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Abstract: Due to the low specificity and sensitivity of biomarkers in sepsis diagnostics, the prognosis of sepsis patient outcomes
still relies on the assessment of clinical symptoms. Inflammatory response is crucial to sepsis onset and progression; however,
the significance of inflammatory response-related genes (IRRGs) in sepsis prognosis is uncertain. This study developed an
IRRG-based signature for sepsis prognosis and immunological function. The Gene Expression Omnibus (GEO) database was
retrieved for two sepsis microarray datasets, GSE64457 and GSE69528, followed by gene set enrichment analysis (GSEA)
comparing sepsis and healthy samples. A predictive signature for IRRGs was created using least absolute shrinkage and selection
operator (LASSO). To confirm the efficacy and reliability of the new prognostic signature, Cox regression, Kaplan-Meier (K-M)
survival, and receiver operating characteristic (ROC) curve analyses were performed. Subsequently, we employed the GSE95233
dataset to independently validate the prognostic signature. A single-sample GSEA (ssGSEA) was conducted to quantify the
immune cell enrichment score and immune-related pathway activity. We found that more gene sets were enriched in the
inflammatory response in sepsis patient samples than in healthy patient samples, as determined by GSEA. The signature of nine
IRRGs permitted the patients to be classified into two risk categories. Patients in the low-risk group showed significantly
better 28-d survival than those in the high-risk group. ROC curve analysis corroborated the predictive capacity of the signature,
with the area under the curve (AUC) for 28-d survival reaching 0.866. Meanwhile, the ssGSEA showed that the two risk groups
had different immune states. The validation set and external dataset showed that the signature was clinically predictive. In
conclusion, a signature consisting of nine IRRGs can be utilized to predict prognosis and influence the immunological status of
sepsis patients. Thus, intervention based on these IRRGs may become a therapeutic option in the future.
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1 Introduction

Sepsis comprises a series of aberrant body reac-
tions induced by infection, resulting in life-threatening
organ damage with a high fatality and disability rate
(Rhodes et al., 2017). Due to its quick progression
and grave prognosis, sepsis has become one of the
most prevalent acute and critical diseases among pa-
tients undergoing major surgery or suffering burns
(Fleischmann-Struzek et al., 2020; Evans et al., 2021).
Despite the ongoing advancement of comprehensive
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treatment methods such as early fluid resuscitation and
organ function support therapy, sepsis remains one of
the leading causes of death in intensive care units
(ICUs) (Gotts and Matthay, 2016). It is predicted to
affect at least 48.9 million people annually, with a death
rate of up to 30% (Fleischmann et al., 2016; Rhee et al.,
2017; Markwart et al., 2020). The Surviving Sepsis
Campaign (SSC) has emphasized that the early diag-
nosis and prompt treatment of sepsis are crucial for
improving prognosis (Levy et al., 2018). In light of
these facts, there is a significant need in clinical prac-
tice for an efficient prognostic biomarker that is able to
reliably predict the clinical prognosis of sepsis patients.
The onset and progression of sepsis are compli-
cated processes that frequently involve the pathophys-
iological alterations of a number of organs and body
systems. It is believed that sepsis is a sickness that
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goes through two phases and has a close connection
with the inflammatory response. The early phase of
hyperinflammation, also called “cytokine storm,” is
characterized by the excessive production of inflam-
matory chemicals by the innate immune system, which
may or may not result in tissue necrosis (Bosmann
and Ward, 2013; Delano and Ward, 2016). Shortly after
this exaggerated inflammation response, the immune
system dampens, resulting in a state of hypoinflam-
mation. In this condition, both lymphoid and my-
eloid cells of the immune system become exhausted
and go through apoptosis, leaving individuals im-
munocompromised (van der Poll et al., 2017; Silwal
et al., 2020). Multiple studies have sought to inte-
grate pro-inflammatory and anti-inflammatory markers,
which is the most likely strategy to succeed in pre-
dicting sepsis patients’ disease progression (Andaluz-
Ojeda et al., 2012; Reinhart et al., 2012). However,
these indicators are not reliable as predictive tools
for sepsis patients because they lack both specificity
and sensitivity.

