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Bioinformatic analysis of molecular
expression patterns during the
development and progression of
metabolic dysfunction-associated
steatotic liver disease (MASLD)
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The global incidence of metabolic dysfunction-associated steatotic liver disease (MASLD) continues

to rise, primarily driven by the escalating obesity epidemic worldwide. MASLD, a spectrum of liver
disorders, can progress to more severe conditions, metabolic dysfunction-associated steatohepatitis
(MASH), ultimately culminating in hepatocellular carcinoma (HCC). Given the complex nature of
MASLD, there is an urgent need to develop robust risk prediction models and design specialized cancer
screening initiatives tailored specifically for individuals with MASLD. This study aimed to identify
genes exhibiting trending expression patterns that could serve as potential biomarkers or therapeutic
targets. Our approach involved analyzing expression patterns across the five stages of MASLD
development and progression. Notably, we introduced an innovative two-phase classification—MASLD
occurrence and MASLD progression—instead of categorizing differentially expressed genes (DEGs)
into multiple types. Leveraging LASSO regression models, we demonstrated their relatively strong
capability to predict and distinguish both MASLD occurrence and progression. Furthermore, our
analysis identified CYP7A1 and TNFRSF12A as significantly associated with the prognosis of MASLD
progressing to HCC. These findings contribute to the understanding of gene expression dynamics

in MASLD and may pave the way for the development of effective prognostic tools and targeted
therapies in the realm of liver disease.

Keywords Metabolic dysfunction-associated steatotic liver disease (MASLD), Hepatocellular carcinoma
(HCC), Expression pattern cluster analysis, LASSO (least absolute shrinkage and selection operator),
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The global prevalence of metabolic dysfunction-associated steatotic liver disease (MASLD) is on the rise,
affecting nearly 1 billion individuals worldwide!. Surveys indicate varying MASLD prevalence rates from 23 to
32% across different geographical region, with the highest rates observed in South America and the Middle East,
followed by Asia, the Americas, and Europe®*. Moreover, modelling studies expect that the incidence of MASLD
and consequent advanced liver disease will continue to increase internationally in the upcoming years®.
MASLD is notably prevalent among individuals burdened with obesity, with prevalence rates ranging
from approximately 10-80%, depending on geographical location. Even higher frequencies are observed in
severely obese patients®. Studies have indicated that obese individuals face an elevated risk of MASLD and
subsequent HCC development®. Studies in mice have suggested that the accumulation of liver triacylglycerols
and inflammation associated with obesity may contribute to the development of MASLD”®. The substantial
number of individuals with MASLD sets it apart from other liver diseases, highlighting the importance of
identifying those at the greatest risk of developing progressive liver disease as the primary focus of clinical
care®10. As the rates of obesity continue to rise, MASLD has become the most common cause of liver dysfunction

1Beijing Key Laboratory for Tumor Invasion and Metastasis, Department of Biochemistry and Molecular Biology,
Capital Medical University, Beijing, People’s Republic of China. 2Department of Interventional Radiology, First
Hospital of Shanxi Medical University, Taiyuan, People’s Republic of China. 3Laboratory for Clinical Medicine, Capital
Medical University, Beijing, People’s Republic of China. “Yuanfeng Lan and Ran Song contributed equally to this
work. *email: fengduiping2009@hotmail.com; jg_he@ccmu.edu.cn

Scientific Reports | 2025 15:7294 | https://doi.org/10.1038/s41598-025-90744-3 nature portfolio


http://www.nature.com/scientificreports
http://crossmark.crossref.org/dialog/?doi=10.1038/s41598-025-90744-3&domain=pdf&date_stamp=2025-2-28

www.nature.com/scientificreports/

worldwide?. The clinical and economic burden brought by MASLD will become enormous. Therefore, a deeper
understanding of the molecular mechanisms underpinning MASLD development resulting from obesity may
offer a promising avenue for future therapeutic research!!"\2,

MASLD encompasses a spectrum ranging from simple steatosis (SS) to metabolic dysfunction-associated
steatohepatitis (MASH). MASLD and MASH are novel designations. Previously, they were also referred to as
non-alcoholic fatty liver disease (NAFLD) and non-alcoholic steatohepatitis (NASH)'>. MASH is characterized
by hepatic steatosis, inflammation, hepatocellular injury, and varying degrees of fibrosis. Notably, MASLD,
especially its more advanced form, MASH, constitutes a significant risk factor for hepatocellular carcinoma
(HCC), alongside other factors such as chronic hepatitis B and C!“. In contrast to SS, MASH extends beyond
hepatic steatosis, involving hepatocyte ballooning and inflammatory infiltration, representing a more severe
disease spectrum capable of progressing to advanced fibrosis or cirrhosis. Additionally, a significant proportion
of MASH patients develop complications such as liver cirrhosis or hepatocellular carcinoma (HCC)'>!¢. The
pathogenesis of HCC related to MASLD involves a complex interplay of mechanisms, including immune
and inflammatory responses, DNA damage, oxidative stress, and autophagy®!”. While the incidence of HCC
associated with MASLD is lower compared to other causes like hepatitis B4, the substantial prevalence of MASLD
calls for immediate action to raise global awareness and address metabolic risk factors, thereby mitigating the
looming burden of MASLD-related HCC. Given the escalating global rates of obesity, there is an anticipated
increase in the future incidence of MASLD, particularly MASH-related HCC. Hence, the exploration of the exact
molecular mechanisms underlying HCC associated with MASLD, along with the development of efficient cancer
screening methods for individuals with MASLD, constitute vital endeavors in ongoing research.

MASLD is widely recognized as a complex pathological condition®. Personalized treatment strategies can be
tailored by targeting specific stages of disease progression in MASLD patients. Extensive genome-wide association
studies and bioinformatics approaches have unveiled genetic factors that play pivotal roles in the occurrence and
progression of MASLD, along with potential therapeutic targets of clinical significance. Variations in PNPLA3,
TM6SF2, MBOAT7, and GCKR have emerged as crucial genetic and epigenetic modifiers implicated in the
pathogenesis of MASLD!®. Zeng and colleagues have developed three classifiers based on the expression levels
of nine genes (MT1G, MT1X, MTIF, MT1H, MT1M, FABP4, SPP1, MMP7, and CCL2) to distinguish different
states of MASLD™. Through Weighted Gene Co-expression Network Analysis (WGCNA) and Protein-Protein
Interaction (PPI) network approaches, Wu et al. have identified CYP7A1, GINS2, and PDLIM3 as potential
candidate genes influencing MASLD prognosis and serving as therapeutic targets?. Importantly, these genes
were also associated with the prognosis of HCC, indicating their underlying involvement in the progression
from MASLD to HCC. Despite significant research efforts focused on understanding the molecular changes
that occur during the progression of MASLD to HCC, uncertainties remain regarding the influence of distinct
stages of obesity on the advancement of MASLD in patients. Consequently, further exploration in this area is
warranted.

