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Abstract. The mechanisms underlying the pathogenesis of 
septic cardiomyopathy (SCM) are intricate and incompletely 
understood. PANoptosis is a novel type of programmed cell 
death, and in the present study, bioinformatics, machine 
learning and experimental validation were used to iden‑
tify key PANoptosis‑related genes (PRGs) associated with 
SCM. Differentially expressed genes were obtained through 
analysis of the Gene Expression Omnibus dataset, and these 
genes were intersected with the PRGs to obtain the differen‑
tially expressed PRGs. Three machine learning algorithms 
were used to screen key PRGs; CIBERSORT was used for 
immune infiltration analysis and the diagnostic value of key 
PRGs was evaluated by plotting receiver operating charac‑
teristic curves. Additionally, a competitive endogenous (ce)
RNA regulatory network analysis was conducted, and drug 
prediction analysis was performed. Finally, the expression 
of key PRGs was verified via quantitative PCR. A total of 
157 differentially expressed genes and 21 differentially 
expressed PRGs were screened. In addition, two key PRGs 
(RIPK2 and GADD45B) were screened using least absolute 
shrinkage and selection operator regression, the support 
vector machine‑recursive feature elimination algorithm and 
the random forest algorithm, with both genes demonstrating 
a high diagnostic value. RIPK2 and GADD45B were posi‑
tively correlated with neutrophils. The ceRNA regulatory 
network included two mRNAs, eight microRNAs and 16 long 
noncoding RNAs and 10 drugs/molecular compounds were 
predicted. Finally, quantitative PCR results revealed that the 

expression of both RIPK2 and GADD45B was upregulated 
in the lipopolysaccharide‑induced HL‑1 cell injury model. In 
conclusion, the present study identified two key PRGs (RIPK2 
and GADD45B) associated with SCM; these findings may 
lead to the development of novel diagnostic and therapeutic 
approaches for SCM.

Introduction

Sepsis is a systemic inflammatory syndrome caused by 
pathogens invading an organism, often resulting in organ 
dysfunction (1). It has been reported that the annual global 
incidence of sepsis ranges from 276‑678 cases/100,000 
population (2). Severe cases of sepsis can present as septic 
cardiomyopathy (SCM), which is defined as sepsis combined 
with cardiac dysfunction  (3). Due to the lack of uniform 
diagnostic criteria, the reported incidence rates of SCM vary 
widely  (4); however, a recent meta‑analysis estimated the 
incidence of SCM in sepsis patients at ~20% (5). Patients with 
sepsis‑induced cardiovascular disease usually have a poor 
prognosis, and according to previous studies, the mortality rate 
of patients with SCM can be as high as 70% (6), presenting a 
notable challenge for the healthcare community. The current 
low diagnostic rate and poor therapeutic efficacy of SCM 
highlight the need to improve diagnostic efficiency and explore 
novel therapeutic options.

The pathogenesis of sepsis has been partially explored and is 
considered to mainly involve the inflammatory response, mito‑
chondrial damage, altered nitric oxide metabolism, apoptosis, 
ferroptosis and autonomic dysregulation (7‑10). However, effec‑
tive treatments for sepsis are still lacking; therefore, exploring 
the pathogenesis of SCM and developing targeted therapies 
would markedly improve the prognosis of patients with sepsis. 
Programmed cell death includes apoptosis, pyroptosis and 
necroptosis; in addition, Malireddi et al (11) proposed a novel 
type of programmed cell death called PANoptosis, which is 
mainly regulated by the PANoptosome complex. PANoptosis 
is characterized by three simultaneous types of cell death, 
including apoptosis, pyroptosis and necroptosis, and cannot be 
replaced with any single type of cell death (12). PANoptosis 
is associated with numerous conditions such as infectious and 
autoimmune diseases (13), and in sepsis‑induced respiratory 
disease, it has been shown that PANoptosis is involved in 
sepsis‑induced lung injury (14). In sepsis‑induced neurological 
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disorders, the inhibition of PANoptosis via the downregulation 
of toll‑like receptor 9 leads to improved survival in rats with 
sepsis‑associated encephalopathy (15). These studies suggest 
a strong association between sepsis‑related complications and 
PANoptosis. However, there are few studies on PANoptosis 
and sepsis‑induced myocardial injury.