With the rapid advancement of high-throughput
sequencing and gene chip technology, genomics, tran-
scriptomics, and proteomics have been progressively
used for illness research (Bauer et al., 2009). Similarly,
bioinformatics and machine learning analysis ap-
proaches have been widely employed in the analysis
of illness gene expression profiles, the identification
of specific molecular markers, and the development
of clinical prognostic prediction models (Cuocolo et al.,
2020; Zhong et al., 2021). In light of these method-
ologies, certain inflammatory response-related genes,
also known as IRRGs, have been utilized to predict the
prognosis of metastatic disease (Ju et al., 2021; Xiao
et al., 2021). On the other hand, the IRRG signature
has not been used to date to predict the consequences
of sepsis. As a result, we set out to create and validate
an IRRG signature to provide a reliable prognosis
prediction for sepsis patients, as well as to describe
the immunological status of sepsis patients character-
ized by a varying prognostic risk.

For the purpose of this investigation, we firstly
accessed the Gene Expression Omnibus (GEO) data-
base to obtain the gene expression profile and accom-
panying clinical data of patients suffering from sepsis.
Then, we created a prognostic signature using the
IRRGs from the training cohort, and validated the sta-
bility and reliability of the model using the validation

cohort. Finally, we looked at the disparities in immu-
nological state that existed between the two different
risk groups.

2 Materials and methods
2.1 Data collection

The RNA-sequencing (RNA-seq) data were ac-
quired from the GEO database (https://www.ncbi.nlm.
nih. gov/geo) (Barrett et al., 2013). Two sepsis micro-
array datasets, GSE64457 (Demaret et al., 2015) and
GSE69528 (Pankla et al., 2009), were acquired from
GEO. Another two datasets, GSE65682 (Scicluna
et al., 2015) and GSE95233 (Venet et al., 2017), were
also retrieved from GEO. GSE64457 contained 23
samples including healthy controls (n=8) and sepsis
patients (n=15). GSE69528 contained 138 samples in-
cluding healthy controls (n=55) and sepsis patients
(n=83). After excluding 324 healthy controls and sep-
sis samples that lacked information on 28-d survival,
GSE65682 was chosen for further investigation to
screen 478 sepsis patients. GSE95233 was used as an
external validation set with 28-d survival information
of 51 patients with sepsis. All the above sepsis pa-
tients met the diagnostic criteria (Singer et al., 2016).

2.2 Gene set enrichment analysis (GSEA)

GSEA (http://software. broadinstitute. org/gsea) was
used to compare molecular pathways and processes
between healthy controls and sepsis patients (Subra-
manian et al., 2005). With an adjusted P value less
than 0.05, enriched gene sets were considered statisti-
cally significant.

2.3 Identification of IRRGs

The “genes defining inflammatory response” gene
sets in the Molecular Signatures Database (MSigDB)
(http://www.gsea-msigdb.org) were scoured for the
IRRGs, which were then extracted for analysis (Liber-
zon et al., 2015).

2.4 Development and validation of a prognostic
IRRG signature

Patients suffering from sepsis were randomly di-
vided into two groups: training group (n=240) and
validation group (n=238). First, univariate Cox re-
gressions were used to investigate the relationships
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between IRRGs and 28-d survival in the training set.
This was performed to determine whether or not
there was a significant relationship between the
two variables. Second, prognostic IRRGs were dis-
covered by applying least absolute shrinkage and
selection operator (LASSO) Cox regression, which
eliminated multicollinearity and decreased the number
of prognostic IRRGs (Scicluna et al., 2015). LASSO
was then used to exclude any variables from the model
that had a regression coefficient equal to zero after
the shrinkage phase had been completed. A tuning pa-
rameter known as lambda (1) is responsible for deter-
mining the amount of shrinkage; for this parameter,
higher values indicate a greater amount of shrinkage.
Using 10-fold cross-validation, an ideal was chosen
when the partial likelihood deviation was the smallest.
Third, we utilized multivariate Cox regression analy-
sis to find predictive IRRGs and generated an IRRG
signature for sepsis prognosis by utilizing the Akaike
information criterion (AIC) with the lowest value.
The following equation was used to obtain the risk
score: risk score=f gene (1)<EXP gene (1)+f gene (2)x
EXP gene (2)+:--+f gene (n) xEXP gene (n), with
EXP gene reflecting the expression level of the dis-
covered IRRGs adjusted by the Z-score, and f repre-
senting the coefficient of that specific IRRG in the
prior multivariate Cox regression analysis. Based on
their risk score, patients with sepsis in the training
and validation sets were classified as low-risk or high-
risk. Using the “survival” R package, Kaplan-Meier
(K-M) analysis was employed to compare 28-d sur-
vival between the low- and high-risk groups (Rich
et al., 2010). The “pROC” R package was utilized to
evaluate the reliability of the signature (Robin et al.,
2011).

