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Identifying shared hub genes
in LIRI and MASLD through
bioinformatics analysis and
machine learning
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Patients with metabolic dysfunction-associated steatotic liver disease (MASLD) are more susceptible
to liver ischemia-reperfusion injury (LIRI), complicating liver surgery outcomes. This study aimed to
uncover shared hub genes and mechanisms linking LIRI and MASLD to enhance donor liver utilization
and improve prognosis. Using liver transplantation and MASLD datasets from the Gene Expression
Omnibus, we applied Linear Models for Microarray Data and weighted gene co-expression analysis
to identify differentially expressed genes and key module genes. Further analysis involved Gene
Ontology, KEGG, and machine learning to pinpoint common hub genes and pathways. We identified
5,920 differentially expressed genes in liver datasets and 8,978 across LIRI and MASLD datasets.

71 shared hub genes were associated with pathways like MAPK signaling. Key genes, ADRB2 and
CCL2, exhibited correlated mRNA expression in both datasets and human liver tissues. Hypoxia-
reoxygenation in MASLD models elevated CCL2 levels and reduced ADRB2 expression. These genes
showed strong diagnostic potential (AUC, 0.97). CCL2 knockdown reduced, while ADRB2 knockdown
increased, MASLD cells’ H/R injury sensitivity. Inmune infiltration analysis revealed increased immune
cell activity, particularly correlations between M0/M2 macrophages and NK cells/mast cells. ADRB2
and CCL2 were identified as crucial biomarkers, potentially explaining MASLD patients’ heightened
vulnerability to LIRI during liver transplantation.

Keywords Liver ischemia-reperfusion injury, Metabolic dysfunction-associated steatotic liver disease,
Immune infiltration, Bioinformatic analysis, Machine learning

Liver diseases cause nearly two million deaths worldwide, imposing a significant burden on global health and
the economy!. Liver transplantation is considered the most effective treatment for end-stage liver disease and
provides hope for treatment to patients where other treatments are not effective!. Further, laparoscopic and robotic
partial hepatectomies are used to excise both benign and malignant liver tumors?. Despite surgical intervention,
liver ischemia-reperfusion injury (LIRI) remains a significant challenge. LIRI manifests as a physiological
phenomenon in which blood flow to the liver is momentarily obstructed. However, upon restoration, liver injury
is exacerbated. This shows the complexity of surgical management of liver diseases and highlights the need
for improving our understanding and identifying innovative strategies to mitigate the impact of LIRI>. During
partial hepatectomy, intermittent occlusion and release of the porta hepatis are commonly used to minimize
intraoperative bleeding and to enhance surgical safety*. This disconnection and subsequent reconstruction of
the portal vein and hepatic artery are essential steps in liver transplantation. Consequently, LIRI is an inevitable
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complication of the surgical process. Therefore, it is imperative to elucidate the underlying mechanisms and to
develop more effective treatments that promote perioperative recovery in patients undergoing liver surgery.

In clinical practice, patients exhibit varying degrees of tolerance to LIRI owing to the differences in their
underlying health conditions. Previous studies have demonstrated that the severity of hepatic steatosis influences
tolerance to LIRI, and increases the risk of perioperative liver failure after transplantation®. Hence, it is typically
recommended that the degree of fat change in the donor liver be less than 30% to mitigate the risk of adverse
outcomes®. An increasing prevalence of metabolic dysfunction-associated steatotic liver disease (MASLD) has
attracted widespread attention. A meta-analysis showed that approximately 32.4% of the global population
has MASLD’. Moreover, this growing incidence of MASLD will increase the demand for liver transplantation.
However, the supply of donor livers is limited, which creates a significant gap in the demand and availability of
suitable organs. Multiple studies have confirmed that MASLD increases hepatic susceptibility to LIRI, which
undoubtedly exacerbates the shortage of available livers for transplantation®;’. Therefore, there is an urgent need
to investigate common molecular pathways and key genes underlying MASLD and LIRI. Pathophysiological
processes such as inflammation, apoptosis, and oxidative stress are recognized as common determinants of
both LIRI and MASLD severity. However, whether these processes represent the true drivers of heightened
hepatic susceptibility to IRI in MASLD, and the detailed underlying mechanisms, remain unclear. In this study,
we performed integrative analysis of gene sets associated with both IRI and MASLD to screen for key genes
and pathways with dual significance in these two conditions, aiming to elucidate the biological mechanisms
potentially contributing to MASLD-related IRI hypersensitivity. Understanding these mechanisms could help
develop therapies and the lead to optimized use of marginal donor livers, ultimately improving patient outcomes.