In the present study, gene expression profiles of the 
appropriate samples from the Gene Expression Omnibus 
(GEO) database were analyzed. The differentially expressed 
PANoptosis‑related genes (PRGs) between the SCM group and 
the control group were subsequently identified. Additionally, 
three machine learning algorithms were employed to identify 
key genes, and experimental validation was performed. This 
study aimed to provide new insights into the diagnosis and 
treatment of SCM.

Materials and methods

Data sources. Gene expression datasets (GSE79962, GSE53007 
and GSE142615)  (16‑18) were downloaded from the GEO 
database (http://www.ncbi.nlm.nih.gov/geo/). The GSE79962 
dataset (GPL6244 platform) contains 31 available myocardial 
tissue samples (20 patients with SCM and 11 healthy controls). 
The GSE142615 dataset (GPL27951 platform) contains eight 
available myocardial tissue samples [four lipopolysaccharide 
(LPS)‑induced myocardial injury mice and four healthy mice]. 
The GSE53007 dataset (GPL6885 platform) also contains 
eight available heart tissue samples (four SCM mice and four 
healthy mice). 

Identification of differentially expressed genes (DEGs) and 
differentially expressed PRGs. Datasets were screened for 
DEGs using the ‘limma’ R package (version  3.56.2)  (19). 
DEGs were defined as genes with adjusted P<0.05 and a fold 
change (FC) of |log2FC|>1. For visual presentation of the 
results, volcano maps and heatmaps were plotted using the 
ggplot2 package (version 3.5.1) (20) and pheatmap package 
(version 1.0.12) (21) of R, respectively. A total of 902 PRGs 
were derived from published literature (22); subsequently, the 
PRGs were intersected with DEGs to obtain differentially 
expressed PRGs. Venn diagrams were created using an online 
tool (https://bioinformatics.psb.ugent.be/webtools/Venn/).

Functional enrichment analysis. Gene Ontology (GO) (23) 
and Kyoto Encyclopedia of Genes and Genomes (KEGG) (24) 
enrichment analyses of the differentially expressed PRGs were 
performed using the ‘clusterProfiler’ R package (25). GO anal‑
ysis aimed to identify the cellular component (CC), molecular 
function (MF) and biological process (BP) terms enriched 
by the differentially expressed PRGs. The KEGG analysis 
sought to determine the pathways in which the differentially 
expressed PRGs were enriched. The results of the enrichment 
analyses are presented in columns and bubble charts.

Identification of key genes by machine learning and receiver 
operating characteristic (ROC) curve analysis. Least absolute 
shrinkage and selection operator (LASSO) regression, support 
vector machine‑recursive feature elimination (SVM‑RFE) and 
random forest (RF) methods are often used in bioinformatics 
to screen characteristic genes (26,27). These three machine 

learning algorithms were used to screen key genes in the 
differentially expressed PRGs. The advantage of LASSO is 
that it can automatically perform feature selection by reducing 
the coefficients of unimportant features to zero. This method 
eliminates most of the irrelevant or low‑impact genes, leaving 
only a few genes with nonzero coefficients. The ‘glmnet’ R 
package (version 4.1‑8) (28) was used to perform the LASSO 
regression analysis, and the α parameter was set to 1 and a 
10‑fold cross‑validation scheme was used. The SVM‑RFE 
algorithm is a commonly used feature selection method that 
combines the advantages of SVM and RFE. SVM is mainly 
used for solving classification problems and enables the 
separation of samples from different classes, and the RFE 
algorithm removes unimportant features in each iteration. 
The SVM‑RFE analysis was performed using the ‘e1071’ 
(version 1.7‑14) (29), ‘caret’ (version 6.0‑94) (30) and ‘kernlab’ 
(version 0.9‑32) (31) R packages; a 10‑fold cross‑validation 
scheme was used. The RF is used to build a more robust 
model by combining multiple simple decision trees; this 
algorithm can markedly reduce the risk of overfitting. The 
‘randomForest’ package (version 4.7‑1.1) (32) was used for RF 
analysis, with the ntree parameter set to 500, and genes with 
MeanDecreaseGini >2 were screened. The key genes were 
obtained via intersection analysis on the basis of the results 
of LASSO regression, SVM‑RFE and RF. ROC curves were 
generated via the ‘pROC’ R package (version 1.18.5) (33) to 
analyze the diagnostic value of key genes for SCM.

