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Immunogenic cell death
biomarkers for sepsis diagnosis
and mechanism via integrated
bioinformatics

Guansheng Li%*, Xiaoxing Tian?*, Enyao Wei?, Feng Zhang? & Huang Liu3**

Immunogenic cell death (ICD) has been implicated in sepsis, a condition with high mortality, through
mechanisms involving endoplasmic reticulum stress and other pathophysiological pathways. This
study aimed to identify and validate ICD-related biomarkers for sepsis diagnosis and to elucidate their
underlying mechanisms. Publicly available datasets (GSE65682, GSE95233 and GSE69528) and 57 ICD-
related genes (ICDRGs) were collected for analysis. Candidate genes were selected using differential
expression analysis and weighted gene co-expression network analysis (WGCNA). By integrating
machine learning models, receiver operating characteristic (ROC) curves, and gene expression
analysis, biomarkers for sepsis diagnosis were identified. Gene set enrichment analysis (GSEA) and
gene set variation analysis (GSVA) were conducted to explore the potential mechanisms by which the
biomarkers influence sepsis. Additionally, immune infiltration analysis, subcellular localization, and
disease association analysis were carried out. Finally, reverse transcription quantitative polymerase
chain reaction (RT-qPCR) was used to validate the expression of the biomarkers in clinical sepsis

blood samples. The biomarkers BCL2, PRF1, CXCR3, and EIF2AK3 demonstrated robust diagnostic
potential for sepsis, each exhibiting an area under the curve (AUC) exceeding 0.8 in both the GSE65682
and GSE95233 datasets. These biomarkers were significantly downregulated in sepsis and were
predominantly enriched in the ribosome. GSVA identified the top three activated pathways as B-
alanine metabolism, citrate cycle/TCA cycle, and glyoxylate and dicarboxylate metabolism, while

the most inhibited pathways included glycosphingolipid biosynthesis (lacto and neolacto series),
a-linolenic acid metabolism, and linoleic acid metabolism. Immune infiltration analysis revealed
reduced infiltration in sepsis, with CD8 +T cells showing the highest positive correlation with activated
NK cells and PRF1. Subcellular localization analysis indicated that all four biomarkers were situated on
the organelle membrane. Disease association analysis revealed correlations between these biomarkers
and conditions such as hypertension and asthma. RT-qPCR analysis confirmed that the expression
patterns of the biomarkers were consistent with the dataset findings, reinforcing the reliability and
validity of the bioinformatic analyses. This study identified four ICD-related biomarkers (BCL2, PRF1,
CXCR3, and EIF2AK3) that may help recognize early signs of sepsis, facilitate monitoring of disease
progression, and have significant potential for clinical diagnosis and therapeutic strategies in sepsis.
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Sepsis, characterized by life-threatening organ dysfunction, arises from a dysregulated host response to infection'.
Sepsis and septic shock are increasingly prevalent, posing a substantial global health challenge due to their
high morbidity and mortality rates>*. Although the implementation of the Sequential Organ Failure Assessment
(SOFA) and rapid SOFA scores has contributed to earlier diagnosis and a modest reduction in mortality, the
overall mortality rate remains alarmingly high?. The Surviving Sepsis Campaign (SSC) guidelines primarily
emphasize optimal supportive care, including hemodynamic management and the prevention of sepsis-related
complications®. However, conventional therapeutic approaches fall short in addressing the aberrant immune
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activation and uncontrolled inflammatory responses that constitute the core pathophysiological mechanism of
sepsis. Consequently, there is an urgent need to investigate the underlying pathogenesis and identify biomarkers
that can facilitate early diagnosis, targeted treatment, and prognosis evaluation.

Immunogenic cell death (ICD), a distinct subtype of regulated cell death (RCD), occurs in infected or
malignant cells, eliciting a specific immune response and generating immunological memory against antigens
from dying cells®. ICD contributes to significant tissue damage in various pathological conditions, including
sepsis’. Mechanistically, ICD is predominantly driven by endoplasmic reticulum (ER) stress®’, which acts
synergistically with reactive oxygen species (ROS) to promote the surface exposure or release of damage-
associated molecular patterns. These molecular signals stimulate immune cells to produce pro-inflammatory
cytokines and chemokines, leading to tissue inflammation and damage during sepsis'®!!. Given the complexity
of sepsis pathogenesis, ER stress emerges as a pivotal pathological process'>!?, while immune suppression
remains a hallmark of sepsis progression'. This evidence highlights the potential role of ICD in the onset and
progression of sepsis, although the precise regulatory mechanisms remain insufficiently understood and warrant
further elucidation. Critically, ICD-related genes serve as key regulators of programmed cell death mechanisms,
while potentially modulating immune homeostasis and inflammatory cascades in the pathogenesis of sepsis.
Therefore, the study of ICD-related genes may help to elucidate the mechanisms of ER stress and ROS generation
in sepsis and provide new theoretical basis and potential therapeutic targets for early diagnosis and targeted
therapy of sepsis.

