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Multiple machine learning algorithms 
identify 13 types of cell death‑critical 
genes in large and multiple non‑alcoholic 
steatohepatitis cohorts
Renao Jiang1†   , Longfei Dai1†, Xinjian Xu1 and Zhen Zhang1*    

Abstract 

Background  Dysregulated programmed cell death pathways mechanistically contribute to hepatic inflamma-
tion and fibrogenesis in non-alcoholic steatohepatitis (NASH). Identification of cell death genes may offer insights 
into diagnostic and therapeutic strategies for NASH.

Methods  Data from multiple NASH cohorts were integrated, and 12 machine learning algorithms were applied 
to identify key dysregulated cell death-related genes and develop a binary classification model for NASH. Spearman’s 
rank correlation coefficients quantified associations between these genes and clinical markers, immune infiltration 
profiles, and signature genes encoding pro-inflammatory mediators, metabolic regulators, and fibrotic drivers. Gene 
set enrichment analysis (GSEA) was performed to delineate the mechanistic underpinnings of these key genes. 
Consensus clustering analysis was then used to stratify patients with NASH into distinct phenotypic subgroups based 
on expression levels of these genes.

Results  A NASH prediction model, developed using the random forest (RF) algorithm, demonstrated high diagnostic 
accuracy across multiple cohorts. Four key genes, enriched in lipid metabolism and inflammation pathways, were 
identified. Their transcriptional levels were significantly correlated with the non-alcoholic fatty liver disease activity 
score (NAS), hepatic inflammatory infiltration, molecular signatures of metabolic dysregulation (lipid homeostasis 
regulators), and fibrosis progression. These genes also enabled accurate classification of patients with NASH into clus-
ters reflecting varying disease severity.

Conclusions  A binary classification model, developed using the RF algorithm, accurately identified patients 
with NASH. The four cell death genes, identified through 12 machine learning algorithms, represent potential bio-
markers and therapeutic targets for NASH. These genes contribute to inflammation-related immune cell activation, 
lipid metabolism dysregulation, and liver fibrosis, highlighting the complex interplay between cell death and NASH 
progression.
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Introduction
Non-alcoholic fatty liver disease (NAFLD) represents a 
leading cause of chronic liver disease, affecting approxi-
mately one-quarter of the global population and posing 
a significant burden on global health [1–3]. Based on the 
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non-alcoholic fatty liver disease activity score (NAS), 
NAFLD is classified into non-alcoholic fatty liver (NAFL) 
and non-alcoholic steatohepatitis (NASH) [4]. Specifi-
cally, an NAS < 4 indicates NAFL, whereas an NAS ≥ 4 
denotes NASH [5]. Although NAFL typically follows a 
benign course, approximately one-third of patients with 
NAFLD progress to NASH, which may result in irrevers-
ible liver fibrosis, cirrhosis, and hepatocellular carcinoma 
(HCC) [6]. The strong association between NASH, severe 
liver disease, and metabolic disorders underscores the 
urgent need for research in this field [7]. Liver biopsy 
remains the gold standard for diagnosing NASH; how-
ever, its clinical use is limited by invasiveness, sampling 
variability, and inconsistent inter-observer reliability 
[8]. Even under optimal conditions, biopsy carries risks 
of complications [9]. Consequently, many patients with 
potential NASH remain undiagnosed, highlighting the 
critical need for non-invasive biomarkers.

Dysregulated programmed cell death, mitochon-
drial dysfunction, and endoplasmic reticulum stress are 
mechanistically implicated in the pathogenesis and pro-
gression of NAFLD [6, 10]. In the context of NASH, it is 
well established that the accumulation of hepatic lipids 
and elevated levels of free fatty acids induce lipotoxic-
ity in hepatocytes, leading to cell death and infiltration 
of numerous mononuclear cells into the liver, thereby 
initiating chronic inflammation [11]. Hepatocyte death 
and inflammation are widely recognised as pivotal in 
the progression from simple steatosis to steatohepatitis, 
promoting liver fibrosis and disease advancement [12, 
13]. During hepatic lipid overload, lipid accumulation in 
the hepatocytes may cause steatosis or trigger cell death 
through diverse mechanisms [14]. Such cell death elicits 
stress signals from hepatocytes, activates inflammatory 
pathways, and results in chronic liver injury, abnor-
mal wound healing responses, and fibrosis [15]. Beyond 
classical cell death modes, such as apoptosis and necro-
sis, novel modalities—including autophagic cell death, 
pyroptosis, and necroptosis—have been identified in 
metabolic liver injury [16]. Identification of regulatory 
genes governing cell death in NASH progression is para-
mount, as these genes may reveal therapeutic targets.