In this study, we acquired sample data spanning five stages of MASLD development and progression by merging
various databases. These stages encompass Healthy Control (HC), Healthy Obesity (HO), Simple Steatosis (SS),
Metabolic Dysfunction-associated Steatohepatitis (MASH), and Hepatocellular Carcinoma (HCC) resulting
from MASH. Employing the limma differential analysis tool in conjunction with weighted gene co-expression
network analysis, we identified genes that potentially play important roles in these processes. Through expression
pattern cluster analysis based on temporal trends, we discerned diverse patterns of continuous gene expression
from the onset of MASLD to its progression into HCC. Consequently, we emphasize the crucial importance of
distinguishing between MASLD occurrence and MASLD progression when constructing predictive models, a
distinction confirmed by our LASSO logistic analysis. In our LASSO logistic analysis, we established disease
risk assessment models featuring 27 and 14 genes as gene signatures, respectively, for MASLD occurrence and
progression. Furthermore, our findings indicate a significant association between CYP7A1 and TNFRSF12A
with HCC prognosis in the MASLD progression model.

Results

Merging databases and initial analysis of differential gene expression

The study design is illustrated in Fig. 1, outlining the essential stages of the analysis. Additionally, Table 1
presents the data extracted from publicly available databases. Initially, we searched for datasets associated with
the keywords “MASLD”, “NAFLD”, “MASH” and “NASH” (MASLD was called “NAFLD” and MASH was called
“NASH” before), and identified three datasets (GSE48452, GSE89632, and GSE164760) from the GEO database
based on their substantial sample size and clear distinction for each stage of MASLD. Additionally, these datasets
were chosen primarily for their consistent microarray data format, facilitating the process of amalgamation. To
counter potential batch effects arising from the integration of these datasets, we employed the “sva” package as
a corrective tool. The effective mitigation of batch effects through this method, as illustrated in Fig. 2A and B,
enabled us to successfully obtain a harmonized dataset.

The merged dataset incorporates a substantial mRNA expression matrix featuring samples from diverse liver
conditions. It comprised 44 samples of healthy liver, 27 samples of obese liver, 34 samples of simple steatosis liver,
111 samples of MASH liver, and 53 samples of MASH-associated hepatocellular carcinoma liver. This dataset
includes mRNA expression data for a total of 16,652 genes. To understand he distribution of samples within this
dataset, a Uniform Manifold Approximation and Projection (UMAP) was conducted, as shown in Fig. 2C and D.

The “limma” package is a pivotal tool for conducting differential gene analysis, playing a crucial role in
comparing mRNA levels among samples representing various liver disease states and healthy liver samples. This
empowers the identification of differentially expressed genes (DEGs). By applying stringent statistical criteria
(p<0.05 and |log2FC| > 0.5), we identified a total of 260 genes that exhibited differential expression in the
comparison between HO and HC (Fig. 2E). Additionally, 442 genes were identified in the comparison between
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Fig. 1. Flow chart of the whole procedures.

SS and HC (Fig. 2F), 381 genes in the comparison between MASH and HC (Fig. 2G), and a substantial 866
genes in the comparison between HCC and HC (Fig. 2H). Under consistent screening criteria, the count of
differentially expressed genes emerged as a reliable indicator of the variations between samples with distinct liver
disease states and healthy samples. Our results illustrate a progressive increase in distinctions when comparing
HO, SS, MASH, and HCC liver samples to HC liver samples.

Moreover, we identified 69 genes that consistently exhibit dysregulation across all four disease groups,
demonstrating substantial distinctions when compared to healthy liver samples (Fig. 2I). These genes with
consistent dysregulation could serve as potential biomarkers or therapeutic targets shared among the diverse
liver conditions under investigation.

Detection of modules associated with the occurrence and progression of MASLD using
WGCNA

We employed the WGCNA approach to establish co-expression networks and identify relevant modules
associated with the occurrence and progression of metabolic dysfunction-associated steatotic liver disease
(MASLD). To enhance the accuracy of WGCNA analysis, we initially eliminated an outlier sample through
hierarchical clustering (Suppl. Figure 1 A). Subsequently, a scale-free network was developed by selecting a
soft threshold value, leading to the identification of 14 distinct modules (Suppl. Figure 1B and Fig. 3A, B). The
number of genes within each module can be found in Table 2, with detailed gene information provided in Suppl.
Table 1.

Our study focuses on investigating the impact of obesity induced MASLD on disease progression, therefore
the clinical changes in obese patients are our primary focus. It should be noted that the consistency of fibrosis
grade and inflammation grade statistical criteria in the clinical information of different databases cannot be
guaranteed due to their subjective nature, often relying on expert judgment. However, BMI data, as an objective
measure, is consistent across different databases, making it more suitable as a clinically relevant indicator for
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Sample
Dataset Platform Experiment type HC | HO | SS | MASH | HCC | clinical data Reference
GPL11532 [HuGene-1_1-st] Affymetrix Human . . PMID:
GSE48452 Gene 1.1 ST Array Expression profiling by array | 14 |27 |14 |18 BMI, age, gender 23,931,760
GPL14951 Illumina HumanHT-12 WG-DASL V4.0 . . PMID:
GSE89632 R2 expression beadchip Expression profiling by array | 24 20 |19 BMI, age, gender 25,581,263
GPL13667 [HG-U219] Affymetrix Human . . . . PMID:
GSE164760 | = e U219 Array Expression profiling by array | 6 74 53 Diagnosis 33.992,698
GPL6244 [HuGene-1_0-st] Affymetrix Human . . . . PMID:
GSE66676 Gene 1.0 ST Array Expression profiling by array | 34 26 |7 Diagnosis 26,026,390
. . Expression profiling by high . . PMID:
GSE126848 | GPL18573 Illumina NextSeq 500 (Homo sapiens) throughput sequencing 14 |12 |15 |16 Diagnosis 30,653,341
. . . Expression profiling by high . . PMID:
GSE167523 | GPL21290 Illumina HiSeq 3000 (Homo sapiens) throughput sequencing 51 |47 Diagnosis 34,105,780
. . . Expression profiling by high a PMID:
GSE162694 | GPL21290 Illumina HiSeq 3000 (Homo sapiens) throughput sequencing 143 Fibrosis score 34,508,113
. . . Fibrosis score, .
GSE130970 | GPL16791 Tllumina HiSeq 2500 (Homo sapiens) | Lxpression profiling by high 78 NAS, cytological | EMID:
throughput sequencing ; 31,467,298
ballooning grade
. . Expression profiling by high Fibrosis score, PMID:
GSE135251 | GPL18573 Illumina NextSeq 500 (Homo sapiens) throughput sequencing 10 51 | 156 NAS 33.762.733
GDC TCGA
Liver Cancer | [llumina gene expression RNAseq 424 | Overall survival
(LIHC)

Table 1. Details of datasets utilized in this study.

obesity induced MASLD. BMI reflects patient obesity levels, with higher values indicating greater obesity.
Consequently, we utilized BMI data from patients in GSE48452 and GSE89632 to identify co-expression
modules associated with patient BMI. As depicted in Fig. 3C, among the 14 co-expression modules analyzed,
the red module, the pink module, and the cyan module all have correlation coefficients with BMI above 0.4,
demonstrating a relatively strong correlation with BMI. Subsequent reference to diagnosis information from
patients in GSE164760 revealed that these BMI-related modules (red module and cyan module) displayed a
significant association with MASH and HCC, suggesting their potential involvement in disease progression for
MASLD patients towards MASH or HCC (Fig. 3C). However, a strong correlation between the pink module and
the progression of MASH and HCC was not observed. Furthermore, gene set enrichment analysis indicated that
the red and cyan co-expressed modules, compared to the pink module, showed highly significant p-values in
gene sets associated with different liver disease states, especially MASH and HCC (Fig. 3D).