Immune infiltration analysis. CIBERSORT (https://cibersortx.
stanford.edu/) was used for immune infiltration analysis; it is a 
widely used computational method (34,35) for immunological 
studies that enables analysis of the proportions of different 
immune cell subpopulations in tissues using gene expression 
data. The matrix data of the related samples in the GSE79962 
dataset were uploaded to CIBERSORTx, with LM22 used as 
the feature matrix (36). The results from the website provided 
the proportions of 22 immune cell types in each sample, with 
the results presented in a bar chart. The associations between 
the expression of key PRGs and 22 immune cell types were 
explored using Spearman's correlation analysis, with the 
results presented in lollipop charts.

Validation of key genes in the external dataset. For the 
validation set, the GSE53007 and GSE142615 datasets were 
combined. The expression of key PRGs was studied in the 
validation set, and the Wilcoxon rank‑sum test was used to 
determine whether the key genes were differentially expressed 
between the SCM group and the control group. P<0.05 was 
considered to indicate a statistically significant difference. The 
results are presented in box plots.

Single‑gene gene set enrichment analysis (GSEA). To inves‑
tigate the effects of the expression of key genes on pathways, 
single‑gene GSEA was performed. Patients with sepsis in the 
GSE79962 dataset were categorized into high‑ and low‑expres‑
sion groups based on the median expression level of the key 
PRGs. By comparing the transcriptomic profiles between the 
high‑ and low‑expression groups and performing enrichment 
analysis, signaling pathways that are associated with changes 
in the expression of the key gene were identified; this approach 
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has been applied in multiple previous studies  (37‑39). The 
criterion for significant enrichment was defined as q<0.05, 
adjusted P<0.05 and |normalized enrichment score|>1. 
Single‑gene GSEA was performed using the ‘clusterProfiler’ 
R package (25), with part of the results presented.

Construction of competitive endogenous RNA (ceRNA) 
regulatory networks. A ceRNA regulatory network was 
constructed based on the key genes. The miRanda  (40), 
miRDB (41), miRWalk (42) and TargetScan (43) databases 
were used to predict microRNAs (miRNAs). The miRNAs 
that appeared simultaneously in the aforementioned databases 
were used to construct the ceRNA regulatory network. The 
miRNAs were matched using the spongeScan (44) database to 

identify the corresponding long noncoding RNAs (lncRNAs). 
Cytoscape (version 3.9.1; https://cytoscape.org/) was used to 
visualize the ceRNA regulatory network.

Prediction of potential drugs. Currently, there are limited 
therapeutic drugs available for the treatment of SCM; therefore, 
the drugs associated with key PRGs were accessed through the 
Drug‑Gene Interaction Database (DGIDB; https://dgidb.org/). 
The results were visualized using Cytoscape (version 3.9.1).

Cell culture and treatment. HL‑1 cells (Procell Life Science 
& Technology Co., Ltd.) were cultured in minimum essential 
medium (Wuhan Servicebio Technology Co., Ltd.) supple‑
mented with 10% fetal bovine serum (Cellmax) and 1% 

Figure 1. Flow chart of the present study. PRGs, PANoptosis‑related genes; GO, Gene Ontology; KEGG, Kyoto Encyclopedia of Genes and Genomes; LASSO, 
least absolute shrinkage and selection operator; SVM‑RFE, support vector machine‑recursive feature elimination; ceRNA, competitive endogenous RNA; 
GSEA, gene set enrichment analysis; ROC, receiver operating characteristic.
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Figure 2. Screening of DEGs. (A) Heatmap of DEGs in GSE79962, the expression of genes from low to high is shown in blue to red. (B) Volcano plot of DEGs 
in GSE79962. Green dots represent significantly down‑regulated genes. Red dots represent significantly up‑regulated genes. Gray dots represent genes with no 
significant differential expression. DEGs, differentially expressed genes; FC, fold change.
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penicillin‑streptomycin antibiotics (NCM Biotech) in an incu‑
bator with 5% CO2 at 37˚C. To mimic SCM, cardiomyocytes 
were treated with 10 µg/ml LPS (MilliporeSigma) for 12 h 
at 37˚C.