Apoptosis, autophagy, and ferroptosis were identified 
as pivotal cell death pathways in NASH progression. Fur-
thermore, prior diagnostic models were predicated on 
key ferroptotic and mitochondrial genes implicated in 
NASH pathogenesis, a novel diagnostic model incorpo-
rating a 13-gene cell death signature demonstrated sig-
nificantly higher accuracy in detecting NASH. [17, 18]. 
The novelty of this study lies in the development of a 
predictive model that accurately identifies key cell death-
associated genes and classifies patients with NASH. 
This advancement supports non-invasive diagnosis and 

targeted therapy, with the ultimate aim of uncovering 
critical therapeutic targets for NASH.

Methods
Integration of NASH datasets from GEO
Eleven datasets (GSE115193, GSE126848, GSE130970, 
GSE147304, GSE164760, GSE48452, GSE61260, GSE63067, 
GSE66676, GSE89632, and GSE135251) including NASH 
samples were retrieved from the Gene Expression Omni-
bus (GEO) database. Samples were included according 
to the following criteria: (1) liver biopsy-confirmed cases 
with a NAFLD Activity Score (NAS) of ≥ 4 were classi-
fied as NASH; (2) baseline liver tissue samples ​without 
histopathological alterations were included in the ​control 
group. Each dataset was converted into a gene expression 
matrix using the corresponding platform file (Supplemen-
tary Table 1). Batch effects were removed from ten datasets 
using the ComBat method, and the merged data were ran-
domly allocated to training and testing sets in a 7:3 ratio. 
The GSE135251 dataset was served as an external valida-
tion set. Additionally, datasets GSE145412 and GSE55645 
were retrieved from the GEO database. Normal control 
samples from GSE145421 were combined with NASH sam-
ples from GSE55645 to create a harmonised ​NASH periph-
eral blood cohort after rigorous batch-effect correction 
using the ComBat algorithm. Peripheral blood validation 
confirmed diagnostic accuracy and supported the clinical 
feasibility of liquid biopsy.

Identification of Differentially Expressed Genes (DEGs) 
and pathway analysis in NASH
Differentially expressed genes (DEGs) between normal 
and NASH groups in the training set were filtered based 
on |log FC|> 0.5 and adjusted P values < 0.05. These genes 
were intersected with cell death-related genes to deter-
mine key genes. Details of the 13 cell death-related genes 
are provided in Supplementary Table 2.

The Metascape platform (https://​metas​cape.​org/​gp/​
index.​html#/​main/​step1), which integrates over 40 bio-
logical databases, was used for functional annotation, 
pathway enrichment analysis, and visualisation of gene/
protein datasets. Biological pathways and disease types 
associated with the key genes were explored using the 
“Metascape” database [19].

Construction of binary classification models using machine 
learning algorithms
Twelve machine learning algorithms—Random Forest 
(RF), Least Absolute Shrinkage and Selection Opera-
tor (Lasso), Enet, Ridge, Stepwise Generalized Linear 
Model (Stepglm), Support Vector Machine (SVM), 
Generalized Linear Model Boosting (glmBoost), Lin-
ear Discriminant Analysis (LDA), Partial Least Squares 

https://metascape.org/gp/index.html#/main/step1
https://metascape.org/gp/index.html#/main/step1
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Regression Generalized Linear Model (plsRglm), Gra-
dient Boosting Machine (GBM), Extreme Gradient 
Boosting (XGBoost), and Naive Bayes—were applied to 
screen DEGs and develop a binary classification model 
for NASH. Model performance was assessed by calcu-
lating the area under the receiver operating character-
istic curve (AUC) across all GEO cohorts, with results 
visualised in a heatmap.