2.5 Comparison of immune status of sepsis patients
from different risk groups

Using single-sample GSEA (ssGSEA), we com-
pared the enrichment scores of immune cells and the
activity of immune-related pathways across the low- and
high-risk groups. The “gsva” R package (Hanzelmann
et al., 2013) was used for this task, and P<0.05 was
considered statistically significant.

2.6 Statistical analysis

In order to distinguish IRRGs linked with prog-
nosis, LASSO-Cox regression analysis was utilized.

K-M analysis and the log-rank test were used to com-
pare survival between the low- and high-risk groups.
The Mann-Whitney test was used to compare ssGSEA
scores of immune cells or pathways between the low-
and high-risk groups, while adjusting the P values with
the Benjamini-Hochberg (B-H) procedure. The pre-
dictive accuracy of the prognostic prediction signa-
ture was assessed by receiver operating characteristic
(ROC) curve analysis. All of these tasks necessitated
using version 4.1 of the R programming language. A
double-tailed P value less than 0.05 was considered
statistically significant.

3 Results

Fig. 1 depicted the flowchart of the investigation.
The relevant clinical data of the modeling dataset were
presented in Table S1.

3.1 GSEA

The inflammatory response (normalized enrich-
ment score (NES)=1.928, adjusted P<0.05) and regu-
lation of inflammatory response (NES=1.822, adjusted
P<0.05) were considerably enriched in sepsis patients
(Fig. 2).

3.2 Identification of prognostic IRRGs

The MSigDB had 200 IRRGs, which were listed
in Table S2. First, we identified 44 IRRGs that were
associated with 28-d survival and had prognostic
significance (P<0.05; Fig. 3, Table S3). Second,
LASSO-Cox regression analysis was employed to re-
duce multicollinearity and limit the number of IRRGs
to 19 (P<0.05; Figs. 4a and 4b, Table S4). Fig. 4c is a
visual representation of the correlation between
these IRRGs.

3.3 Development of prognostic IRRG signature

The clinical prognosis prediction model of sepsis
was created using nine IRRGs (CCL22, CX3CLI,
CXCRG6, FFAR2, FPRI1, HBEGF, ITGA5, RGS16, and
SELL) by multivariate Cox regression analysis and
the principle of minimum AIC (Fig. 5, Table 1).
The following risk scoring formula was obtained
through gene expression and regression coefficient in
the model: risk score=1.059xCCL22+1.227xCX3CLI1+
0.460xCXCR6-0.789%FFAR2+2.743x FPR1+0.411x
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Fig. 1 Flowchart of this study. RNA-seq: RNA-sequencing; GEO: Gene Expression Omnibus; GSEA: gene set enrichment
analysis; LASSO: least absolute shrinkage and selection operator; ROC: receiver operating characteristic; ssGSEA:

single-sample GSEA.
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Fig. 2 Enrichment plots from GSEA between normal controls and sepsis samples. GSEA: gene set enrichment analysis;
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Fig. 3 Identification of the candidate 44 IRRGs associated with 28-d survival in sepsis patients. IGGRs: inflammatory

response-related genes.

HBEGF-0.915xITGA5+0.565%xRGS16-1.733xSELL
(AIC=581.29, consistency index=0.73; Table S5). Pa-
tients in the training set were separated into low-risk
(n=120) and high-risk (n=120) groups based on the
median patient risk score critical value (Figs. 6a and
6b). The heatmap depicted the nine IRRG expression
profiles of each sepsis patient (Fig. 6¢). The K-M
curve analysis revealed that the low-risk group had
considerably higher 28-d survival than the high-risk
group (P<0.05; Fig. 6d). The area under curve (AUC)
of the ROC of the risk score signature to predict
28-d survival in sepsis patients was 0.866 (P<0.05;
Fig. 6e).

3.4 Validation of prognostic signature of IRRGs

Patients in the validation set were divided into
low-risk (n=117) and high-risk (»=121) groups based
on the same risk score as in the training set (Figs. 7a
and 7b). The heatmap showed nine IRRG expression
profiles of each patient with sepsis in the validation
set (Fig. 7¢). K-M curve analysis also indicated that
the 28-d survival of the low-risk group was signifi-
cantly higher than that of the high-risk group in the
validation set (P<0.05; Fig. 7d). The AUC of signa-
ture to predict 28-d survival in sepsis patients by risk
score was 0.858 in the validation set (P<0.05; Fig. 7e).
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Table 1 Construction of prognostic signatures in patients with sepsis

