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Background: Liver ischemia-reperfusion injury (LIRI) is a critical condition after
liver transplantation. Understanding the role of immunogenic cell death (ICD)
may provide insights into its diagnosis and potential therapeutic targets.

Methods: Differentially expressed genes (DEGs) between LIRI and normal
samples were identified, and pathway enrichment analyses were performed,
followed by immune infiltration assessment through the CIBERSORT method.
The consensus clustering analysis was conducted to separate LIRI clusters and
single-sample Gene Set Enrichment Analysis (ssGSEA) was used to analyze the
distinct immune states between clusters. Weighted Gene Co-Expression
Network Analysis (WGCNA) was employed to identify hub genes associated
with ICD. To establish diagnostic models, four machine learning techniques,
including Random Forest (RF), XGBoost (XGB), Support Vector Machine (SVM),
and Generalized Linear Models (GLM), were applied to filter gene sets. The
receiver operating characteristic (ROC) curves were utilized to assess the
performance of the models.

Results: Pathway enrichment results revealed significant involvement of cytokines
and chemokines among DEGs of LIRI. Immune infiltration analysis indicated higher
levels of specific immune functions in Cluster 2 compared to Cluster 1. WGCNA
identified significant modules linked to LIRI with strong correlations between
module membership and gene significance. The RF and SVM machine learning
algorithms were finally chosen to construct the models. Both demonstrated high
predictive accuracy for diagnosing LIRI not only in training cohort GSE151648 but
also in validation cohorts GSE23649 and GSE15480.

Conclusions: The study highlights the pivotal roles of ICD-related genes in LIRI,
providing diagnosis models with potential clinical applications for early detection
and intervention strategies against LIRI.
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1 Introduction

Liver transplantation is a vital therapeutic option for patients
suffering from end-stage liver disease and acute liver failure (1). As
the prevalence of chronic liver diseases such as hepatitis, cirrhosis,
and fatty liver disease continues to rise globally, the demand for liver
transplants has reached unprecedented levels (2). The success of liver
transplantation is contingent upon numerous factors, including
donor organ quality, surgical technique, and postoperative care (3).
However, one significant complication that adversely affects
outcomes is liver ischemia-reperfusion injury (LIRI) (4).

In the context of liver transplantation, LIRI can lead to a cascade
of pathological events that result in hepatocyte injury,
inflammation, and apoptosis, ultimately compromising graft
function (5). The severity of LIRI is influenced by several factors,
including the duration of ischemia, the condition of the donor
organ, and the recipient’s immunological status (6). Complications
arising from LIRI include acute liver failure, prolonged
hospitalization, and chronic rejection or fibrosis, making it a
central priority in the continuous investigation of liver
transplantation (7).

LIRI is closely associated with the immune system and the
inflammatory reaction in the liver mediated by immune cells in
response to injury (8). It is well established that immune responses
and inflammation are intricately associated with the pathogenesis
and outcomes of LIRI. Recently, several studies have demonstrated
that the activation of innate and adaptive immune system is an
essential event in development of LIRI (9-13). A critical
pathophysiological mechanism underlying LIRI is its association
with immunogenic cell death (ICD) (14). Immunogenic cell death is
defined as a form of cell death that induces a potent immune
response, thereby contributing to the generation of adaptive
immunity (15). ICD can occur through various modalities,
including apoptosis, necroptosis, and pyroptosis, each
characterized by distinct biochemical and morphological features
(16). The release of damage-associated molecular patterns
(DAMPs) during these cell death processes plays a crucial role in
activating the immune system and promoting inflammation (17). In
LIRL, the interplay between ICD and the immune response can
exacerbate tissue injury and influence the subsequent immune
tolerance of the transplanted liver.

Understanding the role of ICD in LIRI is of great importance for
several reasons. First, elucidating the specific genes and molecular
pathways involved in ICD can provide insights into the
mechanisms that govern liver injury and repair. Second, targeting
these pathways could lead to the development of novel therapeutic
strategies aimed at mitigating LIRI, thereby improving graft survival
rates and patient outcomes. Recent studies have highlighted the
potential strategy for pharmacological interventions that modulate
immunogenic cell death, suggesting that a deeper understanding of
ICD could help guide future clinical applications (18, 19).

However, there remains a significant gap in understanding the
role of ICD in liver ischemia-reperfusion injury. Therefore, our
study undertook a thorough analysis of immunogenic cell death-
related genes (ICDs) in liver ischemia-reperfusion injury. Through
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the detailed identification and characterization of these genes, we
intend to deepen our insight into the mechanisms underlying LIRI
and its relevance to ICD. The discoveries of our research have the
potential to open new avenues for therapeutic interventions, which
could alleviate the detrimental impacts of LIRI and enhance the
prognosis for liver transplant patients.

2 Materials and methods
2.1 Data download and processing

Expression profiles from the datasets GSE151648, GSE23649,
and GSE15480 were downloaded from the Gene Expression
Omnibus (GEO, https://www.ncbi.nlm.nih.gov/geo) database. The
gene probes were annotated using the R package “hgul33plus2.db”
and the genes were conducted log2 transformation. The 34
immunogenic cell death-related genes (ICDs) were retrieved from
the published article (18) and listed in Supplementary Table S1.

2.2 ldentification of differentially
expressed genes

Differential gene expression analysis was performed using the
“limma” R package. The significance threshold was set at P-value <
0.05 and logFC > 1 to identify differentially expressed genes (DEGs)
between LIRI and control groups. The chromosomal positions of
the ICDs were visualized using the “RCircos” R package.

2.3 Consensus clustering

Consensus clustering was performed to identify the
immunogenic cell death-related molecular subtypes using the
“ConcensusClusterPlus” R package. The optimal number of
clusters was determined based on the cumulative distribution
function (CDF) curve, focusing on relative changes in the area
under the curve. To validate the consensus clustering results, the
dimensionality reduction technique principal component analysis
(PCA) was applied.

2.4 GO, KEGG, and GSVA
enrichment analysis

Gene Ontology (GO) and Kyoto Encyclopedia of Genes and
Genomes (KEGG) enrichment analyses were performed using the R
package “clusterProfiler” and “org.Hs.eg.db”. The input genes were
first transformed into “ENTREZID” before the enrichment analysis.
Moreover, the gene set variation analysis (GSVA) was conducted
using the “GSVA” R package by conferring the genes downloaded
from the Molecular Signature Database (MSigDB, https://
www.gsea-msigdb.org/gsea/msigdb).
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2.5 Immune infiltration analysis

We performed the CIBERSORT method to analyze the immune
cell infiltration of LIRI and normal samples. To better understand
the differences in immune infiltration between different LIRI
clusters, we employed the single-sample Gene Set Enrichment
Analysis (ssGSEA) to assess the immune characteristics. The
immune functions were compared between two LIRI clusters.