This study employed differential expression analysis, weighted gene co-expression network analysis
(WGCNA), machinelearning, and other bioinformatics techniques to identify ICD-related biomarkers associated
with sepsis. To elucidate the potential mechanisms and biological functions of these biomarkers, functional
enrichment, subcellular localization, immune infiltration analysis, and regulatory network construction were
performed. The findings aim to provide novel insights and a theoretical foundation for advancing sepsis
diagnosis and therapeutic strategies.

Materials and methods

Data resource

Three sepsis datasets, GSE65682, GSE95233, and GSE69528 were retrieved from the Gene Expression Omnibus
(GEO, https://www.ncbi.nlm.nih.gov/geo) platform. The GSE65682 dataset (platform: GPL13667) comprises
whole blood samples from 760 patients with sepsis and 42 healthy donors. The GSE95233 dataset (platform:
GPL570) includes whole blood samples from 51 patients with septic shock and 22 healthy donors. And the
GSE69528 dataset (platform: GPL10558) includes whole blood samples from 83 patients with sepsis and
25 healthy donors. Detailed information on the three datasets can be found in Table S1. Additionally, 57
immunogenic cell death-related genes (ICDRGs) were obtained from public literature'® (Table S2). The flow
chart of this study is shown in Fig. S1. The codes for this study has been made available on GitHub [https://gith
ub.com/liuhu007/PCR/blob/20c8eed719e6f6d55af50a10a9ed6d89b7423b8d/Raw%20data.R].

Selection of differentially expressed genes (DEGs)

First, the data was normalized by the normalizeBetweenArrays function of the R package limma’ (Ver. 3.54.0)'6.
In the GSE65682 dataset, differential expression analysis was conducted using the R package limma’ (Ver.
3.54.0)'6, identifying DEGs between disease and control groups under the conditions of |log2fold change
(FC)|>0.5 and p-value<0.05. Multiple corrections by the Benjamini-Hochberg (BH) method. DEGs were
visualized using a volcano plot generated by the R package ‘ggplot2’ (Ver. 3.4.1)'7, and a heat map depicting
the top 10 upregulated and downregulated DEGs was produced using the R package ‘Pheatmap’ (Ver. 1.0.12)'5.
Additionally, the expression matrix from GSE65682 was read to obtain genes and samples, lowly expressed
genes were filtered out, a log transformation was performed, and PCA analysis was conducted to display the
distribution of samples. The results were visualized using ggplot2 (Version 3.5.1) and Ggforce (Version 0.4.2).

Weighted gene co-expression network analysis (WGCNA)

WGCNA was performed to identify trait-associated target genes by evaluating correlations between gene
modules and clinical traits. WGCNA was executed using the R package ‘WGCNA’ (Ver. 1.71). To assess
sample correlation in the GSE65682 dataset, clustering analysis was initially performed to detect potential
outliers. To ensure optimal consistency with a scale-free network topology, the scale-free topology model fit
(R?) was set to approximately 0.85, and the mean connectivity was leveled to 0, determining the optimal soft-
thresholding power. Based on the hybrid dynamic tree-cutting standard, genes were clustered into distinct
modules (minModuleSize=30), and highly similar modules were merged when the module dissimilarity
threshold (MEDissThres) was set to 0.3. Modules with |cor|>0.3 and p<0.05 were designated as key modules
associated with sepsis, and genes within these key modules were consolidated to identify key module genes.
Module membership was analyzed by generating a heatmap of the correlation of each gene with the module
signature genes using the R package ‘Pheatmap’ (Ver. 1.0.12). Gene significance was performed based on
modules significantly associated with sepsis (p value<0.05 and correlation coefficient>0.5) as key modules,
and the correlation of each gene with the clinical feature (sepsis) was calculated. Pivotal genes were identified by
combining module membership and gene importance.

Acquisition and functional exploration of candidate genes

Candidate genes were obtained by intersecting DEGs, key module genes, and ICDRGs using the R package
‘ggVennDiagram’ (Ver. 1.2.2)%°. To explore the biological functions and pathways associated with candidate
genes, Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG)*'~%* enrichment analyses
were performed using the R package ‘clusterProfiler’ (Ver. 4.7.1.003)** with the criterion adj.p<0.05. The
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background gene set for GO and KEGG enrichment analysis was the GSE65682 dataset. The top ten GO terms
and the top five KEGG pathways were visualized using the ‘clusterProfiler’ and 'org.Hs.eg.db’ package (Ver
3.18.0). Additionally, a protein-protein interaction (PPI) network was constructed using the Search Tool for the
Retrieval of Interacting Genes/Proteins (STRING, https://string-db.org/) database with a confidence score of 0.4
and visualized using Cytoscape software (Ver. 3.9.1)* to investigate protein-level interactions among candidate
genes.