To validate the association between genes within the identified red and cyan modules and the development
and progression of MASLD, we conducted functional enrichment analysis. The genes within the red module
exhibited associations with critical biological processes, including inflammatory response, apoptosis, and the
regulation of RNA polymerase II promoter transcription in GO-BP analysis (Suppl. Figure 2 A). According to
KEGG analysis, these genes were associated with pathways such as the TNF signaling pathway, IL-17 signaling
pathway, NF-kappa B signaling pathway, and various cancer-related pathways (Suppl. Figure 2B).

The genes identified within the cyan module were found to be associated with key functions such as fatty acid
metabolism, amino acid transmembrane transport, and amino acid transport, as revealed in GO-BP analysis
(Suppl. Figure 2 C). Additionally, in KEGG analysis, these genes were linked to crucial pathways including
metabolic pathways, biosynthesis of cofactors, and glycolysis/gluconeogenesis (Suppl. Figure 2D). Notably, these
biological processes and pathways have close links to the development and progression of MASLD?!22,

By cross-referencing the 69 differentially expressed genes with those identified within the red and cyan
modules of WGCNA, we successfully identified 62 genes displaying distinctive expression patterns across
various stages of liver disease, exhibiting a co-expression characteristic (Fig. 3E). In subsequent investigations,
we classified these 62 genes as Differentially Expressed Genes (DEGs) potentially associated with the evolution
and advancement of MASLD.

The DEGs exhibit a distinctive “V-shaped” expression pattern as MASLD develops and
progresses

To fully comprehend the functional significance of the 62 DEGs in relation to the development and progression of
MASLD. Moreover, to elucidate their roles across various MASLD stages, we performed GO and KEGG analyses.
Our results unveiled that the top 20 enriched GO terms were predominantly associated with inflammatory
responses and cellular apoptosis, as illustrated in Suppl. Figure 3. Furthermore, the top 20 enriched KEGG
pathways prominently featured the IL-17 signaling pathway, TNF signaling pathway, MAPK signaling pathway,
and pathways in cancer, as displayed in Suppl. Figure 4.

To gain deeper insights into the gene expression dynamics among these 62 DEGs during the development and
progression of MASLD, we conducted clustering analysis using the “mfuzz” R package (Fig. 4A). Intriguingly, we
observed that the distinctive gene expression patterns spanning the entire occurrence and progression process
of MASLD were not consistently continuous. Specifically, the initiation of MASLD (from HC to HO to SS)
exhibited a relatively continuous pattern, whereas the progression phase (from SS to MASH to HCC) exhibited
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Fig. 2. The identification of DEGs (Differentially Expressed Genes) across four distinct disease types using

a consolidated matrix (comprising data from GSE48452, GSE89632 and GSE164760). (A, B) The “sva” tool

was employed to merge the gene expression matrices from GSE48452, GSE89632, and GSE164760, effectively
removing batch effects from the merged matrix. (A) Before removing batch effect, (B) after removing batch
effect. (C, D) UMAP representation of (C) different disease stages and (D) different GEO cohorts. (E-H) A
Volcano plot displays the DEGs between for each pairwise comparison, including HO vs. HC (E), SS vs. HC
(F), MASH vs. HC (G), and HCC vs. HC samples (H). (I) The Venn diagram represents the overlap of DEGs
among the four liver disease states, revealing a total of 69 genes that were consistently identified as differentially
expressed across all conditions.
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Modules Freq

Black 268
Blue 828
Brown 499
Cyan 112
Green 444

Greenyellow | 123
Magenta 255

Pink 256
Purple 189
Red 430
Salmon 116
Tan 119

Turquoise 900
Yellow 449

Table 2. The number of genes in each co-expressed module.

a distinct continuous pattern. The mRNA expression profiles of these 62 DEGs also exhibited a consistent trend
across various liver samples, as showed in the heatmap (Suppl. Figure 5 A).

To validate this particular molecular expression pattern, we utilized the “STEM” software and applied the
STEM algorithm to assess the significance of the expression patterns of these 62 DEGs. Our findings revealed
that only the “V-shaped” molecular expression pattern held statistical significance (Fig. 4B), with 28 genes
displaying this distinctive pattern, resulting in a p-value of 3.3*10A-22 (Fig. 4C).

Alterations in gene expression can significantly impact on cellular functions. In this study, we acquired 50
Hallmark gene sets and 186 KEGG gene sets from the GSEA website and utilized gene set variation analysis
(GSVA) to calculate enrichment scores. This analytical approach enabled us to investigate the functional changes
associated with the onset and progression of MASLD. Subsequently, we performed Mfuzz clustering analysis on
the calculated gene set scores. Our results revealed intriguing patterns in the expression of various functionally
associated gene sets. Notably, gene sets related to inflammation, such as IL6 JAK STAT3 SIGNALING and
INFLAMMATORY RESPONSE, displayed distinct “V-shaped” or inverted “V-shaped” patterns (Suppl. Figure 5B,
C, and Suppl. Table 2). Furthermore, similar patterns were observed in gene sets associated with apoptosis and
metabolism among the Hallmark gene sets. Additionally, the KEGG gene sets exhibited a “V-shaped” pattern in
gene sets linked to tumors and metabolism, such as P53 SIGNALING PATHWAY and PANCREATIC CANCER
(Suppl. Figure 5D, E, and Suppl. Table 3). The findings suggest the presence of distinct triggering mechanisms
underlying the development and progression of MASLD.

The aforementioned discoveries robustly substantiate the outcomes acquired through the comparative
expression analysis of disease severity in progressive liver samples via “mfuzz” and “STEM’, affirming that the
“V” expression pattern is not a random occurrence but rather indicates the presence of significant underlying
influences worthy of further exploration.