2.6 WGCNA

We conducted a Weighted Gene Co-expression Network
Analysis (WGCNA) on the immunogenic cell death-related genes.
To identify key modules within the co-expression network, we
analyzed the relationships between modules and functional
phenotypes. The optimal soft-thresholding power was determined
to ensure accurate network construction. Subsequently, we set a
height threshold for module detection to identify gene co-
expression modules effectively. Additionally, we calculated the
person correlation coefficients between each module and the
corresponding traits to construct a heatmap of module-trait
relationships. The module demonstrating the highest correlation
with both gene sets’ enrichment scores was designated as a key
module for further investigation. The genes within this key module
were subjected to subsequent analyses.

2.7 ICD-related model construction based
on machine learning algorithms

The four machine learning methods—Random Forest (RF),
XGBoost (XGB), Support Vector Machine (SVM), and
Generalized Linear Models (GLM) were used to filter the genes
and develop the diagnosis model for patients with liver ischemia-
reperfusion injury. Receiver operating characteristic (ROC) curves
were used to evaluate the performance of the algorithms using the
“pROC” R package. The algorithms with the highest area under the
curves (AUC) values were selected to construct the models.

2.8 Nomogram construction and validation

We constructed the RF-nomogram and SVM-nomogram in the
training dataset GSE151648 and verified the accuracy in the
validation datasets GSE12720 and GSE23649. ROC curves were
utilized to evaluate the predictive ability of the models and genes
constituting the RF-nomogram and SVM-nomogram. Calibration
curves were created to assess the nomogram’s performance.
Additionally, decision curve analysis (DCA) was conducted to
analyze the clinical utility of the nomograms.

2.9 Liver cell LIRI model

HepG2 cell was purchased from National Collection of
Authenticated Cell Cultures (Shanghai, China). Before hypoxia,
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HepG2 cell was cultured in high-glucose DMEM (11965092,
Gibco) with 10% fetal bovine serum (FBS; 1027-106, Gibco) and
1% penicillin and streptomycin (15070063, Gibco) at 37°C in 5%
CO,. To construct a LIRI model, the medium was replaced with FBS-
free and glucose-free DMEM (BL1124A, Biosharp) and cells were
transferred to a hypoxia condition (1% O, 5% CO,, and 94% N.,), for
6 h. Then the medium was replaced with high-glucose DMEM and
10% FBS at 37°C in a normoxia condition (5% CO,) for 1h.

2.10 Real-time quantitative PCR

The total RNA was isolated from HepG2 cell by AG RNAex Pro
Reagent (AG21101, Accurate Biology). cDNA was synthesized by the
ABScript Il RT Master Mix for qPCR with gDNA Remover (RK20429,
ABclonal) and real-time quantitative PCR (qPCR) was performed
using the 2X Universal SYBR Green Fast gPCR Mix (RK21203,
ABclonal). The primers were listed in Supplementary Table S2.

2.11 Statistical analyses

Statistical analyses were performed using R software (version
4.3.2). Measurement data following a normal distribution was
compared using an independent sample t-test. While the non-
normally distributed measurement data was analyzed using the
Mann-Whitney U test. Correlation analysis was performed using
the Spearman method. A P-value of <0.05 was considered to be
statistically significant.

3 Results

3.1 Exploring immunogenic cell death-
related genes in liver ischemia-
reperfusion injury

The overall workflow of our study is summarized in Figure 1.
We first compared the expression levels of 34 immunogenic cell
death-related genes (ICDs) in LIRI samples with normal samples in
the GSE151648 dataset. The results showed that there were great
differences in the expression levels of ICDs in the two groups
(Figure 2A). The “limma” R package was used to screen the
differentially expressed genes (DEGs) with the threshold set to
P < 0.05 and [logFC| > 1. The obtained ICDs from the published
article are intersected with DEGs of LIRI and normal samples to
obtain 12 significant differentially expressed genes related to
immunogenic cell death (ICDs-DEGs: P2RX7, HSP90AAI,
EIF2AK3, TNF, IL10, PRF1, IFNGR1, IL1R1, IFNG, NLRP3, IL6,
and IL1B). The “pheatmap” R package was used to plot a heatmap
of the expression levels of ICDs-DEGs (Figure 2B). Moreover, we
also visualized the locations of ICDs in the chromosome
(Figure 2C). The correlation pie chart (Figure 2D) and the chord
diagram (Figure 2E) further showed the tight correlations between
ICDs-DEGs.
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FIGURE 1

The graphical abstract of our study.

3.2 Immune cell infiltration analyses of LIRI
by CIBERSORT

Growing evidence has proven that the tumor microenvironment
(TME) is closely related to the disease progression and therapy
response (20). To better understand the immune features of the liver
ischemia-reperfusion injury, we conducted the immune cell infiltration
analysis using the CIBERSORT method. The results showed that the
proportions of the immune cells were higher in LIRI samples than in
normal samples (Figure 3A). We performed comparisons of immune
cells in two groups and found that there were higher NK cells activated,
monocytes, macrophage MO, dendritic cells activated, and mast cells
activated; lower T cells CD8, NK cells resting, macrophages M2, and
mast cells resting in LIRI group than in normal group (Figure 3B). Our
study also analyzed the relationship between the expression of pivotal
ICDs-DEGs and immune cell components. The result showed that the
expression levels of ICDs-DEGs had significant connections with
immune proportions (Figure 3C). As a result, investigating the
mechanisms of immunogenic cell death could help understand the
immune functions of LIRI thus providing new clues for the prevention
and treatment of LIRI complications.