« Currently, many studies have achieved research objectives such as exploring the pathogenesis of diseases or
screening molecular markers by screening hub genes through bioinformatics analysis.

« Hub genes are genes that play an important overall regulatory role in the disease gene network, and they are
of vital significance for understanding the pathogenesis and treatment of diseases. Bioinformatic analysis is
a valuable tool for exploring hub genes and molecular mechanisms in various diseases'®. Currently, many
studies have achieved research objectives such as exploring the pathogenesis of diseases or screening mo-
lecular markers by screening hub genes through bioinformatics analysis!!;'2. Although existing studies have
used bioinformatics analysis methods such as Weighted Gene Co - expression Network Analysis (WGCNA)
and machine learning to separately identify hub genes related to LIRI and MASLD, the association between
the two is often overlooked!3;'4. In this study, for the first time, hub genes were further screened based on the
common differentially expressed genes of LIRI and MASLD to explore the potential mechanisms underlying
the high sensitivity of MASLD to LIRI.

Further, we validated the mRNA levels of the hub genes using RT-qPCR. Finally, we analyzed immune cell
infiltration within the liver transplant dataset to elucidate the intricate mechanisms associated with LIRI. Overall,
our study leveraged bioinformatic tools to uncover the shared molecular mechanisms of LIRI and MASLD, thus
providing a novel theoretical foundation for developing appropriate treatment.

Results

Identification of DEGs in LIRl and MASLD

A comprehensive analysis of DEGs in the liver transplantation datasets GSE151648 for LIRI and GSE89632 for
MASLD provided valuable insights into the molecular mechanisms of these conditions. Using the R package
LIMMA, we identified 5,920 DEGs in the pre-liver and post-liver transplantation datasets, which met the stringent
criterion of adjusted P value<0.05 (Fig. 1a,b). Similarly, analysis of the MASLD dataset GSE89632 revealed
8,978 DEGs, indicating significant transcriptional changes associated with MASLD pathogenesis (Fig. 1¢,d). We
visualizing the DEGs through volcano plots and heatmaps using R packages “ggplot2” and “Pheatmap.” These
graphical representations provided a comprehensive overview of the alterations in gene expression.

Weighted gene co-expression network analysis and key module identification

Weighted gene co-expression network analysis (WGCNA) is a powerful method for identifying hub genes from
a large pool of genes by clustering them into distinct modules based on similarity of expression patterns!'. By
partitioning genes into modules, WGCNA facilitates the prioritization of hub genes that are highly connected
within the respective modules and are often key regulators or drivers of biological processes. Thus, WGCNA
serves as an effective strategy for unraveling complex gene networks and elucidating the molecular mechanisms
underlying various biological phenomena, including disease pathogenesis and therapeutic responses. In our
study, WGCNA was used to identify the modules that were most correlated with LIRI and MASLD. After
determining B =4 (scale-free R?=0.88) for GSE151648 (Fig. 2a,b) and p=6 (scale-free R?=0.73) for GSE89632
(Fig. 3a,b), 19 modules in GSE151648 (Fig. 2d,e) and 16 modules in GSE89632 (Fig. 3d,e) were identified, each
designated with a distinct color. The dendrograms of clustering for the two datasets are shown in Figs. 2c and
3c. Through correlation analysis between the modules and phenotypes, the blue module genes in GSE151648
exhibited the highest correlation with LIRI (r=0.88, p=1.1e -26) (Fig. 2f,g), whereas the brown module genes
in GSE89632 showed the highest correlation with MASLD (r=0.82, p=3.5e-16) (Fig. 3f,g). Using the cutoff
criterion [MM] >0.8, 283 hub genes in the blue module and 236 hub genes in the brown module were identified
for further analysis. These hub genes may play pivotal roles in the development of LIRI and MASLD and provide
valuable insights into disease mechanisms and potential therapeutic targets.
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Fig. 1. Identification of DEGs in datasets related to LIRI and MASLD. (a) Volcano plot of DEGs in the
GSE151648 dataset (LIRI). (b) Heatmap of top 30 DEGs in the GSE151648 dataset (LIRI). (c) Volcano plot of
DEGs in the GSE89632 dataset (MASLD). (d) Heatmap of top 30 DEGs in the GSE89632 dataset (MASLD).

