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Abstract 

Sepsis is a life-threatening syndrome resulting from immune system dysfunction that is caused by infection. It 
is of great importance to analyze the immune characteristics of sepsis, identify the key immune system related genes, 
and construct diagnostic models for sepsis. In this study, the sepsis transcriptome and expression profiling data were 
merged into an integrated dataset containing 277 sepsis samples and 117 non-sepsis control samples. Single-sample 
gene set enrichment analysis (ssGSEA) was used to assess the immune cell infiltration. Two sepsis immune sub-
types were identified based on the 22 differential immune cells between the sepsis and the healthy control groups. 
Weighted gene co-expression network analysis (WCGNA) was used to identify the key module genes. Then, 36 differ-
entially expressed immune-related genes were identified, based on which a robust diagnostic model was constructed 
with 11 diagnostic genes. The expression of 11 diagnostic genes was finally assessed in the training and validation 
datasets respectively. In this study, we provide comprehensive insight into the immune features of sepsis and estab-
lish a robust diagnostic model for sepsis. These findings may provide new strategies for the early diagnosis of sepsis 
in the future.
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Introduction
Sepsis is a type of multiple organ dysfunction syndrome 
(MODS) resulting from an imbalanced response to a 
severe infection [1]. Despite advancements and enhance-
ments in critical care, sepsis remains the leading cause 
of morbidity and mortality among patients in intensive 
care units [2]. For instance, data revealed that there were 
approximately 48.9 million new diagnoses and 11.0 mil-
lion sepsis-related fatalities in 2017 [2]. The risk of mor-
tality escalates with the increase in time before initiating 

treatment, underscoring the critical importance of early 
diagnosis and effective therapy in improving patient out-
comes [3]. Furthermore, biomarkers play a crucial role 
in diagnosing sepsis, facilitating early detection of organ 
dysfunction, identifying specific host response sub-
groups, planning appropriate therapy, and establish-
ing prognoses [4, 5]. Thus,  continued research into 
sepsis  biomarkers and the  development of biomarker-
based diagnostic models are of paramount importance.

The pathogenesis of sepsis and the body’s immune 
response are closely related. Nonetheless, this relation-
ship is extremely complex. Previous research has indi-
cated that sepsis typically involves the activation of the 
innate immune system, which includes factors such as 
the tumor necrosis factor (TNF-α), interleukin-1β (IL-
1β), IL-6, IL-8, and interferon-γ (IFN-γ), as well as the 
acquired immune system, which manifests in the form 
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of apoptosis of immune cells, specifically dendritic cells 
(DCs), natural killer cells, lymphocytes, neutrophils and 
antigen-presenting cells (APC) [6–8]. The onset and 
progression of sepsis are influenced by an imbalance 
in immune activation and immunosuppression. How-
ever, a comprehensive understanding of the molecular 
and cellular mechanisms responsible for sepsis-induced 
systemic immune dysregulation is still lacking. Recent 
advances in bioinformatics have led to increased explora-
tion of the immunological landscape and the identifica-
tion of immune-related biomarkers that may aid in early 
sepsis detection.

In this study, we aimed to enhance our understand-
ing of the immunological features of sepsis and investi-
gate the immunoregulatory mechanisms involved. To 
achieve this, we analysed the gene expression profiles of 
sepsis patients in the Gene Expression Omnibus (GEO) 
database and evaluated the status of immune cell infil-
tration. Using an adapted Lasso-Penalized Regression 
approach, we identified a set of 11 immune-related diag-
nostic genes. Subsequently, we constructed a diagnostic 
model based on these markers. To assess the predictive 
efficacy of the model, we then validated it using an inde-
pendent cohort. Furthermore, we explored the relation-
ship between the identified diagnosis-related genes and 
the infiltration of immune-related cells. This analysis 
provided valuable insights into the relationship between 
gene expression patterns and immune cell responses in 
sepsis patients.