Reverse transcription quantitative PCR (qPCR). Total RNA 
from cells was extracted using RNA extraction solution 
(Wuhan Servicebio Technology Co., Ltd.) according to the 
manufacturer's instructions. cDNA synthesis was performed 
using a reverse transcription kit (TransGen Biotech Co., Ltd.). 
The conditions for reverse transcription were 42˚C for 15 min 
and then 85˚C for 5  sec. The qPCR was carried out on a 
Roche Light Cycler 96 Real‑Time System (Roche Diagnostics 
GmbH) using PerfectStart® Green qPCR SuperMix (TransGen 
Biotech Co., Ltd.). The qPCR was performed with an initial 
denaturation at 94˚C for 30  sec, followed by 40 cycles of 
5  sec at  94˚C and 30  sec at  60˚C. The following primers 
were used: GADD45B forward, 5'‑TGC​CTC​CTG​GTC​ACG​
AAC​TG‑3' and reverse, 5'‑CCA​TTG​GTT​ATT​GCC​TCT​GCT​
CTC‑3'; RIPK2 forward, 5'‑TCG​TGT​TCC​TTG​GCT​GTA​ATA​
AGT​C‑3' and reverse, 5'‑CAT​CTG​GCT​CAC​AAT​GGC​TTC​
C‑3'; and β‑actin forward, 5'‑CTA​TTG​GCA​ACG​AGC​GGT​
TCC‑3' and reverse, 5'‑GCA​CTG​TGT​TGG​CAT​AGA​GGT​
C‑3'. The relative gene expression was calculated using the 
2‑ΔΔCq method (45).

Statistical analysis. Analysis of two data groups was conducted 
utilizing either Student's t‑test or the Wilcoxon rank‑sum test, 
as appropriate. R software (version 4.3.1; RStudio, Inc.) and 
GraphPad Prism version 9 (Dotmatics) were used for analysis 
and plotting. P<0.05 was considered to indicate a statistically 
significant difference.

Results

Screening of DEGs. The flowchart of the present study is shown 
in Fig. 1. A total of 31 samples from the GSE79962 dataset 
were included in the present study. The SCM group included 
20 samples, and the control group included 11 samples. A 
total of 157 DEGs, including 59 downregulated genes and 98 
upregulated genes, were obtained using the ‘limma’ R package. 
DEGs are presented in heatmaps (Fig. 2A) and volcano plots 
(Fig. 2B), and the top 50 differentially expressed up‑ and 
downregulated genes are shown in the heatmap.

Differentially expressed PRGs and GO/KEGG enrichment 
analysis. A total of 21 differentially expressed PRGs were 
identified by intersecting 157 DEGs with 902 PRGs, and 
the results are displayed in the Venn diagram (Fig. 3A). To 
investigate the potential biological functions of the differen‑
tially expressed PRGs, these 21 genes were subjected to GO 

Figure 3. Identification of differentially expressed PRGs and GO/KEGG enrichment analysis. (A) Venn diagrams were used to show genes where DEGs 
intersected with PRGs. (B) Differentially expressed PRGs were used for GO analysis. The top five functional terms in the categories biological process, cellular 
component and molecular function were visualized using bubble plots. Larger bubbles indicate a higher number of enriched genes. (C) The top 30 KEGG 
pathways of differentially expressed PRGs were shown using bar plots. A redder color indicates a higher enrichment significance. PRGs, PANoptosis‑related 
genes; GO, Gene Ontology; KEGG, Kyoto Encyclopedia of Genes and Genomes; DEGs, differentially expressed genes.

