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Abstract: Background: PANoptosis has the features of pyroptosis, apoptosis, and necroptosis. Numerous studies have confirmed 
the diverse roles of various types of cell death in acute liver failure (ALF), but limited attention has been given to the crosstalk 
among them. In this study, we aimed to explore the role of PANoptosis in ALF and uncover new targets for its prevention or 
treatment. Methods: Three ALF-related datasets (GSE14668, GSE62029, and GSE74000) were downloaded from the Gene 
Expression Omnibus (GEO) database to identify differentially expressed genes (DEGs). Hub genes were identified through 
intersecting DEGs, genes obtained from weighted gene co-expression network analysis (WGCNA), and genes related to 
PANoptosis. Gene Ontology (GO), Kyoto Encyclopedia of Genes and Genomes (KEGG), protein‒protein interaction (PPI) 
analyses and gene set enrichment analysis (GSEA) were performed to determine functional roles. Verification was performed 
using an ALF mouse model. Results: Our results showed that expression of seven hub genes (B-cell lymphoma-2-modifying 
factor (BMF), B-cell lymphoma-2-interacting protein 3-like (BNIP3L), Caspase-1 (CASP1), receptor-interacting protein kinase 3 
(RIPK3), uveal autoantigen with coiled-coil domains and ankyrin repeats protein (UACA), uncoordinated-5 homolog B receptor 
(UNC5B), and Z-DNA-binding protein 1 (ZBP1)) was up-regulated in liver samples of patients. However, in the ALF mouse 
model, the expression of BNIP3L, RIPK3, phosphorylated RIPK3 (P-RIPK3), UACA, and cleaved caspase-1 was up-regulated, 
while the expression of CASP1 and UNC5B was down-regulated. The expression of ZBP1 and BMF increased only during the 
development of ALF, and there was no significant change in the end stage. Immunofluorescence of mouse liver tissue showed 
that macrophages expressed all seven markers. Western blot results showed that pyroptosis, apoptosis, and necroptosis were 
always involved in lipopolysaccharide (LPS)/D-galactosamine (D-gal)-induced ALF mice. The ALF cell model showed that 
bone marrow-derived macrophages (BMDMs) form PANoptosomes after LPS stimulation. Conclusions: Our results suggest 
that PANoptosis of macrophages promotes the development of ALF. The seven new ALF biomarkers identified and validated in 
this study may contribute to further investigation of diagnostic markers or novel therapeutic targets of ALF. 
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1 Introduction 

Acute liver failure (ALF) is a lethal liver disease 
that can occur after exposure to virus, alcohol, drugs, 
or an autoimmune response, and is characterized by 
coagulopathy, encephalopathy, and hepatic metabolic 
dysfunction (Bernal and Wendon, 2013; Stravitz and 
Lee, 2019). The first period of ALF involves direct 
interaction between stimuli and hepatocytes, and the 
secondary host inflammatory response after cell death 
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results in organ failure (Khan et al., 2006). Currently, 
liver transplantation is the only definitive treatment for 
ALF, indicating that our current understanding of its 
mechanism is insufficient.

According to the Nomenclature Committee on Cell 
Death (NCCD), there are two categories of cell death: 
accidental cell death (ACD) and regulated cell death 
(RCD) (Galluzzi et al., 2015). ACD is induced by 
severe insults which are not considered a target for 
therapeutic intervention because they cannot be modu‐
lated or prevented (Green and Kroemer, 2005; Long 
and Ryan, 2012). In contrast, RCD can be interrupted 
by means of genetic or pharmacologic intervention 
targeted to the key components because its process 
involves molecular regulatory mechanisms, such as 
apoptosis, necroptosis, pyroptosis, and ferroptosis, 
coded by genes (Galluzzi et al., 2014, 2015). Although 
many studies have identified their respective roles in 
ALF (Schwabe and Luedde, 2018; Wang et al., 2021; 
Zheng et al., 2022), a growing body of studies has 
shown extensive molecular crosstalk among these 
mechanisms rather than being independent of each 
other, as previously suggested (Kuriakose et al., 2016; 
Malireddi et al., 2018). Therefore, it is very important 
to explore the mechanisms involved in the different 
RCD pathways.

PANoptosis, a new concept proposed by Mali‐
reddi et al. (2019), has the characteristics of apop‐
tosis, pyroptosis, and necroptosis, but cannot be repre‐
sented solely by any one of them. PANoptosis is trig‐
gered by the PANoptosome, a multimeric protein com‐
plex that integrates the components from other RCD 
pathways (Malireddi et al., 2019; Christgen et al., 2020). 
Although initial studies related to PANoptosis involved 
diseases caused by bacterial or viral infections, subse‐
quent studies have shown that PANoptosis is also 
present in some tumor and ischemia-related diseases 
(Karki et al., 2021a; Lin et al., 2022; Nguyen and 
Kanneganti, 2022; Yan et al., 2023). ALF is caused by 
cytokine storms generated by an excessive immune 
response and one of its clinical manifestations is coagu-
lation dysfunction. Both of these features may provide 
evidence for a possible relationship between PANoptosis 
and ALF. In this study, we used bioinformatics methods 
and an animal ALF model to identify the hub genes of 
PANoptosis in ALF. These results provide important 
directions for further study of the diagnosis, progres‐
sion, and targeted therapy of ALF.

2 Methods 

2.1 Microarray data

Three sets of ALF-related transcriptome datasets, 
GSE14668, GSE62029, and GSE74000, were down‐
loaded from the Gene Expression Omnibus (GEO) 
database (https://www. ncbi. nlm. nih. gov/geo). Fig. 1 
depicts the study flowchart.

2.2 Grouping setting

We used the transcriptome data of liver donors as 
a control group, and the transcriptome data of patients 
with hepatitis B virus (HBV)-associated or acetamin‐
ophen (APAP)-induced ALF as the ALF group. Tran‐
scriptome data from the normal liver tissues of patients 
with angioma were excluded due to concerns that an‐
gioma might impact the results. We treated speci‐
mens from the same patient as independent samples 
that did not require exclusion or merging, as our study 
did not involve the patients’ clinical information, and 
the gene expression profiles of these specimens were 
distinct.