Biomarkers screening for sepsis diagnosis

Based on the GSE65682 dataset, three machine learning (ML) models were constructed to identify feature
genes associated with sepsis. These models included random forest (RF), support vector machine (SVM), and
generalized linear model (GLM). The RF model was developed using the R package ‘randomForest’ (Ver. 4.7-
1.1)¢, support vector machine (SVM) developed by R packages ‘randomForest” (Ver. 4.7-1.1)%¢, while the SVM
model was also established using the same package. The GLM model was similarly constructed. To determine
the most accurate model, performance evaluation was conducted using the R package ‘DALEX’ (Ver. 4.4.4)7,
calculating both the standardized root mean square residual (SRMR) and root mean square error (RMSE).
The model exhibiting the lowest SRMR and RMSE was selected as the optimal model, and the genes identified
within it were considered feature genes. To evaluate the diagnostic accuracy of these feature genes in sepsis,
receiver operating characteristic (ROC) curves were generated for each gene using the pROC’ package in R
(Ver. 1.18.0)?8 for both GSE65682 and GSE95233 datasets. Genes with an area under the curve (AUC) exceeding
0.7 were classified as candidate biomarkers with significant diagnostic capability. Subsequently, gene expression
analysis of these candidate biomarkers was performed in both datasets. The Wilcoxon rank-sum test was applied
to compare the expression levels between the disease and control groups. Biomarkers demonstrating statistically
significant differential expression (p<0.05) in both datasets and consistent expression trends across the two
groups were identified as validated biomarkers. Next, the identified biomarkers were validated one more time in
the GSE69528 dataset using the same methodology. Additionally, Spearman’s correlation analysis was conducted
within the GSE65682 dataset to investigate the associations between these biomarkers (p <0.05), and correlation
heatmaps were drawn using pheatmap (Ver 1.0.12).

Functional analyses of biomarkers

To explore the functional roles of the identified biomarkers, gene set enrichment analysis (GSEA) was performed
using the ‘clusterProfiler’ package in R. Pearson’s correlation analysis was first conducted between each
biomarker and other genes in the GSE65682 dataset to calculate correlation coefficients. The genes were then
ranked according to their correlation coefficients, forming a sorted gene list for GSEA. The analysis utilized
the background gene set (c2.cp.kegg.v2023.1.Hs.symbols) obtained from the Molecular Signatures Database
(MSigDB, https://www.gsea-msigdb.org/gsea/msigdb/index.jsp) (adj.p <0.05).

To investigate pathway alterations between the sepsis and control groups, gene set variation analysis (GSVA)
was conducted using the R package ‘GSVA' (Ver. 1.46.0)%. Single-sample GSEA (ssGSEA) scores for each
pathway were calculated based on the reference gene set (C2: KEGG gene sets) from MSigDB, and differences in
ssGSEA scores between the groups were statistically analyzed (adj.p <0.05). The top five KEGG pathways with
significant enrichment differences were visualized.

To identify genes functionally related to biomarkers, a gene—gene interaction (GGI) network was constructed
using the GeneMANIA platform (http://genemania.org/). This network revealed the interactions between
biomarkers and functionally related genes.

Immunoinfiltration analysis and drug prediction
To investigate the immune microenvironment landscape in sepsis, the CIBERSORT algorithm was applied to
estimate the abundance of 22 immune cell types in the GSE65682 dataset. Samples with a p-value greater than
0.05 were excluded to ensure reliability. Differentially infiltrated immune cells between the disease and control
groups were identified using the Wilcoxon rank-sum test, with a significance threshold of p <0.05. Additionally,
correlations between the 22 immune cell types and between immune cells and biomarkers were analyzed using
Spearman’s correlation method via the ‘cor’ function, with statistical significance set at p <0.05.

To identify potential therapeutic compounds for sepsis, biomarkers were queried in the Drug-Gene Interaction
Database (DGIdb, http://dgidb.org/). Predicted drug candidates targeting the biomarkers were compiled, and
the interactions were visualized using a drug-biomarker interaction network generated by Cytoscape software.

Subcellular localization and association analysis of biomarkers with immune system or
cardiovascular diseases

Subcellular localization analysis was performed to gain insights into the functional roles of biomarkers and
their involvement in cellular processes and disease mechanisms. Biomarker protein localization within
major organelles was predicted using the UniProt database (https://www.uniprot.org/), which encompasses
comprehensive protein sequences and functional annotations.

To explore the association between biomarkers and typical immune system or cardiovascular diseases, the
Comparative Toxicogenomics Database (CTD, http://ctdbase.org/) was utilized. The strength of associations was
assessed by calculating inference scores, and the top five diseases, ranked by the highest inference scores, were
selected for presentation.

