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Abstract 

Background The most common progressive form of non-alcoholic fatty liver disease (NAFLD) is non-alcoholic 
steatohepatitis (NASH), which is characterized by the development of cirrhosis, and requires liver transplantation. 
We screened for the differentially expressed necroptosis-related genes in NASH in this study, and analyzed immune 
infiltration through microarray and bioinformatics analysis to identify potential biomarkers, and explore the molecular 
mechanisms involved in NASH.

Methods The GSE24807 microarray dataset of NASH patients and healthy controls was downloaded, and we 
identified the differentially expressed genes (DEGs). Necroptosis-related differential genes (NRDEGs) were extracted 
from these DEGs, and functionally annotated by enrichment analyses. The core genes were obtained by constructing 
gene co-expression networks using weighted gene co-expression network analysis (WGCNA). Finally, the transcrip-
tion factor (TF) regulatory network and the mRNA-miRNA network were constructed, and the infiltrating immune cell 
populations were analyzed with CIBERSORT.

Results We identified six necroptosis-related genes (CASP1, GLUL, PYCARD, IL33, SHARPIN, and IRF9), and they are 
potential diagnostic biomarkers for NASH. In particular, PYCARD is a potential biomarker for NAFLD progression. 
Analyses of immune infiltration showed that M2 macrophages, γδ T cells, and T follicular helper cells were associated 
with the immune microenvironment of NASH, which is possibly regulated by CASP1, IL33, and IRF9.

Conclusions We identified six necroptosis-related genes in NASH, which are also potential diagnostic biomarkers. 
Our study provides new insights into the molecular mechanisms and immune microenvironment of NASH.
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Introduction
The global prevalence of non-alcoholic fatty liver disease 
(NAFLD) is approximately 25%, paralleling the increase 
in the incidence of obesity, diabetes, and metabolic syn-
drome in recent years [1, 2]. With changes in diet and 
lifestyle, the incidence and mortality of NAFLD-related 
end-stage liver disease are expected to increase substan-
tially [3], thereby imposing a huge burden on the patients 
and the healthcare system. Non-alcoholic steatohepatitis 
(NASH) is considered a progressive form of NAFLD [4, 
5], and is characterized by liver steatosis, inflammation, 
and hepatocellular damage, with or without fibrosis [6]. 
NASH is usually diagnosed by liver biopsy at a later stage 
of disease progression. Given the complex pathology of 
NASH, there is currently a lack of non-invasive assays for 
the early diagnosis and monitoring of disease progres-
sion, and of effective drugs [7]. Therefore, it is crucial to 
explore new biomarkers for NASH and identify the genes 
that drive the progression of non-alcoholic fatty liver 
(NAFL) to NASH.

Necroptosis is a programmed cell death that is caused 
by various cytokines or pattern recognition recep-
tors, and mediated by mixed lineage kinase domain-like 
(MLKL) and receptor-interacting protein kinases (RIPKs) 
[8–10]. Studies show that necroptosis not only regulates 
physiological processes but is also involved in ischemic 
and inflammatory diseases [11]. Furthermore, necropto-
sis is known to promote tumorigenesis and metastasis, as 
well as prevent tumor development when the apoptotic 
machinery is compromised. Therefore, necroptosis is 
a promising target in cancer therapy [12]. Several stud-
ies have found that necroptosis is also a common type of 
programmed cell death in the liver. While apoptosis is the 
key driver in NASH pathogenesis, necroptosis is increas-
ingly being identified as a pathogenic factor [13]. For 
instance, Gautheron et al. found that the liver of NASH 
patients expressed high levels of RIP3 [14], and showed 
that RIP3-dependent necroptosis controlled liver fibrosis 
in a mouse model of methionine and choline-deficient 
diet-induced steatohepatitis [14]. Furthermore, RIPK3−/− 
mice are protected against alcohol-induced liver disease 
[15]. Thus, necroptosis may be a promising therapeutic 
target for NASH, although the exact mechanisms remain 
to be elucidated. In addition, Furthermore, no clinical 
trials on the potential therapeutic effects of inhibiting 
necroptosis in NASH patients have been conducted so 
far [13].

Bioinformatics approaches are now routinely used 
to identify novel biomarkers for diseases from micro-
arrays and high-throughput sequencing data [16]. To 
this end, we screened for necroptosis biomarkers in 
NASH by analyzing the GSE24807 transcriptomic data-
set consisting of NASH patients and healthy controls. 

The necroptosis-related differentially expressed genes 
(NRDEGs) were identified, as well as the core genes and 
the regulatory transcription factors (TFs) and micro 
RNAs (miRNAs). Furthermore, the correlation between 
the NRDEGs and the infiltrating immune cell popula-
tions was also investigated. Our study provides novel 
insights into the molecular mechanisms of necroptosis 
and the immune microenvironment in NASH.

Materials and methods
Data collection and processing
We searched the NCBI GEO database (www. ncbi. nlm. 
nih. gov/ geo/) for "Homo sapiens" and "NASH" as MESH 
terms. GSE24807, including 12 NASH samples and 5 
normal samples (Table  S1), was selected as the training 
set. In addition, GSE151158, GSE89632, GSE17470, and 
GSE49541 were selected as validation sets. GSE151158 
included 21 normal samples and 17 NASH samples. 
GSE89632 included 24 normal samples and 19 NASH 
samples. GSE17470 included 4 normal samples and 7 
NASH samples. Among the participants in GSE49541, 
40 patients had mild NAFLD (fibrosis stage 0–1) whereas 
32 had advanced NAFLD (fibrosis stage 3–4). Finally, 
159 necroptosis-related genes (NRGs) were obtained 
from the Kyoto Encyclopedia of Genes and Genomes 
(KEGG) database (https:// www. kegg. jp/ entry/ hsa04 217; 
Table S2).

The platform and series matrix files of the microarray 
datasets were saved in text format, and annotated using 
R (version 4.1.3) software. Genes without corresponding 
gene symbols were removed during the annotation pro-
cess. If a gene symbol matched more than one probe, the 
average of these values was used. Data integration and 
quantile normalization were then performed using the 
limma package [17] of R software.