GSEA for the progression of MASLD

We utilized closely correlated gene information associated with hepatic diseases, as compiled by I. Graupera et
al.?, to identify nine functionally associated gene sets: Genetic Factors, Oxidative Stress, Fibrosis and Resolution,
Inflammatory Response, Apoptosis of hepatocytes, Apoptosis of Hepatic Stellate Cells, Angiogenesis, Cellular
Senescence, and Hepatocellular Carcinoma. Detailed information about these gene sets is provided in Table 3.
Our objective was to investigate the alterations in these functions throughout the development and progression
of MASLD. Subsequently, we applied the GSEA method to analyze MASLD in five different states and retained
all significant normalized enrichment scores (NES) (Fig. 5). This analysis revealed a distinct “V-shaped”
pattern within the aforementioned gene sets related to liver diseases. This pattern, characterized by a turning
point at SS stage, unveiled a gradual decline in Fibrosis and Resolution, Inflammatory Response, Hepatocyte
Apoptosis, Hepatic Stellate Cell Apoptosis, Angiogenesis, Cellular Senescence, and Hepatocellular Carcinoma
before the turning point, followed by a complete reversal of these changes after the turning point. Conversely,
Genetic Factors and Oxidative Stress exhibited a consistent downward trend throughout the entire progression
of MASLD. The findings also demonstrated the distinct functional expression between the stages of MASLD
development (pre-SS state) and MASLD progression (post-SS state), thereby providing further substantiation
for the disparate triggering mechanisms underlying MASLD occurrence and development.

Furthermore, we observed that the nine gene sets under consideration did not exhibit significant enrichment
when comparing HO and SS, suggesting a higher functional similarity between the samples from HO and SS.
This observation was further supported by the disease stage-dependent molecular expression patterns, as the
clustering result of the 62 DEGs consistently demonstrated a smaller slope of the line segment between HO and
SS (Fig. 4A).
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Gene set

Gene symbol

Genetic factors

MTP, GSTM1, GSTT1, GSTP1, PEMT, SOD2, PPARA, HFE, ADH2, ADH3, ALDH2, CYP2E1, TNFA, IL1B, IL1RA, IL10, CTLA4, CD14, VDR, HLA-
DRBI1, HLA-DQB1, HLA-DQA1, APOE, TAP2, MBL2, TGFB1, AGT, EPHX1, GHRL, TLR4, HMOX1, PNPLA3, ADIPOQ, ADIPOR2, TERT

Oxidative stress

XDH, NOXA1, CYP2E1, CYP4A22, ADH2, GPX1, CAT, GSTA1, GSR, GSS, HMOX1, SOD2

Fibrosis and resolution

COL3A1, COL1A1, COL1A2, FN1, TIMP1, TIMP2, MMP13, MMP1, MMP8, MMP2, MMP9, MMP14, YKL-40, TLR9, PLAU, DDR2, CCL2, CCLS5,
IFNG, IL10, F2, LEP, LEPR, ADRAIA, PPARA, PPARG, ADIPOQ, ADIPOR2, ADIPOR1, CNR1, CNR2, TGFB1, TGFA, TGFBR1, TGFBR2, PDGFA,
PDGFB, PDGFD, PDGFRB, EGE, EGFR, VEGFA, CTGFE, FGF7, FGF2, HGE, IGF1

Inflammatory response

AGT, IL10, JUN, PDGFA, PDGFB, AGTR1, TLR4, LBP, CD14, RELA, BAMBI, IL8, TNFA, TLR2, C5, C5AR, TLR3, TGFB1, IL6, RANTES, CCL21, IFNG,
IL1A, IL1B, IL4, IL5, CCL2, CXCL2, ICAM1, VCAM1, NCAM]1, SPP1, MMP13, F2, IL17A, 1L22, NOS2, CSF1, CD40, IL18, PTAFR, IL12A, IL12B, IL13

Apoptosis of
hepatocytes

FAS, FASLG, TNFRSF1A, RELA, TNFRSF10A, TNFRSF10B, FADD, BID, CASP8, CASP9, APAF1, CASP3, BCL2L11, BAX, BAK1, BCL2L1, BCL2,
MCLI, XIAP, CTSB, TGFBI, TP53, JUN

Apoptosis of hepatic
stellate cells

TNFRSF10B, FAS, FASLG, TNFRSF1A, TNFRSF10A, FADD, BID, CASP8, CASP9, APAF1, CASP3, BCL2L11, BAX, BAK1, BCL2L1, BCL2, MCL1, TP53,
RELA, CEBPB, PPARG, STAT1, TLR9, TIMP1, COL3A1, CNR2, ADIPOQ, LEP, HGE, NR1H4, NGF, KLRK1

Angiogenesis

VEGFA, VEGFB, VEGFC, FIGE FLT1, KDR, PDGFA, PDGFB, EGE PGF, NRP1, NRP2, CTGF, ANGPT1, ANGPT2, TEK, FGF1, FGF2, HIF1A, CDH5,
PTAFR, COL18A1, NOS3, NOS2, THBS1, PLG, SERPINCI, IFNBI, LIE, PF4

Cellular senescence

TP53, CDKN2A, CDKN1A, CXCLS, IL6, CYR61, IL22, CDKN2B, CDKN1B, TGFB1, CDKN2A, TERT, ATM, ATR, HMGA1, CHEK1, CHEK2, H2AFX,
IGFBP7, SERPINEI], IL1A, NFKB1, CEBPB, TP53BP1, MAPK14, HMGA2

Hepatocellular
carcinoma

CTNNBI, TP53, EGFR, ERBB2, ERBB3, ERBB4, MET, TERT, AURKA, DLGAP5, FZD7, GPC3, VEGFA, AFP, MDK, DKK1, GOLM1, TGFB1, SPP1,
FUCALI, HSPA1B, HSPA1A, AXINI, AXIN2, IGF2, MYC, MDM2, PSMD10, CDKN2A, CDKN1A, CDKN1B, BIRCS5, LYVEI1, PEG10, ARIDIA, ARID2,
MTOR, IGFIR, PIK3CA

Table 3. Genes included in the Gene sets utilized for this study.

Development of a predictive model for MASLD incidence (from HC to HO to SS)

Our study focuses on establishing a predictive model for the incidence of MASLD using the HC-HO-SS dataset.
Observing a distinctive “V-shaped” expression pattern within gene clusters, we propose that the development
and progression of MASLD involve fundamentally distinct gene expression profiles. Discriminating between
these two processes and constructing predictive or diagnostic models is crucial for improving accuracy and
reducing errors. To address these challenges, we employed the Least Absolute Shrinkage and Selection Operator
(LASSO) regression method, known for preventing overfitting and screening more representative parameters
through regularization. Therefore, we applied LASSO regression to develop a risk prediction model for 62 DEGs,
with a particular focus on refining the selection to identify key genes pivotal to MASLD progression.

In the process of MASLD development, we employed a cross-validation with A value of 0.03830797,
identifying 27 genes significantly associated with this progression (Fig. 6A, B). These 27 genes exhibited
significant associations with the development of MASLD (Fig. 6C), along with notable correlations among them
(Fig. 6D). For detailed information on these 27 genes, including their presence in relevant literature reports,
are provided in Suppl. Table 4. Subsequently, we utilized the “predict” function within the “glmnet” package to
calculate a risk score based on the LASSO model, effectively distinguishing between HC, HO, and SS samples
(Fig. 6E). This model holds significant promise for predicting MASLD incidence accurately and facilitating early
intervention.