Construction of biomarker-related regulatory networks
To elucidate the regulatory mechanisms underlying biomarker expression, upstream molecules were identified
through a series of bioinformatic predictions. Initially, miRNAs targeting the biomarker were predicted using the
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Transcription Antagonizing RNA Database (taRBase, http://www.microrna.gr/tarbase). The top ten miRNAs,
selected based on the highest interaction degree and closest nodes, were subsequently utilized to predict
IncRNAs via the miRNet platform (https://www.mirnet.ca/miRNet/home.xhtml). The IncRNA-miRNA-biomar
ker regulatory network was then constructed using Cytoscape software.

Furthermore, transcription factor (TF) prediction was conducted employing databases from the National
Center for Biotechnology Information (NCBI, https://www.ncbi.nlm.nih.gov/), JASPAR (https://jaspar.elixir.no/
), and the University of California Santa Cruz (UCSC, http://genome.ucsc.edu/). Specifically, the NCBI platform
was used to extract promoter sequences, comprising 2000 bp upstream and 100 bp downstream nucleobase
regions relative to biomarkers, based on the genome hg38 assembly. Subsequently, the JASPAR and UCSC
databases were applied to predict TFs regulating biomarkers and to identify potential binding sites, respectively.

Reverse transcription-quantitative polymerase chain reaction (RT-qPCR)

To validate biomarker expression levels in clinical samples, RT-qPCR was conducted using 10 freshly collected
blood samples. A 3 ml sepsis blood sample and PBMC separation liquid were introduced into 15 ml centrifuge
tubes, followed by centrifugation at 2000 g for 20 min to isolate PBMCs. The PBMC layer was carefully
transferred to a new centrifuge tube, supplemented with PBS to a final volume of 15 ml, and the cells were
resuspended. Subsequent centrifugation at 1000 g for 10 min was performed, after which the supernatant was
discarded. TRIzol (Ambion, USA) (1 ml) was then added at room temperature for 10 min to resuspend and lyse
the cells. Chloroform (300 pl) was added, mixed vigorously for 30 s, and incubated at room temperature for
10 min to facilitate phase separation, followed by centrifugation at 12000 g and 4 °C for 15 min to stratify RNA.
The aqueous phase was combined with an equal volume of ice-cold isopropyl alcohol (Chronchem, China) and
centrifuged at 12000 g and 4 °C for 10 min to precipitate RNA. The resulting RNA pellet was washed with 1 ml
of 75% ethanol (Chronchem, China), inverted for 2 min, and centrifuged at 7500 g and 4 °C for 5 min, with the
washing process repeated twice. The RNA pellet was subsequently air-dried and dissolved in RNase-free water
(Servicebio, China), and RNA concentration was measured. Reverse transcription of mRNA was performed
using the SureScript First-Strand ¢cDNA Synthesis Kit (Servicebio, China). Reagents and solutions (Table S3)
were sequentially added on ice, followed by brief centrifugation. Reverse transcription was carried out using a
PCR apparatus (BIO-RAD, USA) under the following conditions: 25 °C for 5 min, 50 °C for 15 min, 85 °C for
5's, and hold at 4 °C. The cDNA product was diluted 5-20 times with ddH20O (RNase/DNase-free). Subsequent
qPCR was conducted following the specified reaction system (Table S4) with the CFX96 real-time quantitative
fluorescent PCR instrument (BIO-RAD, USA). Amplification involved 40 cycles comprising pre-denaturation
at 95 °C for 1 min, denaturation at 25 °C for 2 min, annealing at 55 °C for 20 s, and extension at 72 °C for 30 s.
Primer sequences (Tsingke, China) are detailed in Table S5. Amplification and melting curves were generated,
and Ct values were recorded.

Statistical analysis
Bioinformatics analyses were performed using the R software (version 4.2.2), employing the Wilcoxon rank-sum
test to assess inter-group differences, with statistical significance established at p <0.05.

Results

A total of 3983 DEGs were screened

The distribution of the samples is shown in Fig. S2A and B. Following differential expression analysis, 3983
DEGs were identified, comprising 1269 upregulated and 2716 downregulated DEGs in the disease group of the
GSE65682 dataset (Fig. 1A and B, Tables S6 and S7).