Overall, our study elucidated the immunological char-
acteristics of sepsis, paving the way for further investi-
gations into the regulatory mechanisms underlying this 
complex condition. These findings provide a deep and 
significant understanding of the immune factors involved 
in sepsis, thus opening up new avenues for the develop-
ment of novel strategies in early sepsis diagnosis.

Materials and methods
Data acquisition and processing
We used the GEO database (https:// www. ncbi. nlm. nih. 
gov/ geo/) [9] to extract datasets relevant to sepsis. After 

initial screening, GSE28750, GSE54514, GSE69063, 
and GSE69528 were selected for the training set, while 
GSE154918 was chosen for the validation set. Samples 
that met the criteria for either sepsis or normal controls 
were included in the study, while those that did not meet 
either criterion were excluded. For the included samples, 
the expression profiles were extracted for subsequent 
analysis. After extracting the expression profiles for the 
training set, we applied the combat function in the SVA 
package to integrate them, allowing for the elimination 
of batch effects [10]. Table 1 presents the basic informa-
tion about these microarray datasets. The GSM accession 
numbers and grouping of the included samples are listed 
in Supplementary material 1.

ssGSEA and CIBERSORT
On a metagene set of 28 immune cells, single-sample 
gene set enrichment analysis (ssGSEA) was performed 
using the GSVA package [11]. The “immunological score” 
was calculated as a quantitative measure to demon-
strate the enrichment level of metagenes in each sample, 
reflecting the intensity of infiltration of 28 immune cell 
types that correspond to the metagenes in the sample. 
The two-tailed Wilcoxon rank sum test was also carried 
out to  examine the immunological scores and to dif-
ferentiate between the 28 immune cell types in the two 
groups (p value 0.05). Using the normalized gene expres-
sion matrix of the sepsis samples, the deconvolution 
approach for cell-type identification by estimating rela-
tive subsets of RNA transcripts (CIBERSORT) was used 
to estimate the abundance of various immune cell types 
in each sepsis specimen [12].

Unsupervised consensus cluster analysis
Consensus clustering was carried out using the "Con-
sensusClusterPlus" package and the process involved 
the enrichment analysis of the differential immune cells 
found in each sepsis sample. To perform the bootstrap-
ping procedure,  Pam arithmetic and the "Pearson" dis-
tance were used [13]. The optimal k was determined 
using the cumulative distribution function (CDF) and 

Table 1 The characteristics of the datasets used in the present study

Dataset ID Sepsis Normal Others Platform

GSE28750 10 20 11 GPL570 [HG-U133_Plus_2] Affymetrix Human Genome U133 Plus 2.0 Array

GSE54514 127 36 0 GPL6947 Illumina HumanHT-12 V3.0 expression beadchip

GSE69063 57 33 63 GPL19983 [HuGene-2_1-st] Affymetrix Human Gene 2.1 ST Array [HuGen-
e21st_Hs_ENTREZG_19.0.0]

GSE69528 83 28 27 GPL10558 Illumina HumanHT-12 V4.0 expression beadchip

GSE154918 24 40 41 GPL20301Illumina HiSeq 4000 (Homo sapiens)

total 301 157 142

https://www.ncbi.nlm.nih.gov/geo/
https://www.ncbi.nlm.nih.gov/geo/
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area under the receiver operating characteristic (ROC) 
curve (AUC) for the cluster number k, which ranged 
from 2 to 6. Subsequently, a  chi-square test was per-
formed in order to assess the survival proportions of the 
immunological subtypes, and the  statistical significance 
was set to p 0.05. Additionally, the ssGSEA was employed 
to assess the results of the different paths utilizing GSVA 
package. Pathway activation was indicated by a mean 
normalized enrichment score (NES) > 0, and pathway 
inhibition was shown by NES < 0.