Identification and functional annotation of NRDEGs
The DEGs were identified using the limma package with 
log2 (fold change) > 1 and p-value < 0.05 as the crite-
ria. The DEGs were visualized using volcano plots and 
heat maps using R [18]. In order to identify overlapping 
NRDEGs, an online tool was used to create a Venn dia-
gram of DEGs and NRGs (http:// bioin forma tics. psb. 
ugent. be/ webto ols/ Venn/) [19]. Gene Ontology (GO) 
and KEGG pathway analyses were performed on the 
NRDEGs using an online tool (http:// www. bioin forma 
tics. com. cn/) with P < 0.05 as the threshold for statisti-
cal significance [20]. The protein–protein interaction 
(PPI) network of the NRDEGs was constructed using 
STRING (http:// string- db. org/), and the minimum 
interaction score required was set at a medium confi-
dence level (0.4) [21].

http://www.ncbi.nlm.nih.gov/geo/
http://www.ncbi.nlm.nih.gov/geo/
https://www.kegg.jp/entry/hsa04217
http://bioinformatics.psb.ugent.be/webtools/Venn/
http://bioinformatics.psb.ugent.be/webtools/Venn/
http://www.bioinformatics.com.cn/
http://www.bioinformatics.com.cn/
http://string-db.org/
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Weighted gene co‑expression network analysis (WGCNA)
The co-expression network of the DEGs was con-
structed using the WGCNA package of R [22]. An 
appropriate soft threshold β was used to build a scale-
free network. To measure gene network connectivity, 
the adjacency matrix was transformed into a topologi-
cal overlap matrix (TOM). Genes were clustered based 
on the mean linkage hierarchical clustering method 
using the TOM dissimilarity measure. After the gene 
modules were determined by the dynamic shearing 
method, the eigenvectors of each module were calcu-
lated. The modules were then clustered, and the cor-
relation between the modules and the disease was 
calculated after merging the closer modules. Finally, 
the DEGs most closely related to NASH were identified 
by drawing a Venn diagram using the VennDiagram R 
package [19]. The soft threshold parameter was set to 
β = 18 and scale-free  R2 = 0.928.

Immune cell infiltration
The immune cell infiltration matrix was obtained using 
the CIBERSORT algorithm [23]. To visualize the corre-
lation between the 22 immune cells, the correlation heat 
map was performed using the "corrplot" package [24]. 

Correlations between hub NRDEGs and immune cells 
were also calculated.

Construction of the TFs regulatory network of hub NRDEGs
The identification of putative TFs is critical to under-
standing the transcriptional regulation of genes. The 
NRDEGs-TF network was constructed using the JASPAR 
database (https:// jaspar. gener eg. net/) and then visualized 
using Cytoscape (version 3.8.1).

Construction of the mRNA‑miRNA regulatory network 
of hub NRDEGs
The miRNAs associated with the NRDEGs were pre-
dicted from six databases, including miRWalk, miRanda, 
microT, miRcode, miRDB, and miRmap, and target miR-
NAs were defined as those that were identified in at least 
three databases. The NRDEGs-miRNA regulatory net-
work was visualized with Cytoscape.

Validation of hub NRDEGs
The expression of hub NRDEGs was verified in 
GSE89632, GSE151158, and GSE49541. The receiver 

Fig. 1 Study flow chart

https://jaspar.genereg.net/
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operating characteristic (ROC) curve was plotted using 
Hiplot (http:// hiplot. com. cn). In order to assess the diag-
nostic specificity and sensitivity of these hub genes for 
NASH, the area under the curve (AUC) was calculated. 
Statistical significance was defined as an AUC > 0.6.

Results
Screening of candidate genes
The flowchart of this study is shown in Fig. 1. We identi-
fied 1432 DEGs in the liver tissues of NASH patients rela-
tive to healthy subjects, including 856 up-regulated and 

576 down-regulated genes (Fig. 2a, Table S3). As shown 
in the heat map in Fig. 2b, the DEGs were able to separate 
NASH samples from control samples. Furthermore, 159 
NRGs were obtained from the KEGG database, of which 
12 were identified as NRDEGs based on the overlap in 
the Venn diagram (Fig. 2c) of DEGs and NRGs.

Enrichment analysis and PPI network construction
According to GO analysis, the 12 NRDEGs were enriched 
in biological processes (BP) such as regulation of tumor 
necrosis factor-mediated signaling pathway, regulation of 

Fig. 2 Volcano plot and Heatmap showing DEGs between NASH patients and control subjects. a Volcano plot. Black dots are genes 
not differentially expressed, red dots are genes upregulated, and blue dots are genes downregulated. b Heatmap of the top 100 DEGs based 
on the adjusted P-value and logFC. Red indicates higher expression and blue indicates lower expression. c The Venn diagram

http://hiplot.com.cn
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I-kappaB kinase/NF-kappaB signaling, apoptotic mito-
chondrial changes, regulation of cytokine-mediated sign-
aling pathway, response to interferon-gamma, extrinsic 
apoptotic signaling pathway, and positive regulation of 

interleukin-1 beta production. The significantly enriched 
cell component (CC) terms included inflammasome 
complex, whereas cytokine receptor binding, cytokine 
activity, and signaling receptor activator activity were the 

Fig. 3 Results of the enrichment analysis and PPI network of 12 NRDEGs (a) GO analysis results. b‑c KEGG analysis results. d PPI network
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most significantly enriched molecular functions (MF), 
as shown in Fig.  3a and Table  S4. Furthermore, KEGG 
pathway analysis revealed that the NRDEGs were mainly 
enriched in significantly associated with necroptosis, 
NOD-like receptor signaling pathway, cytokine-cytokine 
receptor interaction, inflammatory mediator regulation 
of TRP channels, lipid and atherosclerosis, glutamatergic 
synapse, linoleic acid metabolism, alpha-Linolenic acid, 
and nitrogen metabolism pathways (Fig. 3b-c, Table S5). 
Based on the STRING database, the PPI network of the 
NRDEGs was constructed, as shown in Fig. 3d.