A total of 3177 key module genes were screened

Sample clustering analysis revealed an outlier (GSM1692250) within the GSE65682 dataset, which was excluded
to maintain analytical accuracy (Fig. 1C). The soft threshold was established at 9 when R? approximated 0.85 and
mean connectivity approached 0 (Fig. 1D). Gene classification yielded 40 modules by setting the minimum gene
count per module to 30, which were subsequently merged into 17 similar modules (Fig. 1E). The list of genes
corresponding to each module is shown in Table S8. Among these, the MEdarkgrey (cor=-0.58, p=1.0x 10717),
MEpaleturquoise (cor=-0.54, p=4.0x107°!), and MEmagenta (cor=0.36, p=5x1072°) modules were
identified as key modules (Fig. 1F). Integration of genes from these three modules resulted in a total of 3,177
key module genes. After calculating the correlation between each gene and the module characteristic genes,
the top 10 modules with the strongest correlations were selected, along with the most correlated gene in each
module. It was found that MBP, DHRS4, AASDHPPT, MEF2C, STXBP3, COX6C, TTC17, FCRL3, RPL14,
and LOC728622 made significant contributions to the definition of the modules (Fig. S3A). Based on the
MEdarkgrey, MEpaleturquoise, and MEmagenta modules significantly associated with sepsis, the correlation
between each gene and the clinical feature (sepsis) was calculated. The top 10 genes with the highest correlations
were KRTCAP2, MRPS18C, ZC3H15, GLYR1, DPY30, DBI, ATP5C1, KIAA1143, and ACOT13, which showed
significant relevance in clinical research on sepsis (Fig. S3B). By comprehensively considering the relationships
among module members and gene importance, 50 hub genes were identified (Table S9).

Candidate genes might influence sepsis by apoptosis and autophagy pathways

The intersection of 3,990 DEGs, 3,177 key module genes, and 57 ICDRGs yielded six candidate genes: CXCR3,
PRF1, BCL2, EIF2AK3, PPIA, and IL17RA (Fig. 2A). Functional enrichment analysis identified 91 GO terms
associated with candidate genes, including 77 biological processes (BPs), 10 cellular components (CCs), and
four molecular functions (MFs), such as the regulation of intrinsic apoptotic signaling pathway, intrinsic
apoptotic signaling pathway, and regulation of apoptotic signaling pathway (p.adjust <0.05) (Fig. 2B, Table S2).
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Fig. 1. Identification of differentially expressed genes (DEGs) and acquisition of the sepsis module genes. (A-
B) Volcano and heat maps of differential genes in diseased and normal samples in the training set (C) Sample
clustering analysis of GSE65682 dataset. (D) No-scale soft threshold distribution, the power threshold was set
at 9. (E) The constructed co-expression network was clustered into 17 gene modules. (F) Heatmap showing the
correlation of the modules and sepsis. Darkgrey, paleturquoise and magenta were selected as key modules.
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Fig. 2. Candidate genes might influence sepsis by apoptosis and autophagy pathways. (A)Venn diagram of
DEGs, key module genes and ICDRGs intersecting genes. (B) The top ten items of GO enrichment analysis.
(C) The top five pathways of KEGG enrichment analysis. (D) The PPI network of the six intersecting genes.

Additionally, candidate genes were involved in 107 KEGG pathways, notably including the apoptosis pathway
(BCL2, PRFI, EIF2AK3) as well as autophagy-animal, measles, and protein processing in the endoplasmic
reticulum (BCL2, EIF2AK3) (p.adjust <0.05) (Fig. 2C, Table S2). Integrating GO and KEGG analyses indicated
that candidate genes potentially modulate sepsis via apoptosis and autophagy pathways. The PPI network

Scientific Reports|  (2025) 15:18575

| https://doi.org/10.1038/s41598-025-03282-3

nature portfolio


http://www.nature.com/scientificreports

www.nature.com/scientificreports/

demonstrated interactions among CXCR3, PRF1, BCL2, and EIF2AK3, while PPIA and IL17RA exhibited no
interactions with other genes (Fig. 2D).

BCL2, PRF1, CXCR3, EIF2AK3, and PPIA were identified as biomarkers diagnosing sepsis
Machine learning techniques have emerged as effective strategies for gene screening. Among the three evaluated
models, the RF model exhibited the lowest SRMR and RMSE values, indicating superior predictive performance
with minimal error. Consequently, the RF model was selected as the optimal approach for identifying feature
genes (Fig. 3A). Genes obtained from the RF model were ranked using the Mean Decrease Accuracy and Mean
Decrease Gini methods, and the top five genes from both rankings were designated as feature genes: BCL2, PRF1,
CXCR3, EIF2AK3, and PPIA (Fig. 3B). ROC curve analysis demonstrated that the AUC values of BCL2, PRFI,
CXCR3, and EIF2AK3 exceeded 0.8 in both GSE65682 and GSE95233 datasets, indicating robust diagnostic
efficacy for sepsis (Fig. 3C). These genes were identified as candidate biomarkers due to their significantly reduced
expression levels in the disease groups of both datasets (Fig. 3D). In the GSE69528 dataset, BCL2, PRF1 and
CXCR3 expression levels were significantly lower in the disease group (Fig. S4). Notably, Spearman’s correlation
analysis revealed positive correlations among the four biomarkers, except between CXCR3 and EIF2AK3. The
strongest positive correlation was observed between BCL2 and EIF2AK3 (cor=0.42, p=4.21 x 10~**) (Fig. 3E).
A heat map of the correlations between biomarkers is shown in Fig. S5.