Identification of Differently Expressed Genes (DEGs)
The Limma R package (with a threshold of |log2 fold 
change (FC)|> 1) was used to identify DEGs between the 
two immune subtypes and an adjusted p value < 0.05 for 
the selection of DEGs was established [14]. Moreover, 
the same package with a slightly different threshold |log2 
fold change (FC)|> 0.263 and an adjusted p value of < 0.05 
for differentially expressed gene selection was used to 
identify the DEGs between the sepsis samples and nor-
mal samples. The Benjamini–Hochberg method was 
employed to adjust the p values for multiple tests.

Weighted Gene Co‑expression Network Analysis (WGCNA)
The association between gene networks and diseases, as 
well as the identification of co-expressed gene modules 
among the DEGs, was investigated using the WGCNA 
method implemented via the "WGCNA" package [15]. 
To establish a scale-free distribution network, the "pick-
SoftThreshold" function in the WGCNA package was 
employed, allowing the determination of suitable soft 
powers within the range of 1–20. To reveal the connec-
tivity between gene modules, the adjacency matrix was 
then converted into a topological overlap matrix (TOM). 
Additionally, hierarchical clustering was conducted, 
while different gene modules were represented in the 
form of coloured branches. The significance of the rela-
tionships between gene expression levels and different 
modules was calculated using the “minModuleSize” of 50 
and “mergeCutHeight” of 0.3. Finally, the most significant 
modules were determined, and the characteristic genes 
within these modules were extracted for further analysis.

Identification of Immune‑related Differentially Expressed 
Genes (IRDEGs)
A total of 1811 immune-related genes (IRGs) were 
extracted from the  Immunology Database and Analy-
sis Portal (IMMPORT) database(https:// www. immpo 
rt. org/ home). Meanwhile, the IRDEGs were identified 
by the overlapping genes among the IRGs, DEGs within 
the immunological subtypes, and the  distinctive genes 
of the essential modules. These results were visualized 

and presented using a Venn diagram that illustrates the 
shared genes among these categories.

Functional enrichment analysis
The DAVID (v.6.8) online database (https:// david. ncifc 
rf. gov/ summa ry. jsp) was employed to perform enrich-
ment analyses based on Gene Ontology (GO) and Kyoto 
Encyclopedia of Genes and Genomes (KEGG) pathways 
[16–20]. The findings of the GO enrichment analysis 
were assigned to three categories (namely BP, biologi-
cal process; CC, cellular component; and MF, molecular 
function). Finally, after a p value < 0.05 was selected for 
the threshold, the 10 most significant enrichment results 
were presented using histograms.

Protein–Protein Interaction Network (PPI) Analysis
The STRING (v.10.0) online database (https:// cn. string- 
db. org/ cgi/) was employed to predict the relationships 
between the genes and PPI networks [21]. Subsequently, 
to further process the network diagram obtained via the 
STRING online database, Cytoscape (v.3.8.2) was applied.

Construction of the diagnostic model
Univariable analysis and multivariable analysis were 
conducted to assess the association between the expres-
sion of each risk gene and the diagnosis of sepsis. This 
evaluation aimed to determine the prognostic value of 
these regulators in sepsis.  The least absolute shrinkage 
and selection operator (LASSO) algorithm was used to 
confirm these risk genes, and the k-fold cross-validation 
approach was applied to identify the optimal penalty 
parameter. The algorithm below was used to calculate 
a risk score based on these three genes.

In this equation, Coef(i) denotes the coefficient, while 
x(i) represents the relative expression value for the risk 
gene. Finally, to confirm that the model prediction pro-
cess was accurate, an ROC curve was created. The R 
package “survivalROC” was applied to determine a value 
for the area under the curve (AUC).

Expression validation and immunological correlation 
analysis
The expression values were obtained for both the  train-
ing and validation datasets, after which a box diagram 
and heatmap were generated to visualize the discrimina-
tive effect. Additionally, the strength of the  relationship 
between diagnostic genes and immune cells was deter-
mined using Spearman’s rank correlation coefficient.