Biological processes and pathway enrichment analysis of common hub genes

After meticulously screening the hub genes within the modules associated with LIRI and MASLD, we identified
71 common key genes in the intersection set (Fig. 4a). To unravel the intricate mechanisms underlying the
influence of these genes on disease progression, we conducted comprehensive Gene Ontology (GO) and
Kyoto Encyclopedia of Genes and Genomes (KEGG) analyses to elucidate their biological functions, cellular
components, molecular functions, and involvement in signaling pathways. The results were visually represented
using bubble maps highlighting the top 10 enriched terms. Bubble maps revealed significant enrichment in
terms of “negative regulation of cellular processes” and “positive regulation of metabolic processes” within the
biological function category (Fig. 4b). In the cellular components, the genes exhibited enrichment in crucial
areas such as “cell surface” and the “collagen-containing extracellular matrix,” indicating the pivotal roles in
the cellular architecture and extracellular matrix dynamics (Fig. 4c). Within the molecular functions category,
notable enrichment was observed in “molecular function regulator” and “signaling receptor binding,” indicating
the involvement of these genes in modulating molecular processes and interactions with signaling receptors
(Fig. 4d). Furthermore, enrichment analysis of the KEGG pathways revealed various signaling pathways, and the
MAPK signaling pathway emerged as the most significantly enriched pathway (Fig. 4e). These findings highlight
the intricate interplay of genes associated with LIRI and MASLD and the key signaling pathways such as MAPK,
in disease progression. These results are consistent with that of previous studies on MASLD and LIRI reinforcing
the robustness and reliability of our analysis!%!”.
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Fig. 2. Identification of key module genes by WGCNA in GSE151648. (a,b) B =4 is determined as the

soft threshold with the combined analysis of scale independence and average connectivity. (c) Clustering
dendrogram of the samples in GSE151648. (d) Gene co-expression modules represented by different colors
under the gene tree. (e) Eigengene adjacency heatmap. (f) Heatmap of the correlation between module genes
and LIRI. (g) Correlation of module membership and gene significance in the blue module.

Utilizing multiple machine learning approaches for screening of hub genes and evaluation of
diagnostic value

We utilized LASSO regression and Support Vector Machine (SVM) to conduct an additional screening of the
71 common key genes. In the LASSO regression machine learning method, we set the A value to 0.05, and
identified nine potential genes, namely MAP1LC3B, ADRB2, KLF6, BTG3, CCL2, TNFRSF12A, PPP1RI5A,
MAFF, and HAS2 (Fig. 5a,b). Using the SVM machine learning approach, we screened eight potential key genes,
namely ETS2, CCL2, EMP1, TGFB3, KIAA0040, ADM, DUSP5, and ADRB2 (Fig. 5¢c). ADRB2 and CCL2
were identified as the intersecting hub genes using both methods (Fig. 5d). Subsequently, a receiver operating
characteristic (ROC) analysis of the aforementioned genes was done to derive the area under the curve (AUC)
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Fig. 3. Identification of key module genes by WGCNA in GSE89632. (a,b) p=6 is determined as the

soft threshold with the combined analysis of scale independence and average connectivity. (c) Clustering
dendrogram of the samples in GSE89632. (d) Gene co-expression modules represented by different colors
under the gene tree. (e) Eigengene adjacency heatmap. (f) Heatmap of the correlation between module genes
and MASLD. (g) Correlation of module membership and gene significance in the brown module.

values and the corresponding 95% confidence intervals (CI). Both ADRB2 (AUC 0.97, 95% CI 1.00-0.94) and
CCL2 (AUC 0.97, 95% CI 1.00-0.94) exhibited significant diagnostic potential for LIRI demonstrating robust
discriminative power in distinguishing between affected and unaffected states (Fig. 5e,f).