https://www.spandidos-publications.com/10.3892/etm.2025.13050
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Figure 4. Identification of key genes by three machine learning algorithms and evaluation of the diagnostic value of key genes. (A) Nine differentially expressed 
PRGs were obtained using LASSO regression analysis. (B) Four differentially expressed PRGs were obtained using the RF algorithm (indicated by the red 
box). (C) Four differentially expressed PRGs were obtained using the SVM‑RFE algorithm. (D) The two key genes (RIPK2 and GADD45B) were obtained 
by intersecting the results of LASSO regression, RF and SVM‑RFE. The Venn diagram showed the results of the intersection. (E and F) Receiver operating 
characteristic curves were used to assess the diagnostic efficacy of key genes (E) GADD45B and (F) RIPK2. PRGs, PANoptosis‑related genes; LASSO, least 
absolute shrinkage and selection operator; RF, random forest; SVM‑RFE, support vector machine‑recursive feature elimination; AUC, area under the curve; 
CI, confidence interval; RMSE, root mean square error.
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and KEGG enrichment analyses. The top five BPs, CCs and 
MFs were shown using a bubble diagram (Fig. 3B). The top 5 
relevant BP terms were ‘regulation of endopeptidase activity’, 
‘regulation of hemopoiesis’, ‘regulation of peptidase activity’, 
‘regulation of myeloid cell differentiation’ and ‘positive regu‑
lation of endopeptidase activity’. The top 5 relevant CC terms 
were ‘collagen‑containing extracellular matrix’, ‘secretory 
granule lumen’, ‘cytoplasmic vesicle lumen’, ‘vesicle lumen’ 
and ‘perinuclear endoplasmic reticulum’. The top 5 relevant 
MF terms were ‘RAGE receptor binding’, ‘Toll‑like receptor 
binding’, ‘long‑chain fatty acid binding’, ‘1‑phosphatidylino‑
sitol‑3‑kinase regulator activity’ and ‘phosphatidylinositol 
3‑kinase regulator activity’. The top 30 KEGG pathways are 
presented using a bar plot, and these KEGG pathways included 
‘JAK‑STAT signaling pathway’, ‘PI3K‑Akt signaling pathway’ 
and ‘HIF‑1 signaling pathway’ (Fig. 3C).

Identification of key genes and diagnostic value assess‑
ment. To further mine key genes for SCM, three machine 
learning algorithms were used to evaluate the 21 differentially 
expressed PRGs: Nine candidate key genes were screened 
by LASSO regression analysis (Fig. 4A); the RF algorithm 
identified four candidate key genes with importance scores 
>2 (Fig. 4B); and the SVM‑RFE algorithm identified four 
candidate key genes (Fig. 4C). Two key genes were identi‑
fied on the basis of the results of three algorithms (Fig. 4D), 
and these genes were GADD45B and RIPK2. These findings 

suggested that GADD45B and RIPK2 may play important 
roles in SCM. Additionally, to explore the diagnostic ability 
of these two key genes for SCM, ROC curves were plotted 
and the AUC values of GADD45B and RIPK2 were both 1.00 
(Fig. 4E and F). The results indicated that both key genes had 
superior diagnostic abilities.

External dataset validation of GADD45B and RIPK2 expres‑
sion. In the GSE79962 dataset, the levels of GADD45B and 
RIPK2 were significantly elevated in the SCM group (Fig. 5A); 
in the validation set, GADD45B with RIPK2 remained highly 
expressed in the SCM group (Fig. 5B). The aforementioned 
results were consistent and all the differences were statisti‑
cally significant. These results suggested that the expression 
of GADD45B and RIPK2 is elevated in the myocardial tissues 
of both SCM patients and SCM mice compared with their 
respective controls.

Assessment of immune cell infiltration and correlation of key 
genes with immune cells. The CIBERSORT algorithm was 
used to analyze the relative abundance of different immune 
cell types across the 31 samples in the GSE79962 dataset. 
The bar‑plot diagram shows the proportions of 22 immune 
cell types in each sample (Fig. 6A). The expression level of 
GADD45B was positively correlated with the proportions of 
naive B cells and neutrophils; conversely, the expression level 
of GADD45B was inversely related to the proportion of mast 
cells resting (Fig. 6B). The expression level of RIPK2 showed 
a positive relationship with the proportion of neutrophils 
(Fig. 6C). The findings of the immune infiltration analysis 
indicated that RIPK2 and GADD45B may be involved in 
regulating immune cell infiltration in SCM.

Single‑gene GSEA analysis of GADD45B and RIPK2. To 
further explore the possible molecular mechanisms associated 
with key PRGs in SCM, single‑gene GSEA was conducted. 
The findings indicated that pathways enriched in the high 
GADD45B expression group were predominantly ‘IL‑17 
signaling pathway’, ‘malaria’, ‘proteasome’, ‘ribosome biogen‑
esis in eukaryotes’ and ‘TNF signaling pathway’ (Fig. 7A). 
Pathways enriched in the low GADD45B expression group 
were primarily the ‘drug metabolism‑cytochrome P450’, 
‘ether lipid metabolism’, ‘Staphylococcus aureus infection’, 
‘systemic lupus erythematosus’ and ‘taurine and hypotaurine 
metabolism’ (Fig. 7B). In addition, pathways enriched in the 
high RIPK2 expression group were mainly ‘African trypano‑
somiasis’, ‘IL‑17 signaling pathway’, ‘malaria’, ‘ribosome 
biogenesis in eukaryotes’ and ‘TNF signaling pathway’ 
(Fig. 7C). On the other hand, pathways enriched in the low 
RIPK2 expression group were mainly ‘2‑oxocarboxylic 
acid metabolism’, ‘carbohydrate digestion and absorption’, 
‘gap junction’, ‘glucagon signaling pathway’ and ‘insulin 
secretion’ (Fig. 7D).