Risk Score = (Coef (i)× x(i))

https://www.immport.org/home
https://www.immport.org/home
https://david.ncifcrf.gov/summary.jsp
https://david.ncifcrf.gov/summary.jsp
https://cn.string-db.org/cgi/
https://cn.string-db.org/cgi/
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Statistical analysis and workflow
All the statistical tests carried out in this work were per-
formed using R 3.6.1 (unless otherwise stated). Moreover, 
a p value < 0.05 was considered statistically significant 
(*p < 0.05, **p < 0.01, and ***p < 0.001). Figure  1 presents 
the overall workflow of this study.

Results
Preprocessing of data and the identification 
of differentially abundant immune cells
First, 277 sepsis samples and 117 normal control sam-
ples were extracted as the training set from the follow-
ing four datasets: GSE28750, GSE54514, GSE69063, and 
GSE69528. Additionally, 24 sepsis samples and 40 normal 
control samples were extracted as the validation set from 
the GSE154918 dataset. Furthermore, 142 samples were 
excluded because they did not fit into either the sepsis or 
healthy group. For the training set, the SVA package was 
employed to eliminate the inter-batch differences and the 
expression matrix after batch effect correction was listed 
in Supplementary material 2. As shown in Fig.  2A, the 
batch effect had a significant impact on the clustering of 

samples. After applying SVA, the batch effect was miti-
gated (Fig.  2B). Altogether, 2484 DEGs were identified, 
including 1214 upregulated genes and 1270 downregu-
lated genes (adjusted p value < 0.05 and |log2 FC|≥ 0.263, 
Fig. 2C)—Supplementary material 3.

To investigate the connection between sepsis and the 
infiltration of immune cells, ssGSEA was conducted 
to evaluate 28 immune cell types. The distribution and 
proportion of different immune cells between the sep-
sis and normal control groups are shown in Fig. 2D. The 
abundance 22 immune cells was significantly different 
between the two groups, among which macrophages, 
neutrophils, mast cells, T helper 17 (Th17) cells, and 
regulatory T (Treg) cells showed significantly more abun-
dance in sepsis samples (p < 0.001).

Construction of immune subtypes in Sepsis
Utilizing 277 sepsis samples, an unsupervised consensus 
cluster analysis was performed. The results (Fig.  3A, B) 
showed a high concordance of gene expression patterns 
in each cluster after 277 patients were divided into two 
subtypes. The consensus matrix heatmap is shown in 

Fig. 1 Workflow of this study
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Fig.  3B. Clinical characteristic analysis showed that the 
survival proportion in subtype 2 was higher than that 
in subtype 1 (Fig.  3C, p = 0.0263). The abundance of 22 
immune cell populations was assessed using the CIBER-
SORT algorithm, showing that the abundance of neutro-
phils, M0 macrophages, M1 macrophages, and Treg cells 
was much higher in subtype 2 than in subtype 1 (Fig. 3D, 
p < 0.01). However, CD4 + T cells and CD8 + T cells were 
more abundant in subtype 1 than in subtype 2 (Fig. 3D, 
p < 0.01).

The biological role of immune subtypes was then inves-
tigated by examining the enriched pathways linked to 

them. The top 10 GSEA-enriched pathways were identi-
fied with a screening threshold of an adjusted p value of 
0.05. (Figs. 3E and F). Moreover, the DEGs between the 
two subtypes were determined using standard threshold 
values of |log2 fold change (FC)|> 1 and an adjusted p 
value of 0.05. Out of the 160 DEGs, 95 genes were upreg-
ulated, while 65 genes were downregulated. (Fig. 3G).