Expression changes and functional verification of CCL2 and ADRB2 in LIRI and MASLD

We collected liver tissue samples from patients who underwent partial hepatectomy for hemangiomas and
performed RT-qPCR. The results revealed a significant increase in the CCL2 and ADRB2 levels after LIRI
(Fig. 6a, b). In comparison, the liver tissues of patients with MASLD exhibited significantly decreased mRNA
levels of CCL2 and ADRB2 compared to the control group (Fig. 6¢, d). These findings were consistent with the
findings from the Gene Expression Omnibus (GEO) database (Fig. 6e-h).

Subsequently, we established a cellular model of MASLD by treating hepatocytes with oleic acid and palmitic
acid, followed by H/R treatment. The results of the CCK8 assay indicated that the sensitivity of steatotic
hepatocytes to H/R injury was significantly higher than that of the control group (Fig. 6i). RT-qPCR analysis
revealed that CCL2 levels in the MASLD group were significantly higher than those in the control group under
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Fig. 4. Enrichment analysis of common key genes in LIRI and MASLD. (a) Venn diagram illustrating the
selection of common key genes between LIRI and MASLD. (b-d) GO analysis of common key genes. (e)
KEGG analysis of common key genes.

the same H/R treatment conditions. Furthermore, the H/R-induced elevation of ADRB2 levels was mitigated
in the MASLD group (Fig. 6j,k; Supplementary Fig. Sla,b). To investigate the roles of CCL2 and ADRB?2 in this
process, we constructed siRNAs targeting CCL2 and ADRB2. The knockdown efficiency was verified by RT -
qPCR, and the siRNAs with the most significant knockdown efficiency were selected for subsequent experiments
(Fig. 61,m). Subsequently, the results of the CCK8 assay showed that knocking down CCL2 could significantly
reduce the sensitivity of the MASLD cell model to H/R injury, while knocking down ADRB2 had the opposite
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effect (Fig. 6n,0). This indicates that within the context of MASLD, there may be alterations in the expression of
ADRB2 and CCL2 during the LIRI process, which could subsequently affect the severity of LIRI.

To further verify the reliability of our research findings, we selected additional LIRI dataset (GSE15480)
and MASLD dataset (GSE37031) for further validation. The results of the differential analysis showed that
the expression changes of CCL2 and ADRB2 in the validation set were consistent with our above-mentioned
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research results (Supplementary Fig. S2a-d). Moreover, the ROC curves indicated that CCL2 and ADRB2 have
good diagnostic effects on LIRI (Supplementary Fig. S2e, f), which further enhances the credibility of this study.

Immune cell infiltration analysis

CCL2 plays a crucial role in immune responses, inflammation, and tissue repair'®. Additionally, CCL2 also
regulates the tumor microenvironment and promotes tumor growth, metastasis, and angiogenesis'*-2!. ADRB2
is a G-protein-coupled receptor involved in immune regulation?’. A previous study showed that ADRB2
gene polymorphisms influence individual patterns of immune response, further affecting the process of
norepinephrine-mediated immunosuppression®®. Therefore, we analyzed the LIRI dataset from the perspective
of immune cell infiltration to elucidate the underlying mechanisms.

The distribution of immune cell infiltration across the samples is displayed in a stacked graph (Fig. 7a). As
shown in the box plot, we observed a significant increase in the proportion of infiltrating memory B cells, CD4*-
activated memory T cells, resting NK cells, monocytes, MO macrophages, activated dendritic cells, activated
mast cells, and eosinophils after LIRI. Conversely, the infiltration of native B cells, CD4" T cells, follicular
helper T cells, activated NK cells, M1 and M2 macrophages, resting dendritic cells, and resting mast cells was
decreased (Fig. 7b). Subsequently, correlation analysis of the 22 immune cell types was performed. The results
showed a negative correlation between M0 macrophages and M2 macrophages (r = —0.55), and resting NK cells
were positively correlated with activated mast cells (r=0.54) (Fig. 7c). From the results of immune infiltration
analysis, it is evident that LIRI led to activation and infiltration changes in various immune cells. These findings
suggest that immunotherapy might be a new strategy for alleviating LIRI.