GADD45B‑ and RIPK2‑based ceRNA network and poten‑
tial therapeutic agents for SCM. To further explore gene 
functions and regulatory mechanisms, a ceRNA regulatory 
network was constructed. Eight miRNAs and 16 lncRNAs 
were found to be associated with the key genes and were 
visualized using Cytoscape (Fig. 8A). To explore potential 

Figure 5. External dataset validation of key gene expression. (A) Comparison 
of key gene expression between the control group and the SCM group in 
the GSE79962 dataset. (B) In the validation set (combined from GSE53007 
and GSE142615), the comparison of the expression of key genes between the 
control group and the SCM group. The above results were presented in box 
plots. ***P<0.001. SCM, septic cardiomyopathy.

https://www.spandidos-publications.com/10.3892/etm.2025.13050
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therapeutic agents for SCM, the DGIDB database was 
used to obtain drugs associated with the key genes; the 
results showed that 10 drugs or molecular compounds were 
related to RIPK2, whereas no drugs related to GADD45B 
were found (Fig. 8B). Among the 10 drugs or molecular 
compounds related to RIPK2, the five with the highest inter‑
action scores were OD36, SRC kinase inhibitor I, RIPK2 
inhibitor 8, GSK583 and RIPK2 inhibitor 5.

Experimental validation of GADD45B and RIPK2 expression. 
The LPS‑induced HL‑1 cell injury model was used to explore 
the expression levels of the key PRGs. As hypothesized, the 
mRNA expression levels of GADD45B and RIPK2 were 
significantly elevated in the LPS‑induced HL‑1 cell injury 
group compared with the control group (Fig. 9A and B). This 
was consistent with the previous bioinformatics analyses.

Discussion

Previously published data have shown that the prevalence of 
sepsis is increasing worldwide (46). Sepsis typically leads to 
myocardial damage and the mortality rate of septic patients 
with cardiac dysfunction is notably high. The illness compro‑
mises both the physical and mental well‑being of the patient, 

while simultaneously imposing a notable strain on families 
and society, and there are currently limited treatment options 
available for patients with SCM. Research indicates that the 
development of SCM involves various forms of cell death, 
including apoptosis, autophagy and ferroptosis (47,48). To the 
best of our knowledge, there are few studies focused on the 
role of PANoptosis, a new type of programmed cell death, and 
its association in SCM. In the present study, two key PRGs 
potentially associated with the progression of SCM were 
identified using bioinformatics analysis and machine learning 
techniques. The findings suggested that PANoptosis may be 
associated with the development of SCM.

In the present study, 157 DEGs were screened in the SCM 
group compared with the control group, and 21 differentially 
expressed PRGs were obtained by intersecting these 157 DEGs 
with PANoptosis‑related genes. The functional enrichment 
analysis indicated that the 21 differentially expressed PRGs 
were involved primarily in the ‘regulation of endopeptidase 
activity’, ‘toll‑like receptor binding’, ‘JAK‑STAT signaling 
pathway’ and ‘PI3K‑Akt signaling pathway’. According to 
previous studies, these enrichment results are strongly associ‑
ated with SCM. For instance, it has been shown that apoptosis 
and inflammation are improved by regulating JAK2/STAT6 
in an LPS‑induced myocardial injury model  (10). Another 

Figure 6. Assessment of immune cell infiltration and correlation of key genes with immune cells. (A) A bar‑plot diagram was used to show the percentage 
of 22 immune cell types in each sample. Each color represents the corresponding type of cell. (B) A lollipop plot was used to show the correlation between 
GADD45B and the 22 immune cell types. (C) A lollipop plot was used to show the correlation between RIPK2 and the 22 immune cell types. The size of the 
dots reflects the strength of the correlation. Con, control; SCM, septic cardiomyopathy; abs(cor), absolute value of correlation coefficient.
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Figure 8. Key gene‑based ceRNA regulatory networks and potential therapeutic agents. (A) Construction of ceRNA networks based on key genes. The 
ceRNA network consists of two mRNAs, eight miRs and 16 long non‑coding RNAs. (B) Potential drug prediction based on key genes. 10 drugs or molecular 
compounds related to RIPK2 were obtained from the Drug‑Gene Interaction Database. ceRNA, competitive endogenous RNA. miR, microRNA.