Identification of the Key Module Genes of Sepsis
To determine the co-expression gene modules for 
the sepsis specimens, WGCNA was carried out. The best 
soft power for WGCNA was 6 (Fig.  4A). The modules 

Fig. 2 Analysis of the differentially abundant immune cell types within the integrated dataset. A Principal component analysis (PCA) before batch 
effect adjustment. B PCA after batch effect adjustment. C Volcano plot of DEGs between the sepsis and normal groups (p < 0.05). D Box plots 
displaying the relative proportions of 28 immune cell types in normal and sepsis patients
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were then  grouped based on their  correlations, while 
a  "mergeCutHeight" setting of 0.3 was established to 
combine similar modules (Fig.  4B). Hierarchical clus-
tering was performed to create  a dendrogram, with the 
short vertical line representing a gene and the branches 
representing co-expressed genes. Altogether, 2484 DEGs 
were classed into 7 module eigengenes (MEs), including 

MEblue, MEpink, MEgreenyellow, MEred, MEblack, 
MEgreen, MEmagenta, and MEgrey (Fig. 4C). The mod-
ules that were highly correlated with immune cell infil-
tration were selected based on the relationship between 
MEs and immune cells as shown in Fig.  4D. MEblue, 
MEpink, and MEgrey were significantly associated with 
immune cell infiltration. Therefore, a total of 2090 genes 

Fig. 3 Consensus clustering of gene expression profiles of sepsis samples. A Cumulative distribution curves for subtypes with cluster counts 
(k) ranging from 2 to 6 and relative changes in the area under the CDF curve for each subtype. B The consensus matrix heatmap showing 
that the sepsis samples were classified into two subtypes. C Survival proportion analysis between the two subtypes (p = 0.0263). D Immune cell 
infiltration abundance in different subtypes. E The 10 activation pathways with the highest enrichment of upregulated DEGs (p < 0.05). F The 
10 inhibition pathways with the highest enrichment of downregulated DEGs (p < 0.05). G Identification of the DEGs between the two subtypes 
(p < 0.05). The Wilcoxon rank sum test was used to compare the immune cells of the two subtypes. *p < 0.05, **p < 0.01, ***p < 0.001
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from these three modules were extracted for subsequent 
analysis.

Analysis of Functional Enrichment and the Development 
of a PPI Network
To identify the IRDEGs, 1811 IRGs were extracted from 
the IMMPORT database and then overlapped with 160 
DEGs specific to sepsis immune subtypes and 2090 key 
module genes. As shown in Fig.  5A,36 IRDEGs were 
identified—Supplementary material 4. To further inves-
tigate the biological functions of the IRDEGs, the path-
way enrichment analysis was performed. The results of 
the GO enrichment analysis showed that IRDEGs were 

mainly related to the adaptive immune response, antigen 
presentation, and the T cell receptor signaling pathway 
(Fig.  5B). The KEGG enrichment analysis showed that 
IRDEGs were mainly associated with cytokine-cytokine 
receptor interantions, adaptive immune pathways, and 
cell differentiation (Fig.  5C). The PPI network was con-
structed for the IRDEGs, consisting of 31 nodes and 142 
interaction pairings (Fig. 5D).

Development and validation of the diagnostic model
Based on the expression values of the 31 hub genes 
obtained from the PPI network, with a p value of < 0.05 
as a filter, univariable Cox regression analysis and 

Fig. 4 Construction of co-expression modules for sepsis samples. A Scale-free index analysis and mean connectivity analysis for selecting 
the best soft power. B Co-expression similarity of all modules based on the hierarchical clustering of module eigengenes. The cut height of 0.3 
was chosen to merge similar modules. C The cluster dendrogram and color display of co-expression network modules for all genes. The first color 
row underneath the dendrogram shows the WGCNA module assignment obtained by the dynamic tree cut method. The bottom color row shows 
the merged modules based on a correlation threshold of 0.7. D Heatmap of the correlation between module eigengenes and immune cells. The 
color spectrum represents the correlation coefficient ranging from -1 to 1. *p < 0.05, **p < 0.01
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multivariable Cox regression analysis were carried out. 
Subsequently, 11 genes associated with sepsis diagnosis 
were obtained, including RETN, S100A12, IL18R1, KL, 
IL1RAP, GZMB, HLA-DPA1, CD3E, IL2RB, CD3G, and 
CCR3 (Fig.  6A, 6B, p < 0.05). Lasso regression analysis 
was also performed on the 11 genes in order to achieve 
dimensionality reduction. The regression coefficients of 
the 11 genes were obtained based on the optimal pen-
alty value lambda (Fig. 6C, 6D). The following regression 
coefficients were employed to score the diagnostic risk 
model: Risk Score =   0.4 85* RE T N +  0. 864 * S 100 A12  + 0 . 