Results of WGCNA
We identified NRDEGs significantly associated with 
NASH by WGCNA. The co-expression network was scale-
free, k represented the degree of connection of the nodes, 
and the weighting coefficient β satisfied the condition that 
log (k) and log [P (k)] are negatively correlated. Based on 
the pickSoftThreshold function, β = 18 was selected as the 
appropriate soft threshold (Fig.  4a), and the correspond-
ing scale-free topological fit index  R2 > 0.9. The genes were 
clustered into 11 modules using dynamic mixed shearing 
(Fig. 4b-c). Based on a correlation of 0.93 and p < 0.001, we 
selected the dark green module associated with NASH as 
the most significant (Fig. 4d). The genes of this module and 
NRDEGs were intersected using Venn diagrams, and 6 hub 
NRDEGs were obtained (Fig. 4e), including CASP1 (Cas-
pase 1), GLUL (Glutamate-Ammonia Ligase), PYCARD 
(PYD And CARD Domain Containing), IL33 (Interleukin 
33), SHARPIN (SHANK Associated RH Domain Interac-
tor), and IRF9 (Interferon Regulatory Factor 9).

Immune infiltration analysis
The 22 immune cells in each sample are shown in Fig. 5a 
and b (Table  S6), and the colors represent the percent-
age of different immune cells. The M2 macrophages, 
CD4 + memory naive T cells, Mast cells activated, B 
cells naive, Dendritic cells activated, T cells gamma delta 
(γδ T cells), and CD8 + T cells were the major infiltrat-
ing immune cell types. As shown in Fig.  5c, activated 
mast cells and monocytes were positively correlated, 
as were activated dendritic cells (DCs) and regulatory 
T cells (Tregs). In contrast, the resting mast cells and T 
follicular helper (Tfh) cells were negatively correlated. 

Furthermore, the infiltration levels of six immune cell 
populations, including M2 macrophages, Mast cells acti-
vated, Mast cells resting, T cells follicular helper, T cells 
gamma delta, and NK cells resting, were significantly dif-
ferent between the two groups (p < 0.05; Fig. 5d).

Relationship between hub NRDEGs and immune cells
The correlation between the major immune cells and 6 
hub NRDEGs was calculated with |R|> 0.4 and p < 0.001 
as the thresholds. Figure 6 shows that CASP1 was posi-
tively correlated with M2 macrophages and the γδ T 
cells, and IL33 was positively correlated with the γδ T 
cells. In contrast, IRF9 and Tfh cells showed a negative 
regulation.

TFs regulatory network and mRNA‑miRNA network
We obtained 30 gene-TFs pairs for the 6 hub NRDEGs 
(Table  S7) and constructed a gene-TFs regulatory net-
work consisting of 31 nodes and 29 edges (Fig. 7a). ONE-
CUT1, SPI1, ZNF460, and ZNF43 had the highest node 
degrees. In addition, we obtained 47 targeted miRNAs of 
5 hub NRDEGs and identified 58 mRNA-miRNA pairs, 
which were not predicted by PYCARD under the screen-
ing conditions (Fig. 7b, Table S8).

Validation and diagnostic value of the hub NRDEGs
The expression of six hub NRDEGs was validated in the 
GSE151158, GSE89632, and GSE17470 datasets, and that 
of the six hub NRDEGs was consistent with predicted 
results (Fig.  8a-g). According to the GSE49541 dataset, 
the expression of PYCARD was also significantly higher 
in the advanced NAFLD group (Fig.  8h). ROC curves 
were plotted to evaluate the sensitivity and specificity of 
six hub NRDEGs in NASH diagnosis, which indicated 
that all of these were diagnostically relevant (Fig.  8i-
o). Furthermore, CASP1, IL33, IRF9,and SHRAPIN 
showed high diagnostic accuracy, whereas PYCARD was 
also identified as a biomarker for NAFLD progression 
(Fig. 8p).

Discussion
The global prevalence of NAFLD is nearly 25% [25], 
which imposes a considerable socio-economic burden. 
NASH is an inflammatory subtype of NAFLD [5], and 
its steadily increasing incidence rate warrants novel 

Fig. 4 WGCNA results. a The soft threshold in the WGCNA algorithm. b Cluster dendrogram of genes. A gene module is assigned a specific color. 
c The relationship between module eigengenes and samples. The horizontal axis represents grouping. The different colors of the left vertical axis 
represent different modules, the correlation coefficient is indicated in each grid, and the corresponding P value is in parentheses. Darker colors 
indicate greater correlation, with red indicating positive correlation, and blue indicating a negative correlation. d Genes of the selected dark green 
module. e Venn diagram showing six hub NRDEGs

(See figure on next page.)
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Fig. 4 (See legend on previous page.)
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treatment strategies. Therefore, it is imperative to explore 
its molecular mechanisms and identify new biomarkers. 
Recent studies have shown that necroptosis is a key path-
ological driver of NASH, and a potential source of novel 
diagnostic markers and therapeutic targets.

Our study aimed to identify biomarkers associated 
with necroptosis in NASH and explore the associa-
tion between necroptosis and immune cell infiltration. 
We retrieved 159 NRGs from the KEGG database, of 
which 12 were differentially expressed between the 
NASH samples and controls in the GSE24807 dataset. 
GO analysis further indicated that these NRDEGs were 
enriched in the regulation of cytokine-mediated sign-
aling pathways, the regulation of I-κB kinase/NF-κB 
signaling, the response of interferon γ, positive regu-
lation of cysteine-type endopeptidase activity, and the 
regulation of mitochondrial changes during apoptosis. 
Likewise, the significantly enriched KEGG pathways 
included those of necroptosis, JAK-STAT signaling 
pathway, NOD-like receptor signaling pathway, inflam-
matory mediator-regulated signaling via TRP channel, 
lipid and atherosclerosis, alpha-linolenic and linoleic 
acid metabolism, and nitrogen metabolism.