The ​Concordance Index (C-index) was used to evaluate 
the ​diagnostic consistency of the model across datasets. 
A higher C-index indicates greater model accuracy and 
robustness, particularly for large-scale sample cohorts, 
supporting clinical applicability. The model with the high-
est C-index was selected for further analysis. Confusion 
matrices [20] validated the accuracy of the selected model.

Identification and clustering of immune cells in single‑cell 
datasets
Human single-cell dataset GSE159977 and mouse single-
cell datasets GSE129516 and GSE158241 were obtained 
from the GEO database. Quality control and preprocess-
ing were conducted using the “Seurat” package, including 
filtering low-quality cells and genes and normalising data. 
Principal component analysis (PCA) [21] was applied for 
dimensionality reduction, followed by clustering based 
on cell type. Cell annotation was performed using the 
“Single R” package to identify specific immune cells. 
Data were then clustered into distinct immune cell types 
based on liver immune cell surface markers sourced from 
the “CellMarker 2.0” database [22]. Immune cell surface 
markers for the liver are listed in Supplementary Table 3.

Comprehensive analysis of key genes in NASH
Key genes identified through the intersection of results 
from all 12 machine-learning algorithms were analysed. 
Gene set enrichment analysis elucidated biological path-
ways associated with upregulation or downregulation 
of these genes in NASH. Spearman correlation analysis 
was employed to elucidate the relationships between the 
expression levels of these key genes and clinical mark-
ers such as body mass index (BMI), NAS, and total cho-
lesterol (TCHO), as well as the abundance of various 
immune cells and the expression levels of signature genes 
encoding pro-inflammatory mediators, metabolic regu-
lators, and fibrotic drivers. Immune cell infiltration was 
quantified using four established algorithms: single-sam-
ple gene set enrichment analysis (ssGSEA), CIBERSORT 
[23], microenvironment cell population counter (MCP-
counter), and estimation of the proportion of immune 
and cancer cells (EPIC).

Clustering NASH patients into distinct groups
The NASH patients were classified into two distinct 
clusters using the non-negative matrix factorization 
(NMF) [24] algorithm. Differences between clusters 
were evaluated based on key genes, pro-inflammatory 
genes, lipid metabolism genes, liver fibrosis genes, 
immune cell content, and biological pathways.

Experimental validation of key gene expression in NASH
Liver specimens were obtained from the Department of 
General Surgery of the First Affiliated Hospital of Anhui 
Medical University. The study protocol was approved by 
the Ethics Committee (Approval number: 2023497). Spec-
imens from healthy individuals and patients with patho-
logical obesity were fixed, dehydrated, embedded, and 
sectioned. Serial 4-μm liver sections underwent stand-
ardised H&E staining using Gill’s haematoxylin (Biosharp, 
China) and eosin Y alcoholic solution (Biosharp, China), 
with differentiation in 1% acid alcohol for 30 s and blu-
ing in 0.2% ammonium hydroxide for 1  min. RNA was 
extracted using the TRIzol reagent (Takara, China), fol-
lowed by cDNA synthesis. Real-time quantitative PCR 
(qPCR) was conducted using β-actin as an internal ref-
erence gene to assess target gene expression. Primer 
sequences (Sangon Biotech, China) are listed in Supple-
mentary Table  4. Proteins were extracted using ice-cold 
RIPA buffer with 1  mM PMSF (Beyotime, China), fol-
lowed by electrophoretic separation, membrane transfer, 
blocking, incubation with primary and secondary anti-
bodies. Immunoreactive bands were visualised and quan-
tified using ImageJ software, with β-actin normalisation.

Statistical analysis
R version 4.3.2 and Strawberry Perl were used to execute 
the codes and scripts in this study. All statistical analy-
sis was conducted with GraphPad Prism (version 9.0). 
Student’s t-test was selectively employed for single com-
parisons when the data met parametric assumptions; 
otherwise, nonparametric tests were applied. P < 0.05 
was considered statistically significant. Asterisks indicate 
the hierarchical thresholds: P < 0.05, ​​P < 0.01, ​​P < 0.001.

Flow chart
A comprehensive overview of the study design, experi-
mental workflow, and analytical processes is illustrated 
in Fig. 1.