2.3 Data processing and identification of differentially 
expressed genes

Normalization, log2 transformation, and merging 
of the three ALF raw datasets were performed using 
the “inSilicoMerging” package in R software. The 
Bioconductor “sva” package was applied to the com‐
bined dataset to eliminate batch effects (Leek et al., 
2012). The “Limma” package was used to screen the 
differentially expressed genes (DEGs), with the crite‐
rion set as |log2(fold change)|>1.5 and an adjusted P 
value of <0.05.

2.4 Weighted gene co-expression network analysis

Initially, we calculated the median absolute devi‐
ation (MAD) for each gene based on gene expression 
profiles. Subsequently, the lower 50% of genes with 
the smallest MAD values were removed. Next, we used 
the “goodSamplesGenes” function from the weighted 
gene co-expression network analysis (WGCNA) pack‐
age in R software to eliminate outliers from both genes 
and samples. Additionally, we developed a scale-free 
co-expression network and identified a β shrinkage 
parameter value of β=24 following the scale-free 
topology criterion. Lastly, genes exhibiting similar ex‐
pression patterns were grouped into modules using the 
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“dynamic tree-cutting” algorithm, and the correlation 
between sample traits and module genes was assessed 
through Pearson’s correlation analysis.

2.5 Identification of hub genes

The “VennDiagram” package in R software was 
used to obtain hub genes associated with PANoptosis 
and ALF by intersecting DEGs, genes obtained from 
WGCNA, and genes related to PANoptosis. The dif‐
ferences in expression of hub genes between ALF and 
healthy samples were represented by violin plots. The 
t-test was used for normally distributed data, whereas 
the Mann-Whitney U-test was used for non-normal 
distributed data. Significance was defined as P<0.05.

2.6 Functional enrichment analysis

Gene Ontology (GO) and Kyoto Encyclopedia 
of Genes and Genomes (KEGG) analyses were carried 
out to compare the differential signaling pathways and 
biological effects among the seven genes.

We used the Metascape database (https://metascape.
org) for annotation and the Sangerbox database (http://
sangerbox.com) for visualization. We set the minimum 
overlap to 1, since the number of hub genes selected 
was too small, and the P value cutoff was set to <0.05.

2.7 Potential interaction between hub genes

First, we used the STRING database (https://cn.
string-db.org) to obtain the interaction relationships 
among the seven hub genes, and then we gradually 
expanded the interaction relationship between hub 
genes until seven genes were connected in a network. 
Cytoscape (https://cytoscape.org) was then used to re‐
move the non-hub genes whose total number of adja‐
cent hub genes was less than three. The final result 
was a predicted interaction between hub genes.

2.8 Gene set enrichment analysis

We performed gene set enrichment analysis (GSEA) 
using GSEA software (version 4.0.3). According to 
the expression level of target genes, the samples were 
divided into high-expression group (≥50%) and low-
expression group (<50%). The relevant pathways 
and molecular mechanisms were evaluated based on 
gene expression profiles and phenotypic grouping 
by the Molecular Signatures Database (https://www.
gsea-msigdb.org). We set the minimum gene set to 5 
and the maximum gene set to 5000. A P value of <0.05 
and a false discovery rate (FDR) of <0.25 were con‐
sidered statistically significant.

Fig. 1  Flow diagram of the study process. DEGs: differentially expressed genes; WGCNA: weighted gene co-expression 
network analysis; ALF: acute liver failure; GO: Gene Ontology; GSEA: gene set enrichment analysis; TSA: tyramide 
signal amplification.
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2.9 Analysis of immune infiltration

The abundance of 22 subtypes of immune cells 
was determined after analyzing the sequencing data 
of ALF samples using the CIBERSORT algorithm. 
These subtypes represent the cellular composition of 
the immune microenvironment in ALF, and Spearman 
correlation analysis was performed on genes and im‐
mune cells.

2.10 Mouse model of ALF

An ALF mouse model was established in randomly 
assigned 8-week-old C57BL/6 mice (Gampharmatech, 
Shanghai, China) by intraperitoneal (i.p.) injection of 
lipopolysaccharide (LPS; 40 μg/kg, Sigma, L4391, 
Missouri, USA) and D-galactosamine (D-gal; 800 mg/kg, 
Sigma, G0500) (LPS/D-gal) (Li et al., 2021) after over‐
night starvation. Control group mice received the same 
volume of phosphate-buffered saline (PBS). To evaluate 
the extent of liver injury, liver tissues and serum samples 
were collected at 0.5, 1, 2, 4, and 6 h after LPS/D-gal 
injection, while samples of the control group were 
collected at 6 h after PBS injection. Serum levels of 
alanine aminotransferase (ALT) and aspartate amino‐
transferase (AST) were measured using a standard ana‐
lyzer, DRI-CHEM 4000ie (FUJIFILM, Tokyo, Japan). 
Cytokine levels in the serum were assessed using the 
BD Cytometric Bead Array Mouse Inflammation Kit 
(BD Biosciences, California, USA) and analyzed by 
flow cytometry.

2.11 Hematoxylin and eosin staining

Liver tissues were fixed in 4% (0.04 g/mL) para‐
formaldehyde (PFA) and then embedded in paraffin. 
Sections with a thickness of 5 μm were prepared and 
subjected to staining with hematoxylin and eosin 
(H&E).

