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SUMMARY

Background: Sepsis is a serious condition resulting from an uncontrolled immune response to infection, often
leading to organ dysfunction and septic shock. Current biomarkers have limitations in reflecting disease severity.
Recent advances in gene expression analysis suggest that identifying novel biomarkers could improve early diag-
nosis and intervention, potentially enhancing patient outcomes in sepsis and septic shock.

Methods: A whole blood RNA-Seq dataset was obtained from the public database, consisting of samples from sep-
sis, septic shock, and healthy control groups. Hub genes were identified using differential expression analysis and
weighted gene co-expression network analysis. Functional analysis was performed using Gene Ontology and Gene
Set Enrichment Analysis. Expression levels of each hub gene across different groups were compared. Biomarkers
were identified and predictive models for sepsis and septic shock were constructed using stepwise regression and
logistic regression. The models were validated using external datasets.

Results: Nine hub genes were identified, with expression levels showing an upward trend in sepsis and septic shock
samples. These hub genes were enriched in pathways related to the innate immune system and neutrophils. Pre-
dictive models for sepsis (with participating biomarkers ELANE, OLFM4, and MMPS8) and septic shock (with
participating biomarker COL17A1) demonstrated good diagnostic efficacy during validation.

Conclusions: This study identified biomarkers and developed predictive models for early identification of sepsis
and septic shock, which could improve patient prognosis. Further investigations are needed to understand the un-
derlying mechanisms of these biomarkers in sepsis.
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INTRODUCTION

Sepsis is a complex syndrome resulting from a dysregu-
lated immune response to infection, which can lead to
life-threatening organ damage. Uncontrolled sepsis,
characterized by the massive release of cytokines and
inflammatory mediators, may progress to septic shock -
a condition of sepsis accompanied by various abnor-
malities and an increased risk of death [1]. Currently,
septic shock and subsequent multi-organ failure are
prevalent among patients in intensive care units (ICUs).
Studies have reported that the incidence and 90-day
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mortality rates of sepsis in Chinese hospital ICUs are
approximately 20.6% and 35.3%, respectively, while
the 90-day mortality rates for patients with septic shock
can exceed 51% [2]. Despite advances in antibiotics and
therapeutic protocols improving sepsis patient prog-
nosis, current survival rates remain low. Given the sig-
nificantly higher mortality rate associated with septic
shock, preventing sepsis patients from developing septic
shock is crucial for improving sepsis survival rates.
Consequently, early diagnosis and treatment of patients
at higher risk of developing septic shock are essential
for reducing sepsis mortality.

The primary pathogenesis of sepsis involves a systemic
inflammatory response and immune dysregulation,
where excessive inflammatory mediators produced dur-
ing inflammation impair the body's immune function,
leading to multiple organ dysfunction [3]. Recent re-
search has demonstrated that both pro-inflammatory and
anti-inflammatory responses occur early in the sepsis
process [4], followed by significant alterations in non-
immune pathways such as metabolism, coagulation, and
the cardiovascular system. Due to the complexity of
sepsis pathogenic mechanisms and clinical symptoms,
screening biomarkers related to disease progression is a
valuable monitoring approach. Currently, biomarkers
commonly used to monitor sepsis include procalcitonin
(PCT) and C-reactive protein (CRP) [5]. In recent years,
additional biomarkers, such as serum cytokines, cellular
receptors, and coagulation factors, have been employed
for sepsis-related diagnosis and prognosis prediction.
However, these biomarkers may not adequately reflect
the progression and severity of sepsis in real-time and
lack potential as therapeutic targets, limiting their pre-
ventive effects on the development of sepsis into septic
shock. With advancements in microarray and RNA-Seq
technologies, emerging studies on sepsis-related bio-
markers suggest that identifying markers based on gene
expression may offer higher sensitivity and specificity.
A recent study utilizing microarray data developed a di-
agnostic and prognostic model for sepsis based on eight
autophagy-related genes [6], while another investigation
employing RNA-Seq data proposed NLRC4 as a poten-
tial therapeutic target for sepsis treatment [7]. Accord-
ing to these findings, it is feasible to screen biomarkers
for sepsis and septic shock and construct diagnostic and
predictive models based on the analysis of gene expres-
sion data from patients with sepsis and septic shock.