Discussion

MASLD is an important contributor to the development of end-stage liver disease. Further, LIRI exacerbates
liver damage, contributing to liver transplantation failure. Alleviating LIRI can increase the utilization rate
of marginal donor livers. Additionally, patients with MASLD demonstrate increased susceptibility to LIRI-
induced injury. Therefore, exploring the pathogenic mechanisms underlying MASLD and LIRI is of paramount
importance. Currently, multiple treatment methods are used to alleviate LIRI including pharmacological
interventions such as anti-inflammatory agents and antioxidants, and preconditioning techniques such as
ischemic preconditioning?»?°. Surgical interventions such as ischemic postconditioning and remote ischemic
conditioning have also been explored®. However, the effectiveness of all current treatment methods is
unsatisfactory.

Immunotherapy has become a research hotspot for the treatment of various diseases, especially malignant
tumors. For example, PD-1 and PD-L1 immune checkpoint therapies have demonstrated significant clinical
efficacy in various cancers such as liver, lung, and kidney cancers. PD-1 and PD-L1 inhibitors can relieve immune
suppression of tumor cells by T cells, thereby restoring T cell activity and promoting the immune system to
attack tumor cells?’. Therefore, PD-1 and PD-L1 immune checkpoint therapies have shown great potential for
the treatment of various cancers and have provided new treatment options. Several studies have investigated
immune mechanisms involved in LIRI. Macrophages are integral components of the immune response during
LIRI progression?. Under ischemic and hypoxic conditions, hepatocyte membranes are disrupted, leading to
the release of damage-associated molecular patterns that subsequently trigger polarization of macrophages
towards the M1 phenotype. In the later stages of reperfusion, macrophages polarize towards the M2 phenotype
and secrete anti-inflammatory cytokines, thereby alleviating inflammation®®. Several studies have elucidated
the mechanisms underlying LIRI based on macrophage polarization. Additionally, activation and recruitment
of CD4+T cells can influence the severity of LIRI?’. Therefore, exploring new and effective treatments for
alleviating LIRI from an immunotherapeutic perspective is highly meaningful.

In our previous work, we used bioinformatics analysis to screen for genes associated with m6A/m7G/m5C/
m1lA during the LIRI process, and identified the pathways controlled by these genes®!. To investigate why
patients with MASLD were more sensitive to LIRI and explore the potential associations between LIRI and
other liver diseases, this study focused on the commonalities between the disease processes of MASLD and LIRL
We performed bioinformatic analysis on two datasets related to LIRI and MASLD, GSE151648 and GSE89632.
These analyses identified the pathways and genes common to both these diseases. Traditional gene screening
methods, such as simple differential expression analysis, usually can only identify differentially expressed genes
based on pre-set statistical thresholds. This approach makes it difficult to consider the complex interaction
relationships among genes. Machine learning can mine the complex nonlinear relationships of genes related
to LIRI and MASLD. Methods like LASSO regression and SVM can automatically capture such relationships,
which is beyond the reach of traditional single methods. Moreover, these machine learning methods have been
widely applied in the screening process of hub genes for various diseases. Therefore, after obtaining the common
key gene groups of LIRI and MASLD through WGCNA, we further conduct dimensionality reduction screening
by means of machine learning. Hub genes ADRB2 and CCL2, which were previously confirmed to be closely
associated with immune responses, were identified as shared hub genes that affected both LIRI and MASLD.
The ROC analysis showed that these two genes had good diagnostic ability for LIRL. Therefore, detecting the
expression levels of ADRB2 and CCL2 in donor liver tissues might help predict the severity of LIRI injury and
provide timely treatment measures to avoid adverse outcomes.