2.12 Western blot

The liver tissue was cleaved into radioimmuno‐
precipitation assay (RIPA) buffer containing protease 
inhibitor and phosphatase inhibitor by a tissue grinder, 
incubated on ice for 30 min with vortex oscillation 
once every 10 min, and then centrifuged at 12 000g for 
15 min at 4 ℃. After being quantitatively measured 
by bicinchoninic acid (BCA) solution, the tissue homog‐
enate was boiled in a metal bath at 100 ℃ for 10 min 
after being mixed with 5× loading buffer. The mixture 

was used for western blotting (WB). The antibodies 
used included B-cell lymphoma-2-modifying factor 
(BMF; CST, 50542s, Massachusetts, USA), B-cell 
lymphoma-2-interacting protein 3-like (BNIP3L; CST, 
12396T), Caspase-1 (CASP1; Proteintech, 81482-1-RR, 
Wuhan, China), cleaved caspase-1 (CST, 89332s), 
cleaved caspase-3 (CST, 9664), cleaved caspase-8 
(CST, 8592), glyceraldehyde-3-phosphate dehydroge‐
nase (GAPDH; Proteintech, 60004-1-Ig), gasdermin D 
(GSDMD; Huabio, er1907-37, Hangzhou, China), 
gasdermin E (GSDME; Proteintech, 13075-1-AP), goat 
anti-mouse immunoglobulin G (IgG) (Proteintech, 
SA00001-1), goat anti-rabbit IgG (Proteintech, 
SA00001-2), mixed lineage kinase domain-like pro‐
tein (MLKL; CST, 98110), phosphorylated MLKL 
(P-MLKL; CST, 98110), phosphorylated receptor-
interacting protein kinase 3 (P-RIPK3; CST, 98110), 
RIPK3 (CST, 98110), uveal autoantigen with coiled-
coil domains and ankyrin repeats protein (UACA; 
Absin, abs119046, Shanghai, China), uncoordinated-5 
homolog B receptor (UNC5B; CST, 13851s), and 
Z-DNA-binding protein 1 (ZBP1; Invitrogen, PA5-
20455, California, USA).

2.13 Isolation of liver immune cells

In brief, the liver tissue was shredded by twee‐
zers in digestive fluid containing type IV collagenase 
and DNase, and then transferred to a constant temper‐
ature shaker at 37 ℃ for further digestion. Next, the 
liver tissue suspension was filtered with a 70-µm filter. 
The filtrate was used to precipitate liver cells at a 
centrifugation rate of 50g, and the supernatant con‐
taining immune cells was precipitated at a rate of 500g. 
Finally, the immune cells were precipitated by centrifu‐
gation in 33.3% Percoll working solution. The im‐
mune cells were washed with PBS for subsequent flow 
cytometry analysis.

2.14 Flow cytometry

A BD LSRFortessaTM (BD Biosciences) cell ana‐
lyzer was used for flow cytometry. The following 
fluorescent antibodies were used: anti-CD45-FITC 
(BioLegend, 103108, California, USA), anti-CD11b-
Allophycocyanin (APC) (BioLegend, 101212), anti-F4/
80-BV421 (BioLegend, 123131), and anti-7-aminoacti‐
nomycin D (7AAD)-APC/cyanine 7(Cy7) (BioLegend, 
420404).
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2.15 Immunofluorescence with tyramide signal 
amplification

The paraffin-embedded sections were dewaxed 
and treated for antigen retrieval, and the endogenous 
peroxidase was removed with 3% (volume fraction) 
hydrogen peroxide. Next, each antigen was stained 
with primary and secondary antibodies, and the signal 
was amplified with fluorescent staining of different 
channels according to the instructions. Finally, the nuclei 
were labeled with 4',6-diamidino-2-phenylindole (DAPI). 
Antibodies used for immunofluorescence included 
anti-BMF (QCHENG BIO, QC330Hu01, Shanghai, 
China), anti-BNIP3L (Proteintech, 68118-1-Ig), anti-
CASP1 (Proteintech, 81482-1-RR), anti-RIPK3 (Pro‐
teintech, 17563-1-AP), anti-UACA (Proteintech, 
25654-1-AP), anti-UNC5B (Huabio, ER1918-41), anti-
ZBP1 (Invitrogen, PA5-143928), anti-F4/80 (Protein‐
tech, 29414-1-AP), anti-CD11b (Servicebio, GB115689, 
Wuhan, China), anti-Ly6C (Servicebio, GB115601), 
and anti-CASP8 (Proteintech, 66093-1-Ig).

2.16 Verification of the formation of PANoptosomes 
in the ALF cell model

Bone marrow cells were extracted from the femur 
and tibia of mice and cultured in Dulbecco’s modified 
Eagle’s medium (DMEM), supplemented with 10% 
(volume fraction) heat-inactivated fetal bovine serum 
(FBS), 100 U/mL penicillin, 100 μg/mL streptomycin, 
and 50 ng/mL macrophage colony-stimulating factor 
(M-CSF). The cells were cultured for three days and 
then provided with fresh DMEM. Mature bone marrow-
derived macrophages (BMDMs) were harvested after 
seven days of culture and seeded in 12-well glass-
bottom plates at 2×105 cells/mL in complete DMEM 
containing 100 mmol/L glutamine. The cells were in‐
cubated at 37 ℃ in a humidified atmosphere with 5% 
CO2 overnight for experiments. The following day, the 
BMDMs were stimulated with LPS (100 ng/mL) for 
6 h, followed by immunofluorescence staining using 
tyramide signal amplification (TSA) for cell imaging.

2.17 Statistical analysis

All data are presented as mean±standard devia‐
tion (SD). The Shapiro-Wilk normality test was con‐
ducted to assess the normality of the distribution of the 
data. For comparisons between two groups, an indepen‐
dent samples t-test was used. In cases where a normal 

distribution was not observed, the Mann-Whitney U-test 
was used. In the presence of a normal distribution, 
one-way analysis of variance (ANOVA) was used to 
compare three or more groups, followed by Tukey’s 
multiple comparison tests for post-hoc analysis. In in‐
stances where a normal distribution was not present, 
the Kruskal-Wallis test was performed and then a 
Dunn multiple comparison test was applied for post-
hoc analysis. Spearman’s rank test was used to evaluate 
correlations.