720 *IL 1 8 R1  + - 0.7 8 7 *KL  +  -1 . 086 *IL 1RA P  +  0. 594 *G Z MB  
+ 1 .517 * HLA -DP A1 +   1.4 24* CD 3 E +  -1 .820*IL2RB + -1.7
59*CD3G + -0.367*CCR3.

The predicted risk score classification for the sep-
sis and the normal control groups was analysed and the 
obtained AUC value was 0.938 (Fig.  6E). The risk score 
of sepsis patients was significantly higher than that of 
the control group (Fig. 6F, p < 0.001). To assess the valid-
ity of the diagnostic risk score model, we used the risk 
score to classify the sepsis and normal groups in the 
GSE154918 dataset. The AUC value in the validation set 

Fig. 5 Identification of IRDEGs and enrichment analysis. A Venn diagram displaying the identified IRDEGs. B Bar chart of IRDEG GO enrichment 
analysis results. C Bar chart of IRDEG KEGG enrichment analysis results. D The PPI network of the IRDEGs
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was 0.989 (Fig. 6G) and the risk score of sepsis patients 
(n = 24) was also higher than that of the control group 
(n = 40) (Fig. 6H, p < 0.001). The findings also showed that 
the  diagnosis made according to the  independent data-
set GSE154918 was with high accuracy. It also confirmed 
the portability of the sepsis diagnostic model.

Expression validation and immune correlation analysis 
of diagnostic genes
The expression values of each diagnostic gene were 
extracted from the training datasets and the validation 
dataset respectively. The expression heatmap (Fig. 7A, 
7C) and box plot (Fig.  7B, 7D) were drawn combined 

with the grouping of samples (Sepsis and Normal). 
As shown in these figures, the expression levels of 
RETN, S100A12, IL18R1, and KL were higher in the 
sepsis group, while that of GZMB, HLA-DPA1, CD3E, 
IL2RB, CD3G, and CCR3 were higher in the normal 
group (p < 0.05). Then, the correlations between diag-
nostic genes and immune cells were analysed, and the 
correlation heatmap (Fig.  7E) showed the immune 
correlation results. Correlation scatter plots of the 
gene-cell relationship with the largest positive corre-
lation coefficient and the negative correlation coeffi-
cient are shown, indicating that CD3E expression was 
positively and closely related to the level of activated 
CD8 + T cell infiltration (Fig. 7F, p = 1.18e—82), while 

Fig. 6 Construction and validation of the diagnostic model. A Univariable Cox regression analysis results. B Multiple Cox independent prognosis 
analysis results. C LASSO coefficient profiles of the candidate genes. D Relationship between partial likelihood deviance and log(λ). E ROC curve 
of the diagnostic model using the training dataset. F Boxplots of the risk core distribution using the training dataset. G ROC curve of the diagnostic 
model using the validation dataset. H Boxplots of the risk score distribution using the validation dataset
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KL expression was negatively and closely related to 
the level of activated CD8 + T cell infiltration (Fig. 7G, 
p = 1.1e—43).

Discussion
Despite advancements in diagnostic techniques and 
treatments, the prognosis of sepsis patients remains 
unfavourable [22]. Sepsis is a complex condition influ-
enced by a multifaceted immunological network, involv-
ing various signalling molecules, transcription factors, 

Fig. 7 Expression validation and immune correlation analysis of diagnostic genes. A Expression heatmap of the 11 diagnostic genes in the training 
set. B Expression box plot of the 11 diagnostic genes in the training set. C Expression heatmap of the 11 diagnostic genes in the validation set. 
D Expression box plot of the 11 diagnostic genes in the validation set. E The correlation between diagnostic genes and immune cells. *p < 0.05, 
**p < 0.01, ***p < 0.001. F CD3E expression was positively correlated with activated CD8 + T cell infiltration (p = 1.18e—82). G KL expression 
was negatively correlated with activated CD8 + T cell infiltration (p = 1.1e—43)
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and metabolic reprogramming [23, 24]. Therefore, inves-
tigating the interplay between immune cells and sepsis 
and identifying immune-related diagnostic genes is cru-
cial to improve the accuracy of sepsis diagnosis and treat-
ment efficacy.