Currently, some studies have shown that ADRB2 can influence the proliferation and apoptosis of T cells as
well as the inflammatory phenotype of macrophage®*. As a chemokine, CCL2 can affect the infiltration of
monocytes/macrophages and myeloid suppressor cells, as well as the differentiation of B cells**-*. Based on our
immune infiltration analysis, it is evident that various immune cells undergo significant changes during LIRL
Therefore, we speculate that CCL2 and ADRB2 may also affect the severity of LIRI in vivo by influencing the
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Fig. 7. Immune cell infiltration analysis in LIRI. (a) The proportion of different immune cells in different
samples. (b) Comparison of the proportion of different immune cells between pre-liver and post-liver
transplantation visualized by box plot. (¢) Correlation of different immune cell type compositions. *P <0.05;
**P<0.01; ***P<0.001; ***P<0.0001; ns, no significance.

infiltration of immune cells. This speculation needs to be further explored in future animal experiments, which
may provide new ideas for the research and development of immunotherapy for LIRI.

There are limitations to this study. Although we have confirmed the expression changes of CCL2 and ADRB2
through databases and cytological experiments, and conducted functional verification in in-vitro experiments,
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there is still a lack of in-vivo experiments to further explore the effects of CCL2 and ADRB2 on non - parenchymal
cells such as immune cells during this process. In future research, we will continue to investigate the impact of
these hub genes on the severity of LIRI in MASLD. We believe continuing research in this area will help in the
development of novel therapeutic approaches to enhance the utilization rate of donor livers and mitigate the
severity of LIRI in patients with MASLD.

Conclusions

Our results demonstrated that LIRI and MASLD are associated with multiple common genes. Using machine
learning, we identified ADRB2 and CCL2 as hub genes that exhibited good diagnostic capabilities for LIRIL.
These genes affect the tolerance of hepatocytes to H/R injury and may be involved in regulating the infiltration
of immune cells during the LIRI process.

Materials and methods

Data acquisition and processing

Liver transplantation (GSE151648)%” and MASLD (GSE89632)3¢ datasets were obtained from the GEO database
(https://www.ncbinlm.nih.gov/geo/). The GSE151648 dataset included 40 patients who underwent liver
transplantation. For high-throughput sequencing, liver tissues were collected from each patient before and after
transplantation. The GSE89632 dataset contained expression profiles of liver tissues obtained from 39 patients
with MASLD and 24 healthy individuals. The inclusion and exclusion criteria for patients were similar with
the protocols of the original studies®”-%. After obtaining the data, we transform non-standardized data with
Log2(x+1) to compress the dynamic range and stabilize variance. Then, we use the normalizeBetweenArrays
function in the Limma R package for standardization. This makes gene expression data of different samples
comparable. After completing the data standardization, to ensure the consistency and accuracy of gene
information and facilitate subsequent in-depth analysis, we utilized the information from relevant platforms to
uniformly convert various types of gene IDs into the universal Gene symbol. During the processing, in case of
duplicate gene names, to avoid data deviation, we calculated the average value of the relevant data. In addition,
after conducting the differential analysis, we removed the information related to genes containing missing
values, further optimizing the data quality and ensuring the reliability of the analysis results.

Identification of differentially expressed genes

We used the “LIMMA” package in R to identify DEGs. In the analysis, we controlled the false discovery rate
(FDR) with the Benjamini - Hochberg method at a 0.05 significance level, and considered genes with an adjusted
p - value<0.05 and |log2 fold change| > 1 as DEGs. Subsequently, we leveraged the “ggplot2” package to craft a
volcano plot, vividly visualizing the significance and fold - change of differentially expressed genes. Meanwhile,
the “Pheatmap” package was employed to generate a heatmap, which presented the gene expression patterns
across samples in an intuitive manner.