3.3 Consensus clustering based on the
expression of ICDs-DEGs

To analyze the mechanisms of immunogenic cell death in ischemic
reperfusion injury, we conducted consensus clustering based on the
expression levels of ICDs-DEGs. The results showed that the number
of clusters k=2 achieved the best clustering effect (Figure 4A). Then the
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samples of GSE151648 were divided into Cluster 1 and Cluster 2 based
on the clustering algorithm. The main component analysis showed that
the two clusters could be separated from each other (Figure 4B).
Subsequently, we identified the differentially expressed genes of the two
clusters and visualized them using the volcano plot (Figure 4C). In
terms of the hub gene expression signatures, there were significant
differences in the ICDs-DEGs between Cluster 1 and Cluster 2. To be
more specific, Cluster 1 has higher gene expression levels of IL6, IL1B,
NLRP3, IENG, TNF, ILI1RI, and PRF1 (Figure 4D). The heatmap
graphically showed that the ICDs-DEGs expressed more in Cluster 2
than in Cluster 1 (Figure 4E).

3.4 Pathway enrichment analysis of the
two clusters

We also analyzed the DEGs between Cluster 1 and Cluster 2 and
performed the pathway enrichment analyses of the two clusters. GO
enrichment analysis showed that there were several pathways enriched.
The bubble and bar charts as well as the chord diagram all showed that
DEGs of the two clusters were mainly enriched in response to
interleukin-1, tumor necrosis factor, and leukocyte migration
signaling pathway in the biological process (BP); in the cellular
component (CC), DEGs were mainly enriched in granule-related
pathways; in the molecular function (MF), DEGs were enriched
primarily in cytokine activity and cytokine receptor binding
pathways (Figures 5A-C). On the other hand, the KEGG pathway
enrichment analysis showed that there were similar pathways enriched
including the cytokine-cytokine receptor interaction, IL-17 signaling
pathway and TNF signaling pathway (Figure 5D). The GSVA result
also revealed that the DEGs were related to several immune-associated
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FIGURE 2

Exploring immunogenic cell death-related genes in liver ischemia-reperfusion injury. (A) Boxplot of ICDs in GSE151648. (B) Heatmap of ICDs-DEGs

in GSE151648. (C) The location of ICDs on the chromosomes. (D, E) Corr
0.01, ***P < 0.001.

pathways shown specifically in Figure 5E. In conclusion, these results
all shed light on the important role of ICDs in the molecular clustering
of liver ischemia-reperfusion injury.

3.5 Immune infiltration analyses of the two
clusters by ssGSEA

To investigate the immune functions of the two clusters, we
conducted the ssGSEA analysis. The results showed that the
infiltration of immune functions was different between Cluster 1
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and Cluster 2. We performed the comparisons between immune
cells and found that there were higher in APC_co-inhibition, CCR,
CD8+_T_cells, cytolytic activity, inflammation-promoting,
MHC_class_I, para-inflammation, pDCs, Thl_cells, and Treg in
Cluster 2 (Figure 6A), which proved that the Cluster 2 had a high
level of immune state. Our study also analyzed the relationship
between the expression of ICDs-DEGs and immune components in
the two clusters. The results showed that the expression level of
PRF1 had more connections with immune proportions in Cluster 2;
while the expression levels of IL6, IL1R1, and IFNGRI had tighter
relationships with immune cells in Cluster 1 (Figures 6B, C).
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FIGURE 3

Analysis of immune infiltration in liver ischemia-reperfusion injury by CIBERSOFT. (A, B) Boxplot of immune infiltration between control and LIRI.
(C) Correlation of ICDs-DEGs with different immune cells by heatmap. *P < 0.05, **P < 0.01, ***P < 0.001.

3.6 ldentification of the hub genes in liver
ischemia-reperfusion injury by WGCNA

The WGCNA method was used to identify the hub genes in hepatic
ischemic reperfusion injury. We first analyzed the co-expression
network in LIRI samples and normal samples. A gene hierarchical
clustering dendrogram was constructed based on gene correlations. The
soft threshold was set at 3 to achieve a scale-free topology for the
network, yielding an R* value of 0.9 and high average connectivity
(Figure 7A). Ultimately, we determined that the “turquoise” module,
comprising 3,607 genes, was the significant module in LIRI (Figure 7B).
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The scatter plot showed a strong correlation between the module
membership in turquoise and the gene significance for LIRI (Figure 7E,
Cor = 0.95, P < 1e-200). Likewise, we performed the WGCNA in
Cluster 1 and Cluster 2 to filter the most relevant genes of ICD. The
blue module containing 912 genes was selected based on the analyses
(Figures 7C, D). The correlation coefficient was 0.6 for the module
membership in blue and the gene significance for Cluster 2 (Figure 7F,
P =29¢e-90). In the end, we took the intersection of the DEGs between
LIRI and normal samples, the WGCNA-disease genes of the LIRI, and
the WGCNA-cluster genes to identify the hub genes highly associated
with ICD and LIRI (Figure 7G).
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Consensus clustering analysis of LIRI by ICDs-DEGs. (A) Consensus clustering matrixes were generated for values of k=2. (B) PCA analysis of Cluster
1 and Cluster 2. (C) Volcano plot of gene expression levels between Cluster 1 and Cluster 2. (D) Boxplot of ICDs-DEGs between Cluster 1 and
Cluster 2. (E) Heatmap of ICDs-DEGs between Cluster 1 and Cluster 2. *P < 0.05, **P < 0.01, ***P < 0.001.

3.7 Construction of the diagnosis model by
machine learning

Four machine learning algorithms were utilized to analyze the
dimensionality reduction of the 212 genes screened above. The ROC
results showed the area under the curves (AUC) of the four machine
learning algorithms. (Figure 8A). The reverse cumulative distribution
and boxplots of residual were plotted to show the residual
distribution of the models (Figures 8B, C). Because of the high
residual, we dismissed the GLM model. Moreover, It proved that
the root mean square error (RMSE) loss after permutations was
smaller in the RF and SVM models than in the XGB model
(Figure 8D). Since the RF and SVM models had the same AUC of
0.993, we selected both for the construction of the diagnosis model of
liver ischemia-reperfusion injury. The results showed that the ICDs
constructing the model had higher expression levels in the LIRI group
than in the normal group (Figure 8E).

To further verify the models, we chose the GSE23649 and
GSE15480 as the validation sets. Our results proved that the
genes constituting the RF and SVM models also had higher
expression levels in the LIRI group than in the normal group of
the validation cohort GSE23649. In addition, the AUCs of the
model genes had excellent performances in GSE23649 (Figures 9A,
B). The same conclusion also arrived in the validation cohort
GSE15480 (Figures 9C, D).
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3.8 Construction of the nomograms

Considering the superior performance of the diagnosis models,
we constructed the nomograms to further validate the clinical
applicability of the models. The nomograms showed the
relationship of the hub genes constituting the model and the risk
of LIRI (Figures 10A, C). Calibration curves of the nomograms
demonstrated remarkable alignments between the predicted values
and actual probabilities, providing support for the reliability of the
diagnosis models (Figures 10B, Dj left). In addition, the decision
curve analysis (DCA) curves proved the high clinical values of the
nomograms to diagnose LIRI in patients (Figures 10B, D; right).