3 Results 

3.1 Dataset characterization

The GSE14668 dataset had 8 liver specimens ob‐
tained from 2 HBV-associated ALF patients, 8 individual 
liver specimens from 8 liver donors, and 11 normal 
liver specimens from 11 patients who underwent re‐
section for angioma. GSE62029 had 13 liver speci‐
mens obtained from 4 HBV-associated ALF patients, 
10 individual liver specimens from 10 liver donors, 
and 7 normal liver specimens from 7 patients who un‐
derwent resection for angioma. GSE74000 had 3 spec‐
imens obtained from one APAP-induced ALF patient 
and 2 healthy livers from individuals deceased from 
brain damage. All three datasets are from the GPL570 
platform (Table 1).

3.2 Identification of DEGs

The intersection of the three datasets is shown in 
Fig. 2a. Batch effects were removed to obtain the inte‐
grated dataset (Figs. 2b‒2e). A total of 5113 genes were 
identified as DEGs using the Limma method, of which 
3136 were up-regulated and 1977 down-regulated. 
A volcano plot and heatmap of the ALF DEGs are 
shown in Figs. 2f and 2g, respectively.

Table 1  Information of three datasets

Name

GSE14668

GSE62029

GSE74000

Etiology

HBV

HBV

APAP

Number

ALF 
patient

2

4

1

ALF 
sample

8

13

3

Donor

    8

  10

1 (2)&

Liver 
angioma

11

7

0

Platform

GPL570

GPL570

GPL570
& GSE74000 contains one donor, but the donor contributes two samples. 
ALF: acute liver failure; HBV: hepatitis B virus; APAP: acetaminophen.
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3.3 Weighted gene co-expression network analysis 

and key module identification

WGCNA was applied to explore the differences 
in gene expression between the ALF group and the 
control group. We chose β=24 as the “soft” threshold 
because it was the first power value when the index of 
scale-free topologies reached 0.85 (Figs. 3a and 3b). 
Nine gene co-expression modules (GCMs) discovered 
based on this power are shown in different colors 
(Figs. 3c and 3d). The correlation between ALF and 
GCMs is presented in Fig. 3e. The mediumpurple3 
module (1484 genes) was identified as the pivotal 
module for subsequent analysis since it had the highest 
correlation with ALF (correlation coefficient r =0.88, P=

1.8×10−15). Additionally, a significant positive correlation 
was observed between gene significance and module 
membership (correlation coefficient r =0.8) (Fig. 3f). 
According to the above results, we believe that medi‐
umpurple3 module genes were most significantly asso‐
ciated with ALF.

3.4 Screening and characterization of hub genes

Seven hub genes, namely BMF, BNIP3L, CASP1, 
RIPK3, UACA, UNC5B, and ZBP1, were obtained 
after intersecting 5113 DEGs, 1484 genes in the 
“mediumpurple3 module” of WGCNA, and 75 genes 
related with PANoptosis (AIFM1, AKT3, APAF1, APPL1, 
BAK1, BAX, BMF, BNIP3L, BOK, CASP1, CASP10, 
CASP2, CASP3, CASP4, CASP5, CASP6, CASP7, 

Fig. 2  Screening for differential genes. (a) Intersection sizes of the three datasets. (b, c) Gene expression level statistics of 
the datasets before and after de-batching. (d, e) Principal component analysis (PCA) of datasets before and after de-batching. 
(f) Volcano plot of differentially expressed genes (DEGs): up-regulated DEGs are represented by red nodes, down-regulated 
DEGs by green nodes, and genes with no significant differential expression by black nodes. (g) Heatmap of DEG expression 
levels: azure indicates control samples, orange indicates acute liver failure (ALF) samples, red indicates high gene expression, 
and purple indicates low gene expression.
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CASP8, CD14, CHMP2A, CHMP2B, CHMP3, 

CHMP4A, CHMP4B, CHMP4C, CHMP6, CHMP7, 

CHUK, CRADD, CYCS, DFFA, DFFB, E2F1, ELANE, 

FADD, FAS, FASLG, FLIP, GSDMD, GSDME, GZMB, 

HMGB1, HMGB2, IGF1, IL18, IL1A, IL1B, IRF1, 

IRF2, LY96, MAP3K7, MLKL, NLRP3, PPP3R1, 

PSTPIP2, PYCARD, RBCK1, RIPK1, RIPK3, RNF31, 

TFDP1, TICAM1, TLR3, TNFAIP3, TNFRSF1A, 

TNFSF10, TNF, TP63, TP73, TRAF2, UACA, UNC5B, 

YWHAE, YWHAG, and ZBP1), using the Venn diagram 

Fig. 3  Weighted gene co-expression network analysis (WGCNA). (a, b) Analysis of the scale-free fit index for various 
soft-thresholding powers. (c) Gene trees of co-expression gene modules are shown in various colors. (d) Heatmap of 
eigengene adjacency. (e) Heatmap of the association between acute liver failure (ALF) and modules. The mediumpurple3 
module is shown to be significantly correlated with the ALF. The numbers in the top and bottom triangles represent the 
correlation coefficient and P value, respectively. (f) Correlation plot between gene significance and module membership of 
genes included in the mediumpurple3 module. r: correlation coefficient.
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tool (Fig. 4a). Fig. 4b shows the potential interaction 
between the seven hub genes. BCL2L1, CASP8, CASP9, 
and MLKL play important roles in this protein–protein 
interaction network, enabling the seven hub genes to 
establish interconnections. This further indicates that 
there is crosstalk among pyroptosis, apoptosis, and 
necroptosis. Next, GO and KEGG enrichment analy‐
ses were performed to reveal the function of PANop‐
tosis-related genes. The PANoptosis-related genes 
were enriched mainly in pathways involved in the 
defense response to viruses, positive regulation of hy‐
drolase activity, cytosolic DNA-sensing pathway, regu‐
lation of mitochondrion organization, pyroptosis, and 
positive regulation of the necroptotic process (Fig. 4c). 