Using the area under the ROC curve as a metric for predictive accuracy, we observed that the relative accuracy
of HC samples compared to HO samples was 0.972, SS samples compared to HC samples was 0.988, and HO
samples compared to SS samples was 0.879 (Fig. 6F). Notably, despite our prior findings indicating a high
similarity between the HO and SS states, our model demonstrated a significant level of discrimination between
these two states. To evaluate the predictive capability of our model, we collected HC and SS samples from the
GSE66676 cohort, resulting in a moderate predictive performance with an accuracy rate of 0.617 (Fig. 6G,
H). Additionally, when examining HC and HO samples from the GSE126848 cohort, our model successfully
differentiated patients with HC from those with HO based on their risk scores (Fig. 6I), achieving a prediction
accuracy rate of 0.732 (Fig. 6]).

Developing a predictive model for the progression of MASLD (from SS to MASH to HCC)

Our research is dedicated to understanding the progression of MASLD, particularly the transition from SS to
MASH, a critical step associated with a heightened risk of HCC. To predict the risk of MASLD progression, we
employed LASSO logistic regression analysis, focusing on the identification of DEGs pivotal in this process.
Through cross-validation and selection of A=0.04551661 (Fig. 7A, B), we have identified 14 genes that exhibit
robust associations with the progression of MASLD. For more comprehensive understanding of these 14 genes,
along with references in relevant literature, please refer to Suppl. Table 5.

The expression levels of these 14 genes exhibited a continuous distribution pattern across the spectrum of
MASLD progression (Fig. 7C), and a significant correlation was observed among them (Fig. 7D). Through
the application of risk score calculation, our model effectively differentiated samples representing SS, MASH,
and HCC (Fig. 7E). The accuracy for distinguishing SS samples from MASH samples reached 0.878, while the
accuracy for distinguishing SS samples from HCC samples was notably high at 0.984. Furthermore, the accuracy
for distinguishing MASH samples from HCC samples was measured at 0.856 (Fig. 7F).

To evaluate the predictive capability of our model for MASH risk, we applied it to compute risk scores for SS
and MASH samples in the GSE126848 and GSE167523 cohorts (Fig. 7G, I), achieving prediction accuracies of
0.671 and 0.845, respectively (Fig. 7H, J). These findings substantiate that our model exhibits a robust ability to
predict MASLD progression.
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Fig. 4. Expression pattern cluster analysis of 62 DEGs. (A) Six distinct clusters were identified by Mfuzz
clustering analysis using the R package “mfuzz”. (B) STEM clustering was performed using the Short Time
series Expression Miner (STEM) software package. (C) Line graphs of significant profile eigengenes identified
through the STEM software package.

While we were unable to obtain additional patient samples for assessing our model’s capacity to predict the
progression of MASLD to HCC, our analysis of STAM mouse (a mice model of MASH induced by streptozotocin
and high-fat diet*!) samples from the GSE83596 cohort revealed a significantly elevated risk score in samples
from mice that progressed from MASH to HCC, compared to those that did not (Suppl. Figure 6). Studies
revealed that the fibrosis grade in MASLD serves as a highly reliable indicator of its potential for carcinogenesis?°.
Applying our risk-prediction model to calculate risk scores for samples from cohorts GSE162694, GSE130970,
and GSE135251, we observed a significant correlation between the model and fibrosis grade. Specifically, patients
with higher risk scores exhibited a greater likelihood of having higher fibrosis grades (Fig. 7K).

Upon conducting correlation analysis with additional clinical information from the GSE130970 and
GSE135251 cohorts, a significant association emerged between the risk score and the NAFLD activity score
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Fig. 5. Enrichment analyses of MASLD related networks. Gene sets that exhibit significant enrichment
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p-value less than 0.05 and a False Discovery Rate (FDR) below 0.25 are presented. Upregulated gene sets are
prominently in red, while downregulated sets are distinctly highlighted in blue.
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Fig. 6. The development and validation process of prognostic risk score model for predicting the occurrence
of MASLD. (A, B) MASLD onset-related genes were identified through LASSO logistic regression analysis. The
optimal penalty parameter lambda was selected using 10-fold cross-validation. (C) A heatmap visualizes the
variation in risk scores across different samples based on the expression of 27 genes. (D) Heatmaps display the
correlations in gene expression among a selected set of 27 genes. (E) Risk scores were compared across various
MASLD stages, including healthy controls (HC), healthy obese individuals (HO), and those with simple
steatosis (SS). (F) ROC analysis was conducted to assess the predictive value of risk score. (G) A comparison
of risk scores between HC and SS samples was performed using the GSE66676 dataset. (H) ROC analysis
evaluated the predictive value of risk score in the GSE66676 dataset. (I) Risk scores were compared between
HC and HO samples using the GSE126848 dataset. (J) ROC analysis assessed the predictive value of risk score
in the GSE126848 dataset.
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(NAS), signifying those patients with higher risk scores exhibited elevated NAS levels (Fig. 7L). Furthermore,
within the GSE130970 cohort, a correlation was identified between risk scores and cytological ballooning
grades, suggesting that patients with higher risk scores displayed more severe cytological ballooning grades
(Fig. 7M). These findings demonstrate the effectiveness of our risk prediction model in accurately predicting
disease progression in MASLD patients.

The risk score model is associated with the prognosis of hepatocellular carcinoma (HCC)

In our subsequent investigation, our objective was to explore the potential significance of the risk prediction
model for MASLD progression, established through LASSO logistic regression analysis, in the context of HCC
progression. We evaluated the risk profiles of 424 HCC patients from the TCGA dataset, classifying them
into high and low-risk groups based on their respective risk scores at the median threshold. Following this
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«Fig. 7. Construction and validation of prognostic risk score model of MASLD progression. (A, B) MASLD
progression related genes were identified through LASSO logistic regression analysis, and the optimal penalty
parameter lambda was determined using 10-fold cross-validation (C) A heatmap depicts the variation in
risk scores among samples based on the expression of 14 genes. (D) Heatmaps display gene-gene expression
correlations for the chosen set of 14 selected genes. (E) Risk scores were compared across different stages
of MASLD, including simple steatosis (SS), metabolic dysfunction-associated steatohepatitis (MASH), and
hepatocellular carcinoma (HCC). (F) ROC analysis was conducted to evaluate the predictive value of the risk
score. (G) The comparison of risk scores between SS and MASH samples was performed in the GSE126848
dataset. (H) ROC analysis assessed the predictive value of the risk score in the GSE126848 dataset. (I) The
comparison of risk scores between SS and MASH samples was conducted in the GSE167523 dataset. (J) ROC
analysis evaluated the predictive value of the risk score in GSE167523 dataset. (K) The risk score was examined
in different fibrotic stages of three datasets (left: GSE162694; middle: GSE130970; right: GSE135251). (L) Risk
score in various NAS were explored in two datasets (left: GSE130970; right: GSE135251). (M) Risk score was
investigated in different cytological ballooning grades within the GSE130970 dataset.
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Fig. 8. The performance evaluation of the prognostic prediction model risk score in the TCGA-HCC cohort.
(A) Overall survival analysis was performed to compare low-risk patients with high-risk patients. (B) The