. . .. Value of Akaike
Signature Combination of prognostic signature . . .
information criterion
1 CXCR6+ADORA2B+INHBA+PROK2+CSF3+TAPBP+STABI1+CD70+IRF1+CD14+IRF7 607.33
2 CXCR6+FPRI+ADORA2B+INHBA+PROK2+CSF3+TAPBP+STABI+CD70+IRF1+CDI14+IRF7 588.36
3 CXCR6+FFAR2+FPRI1+ADORA2B+INHBA+PROK2+CSF3+TAPBP+STAB1+CD70+IRF 1+ 587.88
CDI4+IRF7
4 CXCRO6+FFAR2+FPRI+SELL+ADORA2B+INHBA+PROK2+CSF3+TAPBP+STABI+CD70+ 585.93
IRFI+CDI4+IRF7
5 CXCRO6+FFAR2+FPRI+RGS16+SELL+ADORA2B+INHBA+PROK2+CSF3+TAPBP+STAB 1+ 585.90
CD70+IRF1+CDI4+IRF7
6 CCL22+FFAR2+FPRI+RGS16+SELL+ADORA2B+INHBA+PROK2+CSF3+TAPBP+STABI+ 584.54
CD70+IRF1+CDI4+IRF7
7 CCL22+CXCR6+FFAR2+FPRI+RGS16+SELL+ADORA2B+INHBA+PROK2+CSF3+TAPBP+ 584.33
STABI+CD70+IRFI1+CDI14+IRF7
8 CCL22+CXCR6+FFAR2+FPRI+HBEGF+RGS16+SELL+ADORA2B+INHBA+PROK2+CSF3+ 583.61
TAPBP+STABI+CD70+IRF1+CDI14+IRF7
9 CCL22+CXCR6+FFAR2+FPRI+HBEGF+ITGA5+RGS16+SELL+ADORA2B+INHBA+PROK2+ 583.29
CSF3+TAPBP+STABI+CD70+IRF1+CD14+IRF7
10 CCL22+CXCR6+FFAR2+FPRI+HBEGF+ITGA5S+RGS16+SELL+ADORA2B+INHBA+PROK2+ 583.26
CSF3+TAPBP+STABI+CD70+IRFI1+CD14
11 CCL22+CXCR6+FFAR2+FPRI+HBEGF+ITGA5+RGS16+SELL+ADORA2B+INHBA+PROK2+ 583.16
CSF3+TAPBP+STABI+CD70+IRF1
12 CCL22+CXCR6+FFAR2+FPRI+HBEGF+ITGA5S+RGS16+SELL+ADORA2B+INHBA+PROK2+ 583.14
CSF3+TAPBP+STABI+CD70
13 CCL22+CXCR6+FFAR2+FPRI+HBEGF+ITGA5S+RGS16+SELL+ADORA2B+INHBA+PROK2+ 582.54
CSF3+TAPBP+STABI
14 CCL22+CX3CLI+CXCR6+FFAR2+FPRI+HBEGF+ITGA5+RGS16+SELL+ADORA2B+ 582.36
INHBA+PROK2+CSF3+TAPBP+STAB1
15 CCL22+CX3CLI+CXCR6+FFAR2+FPRI+HBEGF+ITGA5+RGS16+SELL+ADORA2B+ 582.32
INHBA+PROK2+CSF3+TAPBP
16 CCL22+CX3CLI+CXCR6+FFAR2+FPRI+HBEGF+ITGA5+RGS16+SELL+ADORA2B+ 582.24
INHBA+PROK2+CSF3
17 CCL22+CX3CLI+CXCR6+FFAR2+FPRI+HBEGF+ITGA5+RGS16+SELL+ADORA2B+ 581.82
INHBA+PROK?2
18 CCL22+CX3CLI1+CXCR6+FFAR2+FPRI+HBEGF+ITGA5+RGS16+SELL+ADORA2B+INHBA 581.60
19 CCL22+CX3CLI+CXCR6+FFAR2+FPRI+HBEGF+ITGA5+RGS16+SELL+ADORA2B 581.48
20 CCL22+CX3CLI1+CXCR6+FFAR2+FPRI+HBEGF+ITGA5+RGS16+SELL 581.29

The verification of the external dataset showed that
the 28-d survival of the low-risk group was signifi-
cantly higher than that of the high-risk group (P<0.05;
Fig. 8a), and the AUC of signature to predict 28-d sur-
vival in sepsis patients by risk score was 0.813 (P<
0.05; Fig. 8b).