Besides, all hub genes were up-regulated in the ALF 
group (Fig. 5).

3.5 Gene set enrichment analysis of seven 
PANoptosis-related genes

To further identify the associated signaling path‐
ways of the seven PANoptosis-related genes, we used 
GSEA software to perform a single gene differential 
analysis between the ALF group and the control 
group. Seven PANoptosis-related genes were posi‐
tively correlated with part of the signaling pathways, 
including CELL_ADHESION_MOLECULES_CAMS, 
CHEMOKINE_SIGNALING_PATHWAY, LYSO‐
SOMEPRIMARY_IMMUNODEFICIENCY, and 

Fig. 4  Selection of the PANoptosis-related genes. (a) Venn diagram showing the seven PANoptosis-related genes from the 
intersection of DEGs, mediumpurple3 module via weighted gene co-expression network analysis (WGCNA), and 75 genes 
that refer to PANoptosis. (b) The protein‒protein interaction (PPI) network revealed that the seven hub genes were 
linked directly or indirectly. The genes in the orange circle are the hub genes, and those in the yellow circle are the bridge 
genes needed to connect the hub genes. (c) Enrichment analyses of Kyoto Encyclopedia of Genes and Genomes (KEGG) 
and Gene Ontology (GO) pathways related to the seven hub genes.
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ANTIGEN_PROCESSING_AND_PRESENTATION, 
but negatively correlated with PEROXISOME, except 
BNIP3L (Fig. 6).

3.6 Immune cell infiltration in ALF

CIBERSORT is an appropriate algorithm for in‐
vestigating the connections between characteristic genes 
and immune cells. We used CIBERSORT to examine 
the mechanisms that link feature genes to immune cell 
infiltration in ALF. The infiltration of immune cells in 
ALF is depicted in Fig. 7a. Compared with the control 
group, the ALF group exhibited a significantly higher 
abundance of memory B cells, CD8 T cells, naive 
CD4 T cells, T cells, CD4 memory-activated mono‐
cytes, and M2 macrophages (Fig. 7c). Furthermore, 
we explored the association between feature genes 
and immune cells. Except for BNIP3L, the other six 
PANoptosis-related genes were all negatively associated 
with activated dendritic cells, activated mast cells, and 
neutrophils. BMF, CASP1, UACA, and ZBP1 exhibited 
a positive correlation with naive CD4 T cells and 
memory-activated CD4 T cells, while BNIP3L showed 
a positive correlation with only naive CD4 T cells. Also, 

BMF, CASP1, and ZBP1 were negatively correlated 
with some or all of these immune cells: macrophage 
infiltration, activated natural killer (NK) cells, and 
follicular helper T cells (Fig. 7b). These findings indi‐
cate that the feature genes are closely linked to im‐
mune cell infiltration in the liver and play a critical 
role in shaping the immune microenvironment in ALF.

3.7 Experimental verification of the ALF mouse 
model

First, we established an LPS-induced acute liver 
injury model and observed significant congestion in the 
livers of mice 6 h after LPS/D-gal injection (Fig. 8a). 
To investigate the dynamic changes in acute liver injury, 
we set up different modeling time points. We found 
that the serum levels of ALT and AST showed no 
significant changes in mice with early-stage liver 
failure, but suddenly increased at 6 h, exhibiting a 
sharp increase (Fig. 8b). Cytokines showed dynamic 
changes as well. The tumor necrosis factor-α (TNF-α) 
gradually increased after LPS injection, reaching its 
peak 1 h after modeling, followed by a gradual de‐
crease. The interferon-γ (IFN-γ) increased only at 4 h 

Fig. 5  Violin plots of the expression of seven PANoptosis-related genes in the acute liver failure (ALF) and control 
groups. (a) Expression of B-cell lymphoma-2-modifying factor (BMF). (b) Expression of Caspase-1 (CASP1). (c) Expression 
of uveal autoantigen with coiled-coil domains and ankyrin repeats protein (UACA). (d) Expression of uncoordinated-5 
homolog B receptor (UNC5B). (e) Expression of receptor-interacting protein kinase 3 (RIPK3). (f) Expression of Z-DNA-
binding protein 1 (ZBP1). (g) Expression of B-cell lymphoma-2-interacting protein 3-like (BNIP3L). The number at the 
top of the violin diagram for each gene represents a P-value of <0.0001.
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after injection, followed by a decrease, while interleukin 
(IL)-6 peaked 2 h after modeling and then gradually 
declined. The anti-inflammatory factor IL-10 peaked 
at 1 h and then gradually decreased.

To explore the dynamic changes of PANoptosis-
related genes in the mouse liver, we conducted WB 
analysis on liver tissue homogenates at various time 
points. As shown in Fig. 8c, the expression of P-RIPK3, 
RIPK3, UACA, ZBP1, BNIP3L, and BMF began to 
increase after LPS injection, but their peak time and 

change trends were different. The peak expression time 
of RIPK3 was 0.5 h after modeling while for P-RIPK3 
it was 2–4 h, indicating that RIPK3 and its function 
were activated early on. The peak expression of UACA 
occurred 4 h after modeling and lasted longer. ZBP1 
expression was observed mainly between 0.5 and 2 h. 
BNIP3L expression gradually increased, peaking at 
6 h of modeling, possibly related to ALT and AST ex‐
pression. The peak expression of BMF occurred at 4 h, 
but its change amplitude was not significant. UNC5B 

Fig. 6  Gene set enrichment analysis (GSEA) of seven PANoptosis-related genes. (a) GSEA of Caspase-1 (CASP1). 
(b) GSEA of receptor-interacting protein kinase 3 (RIPK3). (c) GSEA of Z-DNA-binding protein 1 (ZBP1). (d) GSEA 
of B-cell lymphoma-2-modifying factor (BMF). (e) GSEA of B-cell lymphoma-2-interacting protein 3-like (BNIP3L). 
(f) GSEA of uncoordinated-5 homolog B receptor (UNC5B). (g) GSEA of uveal autoantigen with coiled-coil domains and 
ankyrin repeats protein (UACA). H represents high-expression group; L represents low-expression group.
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expression level gradually decreased, suggesting that 
it may be a protective protein. The expression of 
CASP1 also gradually decreased, but the amount of 
cleaved caspase-1 increased during the modeling.