Relevant functions biomarkers were revealed

GSEA indicated that all four biomarkers were significantly enriched in the ribosome pathway. Additionally,
BCL2 and CXCR3 were implicated in primary immunodeficiency, while CXCR3 and PRF1 were associated
with graft-versus-host disease (Fig. 4A, Table S2). Subsequent GSVA revealed 29 activated pathways and 21
inhibited pathways in the disease group. The top three upregulated pathways were f-alanine metabolism, citrate
cycle/TCA cycle, and glyoxylate and dicarboxylate metabolism, while the most significantly downregulated
pathways included glycosphingolipid biosynthesis (lacto and neolacto series), a-linolenic acid metabolism,
and linoleic acid metabolism (Fig. 4B, Table S2). GeneMANIA analysis further identified functionally related
genes, highlighting EIF2AK3 and BCL2 as closely interacting with BAX via the regulation of intrinsic apoptotic
signaling pathways. Moreover, the biomarkers were linked to cellular calcium ion homeostasis and cytotoxicity
against foreign cells (Fig. 4C).

Lowly infiltrated in sepsis, CD8 +T cells exhibited the highest positive correlations with
activated NK cells and PRF1

The abundance of 22 immune cell types was visualized through a heatmap (Fig. 5A). Among the 18 differentially
infiltrated immune cells, hyperinfiltration was observed in activated dendritic cells (DCs), monocytes,
neutrophils, plasma cells, activated CD4 + memory T cells, and gamma delta (yS) T cells, whereas naive B cells,
resting DCs, MO macrophages, activated natural killer (NK) cells, resting NK cells, naive CD4 + T cells, CD8 + T
cells, and regulatory T cells (Tregs) exhibited reduced infiltration in the disease group (p<0.05) (Fig. 5B).
Correlation analysis revealed that activated mast cells had the strongest negative relationship with resting
mast cells (cor=-0.660, p<0.001), while activated NK cells demonstrated the most positive correlation with
CD8+T cells (cor=0.550, p<0.001) (Fig. 5C). Further exploration of the relationships between immune cells
and biomarkers identified PRF1 as exhibiting the strongest positive correlation with CD8+ T cells (cor=0.504,
P <0.001) and the most negative correlation with MO macrophages (cor =-0.277, p <0.001) (Fig. 5D). Drug-Gene
Interaction Database (DGIdb) analysis predicted 79 compounds associated with the identified biomarkers. The
drug-biomarker interaction network indicated that 76 compounds targeted BCL2, including CA4P, tretinoin, and
selenium. In addition, IL-2 and emapalumab-lzsg were identified as interacting with PRF1, while GSK2606414
was the sole compound targeting EIF2AK3. Notably, no compounds were predicted to target CXCR3 (Fig. 5E).

Deciphering biomarker function through subcellular localization and disease association
analysis

The subcellular localization of proteins encoded by biomarkers provides valuable insights into their functional
roles. BCL2 was localized to the mitochondrial outer membrane, nuclear membrane, endoplasmic reticulum
membrane, and cytoplasm, whereas PRF1 was detected in the cytosolic granule, secreted form, plasma
membrane, and endosomal lumen. CXCR3 and EIF2AK3 were individually localized to the cell membrane and
endoplasmic reticulum membrane, respectively (Fig. 6A). Disease association analysis identified the top five
immune system and cardiovascular diseases related to the biomarkers, with hypertension and asthma exhibiting
the strongest associations (Fig. 6B).

The expression of biomarkers was regulated by upstream molecules

To elucidate the regulatory mechanisms of biomarkers, 125 miRNAs regulating the four biomarkers were
identified using the taRBase database. Additionally, the 10 IncRNAs with the highest interaction degrees with
these miRNAs were selected to construct the IncRNA-miRNA-biomarker network (Table S2). As illustrated in
Fig. 6C, Myd88 was predicted to be regulated by hsa-mir-429, hsa-mir-155-5p, and hsa-mir-21-5p. The IncRNA
XIST was implicated in regulating hsa-mir-124-3p, potentially affecting PRF1 expression. Furthermore, TFs
modulating CXCR3 and PRF1 were identified, indicating that both biomarkers are co-regulated by FOXO1
(Fig. 6D and E). No TFs were predicted for BCL2 and EIF2AK3.

RT-qPCR results
RT-qPCR validation demonstrated that three biomarkers (PRF1, CXCR3, and EIF2AK3) exhibited significantly
reduced expression levels in sepsis samples compared to control samples, while BCL2 also displayed low
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expression in sepsis samples but without statistical significance (Fig. 7A and D). These results align with the
expression trends observed in the database, affirming the robustness and clinical relevance of the analysis results.