risk score was examined across different fibrotic stages of HCC patients. (C) Overall survival analysis was
performed, comparing samples characterized by both low risk and low fibrotic stage against other groups. (D)
Expression analysis of CYP7A1 during MASLD progression. (E) Expression analysis of TNFRSF12A during the
progression of MASLD. (F) Comparative analysis of overall survival in patients with low and high expression

levels of CYP7A1. (G) Comparative analysis of overall survival in patients with low and high expression levels
of TNFRSFI12A.

categorization, we analyzed the prognostic survival data for these two patient cohorts. However, our findings
revealed no statistically significant difference in prognosis between the high-risk and low-risk groups (Fig. 8A).

The severity of liver fibrosis plays a crucial role in determining the prognosis of individuals with liver disease.
Initially, we observed a consistent association between patient risk score and the grade of fibrosis in both the
HCC and MASLD cohorts. Specifically, patients with higher risk scores in the HCC cohort exhibited elevated
levels of fibrosis (Fig. 8B). Subsequently, we interrogated whether the severity of fibrosis in TCGA-HCC samples
was correlated with the prognosis of patients. When comparing the prognoses of HCC patients with varying
degrees of fibrosis, we discovered no significant differences (Suppl. Figure 7 A). Consistent with our earlier
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findings, it is evident that the MASLD progression model plays a pivotal role in determining fibrosis grades in
both MASLD and HCC samples. However, it is noteworthy that fibrosis grade alone does not serve as an effective
predictor for prognosis in HCC patients. Nevertheless, we have identified that combining a patient’s risk score
with their fibrosis grade provides a robust prognosis prediction. Notably, patients with low-risk scores and low
grades of fibrosis exhibit better prognoses compared to other individuals (Fig. 8C).

The predictive model for the progression of MASLD comprised 14 genetic features. Notably, our analysis
revealed a significant correlation between the expression levels of CYP7AI and TNFRSF12A and the prognosis
of HCC patients (Suppl. Figure 7B). Specifically, decreased expression of CYP7A1 were associated with poor
prognosis in HCC patients (Fig. 8D), while elevated expression levels of TNFRSF12A were linked to unfavorable
outcomes in HCC patients (Fig. 8E). Importantly, a discernible trend emerged during the progression of MASLD,
there was a declining in CYP7AI expression level (Fig. 8F), whereas TNFRSF12A exhibited an increasing trend
in expression (Fig. 8G). These findings suggest that CYP7A1 acts as a tumor suppressor while TNFRSF12A
functions as a carcinogenic factor in MASLD progression, and their respective expression levels appear to have
a significant impact on the prognosis of HCC patients.

Discussion

We acknowledge a notable limitation in our study: MASLD does not exclusively result from obesity. However,
given the rising global prevalence of obesity, there is a likelihood that MASLD induced by obesity may progress
into more severe forms®. Consequently, our research predominantly focuses on the progression of MASLD
primarily attributed to obesity.

The progression from MASLD to MASH could be a prolonged journey, during which dietary enhancements
or pharmaceutical interventions might have the potential to halt or even reverse the condition. Nevertheless, our
emphasis is on understanding the changes in gene expression that may occur within liver tissue throughout the
development of MASLD, as well as uncovering the potential triggers that drive MASLD to advance into HCC.
Therefore, we have a distinct interest in the ongoing deterioration or progression of MASLD, recognizing that it
may not strictly adhere to an ideal continuous process in reality.

Through a comparative analysis of MASLD stages and healthy normal samples, coupled with the application
of WGCNA, we have successfully identified 62 genes exhibiting differential expression. These genes not only
exhibit distinct expression patterns across various MASLD stages when contrasted with healthy liver samples but
also display notable correlations within the scale-free network identified via WGCNA screening. This screening
strategy, known for its efficiency in selecting representative genes, has been widely employed in previous
studies?”?. Subsequent functional enrichment analysis has provided insights into involvement of these 62 genes
in critical processes, including inflammatory response, apoptosis, carcinogenesis, metabolism, and others closely
tied to the development of MASLD.

The exploration of genetic data can significantly enhance the design of novel therapeutic strategies for MASLD
and facilitate the identification of diagnostic and prognostic biomarkers in clinical applications'®. Initially, we
hypothesized that the progression of HCC induced by MASLD might undergo five stages: healthy, obesity,
simple steatosis, metabolic dysfunction-associated steatotic liver disease (MASH), and hepatocellular carcinoma
(HCC). Our molecular expression analysis spanning these disease stages revealed a crucial divergence in the
expression patterns of the 62 differentially expressed genes, specifically occurring at the simple steatosis (SS)
stage. This finding suggests the presence of two distinct expression patterns during the initiation and progression
of MASLD. This result indicates that predicting events further into the future may lead to an exponential
decline in accuracy. Based on this understanding, we adopted a compromise approach in constructing the
prediction models by shortening the prediction time horizon to enhance precision. Specifically, we developed
two independent prediction models. One pattern of continuous molecular expression was evident during the
HC-HO-SS stage, while another continuous molecular expression pattern emerged during the SS-MASH-HCC
stage. Despite this, predicting the progression from SS to HCC remains a highly challenging task. Consequently,
we incorporated non-genetic factors, such as fibrosis grade and inflammation level, to risk-adjust the model.
Subsequently, we observed similar alterations in the functions related to the development and progression of
MASLD, indicating distinct triggering mechanisms for its occurrence and development. Interestingly, the GSEA
results revealed no significant differences between HO and SS, indicating that stages prior to SS are indeed
less problematic. This finding may be of considerable importance. Consequently, in our subsequent studies,
we focused more on the progression from SS to HCC. Additionally, this result suggests that future research on
MASLD progression should place greater emphasis on stages following SS, while potentially de-emphasizing the
pre-SS stages.