Next, we explored the cellular localization of the 
seven target genes. According to the WB results, all 
seven genes were expressed 4 h after modeling, so we 
selected the liver sections sampled at that time point. 
As shown in the Fig. 8d, the expression of BMF and 
UNC5B was low in macrophages (golden arrow). 
BNIP3L and F4/80 expression overlapped almost com‐
pletely, indicating that BNIP3L was expressed mainly 
in F4/80+ macrophages. There was good overlap be‐
tween CASP1/RIPK3/UACA and CD11b, which con‐
firmed that these three genes were expressed mainly 
in F4/80+, CD11b+, and Ly6C+ monocyte-derived 
macrophages (MoMFs). ZBP1 overlapped well with 
DAPI, indicating that ZBP1 is expressed mainly in 
the nucleus. The immunofluorescence results showed 
that macrophages expressed these seven genes, but 
the genes were not expressed only in macrophages.

Immune cells in the liver are mainly macrophages, 
and the results of immune infiltration showed that all 

seven molecules were closely associated with mono‐
cytes and macrophages. Therefore, we performed flow 
cytometric analysis on liver macrophages. We observed 
that Kupffer cells (KCs) showed a trend of an initial de‐
crease followed by reduction, while peripheral mono‐
cytes showed a trend of initial increase followed by 
reduction, with both reaching their peak values at 1 h, 
indicating a complementary pattern (Figs. 9a and 9b; 
P<0.05).

To further confirm the reliability of the flow re‐
sults, the liver sections were stained by immunofluo‐
rescence. We found that the number of macrophages 
of F4/80+ and CD11b+ decreased immediately within 
0.5 h after LPS/D-gal stimulation, and then increased, 
reaching a peak at 6 h after LPS/D-gal stimulation. 
Ly6C+ macrophages also decreased within 0.5 h after 
LPS/D-gal stimulation, then increased slowly, reach‐
ing a peak at 4 h, and then decreased again at 6 h 
(Fig. 9c). Although the time point of the minimum 
value differs from that of the flow diagram, the general 
trend is consistent with the change shown by the flow 
results. In addition, we also measured the average 
fluorescence intensity (AVI) of Ly6C+ cells and found 

Fig. 7  Immune cell infiltration in acute liver failure (ALF). (a) Proportion of 22 types of immune cells in the ALF group. 
(b) Correlations among seven PANoptosis-related genes and 22 immune cell types. (c) Comparison of the proportions 
of 22 kinds of immune cells between the ALF and control groups. * P<0.05; ** P<0.01; *** P<0.001; **** P<0.0001.
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Fig. 8  Verification of the animal model. (a) Hematoxylin and eosin (H&E) staining of liver sections. (b) Levels of serum 
alanine aminotransferase (ALT), aspartate aminotransferase (AST), tumor necrosis factor-α (TNF-α), interferon-γ 
(IFN-γ), interleukin (IL)-6, and IL-10. (c) Changes of the expression levels of nine kinds of proteins with the time of 
modeling by western blot. (d) Cellular localization analyses of the seven genes through immunofluorescence with 
tyramide signal amplification (TSA). Data are expressed as mean±standard deviation (n=5). The presence of the same 
letter between two groups indicates no significant difference between them, and the absence of the same letter indicates a 
significant difference between them (P<0.05). The golden arrows indicate macrophages expressing BMF or UNC5B. 
BMF: B-cell lymphoma-2-modifying factor; BNIP3L: B-cell lymphoma-2-interacting protein 3-like; CASP1: Caspase-1; 
C-CASP1: cleaved CASP1; DAPI: 4',6-diamidino-2-phenylindole; GAPDH: glyceraldehyde-3-phosphate dehydrogenase; 
L/D: lipopolysaccharide/D-galactosamine; RIPK3: receptor-interacting protein kinase 3; P-RIPK3: phosphorylated RIPK3; 
UACA: uveal autoantigen with coiled-coil domains and ankyrin repeats protein; UNC5B: uncoordinated-5 homolog B 
receptor; ZBP1: Z-DNA-binding protein 1.
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that it decreased after LPS/D-gal stimulation, then grad‐
ually increased, reaching a peak at 4 h, and then de‐
clined. Since MoMFs highly express Ly6C (Fig. 9d), 

this may indicate that the increased macrophages in 
the liver after LPS/D-gal stimulation are derived from 
peripheral monocytes.