NASH-related modules were constructed by 
WGCNA, and six hub NRDEGs closely related to 
NASH were finally identified, of which most have 
not been reported previously in the context of NASH 
development. Furthermore, ROC analysis established 
that CASP1, GLUL, and PYCARD have diagnostic sig-
nificance for NASH, and PYCARD can also serve as a 
diagnostic marker for NAFLD progression.
CASP1, an interleukin-1β converting enzyme (ICE), 

showed the highest diagnostic accuracy for NASH. 
It plays a key role in apoptosis, pyroptosis, inflam-
matory response, and innate immunity, and is a key 
enzyme in the apoptotic pathway [26, 27]. CASP1 has 
been reported to induce apoptosis in animal models of 
ischemic brain injury, and familial amyotrophic lateral 
sclerosis [28, 29]. Furthermore, CASP1 and its activator 
NLRP3 are the core components of the inflammasome 
complex [30], and the cleavage of CASP1 by Gasdermin 
D is the trigger of pyroptosis [31]. Recent studies have 
shown that caspase 8 is a molecular switch of necrop-
tosis during late embryonic development, and CASP1 
lies downstream of activated caspase 8 [32]. There are 
several substrate proteins involved in CASP1 splicing 

Fig. 5 Immune infiltration analysis. a Sample histogram of immune cells. b Heatmap of the proportion of immune cells. c Heatmap of immune cell 
correlations. d Violin plot showing immune cell infiltration of the normal (blue) and model (red) groups
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and processing, and their functions are highly complex. 
Based on current evidence, the mechanisms underly-
ing the pathophysiological role of CASP1 in NASH are 
unclear.

We found that the liver tissues of NASH patients 
expressed significantly higher levels of GLUL compared 
to those of healthy controls. GLUL is the only known 
glutamine synthase that catalyzes the conversion of 
ATP from glutamate and ammonia to glutamine, and is 
involved in ammonia and glutamate detoxification, cell 

signaling, cell proliferation, and acid/base homeostasis 
[33]. The glutamine-glutamate ratio is associated with 
blood pressure, triglycerides, and glucose levels [34]. 
Petrus et  al. compared metabolites produced by white 
adipose tissue in 81 obese and non-obese women, and 
found that GLUL was the most significantly dysregu-
lated gene in the glutamine pathway in obese patients 
[35]. Recent studies have shown that GLUL is involved in 
RIP3-dependent necroptosis [36], although its pathologi-
cal role in NASH remains to be elucidated.

Fig. 6 Correlation analysis of 6 hub NRDEGs with immune cell infiltration
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PYCARD, also known as ASC (Apoptosis-associated 
speck-like protein containing a caspase recruitment 
domain), is a pro-apoptotic protein [37] and an adaptor 
molecule of the inflammasome complex that activates 
caspase-1, and promotes the secretion of inflamma-
tory cytokines [38]. Extracellular PYCARD may induce 
autoantibody production, thereby regulating innate 
and adaptive immune responses [39]. Thus, circulat-
ing PYCARD is a serum biomarker of inflammation and 
autoimmune diseases such as systemic lupus erythema-
tosus and rheumatoid arthritis [40]. Fritsch et  al. found 
that catalytically inactive CASP8 induced ASC formation 
[41]. In our study, PYCARD was overexpressed in NASH 
samples and regarded as a biomarker for NAFLD pro-
gression. However, the specific pathological mechanisms 
need to be investigated further.
IL-33 is a pro-inflammatory cytokine of the IL-1 super-

family and plays a vital role in inflammation, and cancer, 
and central nervous system diseases [42]. Recent stud-
ies have shown that necroptosis directly induces IL-33 
release, which activates basophils and eosinophils [43]. 
In addition, It has been found that patients with liver 
cirrhosis have an increased level of IL-33 [44]. However, 
another study showed that IL-33 deficiency did not affect 
the severity of liver inflammation or liver fibrosis in a 
mouse model of diet-induced steatohepatitis [45]. Thus, 
the exact role of IL-33 in the liver needs to be elucidated 
further.

As part of the linear ubiquitin chain assembly complex 
(LUBAC), SHARPIN regulates protein ubiquitination and 
signal transduction [46]. Monoubiquitination regulates 
immune signaling and cell death (including apoptosis 
and necroptosis) [47, 48]. Sieber et al. observed extensive 
liver injury and premature death in SHARPIN-deficient 
mice [49]. IRF9 regulates interferon-driven gene expres-
sion, and alleviates hepatic insulin resistance, steatosis 
and inflammation through interaction with PPARα [50]. 
However, McComb et al. showed that macrophages with 
IRF-9-STAT1/STAT2 deficiency are highly resistant to 
necroptosis [51]. The relationship between the protective 
effect of IRF9 and necroptosis in NASH needs further 
investigation.

Several studies have shown that the local immune 
microenvironment greatly contributes to NASH develop-
ment and progression [52]. To this end, we used the CIB-
ERSORT algorithm to analyze the infiltrating immune 
cell populations in NASH, and found that the M2 mac-
rophages and γδ T cells were elevated in NASH liver 
tissues and were the predominant infiltrating cells. A pre-
vious study had shown that NASH accelerated HCC pro-
gression by promoting M2 macrophage polarization via 
upregulation of IL-10 [53]. In addition, the γδ T cells con-
tribute to the development and progression of autoim-
mune liver disease [54]. We next analyzed the correlation 
between hub NRDEGs and the infiltrating immune cell 
types, and found that CASP1 was positively correlated 

Fig. 7 TFs Regulatory Network and mRNA-miRNA Network. a Gene—TFs regulatory network. Purple circles indicate hub NRDEGs, and red circles 
indicate TFs with the highest node degrees. b mRNA-miRNA Network. Blue circles indicate hub NRDEGs
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with M2 macrophages and γδ T cells, and IL-33 was 
positively correlated with the γδ T cells. Thus, CASP1 
and IL33 may contribute to the progression of NASH by 

modulating the local immune responses. In addition, the 
proportion of Tfh cells was lower in the diseased liver 
compared to the normal liver tissues, and correlated 

Fig. 8 Validation of hub genes. a‑g Detailed expression of six hub NRDEGs in NASH samples and healthy samples. h Detailed expression of PYCARD 
in mild NAFLD and advanced NAFLD. i–o Diagnostic performance of six hub NRDEGs in NASH samples and healthy samples. p Diagnostic 
performance of PYCARD in mild NAFLD and advanced NAFLD
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negatively with IRF9 expression. There is evidence that 
Tfh cells contribute to the progression of atherosclerosis 
[55], and may play a key role in regulating adipose tissue 
inflammation in obesity-induced type 2 diabetes [56]. 
Therefore, we speculate that IRF9 may exert a protective 
effect against NASH by inhibiting the Tfh cells, which 
will have to be validated further.