3.5 Comparison of immune status of sepsis patients
from different risk groups

We next investigated the immune cell enrich-
ment scores using the ssGSEA results. Patients with
sepsis in the high-risk group had higher enrichment
scores of dendritic cells (DCs) and immature DCs
(iDCs) than those in the low-risk group, while they had
lower enrichment scores of neutrophils, natural killer

(NK) cells, plasmacytoid DCs (pDCs), and tumor
infiltrating lymphocytes (TILs) than those in the low-
risk group (P<0.05; Fig. 9a). As for immune func-
tions, patients with sepsis in the high-risk group had
higher enrichment scores of type II inborn errors of
interferon (IFN) response than those in the low-risk
group, and they had lower enrichment scores of C-C
motif chemokine receptor (CCR), checkpoint, human
leukocyte antigen (HLA), inflammation-promoting,
major histocompatibility complex (MHC) class I, para-
inflammation, T cell co-inhibition, T cell co-stimulation,
and Type I IFN response than those in the low-risk
group (P<0.05; Fig. 9b). Fig. 9¢c presents a comparison
of the immunological checkpoints of sepsis patients
that fell into one of several different risk categories.
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4 Discussion

Sepsis involves the body’s dysregulated immune
reaction to infection, which causes life-threatening
organ dysfunction. The situation rapidly deteriorates
and may develop to septic shock and multiple organ
failure, resulting in persistent tissue hypoperfusion,
cell malfunction, and abnormal body metabolism, all

of which represent a significant death risk (Winters
et al., 2010; Delano and Ward, 2016; Rhee et al.,
2017). Because there are few reliable markers, it is
not always possible to detect and predict the conse-
quences of sepsis treatment. The genetic signatures of
numerous solid tumors have been correlated with a
variety of clinical outcomes to improve clinical care
through the creation of personalized medicine (Zou
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et al., 2021; Deng et al., 2022). As a result, it is im-
perative to carry out extensive research on impact
biomarkers to improve the clinical care and prognosis
of sepsis patients.

Serum indicators associated with the inflam-
matory response, such as the neutrophil-lymphocyte
ratio, platelet-lymphocyte ratio, lymphocyte-monocyte
ratio, procalcitonin, and C-reactive protein, have been
linked to the prognosis of sepsis (Ruan et al., 2018;
Kiriplani et al., 2022). In terms of detail and sensitivity,

however, their performances fall short. Unfortunately,
no research has been performed on the IRRG signa-
ture as a predictor of sepsis. Numerous studies have
showed that S/PR3 gene signatures closely predict
the prognosis of sepsis (Feng et al., 2021). In addition
to its superior effectiveness in sepsis prognosis, the
IRRG signature developed in this study provides other
advantages over the previously described gene signa-
ture. For instance, it may define IRRGs as low- or
high-expression, and establishes correlations between
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risk ratings and 28-d survival. In this study, the ex-
pression levels of prognostic signature genes were de-
termined using high-throughput sequencing, which is
a commonly utilized technology that yields accurate
results.

In this work, we evaluated the expression of 200
genes associated with the inflammatory response and
28-d survival in sepsis patients. The univariate Cox
analysis of the training cohort revealed that 44 IRRGs
were linked with 28-d survival. Using LASSO and
multivariate Cox regression approaches, a prognostic
signature was established. The nine IRRGs in the sig-
nature were validated against the validation set and
external dataset. Based on the median risk score, par-
ticipants were categorized as low- or high-risk groups.
The results suggested that the high-risk group had
a lower 28-d survival rate. In both the training and
validation sets, a distinct IRRG prognostic signature
revealed small predictive value for the survival of sep-
sis patients based on ROC analysis.

All of these nine IRRG signatures that might
predict the prognosis of sepsis patients, CCL22,
CX3CL1, CXCRG6, FFAR2, FPRI1, HBEGF, ITGAS,
RGS16, and SELL had been studied extensively in
prior research. It is usually considered that CCL22, a
kind of anti-inflammatory (M2) chemokine, plays a
role in the transition of monocytes and macrophages
to the M2 phenotype, which may contribute to sepsis-
induced immunosuppression (Watanabe et al., 2016).
However, no study has established a link between
CCL22 and sepsis prognosis. CX3CLI, also known as
fractalkine, is essential for chemokine cell directional-
ity, immune response, inflammatory response, and tis-
sue healing among other tasks (Helmke et al., 2019;
Korbecki et al., 2020; Ni et al., 2020). Basic experi-
ments showed that the CX3CLI/CX3CRI axis may
reduce the release of proinflammatory cytokines in
sepsis mice through the downregulation of CX3CR1
mediated by transcription factor nuclear factor-xB
(NF-kB) (Raspé et al., 2013). According to one study,
blocking FFAR2 may play an important role in sepsis
and contribute to the pathophysiology of the inflam-
matory response it causes (Schlatterer et al., 2021a).
The induction of chemotaxis towards local areas of
infection or inflammation is the most well-described
and established effector function of FFAR2 activation
in neutrophils, although the effect on other neutrophil
functions, such as the release of cytokines, is less