3.9 The expression of key genes in a cell
LIRI model

We have constructed RF-model and SVM-model for the
diagnosis of LIRI, which showed relatively high diagnostic value.
Hence, we constructed a cell LIRI model to further verify the key
genes in RF-model and SVM-model. In LIRI model, HepG2 cell was
cultured in a hypoxia condition for 6h and then transferred to a
normoxia condition for 1h (Figure 11A). Then mRNA expression of
key genes from RF-model and SVM-model were detected by qPCR.
Consistent with the results of bioinformatics analysis, the mRNA
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expression of NFKB2, RALGDS, RHBDL2, TRIM40 and HSPA1B 4 DiSCUSSion

were upregulated in LIRI model (Figures 11C-F, H). However, the
expression of LIF and IFNG showed no significant difference
between Control and LIRI (Figures 11B, G).
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Immune infiltration in Cluster 1 and Cluster 2 by ssGSEA. (A) Boxplot of different immune cells or processes between Cluster 1 and Cluster 2.
(B) Correlation of ICDs-DEGs with immune infiltration in Cluster 1. (C) Correlation of ICDs-DEGs with immune infiltration in Cluster 2. *P < 0.05,

**P < 0.01, ***P < 0.001.

LIRI of the liver is a major cause of hepatic dysfunction following
liver transplantation, highlighting the need for effective strategies to
prevent this liver damage (22). Understanding the mechanisms of
LIRI is essential for developing therapeutic interventions.

LIRI has two distinct stages including ischemia and reperfusion
(23). The ischemic phase is characterized by metabolic disorders in
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local tissue cells, including the continuous depletion of glycogen,
oxygen deficiency, and adenosine triphosphate (ATP) depletion,
leading to the death of liver parenchymal cells. Reperfusion follows
the ischemic phase and is not only marked by metabolic disorders
but also by immune responses (24). Therefore, a thorough
investigation of the immunogenic cell death occurring in LIRI is
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essential for diagnosing and uncovering new therapeutic strategies
for LIRI, such as inhibiting harmful pro-inflammatory reactions or
promoting beneficial anti-inflammatory responses.

In this research, we analyzed the core mechanisms of ICDs in
liver ischemia-reperfusion injury and constructed machine learning-
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based diagnosis models for LIRT. We analyzed the expression of ICDs
in LIRT samples and normal samples. We found that the levels of
ICDs were higher in LIRI, which hints that ICD could play an
important role in liver ischemia-reperfusion injury. Cell death can be
immunogenic based on four crucial factors. First, cytotoxicity

frontiersin.org


https://doi.org/10.3389/fimmu.2025.1545185
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

Lu et al. 10.3389/fimmu.2025.1545185
o Reverse cumulative distribution of }esidual | Boxplots of }95“’4“3' ‘
< Red dot stands for root mean square of residuals
__ Model — RF — XGB ~— SVM — GlM Model B re ES xcs B3 s EJ otm
© 100% —3
©
90 %
RF <| | |—.
80 %
© 4
%’ o 0%
e 60% XGB Il—.
[y
@ ; = 50 %
40%
~ — RF:0.993 oo SvM
° = SVM: 0.993
—— XGB: 0.948 o
o ] GLM: 0.625 0% o ®
T T T T T T 0% -
00 02 04 06 08 1.0 o0 oz ,;;,Z‘ja‘ o o 0.00 025 050 075 100
1 - Specificity
Feature Importance
reated for the RF, SVIV, XGB model GSE151648-SVM model
SERPINBS
TRIM4O
NFKB2 154
RALGDS
AKAP12
FSIPY 5.1e-27 .
coL2 10 % © Control
IcAM1 . %’ ¢ LIRI
LIF R
CALCA 54 . M o: M .
SWM #- L 7
HSPATA & )
ADRB2 oo 4
04 ece emee o
HSPA1B T T T
RALGDS HSPA1B LIF RHBDL2
LIF
IFNG
RHEDL2 GSE151648-RF model
DNAJB1 14 3.4e-19
GPRE2 12 24047 6.4e-16 :;
GPRA2 === 4 e 6.8e-14
XGB X 2
HSPATA . 1049 o Iy ‘#‘ % "Q' b >4
- ™ 4.1e-12 . ] e ° e
ADRB2 2 8 # ". ° ﬁ r ® '%"' “’ g ::
1 . )
HSPA1B - e . e Control
CLON4 . 6 “ . o o LRI
WEE1 Ll 3 N
o L4 .
MAP1LC3B . 4 5 .
CALCA " e & °
caLcs ! N is
.. L)
IERS . oo "0 oo
Type u 04 L xn om 00
T T T T T
0.200 0205 0210 0215
Root mean square error (RMSE) loss after permutations NFKB2 TRIM4D SERPINBS LIF RALGDS
FIGURE 8

Identification of hub genes in LIRI by machine learning. (A) The ROC curves of different machine learning models in the GSE151648. (B) The reverse
cumulative distribution curves of residual in different machine learning methods. (C) Boxplot of residuals in different machine learning models.
(D) Feature importance genes created for the RF and SVM model. (E) Differential expression analysis of feature importance genes from RF and SVM

models in GSE151648.

requires cells to undergo stress responses before dying. Second,
antigenicity involves the expression of recognizable antigens by T
cells. Third, adjuvanticity entails the release of danger-associated
molecular patterns (DAMPs) that facilitate dendritic cell (DC)
recruitment and maturation, enabling effective antigen presentation
to T lymphocytes. Fourth, a permissive microenvironment must
allow access to both DCs and T cells (17, 19, 25).

In conclusion, the published research indicated that LIRI had a
tight connection to the immune process. Therefore, we analyzed the
immune cell infiltration of LIRI and normal liver samples and
found that the proportion of immune cells was different in LIRT and
normal samples. To be specific, the infiltration of NK cells activated,
monocytes, macrophage MO, dendritic cells activated, and mast
cells activated were all higher in LIRI, which suggested an
intensified innate immune reaction to tissue damage. In our
research, we also performed consensus clustering to identify two

Frontiers in Immunology

subtypes of LIRI. We also analyzed the immune functions of Cluster
1 and Cluster 2 using the ssGSEA method. We found that the
proportions of immune functions were higher in Cluster 2 than in
Cluster 1, indicating that Cluster 2 had a more activated
inflammatory microenvironment. Moreover, the pathway
enrichment results proved that the DEGs of the two clusters were
highly enriched in cytokine and chemokine-related pathways,
suggesting the important role of these molecules in immunogenic
cell death.