We established the networks of hub NRDEGs with TFs 
and miRNAs to further assess their role in NASH occur-
rence and development at the transcriptome level. We 
identified 4 TFs that closely interact with hub NRDEGs, 
namely ONECUT1, SPI1, ZNF460, and ZNF43. ONE-
CUT1, a transcription factor belonging to the cut home-
obox family, is mainly enriched in the liver and regulates 
the cell cycle and glucose metabolism [57]. The sub-net-
work of ONECUT1 consists of 44 differentially expressed 
genes, many of which are involved in fatty acid metabo-
lism and are highly correlated with the progression of 
steatosis [58]. SPI1 is primarily expressed in bone marrow 
cells and lymphocytes [59], and correlates positively with 
insulin resistance and inflammation in NASH patients, 
making it a potential therapeutic target [60]. ZNF460 and 
ZNF43 are members of the zinc finger protein family, 
which play an essential role in regulating cell proliferation, 
differentiation, and metabolism [61]. The roles of ZNF460 
and ZNF43 in NASH have not been elucidated so far.

We also obtained 58 mRNA-miRNA pairs, and hsa-
miR-372-3p, hsa-miR-520a-3p, hsa-miR-520b, hsa-
miR-520c-3p, hsa-miR-520d-3p, hsa-miR-302a-3p, 
hsa-miR-302b-3p, hsa-miR-302c-3p, hsa-miR-302d-3p, 
and hsa-miR-302e in particular were closely related to 
the NRDEGs. Has-miR-372-3p is involved in lipid metab-
olism, and rapamycin causes triglyceride accumulation 
by downregulating the expression of has-miR-372-3p 
[62]. Low expression levels of has-miR-372–3p have been 
associated with a poor prognosis of HCC [63]. There-
fore, the potential roles of the GLUL-has-miR-372-3p 
and IRF9-has-miR-372-3p regulatory networks in NASH 
deserve further investigation. The has-miR-302 family is 
involved in cell differentiation, proliferation and immune 
responses, and acts as tumor suppressor genes in most 
tumors. Additionally, miR-302a is known to promote 
chronic inflammatory responses in atherosclerosis [64]. 
Therefore, hsa-miR-302 and has-miR-372-3p are promis-
ing therapeutic targets in NASH.

Although we were able to identify some novel biomark-
ers of NASH related to necroptosis and immune cell 
infiltration, there are some limitations of this study that 
ought to be considered. First, the study does not provide 
clinically relevant information, such as drug use. Second, 
there is currently no systematic database of necroptosis-
related genes, and more genes remain to be discovered. 

Finally, the results of this study have not been validated 
through in vivo and in vitro experiments, which needs to 
be addressed in future studies.

Conclusion
We identified 6 necroptosis-related hub genes in NASH, 
namely CASP1, GLUL, PYCARD, IL33, SHARPIN, and 
IRF9, and they can diagnose NASH reasonably. In addi-
tion, PYCARD was also identified as a diagnostic marker 
for NAFLD progression. Furthermore, an increase in M2 
macrophages and γδ T cells, and a decrease in Tfh cells 
may be associated with NASH pathogenesis, and corre-
lated with CASP1, IL33, and IRF9. Therefore, our study 
provides new insights into molecular mechanisms of 
NASH, along with potential diagnostic biomarkers.

Abbreviations
GEO  Gene Expression Omnibus
DEGs  Differentially expressed genes
NRDEGs  Necroptosis-related differential genes
NRGs  Necroptosis-related genes
GO  Gene Ontology
KEGG  Kyoto Encyclopedia of Genes and Genomes
PPI  Protein-protein interaction
WGCNA  Weighted gene co-expression network analysis
TFs  Transcription factors
NASH  Non-alcoholic steatohepatitis
NAFLD  Non-alcoholic fatty liver disease
NAFL  Non-alcoholic fatty liver
MLKL  Mixed lineage kinase domain-like
RIPKs  Receptor-interacting protein kinases
TOM  Topological overlap matrix
ROC  Receiver operating characteristic
AUC   Area under the curve
BP  Biological processes
CC  Cell component
MF  Molecular functions
CASP1  Caspase 1
GLUL  Glutamate-Ammonia Ligase
PYCARD  PYD and CARD Domain Containing
IL33  Interleukin 33
SHARPIN  SHANK Associated RH Domain Interactor
IRF9  Interferon Regulatory Factor 9
ICE  Interleukin-1β converting enzyme
LUBAC  Linear ubiquitin chain assembly complex

Supplementary Information
The online version contains supplementary material available at https:// doi. 
org/ 10. 1186/ s41065- 024- 00309-z.

Additional file 1: Table S1. Clinical information for the datasets.

Additional file 2: Table S2. 159 necroptosis-related genes

Additional file 3: Table S3. DEGs in the database.

Additional file 4: Table S4. Go analysis results.

Additional file 5: Table S5. KEGG pathway results.

Additional file 6: Table S6. Resule of inmuune cell infiltration.

Additional file 7: Table S7. The potential TFs of 6 hub NRDEGs

Additional file 8: Table S8. miRNAs interact with mRNAs.

https://doi.org/10.1186/s41065-024-00309-z
https://doi.org/10.1186/s41065-024-00309-z


Page 13 of 14Zhang et al. Hereditas          (2024) 161:32  

Acknowledgements
Not applicable.