Discussion

Sepsis poses a significant threat to human health and remains a prevalent condition with high mortality
rates despite advancements in clinical recognition and diagnostic practices. Current therapeutic approaches
are primarily limited to organ support and fluid resuscitation, underscoring the urgent need to identify key
biomarkers to elucidate sepsis pathogenesis and mitigate mortality®. In this study, bioinformatic analysis of
patients with sepsis from the GEO database identified BCL2, PRF1, CXCR3, and EIF2AK3 as ICD-related
biomarkers. All four biomarkers exhibited significant enrichment in ribosomal pathways, and RT-qPCR
expression trends in clinical samples mirrored those observed in the datasets. These findings offer new insights
into the early diagnosis and therapeutic strategies for sepsis.

BCL2 functions as an apoptosis inhibitor and also impedes autophagy, with its protein predominantly
localized to the nuclear membrane, endoplasmic reticulum membrane, and mitochondrial outer membrane®®3!,
Autophagy has been implicated in the pathophysiological mechanisms of sepsis, and among autophagy-related
biomarkers, BCL2 demonstrates notable diagnostic potential’?. Consequently, BCL2 may attenuate sepsis
progression through the inhibition of autophagy and apoptosis. Moreover, downregulation of BCL2 has been
associated with exacerbation of LPS-induced myocardial injury in septic mice, suggesting its potential protective
role in sepsis®.

PRF1, a cytotoxic protein predominantly expressed in cytotoxic T lymphocytes (CTLs) and NK cells, is
integral to the immune response through a granule-dependent cytolytic pathway, facilitating the elimination of
infected or malignant host cells**. Evidence indicates that PRF1 expression is significantly reduced in sepsis and
positively correlates with prognosis®¢. Consistent with previous studies, both dataset analysis and RT-qPCR
validation in the current study confirmed a marked decrease in PRF1 expression in sepsis. This finding implies
that PRF1 contributes to the immune response in sepsis by enhancing pathogen clearance via CTLs and NK cells.

CXCR3, a chemokine receptor of the CXC subfamily, is predominantly expressed on the outer plasma
membrane surface of activated T cells, B cells, and NK cells, mediating targeted migration and immune responses
through receptor-ligand interactions on target cell membranes. CXCR3 plays a critical role in autoimmune
diseases, infections, and tumor immunity37’38. Previous studies have demonstrated that migration of CXCR3+T
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Fig. 5. Results of immunoinfiltration analysis and drug prediction. (A) Heatmap showing the abundance
of 22 immune cell types. (B) The boxplot shows 18 differentially infiltrated immune cells between disease

and controls. *p <0.05, **p <0.01, ***p < 0.001. (C) Heatmap showing the correlation of 22 immune cells. (D)

Heatmap showing the correlation between biomarkers and immune cells. (E) Drug-biomarker interaction
network. Red circles as k biomarkers, blue circles as indicate drugs.

lymphocytes exacerbates sepsis-related lung injury>®, while CXCR3 blockade mitigates severe lung injury by
reducing endothelial cell apoptosis*’. Moreover, CXCR3 expression on CD4 + T cells has emerged as a potential
. Functional analysis in this study identified CXCR3 involvement in primary
immunodeficiency and graft-versus-host disease, indicating its role in modulating immune responses and
apoptosis during the early stages of sepsis.

EIF2AK3, also known as protein kinase RNA-like endoplasmic reticulum kinase (PERK), is a principal eIF2a
kinase that plays a pivotal role during ER stress. Inflammatory responses that induce ER stress and disrupt
ER functional homeostasis are closely associated with sepsis progression®’. As a key gene linked to autophagy,
EIF2AK3 demonstrates diagnostic efficacy for sepsis and correlates with patient prognosis®, suggesting that