Figure 7. GSEA analysis of key genes. (A and B) GSEA analysis of (A) GADD45B‑up and (B) GADD45B‑down. (C and D) GSEA analysis of (C) RIPK2‑up 
and (D) RIPK2‑down. Enrichment plots were used to display the five most significantly upregulated or downregulated pathways. GSEA, gene set enrichment 
analysis.

https://www.spandidos-publications.com/10.3892/etm.2025.13050
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study demonstrated that modulation of the PI3K‑Akt signaling 
pathway can alleviate LPS‑induced cardiomyocyte apop‑
tosis (49). In addition, LASSO regression, RF and SVM‑RFE 
were used to further screen 2 key PRGs, GADD45B and 
RIPK2, involved in the pathogenesis of SCM. The AUC values 
for both key genes were 1, suggesting that both GADD45B and 
RIPK2 have high diagnostic value.

GADD45B belongs to the GADD45 family, a group that 
plays a role in regulating apoptosis and cellular prolifera‑
tion (50), and previous studies on GADD45B have focused on 
tumors, stroke and kidney injury (50‑52). In cardiovascular 
diseases, ischemia/hypoxia‑induced cardiomyocyte apop‑
tosis can be markedly attenuated by downregulation of 
GADD45B, suggesting that GADD45B plays a key role in 
cardiomyocyte apoptosis (53). Additionally, earlier research 
has reported elevated expression of GADD45B in the myocar‑
dium of diabetic mice compared with controls, with further 
increases observed in myocardial ischemia/reperfusion in 
diabetic mice (54). In the present study, the expression level 
of GADD45B was elevated in the SCM group, and it was 
also found to be elevated in the LPS‑induced cardiomyocyte 
model. However, to the best of our knowledge, no study has yet 
identified a role for GADD45B in SCM and further research is 
required to elucidate its role.

RIPK2 is a member of the RIP family, of which members of 
the family have been reported to have serine/threonine kinase 
activity; additionally, RIPK2 has tyrosine kinase activity (55). 
Previous studies have found that RIPK2 is involved mainly 
in gene transcription regulation, inflammation, autophagy and 
apoptosis (56). Current studies on RIPK2 are related mainly 
to tumors, autoimmune diseases and inflammation‑related 
diseases (57‑59), and there are fewer studies related to RIPK2 
and cardiovascular disease. One study showed that RIPK2 
knockdown ameliorated cardiac hypertrophy in pressure‑over‑
loaded mice (60); this finding highlights that RIPK2 could 
serve as a promising target for addressing myocardial hyper‑
trophy or heart failure. A different investigation revealed that 
RIPK2 deficiency in a mouse model of myocardial ischemia 
led to a notable decline in cardiac function (61); therefore, 
these findings suggest that RIPK2 is expected to be a new 
effective target in ischemic heart disease. In the present study, 

it was observed that RIPK2 expression was elevated in SCM, 
and as RIPK2 is closely related to inflammation and apoptosis, 
it was hypothesized that RIPK2 may be associated with the 
development of SCM.

An immune infiltration analysis was performed, which 
revealed that the proportion of neutrophils in the SCM group 
was notably greater than that in the control group. A previous 
study has also demonstrated marked neutrophil infiltration 
in the myocardium of SCM mice  (62). Neutrophils play 
a dual role in sepsis, and while they effectively eliminate 
pathogens, overactivated neutrophils can also exacerbate 
tissue damage (63). During sepsis, neutrophils release large 
amounts of reactive oxygen species and proteolytic enzymes, 
thereby exacerbating the inflammatory response; therefore, 
inhibiting excessive neutrophil infiltration is a potential 
therapeutic approach for SCM. Pretreatment with the ferrop‑
tosis inhibitor ferrostatin‑1 notably suppressed neutrophil 
infiltration in the myocardium and reduced the expression of 
myocardial inflammatory cytokines after cecal ligation and 
puncture in mice (64). Additionally, a correlation analysis 
was conducted between key genes and 22 types of immune 
cells, and the findings revealed a significant correlation 
between the expression of both key genes and the percentage 
of neutrophils. A more detailed exploration of the connec‑
tions between key PRGs and immune cells may be critical for 
the treatment of SCM.