Authors’ contributions
All authors contributed to the study’s conception and design. Huan Zhang 
and Yongqiang He conducted experiments, analyzed data, provided test 
materials and analytical tools, prepared graphs, and wrote the draft paper. 
Yuqing Zhao, Malina Axinbai, and Yuwei Hu wrote the draft paper. Shilei Liu 
and Jingmin Kong conducted experiments and prepared graphs and tables. 
Jinhui Sun provided material and analytical tools and critically revised impor-
tant content. Liping Zhang prepared the diagram and reviewed the draft of 
the paper. All authors read and approved the final manuscript.

Funding
This study was supported by the Beijing Municipal Natural Science Founda-
tion of China (grant number 7212181).

Availability of data and materials
The following information on data availability is provided: Raw measurements 
are provided in the Supplementary file. Further inquiries can be directed to 
the corresponding authors.

Declarations

Ethics approval and consent to participate
Not applicable.

Competing interests
The authors declare there are no competing interests.

Author details
1 Xiyuan Hospital, China Academy of Chinese Medical Sciences, Beijing, China. 
2 Beijing University of Chinese Medicine, Beijing, China. 3 Department of Diges-
tion, Dongzhimen Hospital, Beijing University of Chinese Medicine, Beijing, 
China. 4 Department of Digestion, Dongfang Hospital, Beijing University of Chi-
nese Medicine, Beijing, China. 5 Xinjiang Medical University, Urumqi, China. 
6 Department of Emergency, Beijing Chaoyang Integrative Medicine Rescue 
And First Aid Hospital, Beijing, China. 

Received: 3 November 2022   Accepted: 2 January 2024

References
 1. Powell EE, Wong VW, Rinella M. Non-alcoholic fatty liver disease. Lancet. 

2021;397(10290):2212–24.
 2. Friedman SL, Neuschwander-Tetri BA, Rinella M, Sanyal AJ. Mecha-

nisms of NAFLD development and therapeutic strategies. Nat Med. 
2018;24(7):908–22.

 3. Younossi Z, Anstee QM, Marietti M, Hardy T, Henry L, Eslam M, et al. Global 
burden of NAFLD and NASH: trends, predictions, risk factors and preven-
tion. Nat Rev Gastroenterol Hepatol. 2018;15(1):11–20.

 4. Schuster S, Cabrera D, Arrese M, Feldstein AE. Triggering and resolution of 
inflammation in NASH. Nat Rev Gastroenterol Hepatol. 2018;15(6):349–64.

 5. Sheka AC, Adeyi O, Thompson J, Hameed B, Crawford PA, Ikramuddin S. 
Nonalcoholic steatohepatitis: a review. JAMA. 2020;323(12):1175–83.

 6. Konerman MA, Jones JC, Harrison SA. Pharmacotherapy for NASH: current 
and emerging. J Hepatol. 2018;68(2):362–75.

 7. Masoodi M, Gastaldelli A, Hyötyläinen T, Arretxe E, Alonso C, Gaggini M, 
et al. Metabolomics and lipidomics in NAFLD: biomarkers and non-inva-
sive diagnostic tests. Nat Rev Gastroenterol Hepatol. 2021;18(12):835–56.

 8. Degterev A, Hitomi J, Germscheid M, Ch’en IL, Korkina O, Teng X, et al. 
Identification of RIP1 kinase as a specific cellular target of necrostatins. 
Nat Chem Biol. 2008;4(5):313–21.

 9. Seo J, Nam YW, Kim S, Oh DB, Song J. Necroptosis molecular mechanisms: 
recent findings regarding novel necroptosis regulators. Exp Mol Med. 
2021;53(6):1007–17.

 10. Zhan C, Huang M, Yang X, Hou J. MLKL: functions beyond serving as the 
executioner of necroptosis. Theranostics. 2021;11(10):4759–69.

 11. Choi ME, Price DR, Ryter SW, Choi AMK. Necroptosis: a crucial pathogenic 
mediator of human disease. JCI Insight. 2019;4(15):e128834.

 12. Gong Y, Fan Z, Luo G, Yang C, Huang Q, Fan K, et al. The role of necroptosis 
in cancer biology and therapy. Mol Cancer. 2019;18(1):100.

 13. Schwabe RF, Luedde T. Apoptosis and necroptosis in the liver: a matter of 
life and death. Nat Rev Gastroenterol Hepatol. 2018;15(12):738–52.

 14. Gautheron J, Vucur M, Reisinger F, Cardenas DV, Roderburg C, Koppe 
C, et al. A positive feedback loop between RIP3 and JNK controls non-
alcoholic steatohepatitis. EMBO Mol Med. 2014;6(8):1062–74.

 15. Roychowdhury S, McMullen MR, Pisano SG, Liu X, Nagy LE. Absence of 
receptor interacting protein kinase 3 prevents ethanol-induced liver 
injury. Hepatology. 2013;57(5):1773–83.

 16. Zhou S, Lu H, Xiong M. Identifying immune cell infiltration and effective 
diagnostic biomarkers in rheumatoid arthritis by bioinformatics analysis. 
Front Immunol. 2021;12:726747.

 17. Deng JL, Xu YH, Wang G. Identification of potential crucial genes and 
key pathways in breast cancer using bioinformatic analysis. Front Genet. 
2019;10:695.

 18. Gu Z, Eils R, Schlesner M. Complex heatmaps reveal patterns and 
correlations in multidimensional genomic data. Bioinformatics. 
2016;32(18):2847–9.

 19. Chen H, Boutros PC. VennDiagram: a package for the generation of 
highly-customizable Venn and Euler diagrams in R. BMC Bioinformatics. 
2011;12:35.

 20. Sun Y, Chen LH, Lu YS, Chu HT, Wu Y, Gao XH, et al. Identification of 
novel candidate genes in rosacea by bioinformatic methods. Cytokine. 
2021;141:155444.