Fig. 9  Changes in macrophages, pyroptosis, apoptosis, and necroptosis in the liver after LPS/D-gal stimulation (labeled 
L/D). (a) Representative flow cytometry plots of Kupffer cells (labeled KC) and MoMFs (labeled M) of each group. 
(b) Percentages of Kupffer cells and MoMFs in hepatic CD45+ cells. (c) Immunofluorescence results of macrophages in 
liver tissue at different time points after LPS/D-gal stimulation. (d) Average fluorescence intensity (AVI) of Ly6C+ cells. 
(e) Trends of biomarkers of pyroptosis, apoptosis, and necroptosis. (f) Immunofluorescence results of PANoptosomes in 
bone marrow-derived macrophages (BMDMs) after LPS stimulation for 6 h (63× oil immersion objective). The golden arrows 
show the PANoptosome protein complex. Data are expressed as mean±standard deviation (n=5). The presence of the same 
letter between two groups indicates no significant difference between them, and the absence of the same letter indicates a 
significant difference between them (P<0.05). C-GSDMD: cleaved gasdermin D; C-CASP8: cleaved Caspase-8; C-CASP3: 
cleaved Caspase-3; DAPI: 4',6-diamidino-2-phenylindole; D-gal: D-galactosamine; LPS: lipopolysaccharide; MoMFs: 
monocyte-derived macrophages.
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As PANoptosis has the characteristics of pyrop‐
tosis, apoptosis, and necroptosis, we detected the 
markers of these three modes of cell death. The ex‐
pression of MLKL decreased at 6 h after modeling, 
while the expression of its activation product P-MLKL 
was high before 2 h and then gradually decreased, in‐
dicating that necroptosis occurs mainly in the early 
stage of ALF. This result was basically consistent with 
that of P-RIPK3. GSDME expression increased signifi‐
cantly at 6 h after modeling, and cleaved GSDMD ex‐
pression decreased immediately after stimulation with 
LPS/D-gal, indicating that the factor inducing pyropto‐
sis gradually changed from GSDMD to GSDME 
with disease progression. Apoptotic markers, cleaved 
caspase-3 and cleaved caspase-8, were significantly 
increased at the end stage of liver failure, indicating 
that apoptosis was also present at the stage of liver 
failure (Fig. 9e). Both pyroptosis and apoptosis occur 
in the end stage of ALF, and all three modes of cell 
death are involved in the development of ALF. This 
shows that the cell death modes are not independent 
of each other, and further highlights the importance of 
PANoptosis in ALF.

Finally, PANoptosis is a process of cell death medi‐
ated by PANoptosomes. The detection of PANoptosomes 
is the gold standard for confirming the occurrence of 
PANoptosis. For this purpose, we isolated BMDMs 
from mice and constructed a cell model of ALF with 
LPS stimulation. Subsequently, PANoptosomes were 
detected by immunofluorescence combined with the 
TSA technique. We found that compared with the con‐
trol group, PANoptosomes composed of ZBP1, RIPK3, 
CASP1, and CASP8 were formed in BMDM cells 
after LPS stimulation, as shown by the obvious over‐
lapping of immunofluorescence of the four proteins 
observed under the microscope (Fig. 9f, golden arrows). 
This indicates that BMDMs undergo PANoptosis after 
LPS stimulation. Similar to BMDMs, MoMFs are also 
derived from bone marrow monocytes. Therefore, we 
believe that the PANoptosis of macrophages promotes 
the occurrence and development of ALF (Fig. 9f).

4 Discussion 

In recent years, the combination of microarray 
and sequencing methods with integrative bioinformatics 
analysis has been increasingly used to investigate 

potential diagnostic biomarkers, underlying mechanisms, 
and prospective therapeutic targets of diseases (Petrik, 
2006; Su et al., 2011).

Although there are numerous factors that can lead 
to ALF, the central common factor is the cytokine 
storm triggered by an immune response. Previously, 
the main focus was on studying the cytokine storm 
associated with specific types of cell death, such as 
pyroptosis, apoptosis, and necroptosis, overlooking the 
interconnections among the different forms of cell 
death (Duan et al., 2022; Huo et al., 2023; Li et al., 
2023; Vasudevan et al., 2023). Hence, the identifica‐
tion of PANoptosis effectively addresses this gap. 
Presently, studies on PANoptosis concentrate mainly 
on cancer and corona virus disease 2019 (COVID-19) 
(Karki et al., 2021a, 2021b). As far as we know, this 
research represents the first exploration of the poten‐
tial link between ALF and PANoptosis, potentially 
unveiling new targets for the future prevention, diag‐
nosis, and treatment of ALF.

Despite the complex and diverse etiology of ALF, 
including factors such as infections, drug toxicity, and 
autoimmune reactions, immune reactions play a role in 
nearly all instances of the disease (Bernal and Wendon, 
2013; Stravitz and Lee, 2019), with similarities ob‐
served in these immune reactions across different 
scenarios. Based on this foundation, in this study we in‐
tegrated three ALF databases with distinct etiologies 
to yield more comprehensive findings. Initially, 5113 
DEGs were identified from the combined dataset. Sub‐
sequently, we used the WGCNA method to categorize 
these genes functionally and identify gene modules 
with notable differences. Ultimately, we intersected 
these results with a gene set related to PANoptosis to 
identify seven key target genes. While obtaining the 
PANoptosis-related gene set, consensus had not been 
reached on genes associated with PANoptosis. There‐
fore, we assembled a PANoptosis-related gene set com‐
prising 75 genes by merging genes involved in pro‐
cesses like pyroptosis, apoptosis, and necroptosis, along 
with genes involved in PANoptosis (Pan et al., 2022). 
The progression of ALF relies on the interactions of 
genes. As indicated by the violin plot, the expression 
of the seven feature genes was consistently higher in 
the ALF group than in the control group, underscoring 
their pivotal roles in the pathophysiology of ALF.