marker for early sepsis detection*!#2

EIF2AK3 may modulate sepsis progression through the regulation of ER stress and autophagy.
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Ribosomes function as essential molecular machinery for protein synthesis, underpinning cellular function
by translating mRNAs into proteins®®. In the context of sepsis, platelets have been shown to splice several pre-
mRNAs into mRNAs, which are subsequently translated into proteins on ribosomes. These pre-mRNAs are
susceptible to modulation by pathogens and bacterial products**. In this study, GSEA demonstrated that all four
biomarkers (BCL2, PRF1, CXCR3, and EIF2AK3) were significantly enriched in ribosomes, suggesting that these
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biomarkers may influence sepsis progression through ribosomal pathways. GSVA identified 29 activated and 21
inhibited pathways within the disease group. The most upregulated pathways included the B-alanine metabolism
pathway, the tricarboxylic acid (TCA) cycle, and the glyoxylate and dicarboxylate metabolism pathway. The TCA
cycle, a fundamental cellular metabolic pathway, not only plays a critical role in energy production but also exerts
non-metabolic signaling effects. Its metabolites are involved in chromatin modification, DNA methylation, and
post-translational protein modification, thereby regulating the immune response*®*’. Remodeling of the TCA
cycle and upregulation of mitochondrial genes associated with the TCA cycle have been shown to exert protective
effects against sepsis?®*®. BCL2 upregulation has been reported to maintain ROS at physiological levels without
impairing TCA metabolism®. Sepsis frequently induces skeletal muscle atrophy, with the B-alanine metabolism
pathway being significantly enriched in the gastrocnemius skeletal muscle affected by sepsis®!. Increased BCL2
expression may modulate the B-alanine pathway, potentially affecting sepsis progression®2. Additionally, the
glyoxylate and dicarboxylate metabolism pathway has been implicated in bacterial biofilm formation® and may
be involved in the pathogenesis of late-onset sepsis (LOS) in preterm infants>. Although the precise regulatory
mechanisms by which these biomarkers influence the associated pathways remain unclear, it is postulated that
PRF1 and CXCR3 may contribute to sepsis progression by enhancing the TCA cycle pathway, whereas EIF2AK3
might primarily regulate the glyoxylate and dicarboxylate metabolism pathway. Further experimental validation
is necessary to substantiate these hypotheses.

Immune infiltration analysis revealed reduced infiltration of CD8+T cells and M0 macrophages in sepsis.
Previous studies have reported a decline in CD8+T cell numbers and functional responses associated with
sepsis®. Additionally, LPS-induced MO macrophages have been shown to mitigate sepsis-induced myocardial
injury by promoting M2 macrophage polarization. The phenotype of CD8+T cells has also been identified
as a key factor in the early diagnosis of sepsis®. In the present study, PRF1 exhibited the strongest positive
correlation with CD8 + T cells and the most pronounced negative correlation with MO macrophages, suggesting
that PRF1 may influence sepsis progression by modulating immune responses mediated by CD8+T cells and
MO macrophages. Recent research on COVID-19 has highlighted the critical role of CD8 + T cells in maintaining
a balanced immune response. Notably, PRF1 mRNA expression in CD8+T cells was significantly elevated in
patients with COVID-19 compared to healthy controls on day 5°%. However, the expression dynamics of PRF1 in
sepsis remain unclear, necessitating further experimental investigation.

Drug prediction analysis identified several compounds with potential therapeutic value in sepsis. Notably,
IL-2 and emapalumab-lzsg were predicted to interact with PRFI. IL-2, a multifunctional cytokine essential
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for Treg proliferation and survival within peripheral lymphoid tissues, is pivotal for modulating inflammatory
responses and autoimmunity. Low-dose IL-2 therapy has demonstrated efficacy in treating autoimmune
diseases®®’. Emapalumab, an IFN-y-targeting monoclonal antibody, has been shown to be safe and effective
in treating haemophagocytic lymphohistiocytosis (HLH)®!. These findings suggest that targeting cytokine-
mediated pathways could represent a promising strategy for managing immune dysregulation in sepsis. Given
the involvement of multiple cytokines in immunogenic cell death, further exploration of these therapeutic
targets is warranted. In preclinical studies, animal models of sepsis can be used to further investigate the
mechanism of action of IL-2 and emapalumab-lzsg, optimise the therapeutic dose and provide data to support
subsequent clinical trials. In future clinical trials, drug prediction analyses may be used to identify patients who
are more likely to respond to IL-2 treatment and thus personalise the dose or combination regimen. In addition,
emapalumab-lzsg may have greater efficacy in patients with immune disorders and severe inflammatory
responses, and its therapeutic efficacy could be further evaluated in clinical trials.

In summary, the present study identified four ICD-related biomarkers (BCL2, PRF1, CXCR3, and EIF2AK3)
that may influence sepsis progression via apoptosis and autophagy pathways, offering novel insights and potential
strategies for sepsis diagnosis and treatment. However, this study has several limitations, primarily the lack of
validation models based on basic experimental and clinical trials, which restricts the assessment of the clinical
relevance and utility of these biomarkers. Secondly, the sample size selected for this study was limited due to time
and resource constraints, which may affect the reliability and generalisability of the results. Therefore, future
research should focus on collecting additional preclinical and clinical samples, constructing validation models,
and conducting comprehensive analyses to establish the diagnostic, therapeutic, and prognostic potential of
these biomarkers in sepsis. In addition, the analysis of immune cell infiltration may be influenced by patient
clinical characteristics, genetic background, immune status and disease type. Future studies may be able to more
accurately assess the relationship of immune cell infiltration by refining patient stratification criteria and using
multivariate regression analysis or stratified analysis methods.

Data availability
The datasets analyzed for this study can be found in the [GEO] [https://www.ncbi.nlm.nih.gov/geo/].
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