Results
Identification of twenty‑one cell death genes associated 
with NASH
After batch-effect correction, samples from multi-
ple cohorts (Fig.  2a) were integrated (Fig.  2b). The 
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integrated dataset was randomly divided into training 
(70%) and testing (30%) sets (Fig.  2c). The number of 
normal and NASH patients included in the training, 
testing, and GSE135251 cohorts were 106/149, 43/52, 
and 10/155, respectively (Fig.  2d). Differential expres-
sion analysis revealed 67 downregulated and 132 upreg-
ulated genes in the NASH training cohort (Figs. 2e, f ). 
These genes were intersected with 1,261 genes from 13 
cell deaths to generate 21 common genes (Fig.  2g and 

h). Among these, seven genes, with IGF1 being the 
most prominent, were significantly downregulated in 
NASH, while 14 were significantly upregulated (Fig. 2i). 
These 21, considered potentially key regulators of the 
NASH pathogenic cascade, were further analysed to 
elucidate the underlying mechanisms. They were found 
to be involved in the “apoptosis signal pathway”, “fer-
roptosis pathway”, “lipid metabolism pathway” and 

Fig. 1  The design thinking of this study
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“autophagy pathway” (Fig. 2j), and showed strong asso-
ciations with NAFLD (Fig. 2k).

Development of a binary classification model using the RF 
algorithm
The 21 genes were further refined using 134 iterations 
of 12 machine learning algorithms to construct a binary 
classification prediction model (Fig.  3a). The ROC val-
ues for predicting NASH patients across 16 GEO cohorts 
(Train, Test, Merge, GSE135251, GSE48452, GSE61260, 
GSE63067, GSE66676, GSE89632, GSE115193, 
GSE126848, GSE130970, GSE147304, GSE164760, GEO-
Meta and blood cohort) were 1.000, 0.846, 0.960, 0.964, 
0.992, 0.980, 0.857, 0.975, 1.000, 1.000, 0.996, 1.000, 
0.960, 1.000, 0.925, and 0.744, respectively. The RF 
model identified five key genes, ranked by importance: 
IGF1, TREM2, MET, NCOA4, and MMP9 (Fig. 3b). The 
RF model achieved the highest AUC values across all 
cohorts compared with individual gene diagnostic accu-
racy (Fig.  3c–q). Furthermore, the expression levels of 

these five genes showed consistent patterns across all 
cohorts: IGF1 and MET were significantly downregu-
lated in NASH, whereas the other three genes exhibited 
the opposite trend (Figs.  4a–o). In the peripheral blood 
cohort, IGF1 was significantly downregulated, whereas 
the other four genes showed no statistically significant 
differential expression (Supplementary Fig. 7).

Enrichment of model genes in immune cells linked 
to inflammation and fibrosis
Human single-cell dataset GSE159977, mouse single-cell 
datasets 129,516, and GSE158241 were automatically 
annotated into four, thirteen, and nine cell types, respec-
tively (Fig. 5a, d, g). Due to limitations in automatic anno-
tation accuracy, datasets were manually re-annotated 
using liver immune cell surface markers from CellMarker 
2.0, resulting in five, nine, and nine cell types, respectively 
(Fig. 5b, e, h). Enrichment of model genes in immune cells 
associated with NASH was analysed to understand their 
mechanistic roles. NCOA4 was significantly enriched in 

Fig. 2  Integration of GEO data and identification of cell death genes. a A PCA plot of multiple cohort distribution before removal of batch effects. b 
A PCA plot of the multiple cohort distribution after removing batch effects. c A PCA plot of samples distribution for the training and internal testing 
cohorts. d The number of normal samples and NASH samples. e, f Numbers of up-regulated and down-regulated differential genes in the training 
cohort. g Thirteen types of cell death and the number of genes each contains. h DEGs in NASH take intersection with cell death genes. i The 
up-regulated and down-regulated cell death genes in NASH. j, k Biological pathways and disease types involved in twenty-one genes
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fibroblasts and hepatic stellate cells linked to liver fibro-
sis, TREM2 in inflammatory macrophages, MMP9 in 
pro-inflammatory neutrophils, and IGF1 in hepatic stel-
late cells and macrophages (Fig. 5c, f, i).