Early biochemical analyses showed that BMF was 
associated with actin filaments in the cytoskeleton. 
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Under certain cellular stress conditions, BMF can 
change subcellular localization, and then transfer into 
mitochondria and co-immunoprecipitate with B-cell 
lymphoma 2 (Bcl2) to trigger apoptosis, which may be 
mediated by the TGF-β signaling pathway through 
the activation of Runt-related transcription factor 3 
(RUNX3) (Puthalakath et al., 2001; Puthalakath and 
Strasser, 2002; Yamamura et al., 2006; Ramjaun et al., 
2007). Early studies indicated that a hypoxic environ‐
ment stimulates the up-regulation of BNIP3L via 
hypoxia-inducible factor 1 (HIF-1), and subsequent re‐
search has confirmed that BNIP3L can trigger mitophagy 
(Sowter et al., 2001; Chen et al., 2023; Verbeke et al., 
2023). In advanced stages of ALF, impaired coagu‐
lation function can lead to tissue hypoxia, resulting in 
increased expression of BNIP3L. Furthermore, WB 
analysis of mouse tissues shows that after 6 h of 
modeling, severe liver congestion is evident, with peak 
BNIP3L expression observed at this stage. Perhaps in‐
hibiting BNIP3L could alleviate the progression of 
ALF, or BNIP3L could serve as a predictive molecule. 
Currently, research on CASP1 focuses mainly on two 
aspects: the CASP1-dependent canonical pyroptosis 
pathway, and the NLR family, pyrin domain-containing 3 
(NLRP3)/CASP1 inflammasome pathway (Wang et al., 
2017; Yu et al., 2023). Our WB results in this study 
indicate a decrease in CASP1 expression levels in the 
late stages of modeling, while the expression level of 
the activated type of cleaved caspase-1 increased. These 
changes are possibly attributed to the pronounced liver 
congestion and hypoxic conditions prevalent in the 
tissue at this stage of modeling. This observation is 
consistent with past studies indicating that HIF-1 can 
activate the NLRP3/CASP1 signaling pathway (Jiang 
et al., 2022). In vitro experiments also showed a cor‐
relation between hypoxia and the NLRP3/apoptosis-
associated speck-like protein containing a caspase re‐
cruitment domain (ASC)/CASP1 signaling axis (Slowik 
et al., 2018). RIPK1/RIPK3/MLKL constitutes the 
core of the necroptosis signaling pathway. Upon acti‐
vation of Toll-like receptor 4 (TLR4) by LPS, RIPK1 
is indirectly recruited through TIR-domain-containing 
adapter-inducing IFN-β (TRIF). Accompanied by the 
inhibition of CASP8 activity, RIPK3 is activated and 
recruits MLKL later. Phosphorylation of MLKL by 
RIPK3 leads to its translocation to the cell membrane, 
ultimately resulting in cell rupture (Newton, 2015). 
Research indicates that RIPK1 and RIPK3 can activate 

the NLRP3 inflammasome and contribute to autoim‐
mune diseases (Speir and Lawlor, 2021). Our WB 
results showed that RIPK3 is activated within just 
0.5 h after modeling, suggesting that necroptosis is 
the earliest form of cell death. Monitoring markers 
associated with necroptosis could potentially act as a 
valuable early detection tool. UACA could interact 
with apoptotic protease-activating factor-1 (Apaf-1) 
and translocate it into the nucleus under proapoptotic 
stress to induce apoptosis (Sakai et al., 2003; Ohkura 
et al., 2004). Also, UACA interacted with the nuclear 
factor-κB (NF-κB) to reduce the expression of the 
NF-κB-targeted genes (Liu et al., 2009). In this study, 
the expression level of UACA consistently increased 
during the modeling process and decreased towards 
the later stages. We believe that the initial increase in 
expression is aimed mainly at inducing apoptosis, 
while the subsequent decrease in expression is intended 
to enhance the expression of NF-κB-targeted genes. 
The UNC5B signaling pathway involves monocyte 
differentiation into macrophages, macrophage infiltra‐
tion, angiogenesis, cell apoptosis, and endoplasmic 
reticulum stress (Koch et al., 2011; Choi et al., 2022; 
Huang et al., 2022; Fang et al., 2023; Yang et al., 
2023). Research suggests that the absence of UNC5B 
exacerbates tissue injury in acute kidney injury. In our 
research, we observed a decrease in UNC5B expres‐
sion as the modeling time prolonged, confirming its 
protective function. This trend was also supported by 
the flow cytometry results. The initial increase followed 
by a decrease in peripheral monocytes is attributed 
to the reduction in UNC5B expression in the early 
stages of modeling being insufficient to prevent the re‐
cruitment and differentiation of peripheral monocytes, 
whereas the subsequent decrease is due to insufficient 
UNC5B. The later decrease in peripheral monocytes is 
due to insufficient UNC5B levels. Similarly, the initial 
decrease and subsequent increase in KCs are a result of 
MoMFs acquiring a KC-like phenotype after acute or 
specific KC depletion under various signaling influences 
(Guillot and Tacke, 2023). ZBP1 is a crucial initiator 
of both innate immune responses and PANoptosis. Its 
activation of innate immune responses includes type I 
IFN response and NF-κB signaling, forming a criti‐
cal defense line against pathogenic infections. ZBP1-
mediated PANoptosis presents a double-edged sword: it 
can eliminate infected cells and tumor cells, but exces‐
sive PANoptosis can trigger a cytokine storm and pose 
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harm to the host. Our WB results also showed that 
ZBP1 expression increased in the initial phases of 
modeling, further confirming its role as an initiator 
(Takaoka et al., 2007; Rebsamen et al., 2009; Hao et al., 
2022). Subsequently, we conducted an analysis of the 
cellular localization of seven genes via immunofluores‐
cence. Results showed that macrophages can express 
these seven genes. Next, we investigated the markers 
of pyroptosis, apoptosis, and necroptosis, revealing that 
the three types of RCD are intertwined throughout the 
progression of ALF, which further emphasizes the im‐
portance of PANoptosis in ALF. Finally, using the cell 
model of ALF, we confirmed that macrophages could 
form PANoptosomes to induce PANoptosis.

This study, encompassing database analysis and 
animal studies, highlights the pivotal role of PANoptosis 
in the onset and progression of ALF. However, it had 
several limitations. Firstly, the data were obtained 
from public databases, which imposed limitations 
on sample size. Secondly, the lack of consensus on 
PANoptosis-related genes may result in certain omis‐
sions. Thirdly, although we validated the expression 
of relevant genes in the mouse liver, their underlying 
mechanisms have not been further verified. Lastly, the 
challenge of acquiring clinical ALF samples prevented 
us from obtaining further validation from patients. 
Nevertheless, our study has provided valuable and 
novel insights.

5 Conclusions 

Our study revealed new insights into the devel‐
opment and progression of ALF using advanced bio‐
informatics techniques. We successfully identified and 
confirmed the roles of seven PANoptosis-related genes, 
and validated the involvement of macrophages in this 
process. This discovery has the potential to signifi‐
cantly impact the development of diagnostic markers 
and treatment strategies for ALF, as we gain a deeper 
understanding of its molecular mechanisms.
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