Our findings intriguingly support the widely acknowledged “two-hit theory”: The initial “first hit” involves
a disruption in liver lipid metabolism, leading to an imbalance in lipid influx or clearance. During this phase,
steatosis may be reversible and not necessarily result in permanent liver damage. The subsequent “second
hit” entails an inflammatory storm, potentially triggered by oxidative stress, lipid peroxidation, and cytokine
activity”. Although the occurrence of secondary hepatitis is low, its impact is highly toxic and irreversible.
Lobular inflammation directly precipitates ballooning degeneration and perisinusoidal fibrosis, promoting cell
apoptosis and hepatocyte death. This cascade ultimately culminating in scar formation and the development of
MASH?3%3!. We postulate that the “first hit” occurs during the onset of MASLD, during which lipid metabolism
dysfunction gradually intensifies, while the extent of inflammatory reactions and cell apoptosis tends to decrease,
contrary to expectations (Suppl. Figure 5). The concept of the “Second hit” appears to serve as a marker for the
progression of MASLD. Our results reveal that the activation of inflammatory responses, apoptosis pathways,
tumor signaling, and disease progression initiates after the Simple Steatosis (SS) stage. This indicates the
potential triggering factors for the development of MASLD and eventually leads to MASH (Suppl. Figure 5 and
Fig. 5). Therefore, our findings are significant in shedding light on the factors that initiate and propel the onset
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and progression of MASLD. Nevertheless, further research efforts are needed to uncover the precise changes
involved in this process.

During the screening for key genes, we did not identify any genes exhibiting consistent trends throughout
the development of MASLD. To construct a precise linear risk prediction model, we segmented entire
process of MASLD occurrence and progression based on the overall distribution trends of genes. Based on
the establishment of the LASSO regression risk prediction model, we derived the prediction models for the
occurrence and progression of MASLD. The prediction model for the progression of MASLD, in particular,
constitutes the core of our research. It is capable of assessing the risk of disease progression for patients in
accordance with gene signatures and also determining whether patients are at risk of developing hepatocellular
carcinoma. Simultaneously, the risk prediction model for MASLD can adopt individualized treatment regimens
for MASLD patients at diverse risk levels through risk stratification. The significance of our research lies in
identifying appropriate biomarkers, which is of paramount importance for the early detection and diagnosis of
MASLD as well as its progression. Nevertheless, this has resulted in the predictive model we constructed not
attaining the originally intended broader predictive capacity. Prior to the application of our predictive model,
it is essential to ascertain whether the predicted group is at the stage prior to SS or subsequent to it. Once
this is determined, our model can achieve a certain level of risk prediction efficacy. In comparison to existing
models outlined in the literature, some of which can only forecast a single disease (as demonstrated in a previous
article!?), our model not only attains superior accuracy but also offers refinement. The advantage of our MASLD
occurrence prediction model lies in its ability to predict or distinguish among obese patients and adapt to
individuals with simple steatosis or both conditions.

The degree of liver fibrosis and inflammation and morphology of hepatocytes serve as crucial indicators
of the transition from fatty liver to HCC?. Zhang et al. employed WGCNA to predict HCC in MASLD and
discovered that the differentially expressed genes (DEGs) were significantly enriched in the inflammation-related
pathway>2. Intriguingly, we also identified that the inflammatory signaling pathway could exert an effect during
the transformation from MASLD to HCC. To assess disease severity, the fibrosis degree, the NAFLD Activity
Score (NAS), and the extent of cytological ballooning are commonly utilized*. However, clear definitions of key
histopathological components have been lacking, resulting in significant interobserver variations in diagnosis’.
Therefore, objective and quantifiable gene expression indicators will be a better choice for clinical diagnosis and
prognosis prediction.

We have carried out more work on the stage of the transformation from MASLD to HCC. Although the
number of SS patients developing HCC is relatively small, these patients have to confront greater treatment
pressure. If appropriate methods can be identified to predict the risk of cancer, early intervention measures
can be provided for patients as soon as possible. Regarding the predictive model we established for MASLD
progression, we observed its robust discriminative capability in evaluating the degree of fibrosis, NAS, and
cytological ballooning. This suggests its potential effectiveness in predicting cancer risk among MASLD patients,
possibly offering a more objective and comprehensive risk assessment than some complex clinical indicators.
When assessing the predictive performance of the model, we discovered that for STAM mice, the risk score of
mice with tumors was significantly higher than that of mice without tumors, demonstrating the applicability of
our predictive model in the mouse model and the potential for its future application in clinical trials. Although
cirrhotic MASLD patients belong to the high-risk group of progressing to HCC, non-cirrhotic patients also
require a low-cost screening protocol to predict their risk of cancer. The SS-MASH-HCC risk prediction model
constructed by us based on 14 gene signatures also possesses a certain predictive ability for this part of patients,
and it is expected that a cost-effective risk prediction tool can be developed in the future.

The MASLD progression model, which was constructed using a gene signature containing 14 genes, did
not exhibit strong predictive capabilities for patient prognosis within the TCGA liver cancer sample cohort.
This may be because not all patients in the sample cohort are MASH-induced HCC patients. Nevertheless, our
model was successfully validated for its capacity to distinguish the extent of fibrosis in liver cancer patients.
The existing literature indicates that the degree of fibrosis is correlated with the prognosis outcomes of patients
with liver cancer; however, when interrogating the TCGA cohort, we were not able to observe their relationship
very well. Additionally, we observed that patients with both low risk and minimal liver fibrosis levels had more
favorable prognoses compared to other patient groups. The fibrosis-hypoxia-glycolysis-immune prognostic
model constructed by Li et al. indicates a correlation with the prognosis of HCC?%. This implies that establishing
models combining other factors with fibrosis might be more beneficial for the prognosis correlation of patients
with liver cancer. When examining the individual 14 genes with the gene signature of the MASLD progression
model, we discovered that CYP7AI and TNFRSFI12A displayed significant associations with the prognosis of
HCC.

CYP7A1, also known as cholesterol 7a-hydroxylase, serves as the limiting enzyme in the classical bile acid
synthesis pathway. Previous research has highlighted its essential role in enterohepatic circulation and its close
association with cholesterol-bile acid metabolism and various liver conditions®>¢. Bioinformatics studies have
noted distinct expression patterns of CYP7AI in both MASLD and HCC?*¥. Furthermore, Increased CYP7A1
expression and bile acid synthesis ameliorated hepatic inflammation and fibrosis, indicating that CYP7A1 has
anti-tumor effects®®. CYP7AI increases the accumulation of primary bile acids, which in turn promotes the
expression of CXCL16, NKT immune cell aggregation, and has an inhibitory effect on tumors*. Our research
indicates that in the HC-HO-SS stage, the expression level of CYP7AI gradually rises, which is in accordance
with the results discovered by Govaere et al.*’. Moreover, we have also identified the expression tendency of
CYP7A1 during the progression from MASLD to HCC. During the development of MASLD to HCC, the
expression of CYP7A1 gradually decreases, and HCC patients with higher CYP7A1I levels often have a better
prognosis (Fig. 8). These results all indicate that CYP7A1 plays an important role in MASLD and HCC, but the
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mechanism is still uncertain. Therefore, further investigations are needed to fully understand the role of CYP7A1
in the context of MASLD and MASLD-induced HCC.