Associations between four key genes and NAFLD clinical 
phenotypes
Further analyses focused on the most critical genes 
involved in cell death in NASH. Four common genes—
IGF1, TREM2, MET, and MMP9—were identified by 
intersecting results from the 12 machine learning algo-
rithms (Fig. 6a). Six cohorts with clinical information on 
NASH samples (including age, sex, BMI, and NAS) were 
analysed. No differences in expression levels of these 
genes were observed between male and female patients 
with NASH (Supplementary Fig. 1). However, the expres-
sion of TREM2 demonstrated a strong positive associa-
tion with NAS (Fig. 6b), whereas the expression of MET 
showed a significant inverse correlation with BMI and 

NAS (Fig.  6d, e). IGF1 expression was positively cor-
related with age and negatively correlated with NAS 
(Fig. 6d, e, f ). MMP9 expression was positively correlated 
with NAS, hepatic steatosis, lobular inflammation, low-
density lipoprotein (LDL), and total cholesterol (TCHO) 
(Fig. 6c, e, f, g).

Expression levels of key genes influence immunity, 
inflammation, metabolism, and fibrosis
In NASH, decreased IGF1 expression was associated 
with significant downregulation of nicotinate and nico-
tinamide metabolism, linoleic acid metabolism, and 
glycine, serine, and threonine metabolism (Fig.  7a). 
Upregulation of TREM2 was linked to significant over-
expression of valine, leucine, and isoleucine biosynthesis 
and chemokine signalling pathway (Fig. 7b). Conversely, 
when MET was downregulated, nicotinate and nicoti-
namide metabolism was significantly underexpressed 
(Fig.  7c). Upregulation of MMP9 was correlated with 

Fig. 3  The most effective diagnostic model for NASH was constructed with the RF algorithm. a The ROC values for the accuracy of diagnosing 
NASH patients across 15 GEO cohorts were derived from models built with 12 different machine learning algorithms. Among these, the Enet 
and Stepglm algorithms accepted input parameters. The Enet algorithm parameters were set to 0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, and 0.9, 
while the Stepglm algorithm parameters were set as forward, backward, and both. b Five genes were selected by the RF algorithm and ranked 
according to their importance. c-q The ROC values ranking the accuracy of the models and the genes within the models in predicting NASH 
patients across 15 cohorts were presented
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significant overexpression of pathways related to type II 
diabetes mellitus, MAPK signalling, and chemokine sig-
nalling (Fig.  7d). Four immune infiltration algorithms 
consistently revealed significant differences in immune 
cell infiltration levels between normal and NASH groups 
(Fig.  7e), with increased fibroblasts and macrophages 
content in the NASH group (Supplementary Fig. 2). The 
influence of key gene expression on immune cell con-
tent in NASH was further examined (Fig. 7f ). IGF1 and 
MET expression levels were negatively correlated with 
fibroblast content and positively correlated with M2 
macrophage content. MMP9 expression was positively 
correlated with neutrophil and Th1 cell content, while 
TREM2 expression was positively correlated with fibro-
blast and M1 macrophage contents.

The expression of pro-inflammatory genes (CCL2, IL1 
A, IL1B, IL6, and TNFα) was analysed. IGF1 expression 
was negatively correlated with TNFα, whereas TREM2 
showed a positive correlation. MMP9 expression was 
positively correlated with the levels of CCL2, IL1B, and 
IL6 (Fig.  7g). SCD, SREBF1, CEBPB, and FAS are genes 
involved in fatty acids and cholesterol synthesis, while 
ACOX1, PPARA​, and CPT1 A are associated with β-fatty 
acid oxidation. LCN2 is related to both inflammation 
and lipid metabolism, and PDGFA, COL1 A1, and COL3 
A1 are implicated in fibrosis. IGF1 expression was nega-
tively correlated with COL1 A1, COL3 A1, PDGFA, and 

SCD and positively correlated with PPARA​. MET expres-
sion was negatively correlated with COL1 A1, LCN2, and 
SREBF1, and positively correlated with ACOX1, CPT1 
A, and PPARA. MMP9 expression was negatively corre-
lated with ACOX1 and positively correlated with CEBPB. 
TREM2 expression was positively correlated with COL1 
A1, COL3 A1, FAS, LCN2, and PDGFA (Fig. 7h).