In this study, based on the RNA-Seq dataset of whole
blood from patients with sepsis, septic shock, and
healthy controls obtained from the public database, hub
genes were identified through a combination of differ-
ential expression analysis and weighted gene co-expres-
sion network analysis (WGCNA). Functional enrich-
ment analyses, including Gene Ontology (GO) and
Gene Set Enrichment Analysis (GSEA), were subse-
quently applied, and the expression levels of each hub
gene across different groups were compared. Stepwise
regression and logistic regression analyses were em-
ployed to identify biomarkers from the hub genes and

construct predictive models for sepsis (composed of
ELANE, OLFM4, and MMPS) and septic shock (com-
posed of COL17A1) separately. These models were val-
idated using two external RNA-Seq datasets. The ROC
curves demonstrated that both constructed prediction
models exhibited strong diagnostic performance.

MATERIALS AND METHODS

Data collection

RNA-Seq datasets were obtained from the NCBI Gene
Expression Omnibus public database (GEO). GSE1549-
18 contained RNA-Seq data annotated by GPL20301 of
whole blood sample from 24 patients with sepsis, 29
septic shock patients, and 40 healthy controls. GSE131-
411 contained RNA-Seq data of whole blood sample
from 63 septic shock patients while GSE185263 con-
tained RNA-Seq data of whole blood sample from 348
patients with sepsis, 82 severe sepsis/septic shock pa-
tients, and 44 healthy controls. Both GSE131411 and
GSE185263 were annotated by GPL16791.

Differential expression analysis

Differential expression analyses were conducted for
sepsis and healthy control samples, septic shock and
healthy control samples, as well as septic shock and
sepsis samples using the limma package in R software.
Genes with a false discovery rate (FDR) < 0.05 and a
fold change (FC) > 2 were considered as differentially
expressed genes (DEGs).

Construction of the gene co-expression network by
WGCNA

The standard deviation (SD) of each gene in the
GSE154918 dataset was calculated separately, and the
top 50% of genes with the smallest SD were eliminated.
Outlier genes and samples were removed using the
goodSamplesGenes function of the WGCNA package
in R software. A scale-free co-expression network based
on the GSE154918 dataset was then constructed using
the WGCNA package. The correlation coefficient be-
tween each gene pair was calculated to create an adja-
cency matrix, which was subsequently transformed into
a topological overlap matrix (TOM) to further verify
network connectivity. To classify genes with similar ex-
pression profiles into gene modules, average linkage
hierarchical clustering was conducted based on the
TOM-derived dissimilarity measure, with a minimum
cluster size (gene group) of 50 for the gene dendrogram.
The module with the highest absolute value of the cor-
relation coefficient was identified as the key module.

Identification of hub genes and GO analysis

The intersection of DEGs from sepsis and healthy con-
trol samples, septic shock and healthy control samples,
septic shock and sepsis samples, and genes from the key
module of WGCNA was obtained using the jvenn tool.
Genes in the intersection were considered as hub genes.
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Figure 1. Volcano plot showing DEGs and heatmap of the top 30 DEGs of A: sepsis and healthy control samples,

shock and healthy control samples, C: septic shock and sepsis samples.
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Figure 2. Results of the WGCNA. A: Cluster dendrogram of genes. B: Correlations between different modules and phenotypes.
C: Correlation of module membership and gene significance for septic shock in the dark gray module.

Functional enrichment analysis on hub genes was then
performed using the clusterProfiler package, based on
the GO annotations in the org.Hs.eg.db package. GO
terms with an FDR < 0.01 were considered statistically
significant.

Expression difference and GSEA of each hub gene

To further elucidate the role of each gene in the devel-
opment of sepsis, expression differences of each hub
gene among healthy control, sepsis, and septic shock

samples were visualized using violin plots. GSEA of
each hub gene was performed via GSEA software (ver-
sion 3.0) based on Reactome subset downloaded from
the Molecular Signatures Database (http://www.gsea-
msigdb.org/gsea/downloads.jsp), in order to further in-
vestigate their functions. The GSE154918 dataset was
divided into two groups based on median values of hub
gene expression, and pathways with a nominal p-value
< 0.05 and [NES| > 1 were considered statistically signi-
ficant.
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Figure 3. Hub genes and GO analysis. A: 9 hub genes screened by taking the intersections of 3 groups of DEGs and genes in
dark gray module of the WGCNA. B: Biological processes of GO terms in which the hub genes were highly enriched.