It has been reported that the liver ischemia-reperfusion injury
(LIRI) can be classified into two types: warm LIRI, resulting from
hepatocyte damage during in vivo liver transplantation, potentially
leading to liver failure; cold LIRI, caused by damage to hepatic cells
during ex vivo preservation, which is often followed by warm LIRI
during transplantation (26). Despite different initial cell death
mechanisms, both types share similar pathophysiological

11 frontiersin.org
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processes mediated by innate immune responses, which involve the
activation of macrophages and neutrophils (27, 28), production of
cytokines and chemokines (29), release of reactive oxygen species
(ROS) (30), and infiltration of lymphocytes or monocytes (31). Our
immune infiltration and pathway enrichment analyses aligned with
the existing literature, highlighting the pivotal role of ICD in
ischemia-reperfusion injury, which could yield novel perspectives

on treatment after liver transplantation.

Frontiers in Immunology

12

In the end, we constructed the ICD-related diagnosis models
based on the WGCNA method and four machine learning
algorithms. The model had excellent performances in both the
training and validation cohorts. The nomograms proved that our
diagnosis models could help predict the risk of LIRI after
liver transplantation.

To validate the essential genes identified through machine
learning, we established an in vitro model of ischemia-reperfusion
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in HepG2 cell and performed qPCR experiments. The findings
indicated that the mRNA expression of NFKB2, RALGDS,
RHBDL2, TRIM40 and HSPA1B were increased. The NF-xB
signaling pathway plays a critical role in the regulation of oxidative
stress, inflammatory responses, apoptosis, and mitochondrial
dysfunction, and is intricately linked to the pathophysiological
mechanisms underlying LIRI (32-34). A growing body of research
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highlights the potential therapeutic efficacy of pharmacological
agents or inhibitors that specifically target NF-xB in the
management of LIRI (35-37). RALGDS functions as a guanine
nucleotide exchange factor for the small G protein Ral and is
classified as one of the Ras effectors. It plays a critical role in the
regulation of membrane transport and the remodeling of the
cytoskeleton (38, 39). RHBDL2 is a member of the rhomboid

frontiersin.org


https://doi.org/10.3389/fimmu.2025.1545185
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

Lu et al.

Normoxia

HepG2

HepG2

high-glucose DMEM

10%FBS, 1%PS
normoxia(5%CO2 and 95% air)

6h
B C
LIF NFKB2
ns ok ok ok
2.5
L ] 4_
S 2.0- s =
n a 3
o3 @
2> < 1.59 g o
52 =48
= T X 2
c @ o0d )
24 g — © g
14 -
€ 0.5 &1
0.0 T T 0 T T
Control LIRI Control LIRI
F G
TRIM40 IFNG
15+ 3 ns
§ ¢ 3k ok ok < .
» 10- or® K]
3¢ eu 28 % T
s E=lY
& x © X ®e
o @ )
“< 5- g ]
2 z ola
€ €
0 T T 0 T T
Control LIRI Control LIRI
FIGURE 11

Hypoxia

glucose-free DMEM
FBS-free, 1%PS
hypoxia(1%02,5%CO2 and 94%N2)

10.3389/fimmu.2025.1545185

Reperfusion

HepG2

high-glucose DMEM

10%FBS, 1%PS
normoxia(5%CO2 and 95% air)

1h
D E
RALGDS RHBDL2
15 dokdok o Hkx
— 2 —
s == 5 i
o 8 107 7 137 +
> (]
g8 3
I x © X 10—
g g2
m -
S IS 3
|| e |
0 T T 0 T T
Control LIRI Control LIRI
H
HSPA1B
4_
*
5
@ % .
29 T
T g2 yg
T o
€ < -
=
g s
0 T T
Control LIRI

The expression of key genes in a cell LIRI model. (A) The graphical abstract of LIRI model. (B-H) The mRNA expression of key genes from RF and

SVM model. ns P > 0.05, * P < 0.05, **** P < 0.0001.

family of the integral membrane proteins and functions as an
intramembrane serine protease (40, 41). TRIM40 is a member of
the tripartite motif-containing protein (TRIM) protein family. A
previous study showed that the upregulated TRIM40 could promote
the progression of inflammatory bowel disease. TRIM40 is a
pathogenic driver of inflammatory bowel disease through
subverting intestinal barrier integrity (42). However, as of now,
there is a lack of research publications concerning RALGDS,
RHBDL2 and TRIM40 within the context of LIRL. HSPAIB is a
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member of the heat shock protein (HSP) family. As a protein induced
under various environmental stresses such as high temperature,
hypoxia, chemicals, and oxidative stress, its main function is to
protect cells from damage caused by these stresses (43, 44).
Previous studies have reported that HSPA12A in hepatocytes
inhibits macrophage chemotaxis and activation by suppressing
glycolysis-mediated HMGBI lactylation and hepatocyte secretion,
thereby alleviating liver ischemia/reperfusion injury (27). In this
article, through bioinformatics and the LIRI cell model, we found
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that HSPA1B was significantly elevated; however, the precise
mechanisms underlying its role in LIRI require further investigation.

Nonetheless, there are also several limitations in our research.
First, our research mainly relies on bioinformatic analysis, and the
conclusion has not been validated by biological experiments. Second,
due to the limited diversity of non-oncology databases, the sequencing
data of LIRI is constrained solely to the GEO database. Our future
studies will focus on delineating specific molecular pathways,
validating the hub genes involved in the model, and incorporating
data from additional sources that could enhance reliability.

5 Conclusions

In conclusion, our comprehensive analyses underscored the
intricate relationship between immunogenic cell death and
ischemia-reperfusion injury after liver transplantation. Moreover,
we also identified two clusters by consensus clustering which had
different immune infiltration degrees. Finally, we constructed the
ICD-related diagnosis models based on WGCNA and machine
learning algorithms. Our RF and SVM-based models had excellent
performances in the diagnosis of ischemia-reperfusion injury.