Non negative matrix factorization analysis of four key 
genes in NASH
NASH specimens were stratified into two molecular sub-
types using non-negative matrix factorisation (NMF) 
clustering, based on the hepatic expression profiles of 
four key genes (Fig.  8a). Subsequent correlation analy-
ses revealed significant differences in clinical phenotypes 
between the subtypes. The distribution of samples across 
the two clusters was clearly distinct (Fig. 8b). The expres-
sion levels of IGF1 and MET were significantly lower 
in cluster 1, whereas MMP9 and TREM2 were higher 
(Fig.  8c). Elevated NAS distinguished cluster 1 from 
cluster 2 in both the training and the validation cohort 
GSE135251 (Fig.  8d, e). Additionally, cluster 1 demon-
strated significant upregulation of pro-inflammatory 
effectors (CCL2, IL1B, TNFα) (Fig.  8f ). Fibrosis-related 
genes (PDGFA, COL1 A1, COL3 A1), the lipid transport 
gene LCN2, and the lipid synthesis gene CEBPB were 
significantly upregulated in cluster 1, whereas β-fatty 

Fig. 4  The genes within the model exhibited differential expression between normal liver and NASH. a-o IGF1 and MET were 
either down-regulated or showed a trend towards down-regulation in NASH, whereas TREM2, MMP9, and NCOA4 displayed the opposite pattern
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acid oxidation genes (PPARA, ACOX1) were significantly 
downregulated (Fig. 8g). Pathways related to MAPK sig-
nalling and type II diabetes mellitus were significantly 
enriched in cluster 1 (Fig. 8h). Immune cell content dif-
fered significantly between clusters (Fig. 8i), with higher 
fibroblast and macrophage content in cluster 1 and 
greater M2 macrophage content in cluster 2 (Supplemen-
tary Fig. 3).

Experimental validation of key genes expression
Histological examination with haematoxylin and eosin 
(H&E) staining confirmed normal liver morphology in 
one group and NASH pathology in another (Fig. 9a). At 
the mRNA level, IGF1 and MET expression were sig-
nificantly downregulated in NASH, whereas MMP9 and 
TREM2 were significantly upregulated (Fig.  9b) (Sup-
plementary Table  5). Due to limited prior research on 
TREM2 in NASH, its expression was validated at the 
protein level. Western blot analysis confirmed significant 

upregulation of TREM2 in NASH (Fig.  9c, d), with the 
original blot image provided in Supplementary Fig. 4.

Discussion
The global rise in obesity has contributed to an increas-
ing incidence of NAFLD [25, 26]. NASH, a severe 
clinical manifestation of NAFLD, is characterised by stea-
tosis, inflammation, cellular injury, and apoptosis [27]. If 
untreated, NASH may progress to cirrhosis, liver fibro-
sis, and potentially to liver cancer [28]. Despite its high 
prevalence and significant impact on global health, no 
approved treatments for NASH currently exist due to 
incomplete understanding of its pathogenesis [29, 30]. 
Identification of key cell death-related genes in NASH is 
therefore critical for improving diagnosis and developing 
targeted therapies.

In this study, a predictive model based on five genes 
(IGF1, TREM2, MET, MMP9, NCOA4) developed using 
the RF algorithm, demonstrated high diagnostic accuracy 

Fig. 5  The model genes were enriched in various immune cells. a, d, g Single-cell data were automatically annotated into different cell types. b, e, 
h Single-cell data were manually annotated into different cell types. c, f, i Cell types significantly enriched with model genes were identified
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for NASH across multiple cohorts. Furthermore, com-
pared with liver biopsy, this model’s non-invasive nature 
supports its potential for widespread clinical adoption.

Four cell death-related genes—IGF1, MET, MMP9, 
and TREM2—were identified as key regulators in NASH 
through 12 machine learning algorithms. Expression lev-
els of these genes enabled stratification of patients with 
NASH into two distinct subtypes with differing disease 
severity, offering valuable insights for clinical assessment.