Identification of biomarkers, construction of predic-
tive models, and validation

Stepwise regression analysis was performed on sepsis
and healthy control samples of GSE154918 to eliminate
hub genes that were not significant for sepsis prediction,
while retaining the significant hub genes as sepsis bio-
markers. The same analysis was also performed on sep-
tic shock and sepsis samples, and biomarkers for differ-
entiating septic shock from sepsis were obtained. Based
on the two groups of biomarkers, logistic regression
models for sepsis and septic shock were constructed.
The diagnostic efficacy of these two models was then
evaluated using receiver operating characteristic curves
(ROCs). The constructed models were further validated
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with GSE131411 and GSE185263 datasets. The ana-
lyses mentioned above were performed using the "stats"
and "pROC" packages in R software.

RESULTS

Screening of DEGs

Based on the RNA-Seq data from the GSE154918 data-
set, a total of 686 DEGs were identified in the differen-
tial expression analysis between sepsis and healthy con-
trol samples, while 1183 DEGs were identified in the
analysis comparing septic shock with healthy control
samples. In the analysis of septic shock versus sepsis
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Figure 4. Expression of the 9 hub genes in samples of health control, sepsis, and septic shock, respectively.

samples, 40 DEGs were screened. These DEGs were
visualized using volcano plots for each differential ex-
pression analysis and heatmaps were created for the top
30 DEGs of each analysis (Figures 1).

Gene co-expression network construction and key
module selection

A total of 9,053 genes were screened for WGCNA anal-
ysis, and no samples were removed. The soft threshold
power was chosen to be 14, with scale independence
reaching 0.86 and an average connection value of 36.42.

After setting the cut height to 0.30 and the minimum
module size to 50, 12 co-expression modules were ulti-
mately identified (Figure 2A). Correlations between
modules and phenotypes of different groups were then
analyzed (Figure 2B). The dark gray module, containing
87 genes, exhibited the highest positive correlation with
septic shock (r = 0.68, p = 6.4e-14) and was selected for
further analysis. Additional correlation analysis between
gene significance for septic shock and module member-
ship in the dark gray module, as shown in the dot plot
(Figure 2C), indicated that these genes were closely cor-
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Figure 5. GSEA revealed the enriched pathways of the 9 hub genes.
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Figure 6. ROC curves and corresponding AUC values for the predictive models. A: The model for sepsis based on GSE154918.
B: The model for septic shock based on GSE154918. C: Validation of the model for sepsis with GSE131411 and GSE185263.
D: Validation of the model for septic shock with GSE131411 and GSE185263.

related with both the phenotype of the group and the
module (r=0.62, p=2.1e-10).

Identification and GO analysis of hub genes

Nine hub genes were identified by taking the intersec-
tions of DEGs of sepsis and healthy control samples,
septic shock and healthy control samples, septic shock
and sepsis samples, and genes in the dark gray module
identified via WGCNA (Figure 3A). Subsequent GO
analysis of the hub genes revealed that 8 of them were
highly enriched in biological processes related to de-
granulation and activation of different types of leuko-
cytes involved in immune response, including myeloid
leukocytes, granulocytes and neutrophils (Figure 3B).

Expression difference and GSEA of each hub gene
To further investigate the potential role of each hub
gene in the development of sepsis, the expression levels
of the nine hub genes across the three groups were visu-
alized using violin plots (Figure 4). In conjunction with
previous findings, the expression differences of hub
genes among the groups were significant, exhibiting a
gradient increase in expression levels from healthy con-
trol to sepsis and septic shock samples. GSEA of each
hub gene based on Reactome subset revealed that all the
hub genes were involved in pathways related to the in-
nate immune system and neutrophil degranulation. Ad-
ditionally, some of the hub genes were associated with
detoxification of reactive oxygen species (ROS) and hy-
aluronan (hyaluronic acid, HA) metabolism (Figure 5).
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Biomarkers, predictive models, and validation
Stepwise regression analysis was conducted on sepsis
and healthy control samples from the GSE154918 data-
set. MMPS8, ELANE, and OLFM4 were found to be sig-
nificant for sepsis prediction and were considered as
sepsis biomarkers. Subsequent analysis on septic shock
and sepsis samples revealed that COL17A1 could serve
as a single biomarker for differentiating septic shock
from sepsis. Logistic regression models for sepsis and
septic shock based on these biomarkers were construct-
ed, yielding AUCs of 0.97 and 0.84, respectively (Fig-
ure 6A, B). Further validation of the constructed models
using samples from the GSE131411 and GSE185263
datasets demonstrated good diagnostic performance,
with AUCs of 0.83 and 0.81, respectively (Figures 6C,
D). These results underscore the significance and reli-
ability of the identified biomarkers and the constructed
models for diagnosing sepsis and differentiating septic
shock from sepsis.