Data availability statement

The original contributions presented in the study are included
in the article/Supplementary Material. Further inquiries can be
directed to the corresponding authors.

Author contributions

KL: Conceptualization, Data curation, Investigation,
Methodology, Resources, Software, Validation, Visualization,
Writing - review & editing. HL: Conceptualization, Formal
analysis, Investigation, Methodology, Project administration,
Validation, Writing - original draft, Writing - review & editing.
LS: Conceptualization, Investigation, Supervision, Visualization,
Writing - review & editing. XD: Data curation, Writing - original
draft. YF: Data curation, Writing - original draft. DD: Data
curation, Writing - original draft. YW: Funding acquisition,
Investigation, Supervision, Writing - review & editing. YS:
Funding acquisition, Investigation, Supervision, Writing - review
& editing.

References

1. Wong RJ, Singal AK. Trends in liver disease etiology among adults awaiting liver
transplantation in the United States, 2014-2019. JAMA Netw Open. (2020) 3:¢1920294.
doi: 10.1001/jamanetworkopen.2019.20294

2. Wu XN, Xue F, Zhang N, Zhang W, Hou JJ, Lv Y, et al. Global burden of liver
cirrhosis and other chronic liver diseases caused by specific etiologies from 1990 to
2019. BMC Public Health. (2024) 24:363. doi: 10.1186/s12889-024-17948-6

Frontiers in Immunology

10.3389/fimmu.2025.1545185

Funding

The author(s) declare that financial support was received for the
research, authorship, and/or publication of this article. This study
was supported by grants from the Fundamental Research Funds for
the Central Universities (xzy012022103), the Research Foundation
of the First Affiliated Hospital of Xi’an Jiaotong University
(2021QN-01, 2022QN-15), and the Natural Science Basic
Research Program of Shaanxi Province (2022]JQ-846).

Acknowledgments

The authors would like to express gratitude to the researchers
who generously provided open access to the raw data and
individuals who have offered assistance throughout this study.

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could be
construed as a potential conflict of interest.

Generative Al statement

The author(s) declare that no Generative Al was used in the
creation of this manuscript.

Publisher’s note

All claims expressed in this article are solely those of the authors
and do not necessarily represent those of their affiliated organizations,
or those of the publisher, the editors and the reviewers. Any product
that may be evaluated in this article, or claim that may be made by its
manufacturer, is not guaranteed or endorsed by the publisher.

Supplementary material

The Supplementary Material for this article can be found online at:
https://www.frontiersin.org/articles/10.3389/fimmu.2025.1545185/
full#supplementary-material

3. Fuochi E, Anastasio L, Lynch EN, Campani C, Dragoni G, Milani S, et al. Main
factors influencing long-term outcomes of liver transplantation in 2022. World |
Hepatol. (2023) 15:321-52. doi: 10.4254/wjh.v15.i3.321

4. Liu R, Cao H, Zhang S, Cai M, Zou T, Wang G, et al. ZBP1-mediated apoptosis
and inflammation exacerbate steatotic liver ischemia/reperfusion injury. J Clin Invest.
(2024) 34(13):e180451. doi: 10.1172/JCI180451

frontiersin.org


https://www.frontiersin.org/articles/10.3389/fimmu.2025.1545185/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fimmu.2025.1545185/full#supplementary-material
https://doi.org/10.1001/jamanetworkopen.2019.20294
https://doi.org/10.1186/s12889-024-17948-6
https://doi.org/10.4254/wjh.v15.i3.321
https://doi.org/10.1172/JCI180451
https://doi.org/10.3389/fimmu.2025.1545185
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

Lu et al.

5. Peralta C, Jimenez-Castro MB, Gracia-Sancho J. Hepatic ischemia and
reperfusion injury: effects on the liver sinusoidal milieu. J Hepatol. (2013) 59:1094-
106. doi: 10.1016/j.jhep.2013.06.017

6. Dery KJ, Kojima H, Kageyama S, Kadono K, Hirao H, Cheng B, et al. Alternative
splicing of CEACAMI1 by hypoxia-inducible factor-lalpha enhances tolerance to
hepatic ischemia in mice and humans. Sci Transl Med. (2023) 15:eadf2059.
doi: 10.1126/scitranslmed.adf2059

7. DeryKJ, Yao S, Cheng B, Kupiec-Weglinski JW. New therapeutic concepts against
ischemia-reperfusion injury in organ transplantation. Expert Rev Clin Immunol. (2023)
19:1205-24. doi: 10.1080/1744666X.2023.2240516

8. Kaltenmeier C, Wang R, Popp B, Geller D, Tohme S, Yazdani HO. Role of
immuno-inflammatory signals in liver ischemia-reperfusion injury. Cells. (2022) 1
(14):2222. doi: 10.3390/cells11142222

9. Huang H, Tohme S, Al-Khafaji AB, Tai S, Loughran P, Chen L, et al. Damage-
associated molecular pattern-activated neutrophil extracellular trap exacerbates sterile
inflammatory liver injury. Hepatology. (2015) 62:600-14. doi: 10.1002/hep.27841

10. Liu J, Man K. Mechanistic insight and clinical implications of ischemia/
reperfusion injury post liver transplantation. Cell Mol Gastroenterol Hepatol. (2023)
15:1463-74. doi: 10.1016/j.jcmgh.2023.03.003

11. RaoJ, QiuJ, Ni M, Wang H, Wang P, Zhang L, et al. Macrophage nuclear factor
erythroid 2-related factor 2 deficiency promotes innate immune activation by tissue
inhibitor of metalloproteinase 3-mediated RhoA/ROCK pathway in the ischemic liver.
Hepatology. (2022) 75:1429-45. doi: 10.1002/hep.32184

12. Thorgersen EB, Barratt-Due A, Haugaa H, Harboe M, Pischke SE, Nilsson PH,
et al. The role of complement in liver injury, regeneration, and transplantation.
Hepatology. (2019) 70:725-36. doi: 10.1002/hep.30508

13. Lu L, Zhou H, Ni M, Wang X, Busuttil R, Kupiec-Weglinski ], et al. Innate
immune regulations and liver ischemia-reperfusion injury. Transplantation. (2016)
100:2601-10. doi: 10.1097/TP.0000000000001411

14. Luo S, Luo R, Deng G, Huang F, Lei Z. Programmed cell death, from liver
Ischemia-Reperfusion injury perspective: An overview. Heliyon. (2024) 10:e32480.
doi: 10.1016/j.heliyon.2024.e32480