IGF1 was found to be downregulated in NASH and 
enriched in stellate cells. Dysregulation of IGF1 may 
trigger stellate cell transformation into myofibroblasts, 
leading to the secretion of large amounts of extracellular 
matrix (ECM) that promote liver fibrosis [31]. This is fur-
ther supported by its negative correlation with fibroblast 
content and with the expression levels of fibrosis-related 
genes (PTGFA, COL1 A1, and COL3 A1). Furthermore, 
IGF1 is significantly enriched in liver macrophages, with 
its expression showing a positive correlation with the 
content of anti-inflammatory M2 macrophages [32] and 
a negative correlation with the pro-inflammatory factor 
TNFα. These findings indicates that IGF1 is involved in 
inflammatory cell infiltration and promotes inflammation 
in NASH. Additionally, IGF1 was negatively correlated 
with the expression of fatty acid synthesis gene SCD and 
positively correlated with the expression of β-fatty acid 

oxidation gene PPARA​, indicating a role in lipid metab-
olism and accumulation in NASH. Downregulation of 
IGF1 was also associated with the suppression of linoleic 
acid metabolism and amino acid metabolic pathways in 
the liver, thereby exacerbating NASH progression. Nota-
bly, the NAS, which reflects the histological diagnosis of 
NASH [33], was reduced when IGF1 was downregulated. 
Therefore, the downregulation of IGF1 in NASH appears 
to promote lipid accumulation, inflammatory infiltration, 
and fibrosis progression in the liver.

TREM2 was significantly upregulated in NASH and 
enriched in hepatic macrophages. Its expression was 
positively correlated with fibroblast and M1 macrophage 
content, as well as TNFα, COL1 A1, COL3 A1, PDGFA, 
FAS, and LCN2 expression. Enrichment of TREM2 was 
observed in chemokine signalling pathways, and its 
expression was positively correlated with NAS. These 
findings suggest that TREM2 promotes inflammatory 
infiltration by activating M1 macrophages, stimulates 
lipid synthesis and contributes to hepatic fibrosis, poten-
tially serving as a clinical biomarker for NASH sever-
ity [34], with higher expression levels indicating a more 
severe disease.

MMP9 was upregulated in NASH and significantly 
enriched in neutrophils. Its expression was positively 
correlated with neutrophils, macrophages, and Th1 cell 

Fig. 6  The expression levels of key genes influence clinical metrics. a Twelve machine learning algorithms identified the same four genes. b-g 
The expression levels of these four key genes were associated with various clinical markers related to NASH in six GEO cohorts containing clinical 
information
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content [35, 36], as well as CCL2, IL1B, IL6, and CEBPB 
expression, but negatively correlated with ACOX1. 
Enrichment of MMP9 in MAPK, chemokine signalling, 
and type 2 diabetes mellitus pathways was noted. Positive 
correlations with clinical markers, including NAS, low-
density lipoprotein (LDL), and total cholesterol (TCHO), 
suggest that MMP9 enhances inflammatory infiltration 
via MAPK pathway activation and neutrophil-derived 
factor release, promotes fatty acid synthesis, and inhibits 
fatty acid oxidation.

Downregulation of MET in NASH was negatively cor-
related with BMI and NAS. MET expression also showed 
a negative correlation with fibroblast content but a posi-
tive correlation with M2 macrophage content. Its asso-
ciations with lipid synthesis, fatty acid oxidation, and 
hepatic fibrosis suggest that MET downregulation con-
tributes to inflammatory infiltration, lipid accumulation, 
and hepatic fibrosis in NASH.

In this study, four cell death-related genes—TREM2, ​
IGF1, ​MET, and ​MMP9—were identified as critical 
to NASH pathogenesis. Insulin-like growth factor 1 
(IGF1), primarily synthesised in the liver in response to 
growth hormone (GH) stimulation, plays a critical role 
in metabolic regulation. Dysregulation of IGF1 or GH 
signalling exacerbates insulin resistance and promotes 
hepatocyte injury through lipotoxicity [37]. Notably, 
studies have demonstrated that ​IGF1 overexpression 
attenuates hepatic stellate cell activation in mice with ​
CCl4-induced liver injury and may inhibit fibrosis by 
promoting stellate cell senescence [38, 39]. Trigger-
ing receptor expressed on myeloid cells 2 (TREM2), an 
innate immune receptor predominantly expressed on 
myeloid cells, is expressed in hepatic ​Kupffer cells. Ele-
vated TREM2 expression has been observed in multiple 
murine models of liver injury and hepatocytes from high-
fat (HF) diet-fed mice [40–42]. Mechanistically, TREM2 