 21. Szklarczyk D, Gable AL, Lyon D, Junge A, Wyder S, Huerta-Cepas J, et al. 
STRING v11: protein-protein association networks with increased cover-
age, supporting functional discovery in genome-wide experimental 
datasets. Nucleic Acids Res. 2019;47(D1):D607-d613.

 22. Langfelder P, Horvath S. WGCNA: an R package for weighted correlation 
network analysis. BMC Bioinformatics. 2008;9:559.

 23. Corces MR, Buenrostro JD, Wu B, Greenside PG, Chan SM, Koenig JL, et al. 
Lineage-specific and single-cell chromatin accessibility charts human 
hematopoiesis and leukemia evolution. Nat Genet. 2016;48(10):1193–203.

 24. Friendly M. Corrgrams: exploratory displays for correlation matrices. Am 
Stat. 2002;56:316–24.

 25. Eslam M, Sarin SK, Wong VW, Fan JG, Kawaguchi T, Ahn SH, et al. The Asian 
Pacific Association for the Study of the liver clinical practice guidelines 
for the diagnosis and management of metabolic associated fatty liver 
disease. Hepatol Int. 2020;14(6):889–919.

 26. Thornberry NA, Bull HG, Calaycay JR, Chapman KT, Howard AD, Kostura 
MJ, et al. A novel heterodimeric cysteine protease is required for interleu-
kin-1 beta processing in monocytes. Nature. 1992;356(6372):768–74.

 27. Syed FM, Hahn HS, Odley A, Guo Y, Vallejo JG, Lynch RA, et al. Proapop-
totic effects of caspase-1/interleukin-converting enzyme dominate in 
myocardial ischemia. Circ Res. 2005;96(10):1103–9.

 28. Faubel S, Ljubanovic D, Reznikov L, Somerset H, Dinarello CA, Edelstein 
CL. Caspase-1-deficient mice are protected against cisplatin-induced 
apoptosis and acute tubular necrosis. Kidney Int. 2004;66(6):2202–13.

 29. Tsuchiya K, Nakajima S, Hosojima S, Thi Nguyen D, Hattori T, Le Manh T, 
et al. Caspase-1 initiates apoptosis in the absence of gasdermin D. Nat 
Commun. 2019;10(1):2091.

 30. Paugh SW, Bonten EJ, Savic D, Ramsey LB, Thierfelder WE, Gurung P, et al. 
NALP3 inflammasome upregulation and CASP1 cleavage of the gluco-
corticoid receptor cause glucocorticoid resistance in leukemia cells. Nat 
Genet. 2015;47(6):607–14.

 31. He WT, Wan H, Hu L, Chen P, Wang X, Huang Z, et al. Gasdermin D is an 
executor of pyroptosis and required for interleukin-1β secretion. Cell Res. 
2015;25(12):1285–98.

 32. Newton K, Wickliffe KE, Maltzman A, Dugger DL, Reja R, Zhang Y, et al. 
Activity of caspase-8 determines plasticity between cell death pathways. 
Nature. 2019;575(7784):679–82.

 33. Muthu M, Kumar R, Syed Khaja AS, Gilthorpe JD, Persson JL, Nord-
ström A. GLUL ablation can confer drug resistance to cancer cells via 
a malate-aspartate shuttle-mediated mechanism. Cancers (Basel). 
2019;11(12):1945.

 34. Sorto P, Mäyränpää MI, Saksi J, Nuotio K, Ijäs P, Tuimala J, et al. Glutamine 
synthetase in human carotid plaque macrophages associates with 



Page 14 of 14Zhang et al. Hereditas          (2024) 161:32 

features of plaque vulnerability: an immunohistological study. Athero-
sclerosis. 2022;352:18–26.

 35. Petrus P, Lecoutre S, Dollet L, Wiel C, Sulen A, Gao H, et al. Glutamine 
links obesity to inflammation in human white adipose tissue. Cell Metab. 
2020;31(2):375-390.e11.

 36. Han Q, Ma Y, Wang H, Dai Y, Chen C, Liu Y, et al. Resibufogenin suppresses 
colorectal cancer growth and metastasis through RIP3-mediated necrop-
tosis. J Transl Med. 2018;16(1):201.

 37. Koizumi M, Watanabe T, Masumoto J, Sunago K, Imamura Y, Kanemitsu 
K, et al. Apoptosis-associated speck-like protein containing a CARD 
regulates the growth of pancreatic ductal adenocarcinoma. Sci Rep. 
2021;11(1):22351.

 38. Srinivasula SM, Poyet JL, Razmara M, Datta P, Zhang Z, Alnemri ES. The 
PYRIN-CARD protein ASC is an activating adaptor for caspase-1. J Biol 
Chem. 2002;277(24):21119–22.

 39. Franklin BS, Bossaller L, De Nardo D, Ratter JM, Stutz A, Engels G, et al. The 
adaptor ASC has extracellular and “prionoid” activities that propagate 
inflammation. Nat Immunol. 2014;15(8):727–37.

 40. de Souza JG, Starobinas N, Ibañez OCM. Unknown/enigmatic functions of 
extracellular ASC. Immunology. 2021;163(4):377–88.

 41. Fritsch M, Günther SD, Schwarzer R, Albert MC, Schorn F, Werthenbach 
JP, et al. Caspase-8 is the molecular switch for apoptosis, necroptosis and 
pyroptosis. Nature. 2019;575(7784):683–7.

 42. Liew FY, Girard JP, Turnquist HR. Interleukin-33 in health and disease. Nat 
Rev Immunol. 2016;16(11):676–89.

 43. Shlomovitz I, Erlich Z, Speir M, Zargarian S, Baram N, Engler M, et al. 
Necroptosis directly induces the release of full-length biologically 
active IL-33 in vitro and in an inflammatory disease model. Febs J. 
2019;286(3):507–22.

 44. Marvie P, Lisbonne M, L’Helgoualc’h A, Rauch M, Turlin B, Preisser L, et al. 
Interleukin-33 overexpression is associated with liver fibrosis in mice and 
humans. J Cell Mol Med. 2010;14(6b):1726–39.