15. Li Z, Lai X, Fu S, Ren L, Cai H, Zhang H, et al. Imnmunogenic cell death activates
the tumor immune microenvironment to boost the immunotherapy efficiency. Adv Sci
(Weinh). (2022) 9:¢2201734. doi: 10.1002/advs.202201734

16. Tang D, Kang R, Berghe TV, Vandenabeele P, Kroemer G. The molecular machinery
of regulated cell death. Cell Res. (2019) 29:347-64. doi: 10.1038/s41422-019-0164-5

17. Troitskaya OS, Novak DD, Richter VA, Koval OA. Immunogenic cell death in
cancer therapy. Acta Naturae. (2022) 14:40-53. doi: 10.32607/actanaturae.11523

18. Garg AD, De Ruysscher D, Agostinis P. Immunological metagene signatures
derived from immunogenic cancer cell death associate with improved survival of
patients with lung, breast or ovarian Malignancies: A large-scale meta-analysis.
Oncoimmunology. (2016) 5:¢1069938. doi: 10.1080/2162402X.2015.1069938

19. Galluzzi L, Guilbaud E, Schmidt D, Kroemer G, Marincola FM. Targeting
immunogenic cell stress and death for cancer therapy. Nat Rev Drug Discovery.
(2024) 23:445-60. doi: 10.1038/s41573-024-00920-9

20. Lin Y, Pan X, Zhao L, Yang C, Zhang Z, Wang B, et al. Immune cell infiltration
signatures identified molecular subtypes and underlying mechanisms in gastric cancer.
NPJ Genom Med. (2021) 6:83. doi: 10.1038/s41525-021-00249-x

21. Hirao H, Nakamura K, Kupiec-Weglinski JW. Liver ischaemia-reperfusion
injury: a new understanding of the role of innate immunity. Nat Rev Gastroenterol
Hepatol. (2022) 19:239-56. doi: 10.1038/s41575-021-00549-8

22. Rampes S, Ma D. Hepatic ischemia-reperfusion injury in liver transplant setting:
mechanisms and protective strategies. ] BioMed Res. (2019) 33:221-34. doi: 10.7555/
JBR.32.20180087

23. Soares ROS, Losada DM, Jordani MC, Evora P, Castro ESO. Ischemia/
reperfusion injury revisited: an overview of the latest pharmacological strategies. Int
J Mol Sci. (2019) 20(20):5034. doi: 10.3390/ijms20205034

24. Xu G, Jiang Y, Li Y, Ge J, Xu X, Chen D, et al. A novel immunogenic cell death-
related genes signature for predicting prognosis, immune landscape and
immunotherapy effect in hepatocellular carcinoma. J Cancer Res Clin Oncol. (2023)
149:16261-77. doi: 10.1007/s00432-023-05370-1

Frontiers in Immunology

16

10.3389/fimmu.2025.1545185

25. Nakano R, Tran LM, Geller DA, Macedo C, Metes DM, Thomson AW. Dendritic
cell-mediated regulation of liver ischemia-reperfusion injury and liver transplant rejection.
Front Immunol. (2021) 12:705465. doi: 10.3389/fimmu.2021.705465

26. Zhang Y, Shen Q, Liu Y, Chen H, Zheng X, Xie S, et al. Hepatic ischemic
preconditioning alleviates ischemia-reperfusion injury by decreasing TIM4 expression.
Int J Biol Sci. (2018) 14:1186-95. doi: 10.7150/ijbs.24898

27. Du S, Zhang X, Jia Y, Peng P, Kong Q, Jiang S, et al. Hepatocyte HSPA12A
inhibits macrophage chemotaxis and activation to attenuate liver ischemia/reperfusion
injury via suppressing glycolysis-mediated HMGBI1 lactylation and secretion of
hepatocytes. Theranostics. (2023) 13:3856-71. doi: 10.7150/thno.82607

28. Song Z, Han H, Ge X, Das S, Desert R, Athavale D, et al. Deficiency of neutrophil
high-mobility group box-1 in liver transplant recipients exacerbates early allograft
injury in mice. Hepatology. (2023) 78:771-86. doi: 10.1097/HEP.0000000000000346

29. Zhang M, Liu Q, Meng H, Duan H, Liu X, Wu J, et al. Ischemia-reperfusion
injury: molecular mechanisms and therapeutic targets. Signal Transduct Target Ther.
(2024) 9:12. doi: 10.1038/541392-023-01688-x

30. Tang SP, Mao XL, Chen YH, Yan LL, Ye LP, Li SW. Reactive oxygen species
induce fatty liver and ischemia-reperfusion injury by promoting inflammation and cell
death. Front Immunol. (2022) 13:870239. doi: 10.3389/fimmu.2022.870239

31. Jiao J, Jiang Y, Qian Y, Liu G, Xu M, Wang F, et al. Expression of STING is
increased in monocyte-derived macrophages and contributes to liver inflammation in
hepatic ischemia-reperfusion injury. Am ] Pathol. (2022) 192:1745-62. doi: 10.1016/
j-ajpath.2022.09.002

32. Jimi E, Fei H, Nakatomi C. NF-kappaB signaling regulates physiological and
pathological chondrogenesis. Int ] Mol Sci. (2019) 20(24):6275. doi: 10.3390/ijms20246275

33. Zeng HS, Wang YB, Chen LXZ, Zhu P. Maresin] inhibits the NF-kappaB/caspase-3/
GSDME signaling pathway to alleviate hepatic ischemia-reperfusion injury. Zhonghua Gan
Zang Bing Za Zhi. (2023) 31:594-600. doi: 10.3760/cma.j.cn501113-20221208-00596

34. Dieguez-Martinez N, Espinosa-Gil S, Yoldi G, Megias-Roda E, Bolinaga-Ayala I,
Vinas-Casas M, et al. The ERK5/NF-kappaB signaling pathway targets endometrial cancer
proliferation and survival. Cell Mol Life Sci. (2022) 79:524. doi: 10.1007/s00018-022-04541-6

35. Deng RM, Zhou J. Targeting NF-kappaB in hepatic ischemia-reperfusion
alleviation: from signaling networks to therapeutic targeting. Mol Neurobiol. (2024)
61:3409-26. doi: 10.1007/s12035-023-03787-w

36. Liu QS, Cheng ZW, Xiong JG, Cheng S, He XF, Li XC. Erythropoietin
pretreatment exerts anti-inflammatory effects in hepatic ischemia/reperfusion-injured
rats via suppression of the TLR2/NF-kappaB pathway. Transplant Proc. (2015) 47:283—-
9. doi: 10.1016/j.transproceed.2014.10.045