To understand the related pathways and molecular functions 
of key genes, single‑gene GSEA was performed in the current 
study. The results revealed that both GADD45B and RIPK2 
show a significant correlation with the upregulation of gene sets 
related to the ‘IL‑17 signaling pathway’ and ‘TNF signaling 
pathway’. These findings are consistent with previous research; 
for instance, in a mouse model of acute pancreatitis induced 
by hypertriglyceridemia, knockdown of GADD45B markedly 
attenuated the serum levels of pro‑inflammatory cytokines IL‑6 
and TNF‑α (65). In another study, it was found that RIPK2 
knockdown could enhance the cytosolic level of IKBα, block 
p65 nuclear translocation and inhibit the expression of TNF‑α 
and IL‑17 in an ovalbumin‑induced mouse asthma model (66). 
These studies suggest that knockdown of GADD45B and 
RIPK2 can suppress the progression of certain diseases by 
inhibiting inflammation. The pathogenesis of SCM is closely 
related to excessive inflammatory responses, and in SCM, both 
the TNF‑α pathway and the IL‑17 pathway play important roles 
in the inflammatory response  (67,68), and their synergistic 
action can amplify the inflammatory reaction (69). This may 
further exacerbate the inflammatory response in cardiomyo‑
cytes; therefore, an investigation into the roles and mechanisms 
of GADD45B and RIPK2 in inflammation will facilitate the 
development of novel therapeutic approaches for SCM.

In the present study, a ceRNA regulatory network was 
constructed that comprises two mRNAs, eight miRNAs 
and 16 lncRNAs. It has been suggested that miR‑1290 may 
be associated with sepsis and associated lung injury  (70), 
whereas another study on miR‑1290 showed that increasing 
the level of miR‑1290 in cardiomyocytes reduced apoptosis 
under hypoxic conditions  (71). The ceRNA regulatory 
network provides promising targets for the treatment of SCM, 
but further experimental studies are required. Additionally, 
drugs or chemical compounds associated with key genes were 

Figure 9. Reverse transcription quantitative PCR to verify the expression 
of key PRGs. (A) Comparison of GADD45B expression in the control and 
LPS‑induced HL‑1 cell injury group. (B) Comparison of RIPK2 expression 
in the control and LPS‑induced HL‑1 cell injury group. ***P<0.001. PRGs, 
PANoptosis‑related genes; LPS, lipopolysaccharide.
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obtained through the DGIDB database. The results showed 
that there were 10 drugs or chemical compounds related to 
RIPK2, whereas no drugs or chemical compounds related to 
GADD45B were found. Among these 10 drugs or chemical 
compounds, OD36, a RIPK2 inhibitor, has been reported to 
reduce neutrophil and lymphocyte infiltration in the peritoneal 
cavity of mice with peritonitis (72). However, to the best of our 
knowledge, no studies have reported the application of OD36 
in SCM. This finding indicates that there is still notable room 
for improvement in the treatment of SCM.

To the best of our knowledge, the present study was the 
first to explore the role of PANoptosis in SCM, which provides 
a theoretical basis for subsequent related studies. However, 
there are certain limitations. First, a small sample size was 
used and more samples need to be included in subsequent 
studies. Second, it is essential to conduct both in vivo and 
in vitro experiments to confirm the function of key PRGs in 
SCM. Finally, due to the lack of complete information, it was 
not possible to compare the baseline populations between the 
SCM group and the healthy control group. In the future, it is 
the aim to explore the pathogenesis of SCM further, hoping to 
provide more options for SCM treatment.

In conclusion, in the present study, two key PRGs, RIPK2 
and GADD45B, were screened through bioinformatics and 
machine learning. Both genes demonstrated good diagnostic 
capabilities for SCM. In addition, these genes may play a 
role in SCM by regulating certain immune cells. Finally, a 
novel theoretical foundation for the treatment of SCM was 
established by constructing a ceRNA regulatory network and 
a drug‑gene interaction network.
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