 45. Barbier L, Ferhat M, Salamé E, Robin A, Herbelin A, Gombert JM, et al. 
Interleukin-1 family cytokines: keystones in liver inflammatory diseases. 
Front Immunol. 2014;2019:10.

 46. Tian Z, Tang J, Yang Q, Li X, Zhu J, Wu G. Atypical ubiquitin-binding pro-
tein SHARPIN promotes breast cancer progression. Biomed Pharmaco-
ther. 2019;119:109414.

 47. Gerlach B, Cordier SM, Schmukle AC, Emmerich CH, Rieser E, Haas TL, 
et al. Linear ubiquitination prevents inflammation and regulates immune 
signalling. Nature. 2011;471(7340):591–6.

 48. Fuseya Y, Iwai K. Biochemistry, pathophysiology, and regulation of linear 
ubiquitination: intricate regulation by coordinated functions of the 
associated ligase and deubiquitinase. Cells. 2021;10(10):2706.

 49. Sieber S, Lange N, Kollmorgen G, Erhardt A, Quaas A, Gontarewicz A, et al. 
Sharpin contributes to TNFα dependent NFκB activation and anti-apop-
totic signalling in hepatocytes. PLoS ONE. 2012;7(1):e29993.

 50. Wang XA, Zhang R, Jiang D, Deng W, Zhang S, Deng S, et al. Interferon 
regulatory factor 9 protects against hepatic insulin resistance and steato-
sis in male mice. Hepatology. 2013;58(2):603–16.

 51. McComb S, Cessford E, Alturki NA, Joseph J, Shutinoski B, Startek JB, et al. 
Type-I interferon signaling through ISGF3 complex is required for sus-
tained Rip3 activation and necroptosis in macrophages. Proc Natl Acad 
Sci U S A. 2014;111(31):E3206–13.

 52. Sutti S, Albano E. Adaptive immunity: an emerging player in the progres-
sion of NAFLD. Nat Rev Gastroenterol Hepatol. 2020;17(2):81–92.

 53. Ambade A, Satishchandran A, Saha B, Gyongyosi B, Lowe P, Kodys K, 
et al. Hepatocellular carcinoma is accelerated by NASH involving M2 
macrophage polarization mediated by hif-1αinduced IL-10. Oncoimmu-
nology. 2016;5(10):e1221557.

 54. Shiromizu CM, Jancic CC. γδ T lymphocytes: an effector cell in autoim-
munity and infection. Front Immunol. 2018;9:2389.

 55. Gaddis DE, Padgett LE, Wu R, McSkimming C, Romines V, Taylor AM, et al. 
Apolipoprotein AI prevents regulatory to follicular helper T cell switching 
during atherosclerosis. Nat Commun. 2018;9(1):1095.

 56. Qin L, Waseem TC, Sahoo A, Bieerkehazhi S, Zhou H, Galkina EV, et al. 
Insights into the molecular mechanisms of T follicular helper-mediated 
immunity and pathology. Front Immunol. 1884;2018:9.

 57. Møller AM, Ek J, Durviaux SM, Urhammer SA, Clausen JO, Eiberg H, et al. 
Hepatocyte nuclear factor-6: associations between genetic variability and 

type II diabetes and between genetic variability and estimates of insulin 
secretion. Diabetologia. 1999;42(8):1011–6.

 58. van Breda SGJ, Claessen SMH, van Herwijnen M, Theunissen DHJ, Jennen 
DGJ, de Kok T, et al. Integrative omics data analyses of repeated dose 
toxicity of valproic acid in vitro reveal new mechanisms of steatosis 
induction. Toxicology. 2018;393:160–70.

 59. Hromas R, Orazi A, Neiman RS, Maki R, Van Beveran C, Moore J, et al. 
Hematopoietic lineage- and stage-restricted expression of the ETS onco-
gene family member PU.1. Blood. 1993;82(10):2998–3004.

 60. Liu Q, Yu J, Wang L, Tang Y, Zhou Q, Ji S, et al. Inhibition of PU.1 amelio-
rates metabolic dysfunction and non-alcoholic steatohepatitis. J Hepatol. 
2020;73(2):361–70.

 61. Lovering R, Trowsdale J. A gene encoding 22 highly related zinc fingers is 
expressed in lymphoid cell lines. Nucleic Acids Res. 1991;19(11):2921–8.

 62. Fan G, Zhang C, Wei X, Wei R, Qi Z, Chen K, et al. NEAT1/hsa-miR-372-3p 
axis participates in rapamycin-induced lipid metabolic disorder. Free 
Radic Biol Med. 2021;167:1–11.

 63. Wu G, Wang Y, Lu X, He H, Liu H, Meng X, et al. Low mir-372 expression 
correlates with poor prognosis and tumor metastasis in hepatocellular 
carcinoma. BMC Cancer. 2015;15:182.

 64. Guo M, Gan L, Si J, Zhang J, Liu Z, Zhao J, et al. Role of miR-302/367 
cluster in human physiology and pathophysiology. Acta Biochim Biophys 
Sin (Shanghai). 2020;52(8):791–800.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.


	Identification of necroptosis genes and characterization of immune infiltration in non-alcoholic steatohepatitis
	Abstract 
	Background 
	Methods 
	Results 
	Conclusions 

	Introduction
	Materials and methods
	Data collection and processing
	Identification and functional annotation of NRDEGs
	Weighted gene co-expression network analysis (WGCNA)
	Immune cell infiltration
	Construction of the TFs regulatory network of hub NRDEGs
	Construction of the mRNA-miRNA regulatory network of hub NRDEGs
	Validation of hub NRDEGs

	Results
	Screening of candidate genes
	Enrichment analysis and PPI network construction
	Results of WGCNA
	Immune infiltration analysis
	Relationship between hub NRDEGs and immune cells
	TFs regulatory network and mRNA-miRNA network
	Validation and diagnostic value of the hub NRDEGs

	Discussion
	Conclusion
	Acknowledgements
	References