37. Hassanein EHM, Khader HF, Elmansy RA, Seleem HS, Elfiky M, Mohammedsaleh
ZM, et al. Umbelliferone alleviates hepatic ischemia/reperfusion-induced oxidative stress
injury via targeting Keap-1/Nrf-2/ARE and TLR4/NF-kappaB-p65 signaling pathway.
Environ Sci pollut Res Int. (2021) 28:67863-79. doi: 10.1007/s11356-021-15184-8

38. Ferro E, Trabalzini L. RalGDS family members couple Ras to Ral signalling and
that’s not all. Cell Signal. (2010) 22:1804-10. doi: 10.1016/j.cellsig.2010.05.010

39. Rodriguez-Viciana P, McCormick F. RalGDS comes of age. Cancer Cell. (2005)
7:205-6. doi: 10.1016/j.ccr.2005.02.012

40. Lemberg MK, Freeman M. Functional and evolutionary implications of
enhanced genomic analysis of rhomboid intramembrane proteases. Genome Res.
(2007) 17:1634-46. doi: 10.1101/gr.6425307

41. Urban S, Lee JR, Freeman M. Drosophila rhomboid-1 defines a family of putative
intramembrane serine proteases. Cell. (2001) 107:173-82. doi: 10.1016/S0092-8674(01)
00525-6

42. Kang S, Kim J, Park A, Koh M, Shin W, Park G, et al. TRIM40 is a pathogenic
driver of inflammatory bowel disease subverting intestinal barrier integrity. Nat
Commun. (2023) 14:700. doi: 10.1038/s41467-023-36424-0

43. Schroder O, Schulte KM, Ostermann P, Roher HD, Ekkernkamp A, Laun RA.
Heat shock protein 70 genotypes HSPA1B and HSPAIL influence cytokine
concentrations and interfere with outcome after major injury. Crit Care Med. (2003)
31:73-9. doi: 10.1097/00003246-200301000-00011

44. Xiao Z, Wang Y, Chen Y, Jin L, Shi Y, Liu C, et al. Exosomes derived from
TREM-2 knocked-out macrophages alleviated renal fibrosis via HSPalb/AKT pathway.
Am ] Physiol Renal Physiol. (2024). doi: 10.1152/ajprenal.00219.2024

frontiersin.org


https://doi.org/10.1016/j.jhep.2013.06.017
https://doi.org/10.1126/scitranslmed.adf2059
https://doi.org/10.1080/1744666X.2023.2240516
https://doi.org/10.3390/cells11142222
https://doi.org/10.1002/hep.27841
https://doi.org/10.1016/j.jcmgh.2023.03.003
https://doi.org/10.1002/hep.32184
https://doi.org/10.1002/hep.30508
https://doi.org/10.1097/TP.0000000000001411
https://doi.org/10.1016/j.heliyon.2024.e32480
https://doi.org/10.1002/advs.202201734
https://doi.org/10.1038/s41422-019-0164-5
https://doi.org/10.32607/actanaturae.11523
https://doi.org/10.1080/2162402X.2015.1069938
https://doi.org/10.1038/s41573-024-00920-9
https://doi.org/10.1038/s41525-021-00249-x
https://doi.org/10.1038/s41575-021-00549-8
https://doi.org/10.7555/JBR.32.20180087
https://doi.org/10.7555/JBR.32.20180087
https://doi.org/10.3390/ijms20205034
https://doi.org/10.1007/s00432-023-05370-1
https://doi.org/10.3389/fimmu.2021.705465
https://doi.org/10.7150/ijbs.24898
https://doi.org/10.7150/thno.82607
https://doi.org/10.1097/HEP.0000000000000346
https://doi.org/10.1038/s41392-023-01688-x
https://doi.org/10.3389/fimmu.2022.870239
https://doi.org/10.1016/j.ajpath.2022.09.002
https://doi.org/10.1016/j.ajpath.2022.09.002
https://doi.org/10.3390/ijms20246275
https://doi.org/10.3760/cma.j.cn501113-20221208-00596
https://doi.org/10.1007/s00018-022-04541-6
https://doi.org/10.1007/s12035-023-03787-w
https://doi.org/10.1016/j.transproceed.2014.10.045
https://doi.org/10.1007/s11356-021-15184-8
https://doi.org/10.1016/j.cellsig.2010.05.010
https://doi.org/10.1016/j.ccr.2005.02.012
https://doi.org/10.1101/gr.6425307
https://doi.org/10.1016/S0092-8674(01)00525-6
https://doi.org/10.1016/S0092-8674(01)00525-6
https://doi.org/10.1038/s41467-023-36424-0
https://doi.org/10.1097/00003246-200301000-00011
https://doi.org/10.1152/ajprenal.00219.2024
https://doi.org/10.3389/fimmu.2025.1545185
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

Lu et al.

Glossary
ATP
AUC

BP

CC

CDF
DAMPs
DC
DCA
DEGs
GEO
GLM
GSVA
HSPA1B
ICD
ICDs

ICDs-DEGs

IENG

adenosine triphosphate

area under the curves

biological process

cellular component

cumulative distribution function
damage-associated molecular patterns
dendritic cell

decision curve analysis

differentially expressed genes

Gene Expression Omnibus
Generalized Linear Models

gene set variation analysis

Heat Shock Protein Family A (Hsp70) Member 1B
immunogenic cell death
immunogenic cell death-related genes

differentially expressed genes related to immunogenic
cell death

Interferon-gamma
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KEGG
LIF

LIRI

MF
NFKB2
PCA

RF
RALGDS
RHBDL2
RMSE
ROS
ssGSEA
SVM
TME
TRIM40
WGCNA

XGB

10.3389/fimmu.2025.1545185

Kyoto Encyclopedia of Genes and Genomes
Leukemia inhibitory factor

liver ischemia-reperfusion injury

molecular function

Nuclear Factor Kappa B Subunit 2

principal component analysis

Random Forest

Ral Guanine Nucleotide Dissociation Stimulator
Rhomboid Like 2

root mean square error;ROC, receiver operating characteristic
reactive oxygen species

single sample gene set enrichment analysis
Support Vector Machine

tumor microenvironment

Tripartite Motif Containing 40

Weighted Gene Co-expression Network Analysis

XGBoost
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