evident. In addition, contradictory evidence has been
found on FF4R2-dependent cytokine and antimicrobial
peptide production with either stimulatory or inhibitory
effects (Schlatterer et al., 2021b). FPRI may limit
neutrophil antimicrobial action, hence alleviating the
systemic inflammatory response syndrome and de-
fending the body against subsequent infection follow-
ing tissue trauma or initial infection (Itagaki et al.,
2020). A previous study has suggested that RGS16
overexpression may also be linked to the early onset
of cardiac failure in sepsis (Patten et al., 2002). CXCR6
may serve as a marker for malignancies that emerge
in an inflammatory environment, and mediate the pro-
tumorigenic effects of inflammation through direct ef-
fects on cancer cell growth and by stimulating the mi-
gration and proliferation of tumor-associated leuko-
cytes (Darash-Yahana et al., 2009). HBEGF has the
potential to activate NF-xB, which would result in in-
creased levels of interleukin-6 (IL-6) and IL-8 expres-
sion (Miyata et al., 2012). /ITGA5 is a microRNA-92a
(miR-92a) target gene, and miR-92a suppression alle-
viates the inflammatory response by reducing the
release of proinflammatory cytokines IL-6 and tumor
necrosis factor-o (TNF-a) (Xu and Zhou, 2020).
L-Selectin, as a cell surface adhesion molecule and a
member of the adhesion/homing receptor family, pro-
motes leukocyte migration to lymphoid organs, which
is related to the severity of inflammation, and is en-
coded by the SELL gene (Wedepohl et al., 2012). In
sepsis, the underlying mechanism of CXCR6, HBEGF,
ITGAS, or SELL IRRG has not been fully elucidated.
The presence of inflammation results in an im-
munosuppressive environment, which speeds up the
course of sepsis (Hotchkiss et al., 2013; Venet and
Monneret, 2018). We revealed that patients in the high-
risk group had higher enrichment scores of DCs and
iDCs than those in the low-risk group, and they had
lower enrichment scores of neutrophils, NK cells, pDCs,
and TIL than those in the low-risk group. Bouras et al.
(2018) found that the presence of DCs in the blood
was linked to increased chances of survival in sepsis
patients. Neutrophils, which are the most common
type of leukocytes found in the bloodstream, play roles
in both inflammatory and immune responses (Kolacz-
kowska and Kubes, 2013). Hanna et al. (2019) found
that decreased neutrophil CD16 expression was associ-
ated with a higher risk of death in severely ill sepsis pa-
tients. According to previous research, morphological
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and functional changes in neutrophils during sepsis
decreased bacterial clearance and predispose sepsis
patients to nosocomial infections, resulting in poor
prognosis (He et al., 2021; Lu et al., 2022). NK cells
are also a subtype of lymphocytes known as innate
lymphoid cells, which are essential for initiating host
defenses and coordinating innate and adaptive im-
mune responses. During sepsis, NK cells undergo
quantitative, morphological, and functional alterations.
A considerable decline in the number of circulating
NK cells is associated with an increased risk of death
in sepsis patients, probably due to increased apoptosis
(Jensen et al., 2018).

Our investigation has some constraints, inevit-
ably. First, we began by evaluating the clinical efficacy
of our prognostic signature without using additional
prospective real-world data. Second, due to a paucity
of relevant clinical data, we were unable to incorpo-
rate all critical clinical data into our predictive model.
Finally, it was acknowledged that associations be-
tween the risk score and immunological condition
must be empirically validated.

5 Conclusions

Our research established a novel predictive sig-
nature of nine IRRGs for the prognosis of sepsis. This
signature was found to be independently associated
with 28-d survival, providing a valuable tool for the
prediction of sepsis prognosis. Immune status varia-
tions were observed to be associated with the progres-
sion of sepsis. Thus, the proposed signature may be
developed into a useful biomarker in the future for the
reliable prediction of sepsis prognosis.
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