Weighted gene co-expression network analysis

We calculated the median absolute deviation (MAD) for gene expression variability by filtering out the lowest
50% of genes. By employing WGCNA's “goodSamplesGenes” function in R package, we refined our dataset by
removing outlier genes and samples. With  as the soft-thresholding power, we prioritized significant gene
correlations. The adjacency matrix was transitioned into a topological overlap matrix (TOM) to capture gene
connectivity and the corresponding dissimilarity (1-TOM) value was derived. We consolidated the genes into
coherent modules, each with at least 30 members, using hierarchical clustering with TOM-based metrics. High-

connectivity genes (|MM| >0.8) were identified as potential hub genes within influential modules.

Enrichment analysis
We utilized the “clusterProfiler” R package to perform GO and KEGG analyses with the aim of exploring gene
functions and associated pathways.

Machine learning

We applied LASSO regression using “glmnet” in R package and optimized the model through five-fold cross-
validation. Additionally, the R package e1071 was used to conduct SVM learning, which enabled the extraction
of the top genes from the analysis. By employing these complementary methods, we aimed to identify and
prioritize key genes associated with the studied conditions.

Analysis of immune infiltration

We used CIBERSORT to analyze immune cell infiltration in the liver transplantation dataset to gain insights
into the immune cell composition of liver transplantation samples. This provided valuable information for
understanding immune response dynamics in the context of LIRI.

Clinical sample collection

We collected liver tissue samples from 10 patients who underwent partial hepatectomy for hepatic hemangioma
at the First Affiliated Hospital of Harbin Medical University between December 2023 and March 2024. Patients
with poor baseline conditions and significant preoperative abnormalities in liver and kidney functions were
excluded from the study.
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Cell culture and treatment

AMLI12 cells (Cell Bank of the Chinese Academy of Sciences, Shanghai, China) were cultured in AMLI2 cells
complete medium (Gibco, USA) at 37 °C constant temperature and 5% CO,/water-saturated incubator. The
WRL68 human normal cell line was obtained from the Chinese Academy of Sciences’ Type Culture Collection
(Shanghai). It was cultured in DMEM with 10% fetal bovine serum in a 37 °C, 5% CO,, water - saturated
incubator. The cells were treated with a mixture of 0.5 mmol/L oleic acid (OA) and palmitic acid (PA) (oleic:
palmitic =2:1) for 24 h to establish an MASLD cellular model®. After incubation for 6 h in a CO, incubator with
1% O,, 5% CO,, and 94% N,, the cells were transferred to a normal culture incubator for 6 h to establish the
cellular hypoxia-reoxygenation (H/R) model®.

SiRNA construction and transfection

Gene silencing was achieved using siRNAs custom - designed and synthesized by HaiXing Biotechnology
(Suzhou, China). The specific sequences utilized can be found in Supplementary Table S2. SiRNA transfection
into hepatocytes was carried out in strict accordance with the instructions provided for Lipofectamine 3000
(Invitrogen, USA).

Cell viability determination
Hepatocyte viability was assessed using the CCK-8 assay (Dojindo molecular technologies, CK04-13) according
to the manufacturer’s instructions.

RT-qPCR

An RNA extraction kit (AxyPrep multisource total rNA miniprep kit, Axygen’) was used for RNA extraction
from liver tissue samples and cells. Subsequently, the extracted RNA was utilized as a template for cDNA
synthesis with a reverse transcription kit (ReverTra Ace™ qPCR RT master mix, TOYOBO.inc, Japan). The primer
sequences were custom-designed and manufactured by General Biology (Chuzhou, China; Supplementary Table
S1). RT-qPCR analysis was done using a pre-made mix (FastStart™ Universal SYBR™ Green Master, Rox), and
data analysis conducted using the 2724Ct method, with glyceraldehyde 3-phosphate dehydrogenase (GAPDH)
as the reference gene.

Statistical analysis

We used R software version 4.3.1 for bioinformatics and statistical analyses. Differences between groups were
assessed using the Student’s t-test. Pearson’s correlation test was used to assess the associations between variables.
P values <0.05 were considered statistically significant.

Data availability
Liver transplantation (GSE151648, GSE15480) and MASLD (GSE89632, GSE37031) datasets were obtained
from the GEO database (https://www.ncbi.nlm.nih.gov/geo/).
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