFs targeting the biomarkers were predicted using the NetworkAnalyst 
database (https://www.networkanalyst.ca/), and a TF-miRNA-gene regulatory network was constructed based 
on these predictions using Cytoscape software (version 3.10.3; date of use: 2023.7.8)59.

NAFLD mouse model construction and sample collection
Efforts were made to minimize animal usage and alleviate pain and discomfort. Sample size was determined 
using the resource equation method60, and twelve 6-8-week-old male C57BL/6J mice (20–22 g) were obtained 
from Specific (Beijing) Biotechnology Co. Ltd. The mice were randomly assigned to two groups, NAFLD and 
control (6 mice each), via Microsoft Excel. Both groups were housed in a specific pathogen free -grade facility 
under a 12-hour light/dark cycle, with ad libitum access to food and water. After a 3-week acclimation period, 
the mice were fed regular and high-fat diets for 12 weeks in the control and NAFLD groups, respectively. Mice 
were monitored twice daily, and any deceased mice were promptly removed from the cages. Body weight was 
recorded weekly before sampling in both groups. Ultimately, twelve mice were included in the trials. Following 
a 12-hour fast, the mice were euthanized via intraperitoneal injection of 100  mg/kg sodium pentobarbital. 
Peripheral blood was collected through ocular removal (serum stored for liver function tests), and livers were 
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harvested, weighed, and preserved in 4% paraformaldehyde or flash-frozen in liquid nitrogen. The Ethical 
Committee of Yunnan Beisite Biotechnology Co., Ltd. approved all animal procedures, which were conducted 
in compliance with institutional care standards and applicable regulations. The study adhered to the ARRIVE 
2.0 guidelines.

Liver histopathologic staining
Tissues were fixed using a 4% paraformaldehyde solution, followed by dehydration, embedding, and sectioning. 
For HE staining, liver sections were baked, deparaffinized, and rehydrated through an alcohol gradient. They 
were then stained with hematoxylin (Servicebio, China) and eosin (G1108, Solarbio) for 5  min and 5–10  s, 
respectively, before being dehydrated, cleared, and mounted.

For MASSO staining, the protocol provided by the manufacturer (G1340, Solarbio) was followed. In brief, 
the MASSO-stained A-F solutions were applied for progressive staining at specified intervals, followed by 
dehydration and differentiation with 1% glacial acetic acid and anhydrous ethanol, then cleared and mounted 
with xylene.

For Oil Red O staining (G1262, Solarbio), liver tissues, preserved in liquid nitrogen, were immersed in a 
1:1 mixture of 20 g L-1 sucrose and OCT embedding medium, then sectioned at -22 °C. The cryosections were 
rewarmed, fixed in Oil Red O fixative for 10–15 min, stained with modified Oil Red O stain for 10–15 min, re-
stained with Mayer’s hematoxylin for 2 min, and finally mounted with glycerol gelatin.

RNA isolation and quantitative reverse transcription polymerase chain reaction (qRT-PCR)
A total of 6 NAFLD and 6 CTL samples were collected from NAFLD and CTL mice, respectively. Following 
liver histopathological staining, total RNA was extracted from the 12 samples using TRIzol reagent (Ambion, 
USA) according to the manufacturer’s instructions. cDNA was synthesized via reverse transcription using the 
SureScript First-strand cDNA Synthesis kit (Servicebio, China). qPCR was conducted with a CFX Connect 
Thermal Cycler (Bio-Rad, USA). mRNA relative quantification was calculated using the 2-ΔΔCT method61. 
Primer sequences were provided in Table 1.

Western blot
Tissue samples were lysed with RIPA buffer (Servicebio, Wuhan) to extract proteins, and protein concentrations 
were determined using the BCA protein assay kit (Beyotime, Shanghai). Proteins were then separated by SDS-
PAGE and transferred to nitrocellulose or PVDF membranes. After blocking to prevent nonspecific binding, 
the membranes were incubated overnight at 4 °C with primary antibodies. Following extensive washing, the 
membranes were incubated with secondary antibodies at room temperature. After another round of washing, 

Name Factory owners Product number Dilution level

PLA2G1B Proteintech 15843-1-AP 1:1000

GPX2 Abcam ab137431 1:1000

CYP2U1 Affinity AF0686 1:2000

GGT1 Abcam ab55138 1:1000

PTGS1 Proteintech 13393-1-AP 1:1000

β-actin Proteintech 66009-1-Ig 1:25000

HRP-labelled goat anti-rabbit IgG Servicebio GB23303 1:3000

HRP-labelled goat anti-mouse IgG Servicebio GB23301 1:5000

Table 2.  Antibody information for Western blot.

 

Primer Sequence

PLA2G1B F ​G​G​G​A​G​T​G​A​C​C​C​C​T​T​C​T​T​G​G​A

PLA2G1B R ​C​T​T​G​G​C​C​T​G​G​T​C​A​T​A​G​C​A​G​T

GPX2 F ​A​C​T​T​C​A​C​C​C​A​G​C​T​C​A​A​C​G​A​G

GPX2 R ​A​T​G​C​T​C​G​T​T​C​T​G​C​C​C​A​T​T​C​A

CYP2U1 F ​A​C​G​G​C​A​G​C​A​T​C​T​T​C​A​G​C​T​T​C

CYP2U1 R ​T​G​C​A​A​A​C​A​C​A​A​C​C​C​C​C​T​T​C​T

GGT1 F ​C​C​C​A​G​A​G​A​T​T​G​C​C​T​G​G​A​A​C​A​C

GGT1 R ​T​C​C​T​G​A​A​G​G​T​C​A​A​G​G​G​A​G​G​T

PTGS1 F ​C​T​A​T​C​C​A​T​G​C​C​A​G​C​A​C​C​A​G​G

PTGS1 R ​G​C​T​T​C​T​T​C​C​C​T​G​T​G​A​G​T​A​C​C

GAPDH F ​C​G​A​A​G​G​T​G​G​A​G​T​C​A​A​C​G​G​A​T​T​T

GAPDH R ​A​T​G​G​G​T​G​G​A​A​T​C​A​T​A​T​T​G​G​A​A​C

Table 1.  Primer sequence information for qRT-PCR.
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the membranes were visualized using ECL chemiluminescent substrate and a gel imager. Antibody details were 
provided in Table 2.

Statistical analysis
R software(version4.2.2) was the tool for all bioinformatics projects. GraphPad Prism 9.0 (GraphPad Software 
Inc., San Diego, CA) was used for statistical analysis. To compare data from various groups, the Wilcoxon test 
was performed (P < 0.05).

Data availability
The datasets analysed during the current study are available in the (GEO)repository, ​(​​​h​t​t​p​s​:​/​/​w​w​w​.​n​c​b​i​.​n​l​m​.​n​i​h​.​
g​o​v​/​g​d​s​​​​​)​. The experimental data in this study is available from the corresponding author on request.
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