DISCUSSION

According to a recent study, approximately 48.9 million
cases of sepsis occurred globally in 2017, with 11 mil-
lion sepsis-related deaths, and the incidence of sepsis
continues to exhibit an upward trend [8]. Septic shock,
as a severe condition of sepsis with underlying cellular
or metabolic abnormalities, is associated with even
higher survival risk [2]. Early identification and treat-
ment are essential to improve the prognosis of patients
with sepsis. In this study, in order to identify proper
biomarkers and construct predictive models, the hub
genes in peripheral blood of patients with sepsis and
septic shock were firstly screened through differential
expression analysis and WGCNA of RNA-Seq data fol-
lowed by the identification of their enriched functional
pathways.

The expression levels of all nine hub genes in sepsis
and septic shock samples displayed a gradient upward
trend, and GSEA results demonstrated that they were all
enriched in pathways related to the innate immune sys-
tem and neutrophils. Immune cells play a pivotal role in
the immune response. During sepsis, circulating im-
mune cells including neutrophils and macrophages are
recruited to eliminate pathogens and infected cells, rap-
idly activating the innate immune system [9]. Neutro-
phils, members of the myeloid leukocyte family, consti-
tute over 50% of circulating leukocytes and play a cru-
cial role in the body's defense against infection [10]. As
the primary innate immune cells, neutrophils exhibit
multiple effector functions, including phagocytosis, de-
granulation, and the release of extracellular traps. The
massive release of active neutrophil mediators and pro-
teolytic enzymes can lead to extensive tissue damage
while eradicating pathogens. Due to the adhesion and
infiltration of neutrophils, the function of endothelial
cells is also affected, and the activation of circulating
coagulation factors leads to extensive microvascular
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thrombosis [11]. These factors further exacerbate tissue
hypoxia and organ dysfunction, potentially resulting in
septic shock or multiple organ failure. Additionally,
neutrophil-produced reactive oxygen species (ROS)
play a pivotal role in organ dysfunction caused by sep-
sis [12]. In this study, GSEA results of hub genes also
indicated their involvement in ROS metabolic process-
es. It has been reported that ROS released by the nico-
tinamide adenine dinucleotide phosphate oxidases
(NOX) in neutrophils can form neutrophil trapping nets
(NETs) by activating granzymes and stimulate TNF-a
and macrophage inflammatory protein 2 (MIP-2) to en-
hance the antibacterial response of neutrophils [13].
Wang’s study also found that the continuous production
of ROS by neutrophils is related to septic cardiomyo-
pathy, resulting the poorer prognosis of patients with
sepsis [14]. Macrophages are also crucial components
involved in the innate immune response. They perceive
various toxins and pathogens through the pattern recog-
nition receptors (PRR) on the cell membrane surface
and participate in immune regulation through TLR4,
MyDS88, and NF-«kB signaling pathways. Pathogens
stimulate macrophages to produce excessive and sus-
tained inflammatory responses that damage tissues and
cause a series of cascade effects, resulting in adverse
consequences for the body [15]. Research has shown
that the continuous production of ROS in macrophages
in septic animal models can lead to organ damage and
increased inflammatory response [16]. Furthermore,
another study demonstrated that macrophage-derived
exosomes can mediate cellular damage in a state of tis-
sue inflammation during sepsis [17].