On the other hand, TNFRSFI2A, or tumor necrosis factor receptor superfamily member 12 A, has been
implicated in the disease severity due to its abnormal overexpression?!. This suggests TNFRSFI12A’s potential
as an indicator of disease aggressiveness and poorer prognosis. Studies have shown that knocking down
TNFRSFI2A inhibits the proliferation and migration of hepatocellular carcinoma cells*>. Our findings are
consistent with these results, demonstrating an increase in TNFRSFI2A expression as MASLD progresses to
HCC. HCC patients with lower levels of TNFRSFI12A have better prognosis (Fig. 8). Therefore, we propose that
TNFRSF12A, along with CYP7A1, may play a crucial role in the development of HCC resulting from MASLD.

Our study highlighted the significant involvement of CYP7AI and TNFRSFI2A in the MASLD-induced
HCC. These findings suggest that these two genes hold promise as targets for future therapeutic interventions in
MASLD and liver cancer.

Materials and methods

Dataset acquisition and preprocessing

Datasets related to MASLD were retrieved from the GEO database (https://www.ncbi.nlm.nih.gov/geo/),
including GSE89632, GSE48452, GSE164760, GSE66676, GSE126848, GSE162694, GSE130790, GSE135251, and
GSE167523. Gene annotation for microarray data was performed using the GEO query package in R (version
4.2.0). For multiple probes corresponding to a single gene, average values were calculated. High-throughput
sequencing data in FPKM-formatted data were selected for statistical analysis, with data standardization applied
using the “limma” package. The HCC data was obtained from the Cancer Genome Atlas (TCGA) database via
the UCSC Xena website. Dataset details, including sample information, are presented in Table 1.

Sample consolidation included 14 healthy liver samples, 27 obese patient liver samples, 14 SS liver samples,
and 18 MASH liver samples from GSE48452; 24 healthy liver samples, 20 SS liver samples, and 19 MASH
liver samples from GSE89632; 6 healthy liver samples, 74 MASH liver samples, and 53 HCC samples from
GSE164760. Compared to the SS sample, healthy obese individuals are generally not considered to be in a state
of disease. In this group, the liver does not show fibrosis or fatty degeneration. Batch effects in the merged dataset
were removed using the sva tool package®’.

Differential expression analysis and UMAP analysis

Differential Expressed Genes (DEGs) were identified using the “limma” package®!, filtering for absolute Log2
fold-change (Log2FC) > 0.5 and adjusted p-value <0.05. Visualization was performed with ggplot for a volcano
plot. Uniform Manifold Approximation and Projection (UMAP) of combined expression profiles utilized the
“umap” package in R (version 4.2.0), and results were graphically presented with the ggplot2 plotting tool
(https://ggplot2.tidyverse.org/). A Venn diagram depicting dataset overlap was generated using the online tool
Venny 2.1 (https://bioinfogp.cnb.csic.es/).

Weighted gene co-expression network analysis (WGCNA)

WGCNA was applied to identify gene clusters associated with MASLD development and progression, using
the WGCNA package?>°. Genes were filtered based on median absolute deviation (MAD) in the top 75% and
MAD greater than 0.01, resulting in 12,489 genes. The beta parameter value was assessed to establish a scale-free
network topology, choosing a beta value of 5. The dynamic tree cut algorithm was applied to the dendrogram for
module identification, configuring each module to contain 60 genes and implementing a height cutoff of 0.2 to
merge similar modules. For a detailed explanation of the WGCNA algorithm, refer to Zhang Bin et al.?’.

Enrichment analysis (GO, KEGG, GSVA, GSEA, gene set enrichment analysis)

To elucidate the functional implications of the gene set within cellular and pathway contexts, DAVID (h
ttps://david.ncifcrf.gov/) was utilized for Gene Ontology (GO) term enrichment and Kyoto Encyclopedia of
Genes and Genomes (KEGG) pathway functional enrichment analysis*. Statistical significance was set at a
p-value threshold of <0.05 and the result was corrected using Bonferroni. Visualization of the outcomes was
accomplished through histogram plots using the R package “ggplot2” Enrichment chord diagrams were created
using the R package “GOplot”

Gene Set Enrichment Analysis (GSEA) was employed to evaluate statistically significant differences in gene
sets between two biological states. Gene sets in GMT format were obtained from the MsigDB database (https:/
/www.gsea-msigdb.org/gsea/). Additionally, Gene Set Variation Analysis (GSVA) computed enrichment scores
for pathways from the MSigDB database, based on the gene expression matrix of each sample. The gene set
enrichment analysis utilized the “limma” package’s “gene-SetTest” function. We employed this function to
analyze the enrichment extent of differential genes between the WGCNA module and HC as well as the four
disease states, where the differential genes originated from the analysis outcomes of “limma’.

Expression pattern cluster analysis
Expression patterns across MASLD stages were analyzed using the “mfuzz” R package for gene clustering?®, and
relationships were further explored with the “STEM” software>.

Analysis of the LASSO logistic regression model

The LASSO model was constructed and validated using the “glmnet” package in R. Leveraging the coefficients
(B) from the LASSO regression model, a linear combination with mRNA expression levels was established to
create predictive or diagnostic gene features®!. In the LASSO regression analysis, the Lambda value influences
the selection of variables in the model. A smaller Lambda leads to a relatively complex model, while a larger
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Lambda results in an overly simplistic model. Hence, an appropriate Lambda value needs to be selected through
suitable methods (such as cross-validation). The risk score computation is as follows: Risk Score = (B1 * Genel) +
(B2 * Gene2) + (B3 * Gene3) +. + (BN * GeneN). A model for distinguishing various MASLD states is established
based on this risk score. Classifier effectiveness was assessed using metrics such as mean squared error (MSE),
accuracy, sensitivity (Se), specificity (Sp), positive predictive value (PPV), negative predictive value (NPV), and
the area under the receiver operating characteristic (ROC) curve®’. ROC curves were generated and compared
utilizing the “pROC” package in R (version 4.2.0).

Statistical analysis

Statistical analysis was carried out using R (version 4.2.0). Gene expression levels were compared between groups
using an unpaired t-test. Survival analysis utilized the “survival” and “survminer” R packages (https://rpkgs.da
tanovia.com/survminer/index.html). Survival curves were generated using the Kaplan-Meier method, and the
log-rank test was employed to ascertain significant differences in survival. Gene correlations were assessed using
Pearson’s correlation test. A significance level of P<0.05 was deemed as statistically significant.

Conclusions

Bioinformatics methodologies were employed to analyze expression patterns related to MASLD onset and
progression. Distinct molecular expression patterns were identified, elucidating fundamental principles
governing MASLD emergence and progression. A predictive model for MASLD onset and progression was
developed and validated, showing promise for aiding clinical diagnoses of MASLD and HCC.

Data availability

The datasets generated and/or analysed during the current study are available in the GEO and TCGA repos-
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accession numbers of the GEO datasets used in this study are: GSE48452, GSE89632, GSE164760, GSE66676,
GSE126848, GSE167523, GSE162694, GSE130970, GSE135251 and GSE83596.
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