Fig. 7  Key genes are associated with inflammation, lipid metabolism, and fibrosis. a-d Biological pathways significantly enriched when these four 
genes are up-regulated or down-regulated in NASH. Higher or lower enrichment scores (ES) indicate more pronounced enrichment of biological 
pathways in the samples. A lower false discovery rate (FDR) indicates higher confidence in the results. e Significant differences in the content 
of certain immune cells were observed between the normal group and the NASH group. f The expression levels of key genes were significantly 
correlated with immune cell populations. g The expression levels of key genes were significantly associated with inflammatory genes. h The 
expression levels of key genes were significantly associated with genes related to lipid metabolism and fibrosis
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suppresses ​Toll-like receptor (TLR) signalling in mac-
rophages, thereby inhibiting pro-inflammatory cytokine 
production and chemokine release [43]. Depletion of 
TREM2 exacerbates hepatic damage by amplifying ​reac-
tive oxygen species (ROS) DNA damage, disrupting 
cellular redox homeostasis, and promoting apoptosis 
[43]. Matrix metalloproteinase 9 (MMP9), a gelatinase 
belonging to the matrix metalloproteinase (MMP) family, 
facilitates ECM degradation and remodelling and plays a 
critical role in suppressing hepatic fibrosis. In early-stage 
fibrosis, MMP9 transcription is upregulated by ETV4, 
which promotes collagenolysis and ECM remodelling. 
However, in advanced fibrosis, MMP9 expression is sup-
pressed due to increased matrix stiffness, which perpetu-
ates HSC activation and collagen deposition [44].

Study strengths and limitations
This study identified IGF1, TREM2, MET, NCOA4, 
and MMP9 as potential non-invasive biomarkers for 
NASH through comprehensive bioinformatic analysis 

and machine learning, particularly using the RF algo-
rithm. Diagnostic performance was further validated 
using serum samples from patients with NASH, high-
lighting the model’s clinical utility and addressing key 
limitations associated with invasive liver biopsy. These 
findings propose a novel, clinically applicable approach 
for early detection and disease monitoring in NAFLD. 
However, the precise molecular mechanisms by which 
these cell death-related genes contribute to NASH 
pathogenesis remain unclear. Future studies should 
explore the dynamic interactions between these genes 
and hepatic lipid metabolism, inflammatory pathways, 
and fibrotic signalling to identify actionable therapeutic 
targets.

Conclusion
In this study, multiple machine learning algorithms 
were employed to develop non-invasive diagnostic 
models for NASH using data from large, multicohort 

Fig. 8  Patients were classified into clusters 1 and clusters 2 of varying disease severity. a NMF clustering analysis. Patients with NASH were divided 
into two clusters. b Samples in the two clusters were distinctly separated. c The expression of key genes differed significantly between the two 
clusters. d The NAS score was higher in cluster 1 of the training cohort. e The NAS score was higher in cluster 1 of the GSE13251 cohort. f 
Inflammatory genes were expressed at higher levels in cluster 1. g Metabolic genes differed significantly between the two clusters. h Pathways 
significantly enriched between the two clusters. i The content of immune cells showed significant differences between the two clusters



Page 12 of 14Jiang et al. Lipids in Health and Disease          (2025) 24:169 

samples. Among these, the RF algorithm demonstrated 
the highest diagnostic accuracy. The intersection of 
genes identified across algorithms revealed four key 
genes—TREM2, IGF1, MET, and MMP9— that are sig-
nificantly associated with NASH pathogenesis. These 
genes are involved in inflammatory infiltration, lipid 
synthesis, fatty acid oxidation, and hepatic fibrosis. 
Importantly, their expression profiles enable the strati-
fication of patients with NASH according to disease 
severity. Collectively, these findings provide a founda-
tion for the development of non-invasive diagnostic 
tools and contribute to the identification of molecular 
targets for therapeutic intervention in NASH.
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