The prediction model for sepsis consists of MMPS,
ELANE, and OLFM4. MMPS is an important inflam-
matory mediator that mediates leukocyte adhesion and
was first discovered in neutrophils [18]. In line with the
results of this study, previous studies also found high
expression of MMP8 in the serum of patients with sep-
tic shock [19]. Research has reported that MMPS plays
a role in the development of sepsis through the p38-
MAPK and ERK phosphorylation pathways [20]. Phos-
phorylation signals following activation of the p38-
MAPK and ERK pathways are critical in neutrophil ac-
tivation and functions such as phagocytosis, degranula-
tion, and ROS generation [21]. Moreover, these pro-
cesses also activate NF-kB transcription factors, en-
hancing the transcription of specific inflammation-relat-
ed genes. ELANE encodes neutrophil elastase (NE),
which is crucial in innate immunity including microbial
defense. NE is one of the major causes of tissue destruc-
tion during inflammatory disorders and has been report-
ed as a therapeutic target for inflammatory disease [22].
It has been documented that under pathological condi-
tions, NE, as one of the components of NETs, is re-
leased uncontrollably during septic shock and has been
proven to participate in promoting fibrinogenesis [23].
A study revealed that inhibition of NE synthesis can
significantly improve the survival rate of septic rats
[24], indicating the potential of ELANE as an important
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therapeutic target for septic shock. In fact, recent studies
have reported that ELANE is an essential signature re-
lated to the severity (SOFA score) and prognosis of sep-
sis patients [25,26]. OLFM4 is primarily expressed in
neutrophils and plays key roles in innate immunity, in-
flammation, and carcinogenesis, promoting leukocyte-
mediated migration, neutrophil activation, and degranu-
lation. A study has shown that higher expression of
OLFM4 in blood samples and a higher percentage of
OLFM4+ neutrophils are associated with worse out-
comes in patients with sepsis and septic shock [27].
Therefore, OLFM4 may be an indicator of a pathogenic
neutrophil subset in patients with septic shock. OLFM4
is also a target gene of the NF-kB pathway and re-
sponds to a variety of microbial infections and is over-
expressed during bacterial infections. A recent microar-
ray analysis based on whole-blood samples found that
OLFM4, as well as MMPS, were upregulated in septic
shock patients [28]. Furthermore, OLFM4 expression
pattern was shown to be a better biomarker than PCT
and CRP [19]. Thus, OLFM4 shows potential as an
ideal biomarker for the diagnosis and treatment of septic
shock.

COL17A1, known to be a prognostic factor and overex-
pressed in several malignancies, as well as involved in
cell proliferation and invasion [29], is the only compo-
nent of the predictive model for septic shock. It has also
been reported that COL17A1 is one of the components
of activating the NF-xB pathway and participates in the
immune process of infection [30]. COL17, also known
as BP180, is a transmembrane protein encoded by
COL17A1. Similar to the results of this analysis, previ-
ous studies have shown that COL17 mediates the de-
granulation of neutrophils and the metabolic process of
ROS by participating in p38MAPK and ERK pathways
[31]. Additionally, COL17 can be targeted by various
proteases, including MMPs and NE [32], which are also
involved in the predictive model for sepsis in this study.
The above studies demonstrate that the identified bio-
markers are involved in immune-related pathways in the
development of sepsis and are associated with neutro-
phil-related processes, which is consistent with the re-
sults of this study. The prediction models based on
these biomarkers have also been verified to have high
diagnostic efficiency, providing a theoretical basis for
subsequent research. However, due to the limited
amount of data and the characteristics of transcrip-
tomics, further molecular biology experiments are still
needed to elucidate and confirm the pathogenic mecha-
nisms of these biomarkers in sepsis.

CONCLUSION

In this study, 9 hub genes in whole blood samples of
sepsis and septic shock patients were identified through
the integration of differential expression analysis and
WGCNA. The expression levels of all 9 hub genes in
sepsis and septic shock samples exhibited a gradient up-
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ward trend, and GSEA results indicated that they were
all enriched in pathways related to the innate immune
system and neutrophils. Predictive models for sepsis
(participating biomarkers: ELANE, OLFM4, and MM-
P8) and septic shock (participating biomarker: COL-
17A1) were constructed via stepwise regression and
logistic regression analyses and were validated to pos-
sess good diagnostic efficacy. Nevertheless, due to the
limited amount of data and the characteristics of tran-
scriptomics, further experiments are still needed to elu-
cidate and confirm the pathogenic mechanism of these
biomarkers in sepsis.
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