Sepsis is a complex disease process that is character-
ized by heterogeneous and dynamic manifestations [25]. 
A single time point study may not fully capture the key 
changes that occur during the progression of sepsis. 
Therefore, we believe that determining the differen-
tially expressed genes at expression between different 
time points in sepsis can provide a more comprehensive 
understanding of the pathological processes involved. In 
this study, we chose to include samples from multiple 
time points rather than the earliest time point or a sin-
gle time point, aiming to capture the temporal dynam-
ics of gene expression in sepsis. This approach allowed 
us to identify genes that exhibited significant changes 
and understand their potential roles in different stages 
of sepsis. Additionally, studying the complete spectrum 
of sepsis allowed us to investigate the progression and 
pathophysiology of the disease more comprehensively. 
On the other hand, we acknowledge that there is indeed 
a risk of duplicate counting when including samples from 
multiple time points in the analysis. If samples from the 
same individual are collected at different time points, 
these samples may have similar gene expression patterns, 
introducing the issue of duplication. However, we believe 
it is precisely this repetition that helps identify which 
genes are most representative and stable during the early 
stages of sepsis.

In this study, we intergrated 4 GEO datasets to compre-
hensively investigate the expression landscape of sepsis 
in an unbiased manner. Based on this integration, there 
were differences in the abundance of 22 immune cells 
between the sepsis and control groups, among which 
macrophages, neutrophils, mast cells, Th17 cells, and 
Treg cells showed significantly higher abundance in the 
sepsis group compared to the control group. We also per-
formed an unsupervised consensus clustering analysis 
of differential immune cell profiles from sepsis samples, 
thereby demonstrating that there were two robust sepsis 
subtypes. We noticed that one of the subtypes (subtype 
2) identified a group of patients with features of relatively 
active cellular metabolism and biosynthesis associated 
with a better prognosis.

In our study, the objective was to identify DEGs as 
comprehensively as possible to explore key immune-
related mechanisms involved in sepsis. Therefore, we 
selected a threshold of |LogFC|< 0.263 for filtering 
DEGs instead of using 1 as the threshold when compar-
ing between the sepsis samples and normal samples. We 
were aware that setting the threshold to 1 would provide 

higher filtering precision by only selecting genes with 
larger fold changes. However, in our preliminary analy-
ses, we found that setting the threshold to 1 resulted in 
a significantly low number of DEGs, and we could be 
potentially missing some significant genes. To ensure that 
our filtering of DEGs was not overly stringent, we con-
ducted multiple experiments and trials, ultimately select-
ing 0.263 as the threshold.

Cellular metabolism is the basis of cellular activity. 
During glycolysis, sufficient  biomolecules and energy 
are produced to  support the biological development, 
differentiation, and proliferation of immune cells [26, 
27]. Nonetheless, it is important to note that a high rate 
of glycolysis can result in  lactate buildup and immuno-
suppression [28, 29]. Metabolic disorders are largely 
responsible for the immune imbalance observed during 
sepsis [30]. In recent years, new concepts for classifying 
chemicals produced during metabolic overload based 
on metabolism-associated molecular patterns (MAMPs) 
have been described [31]. As MAMPs play a vital role in 
the pathophysiology and the progression of sepsis, per-
haps targeting them could provide attractive strategies 
for treating sepsis [32].

Neutrophils and macrophages are important com-
ponents of the innate immune system, and their roles 
in sepsis have been extensively documented [33–35]. 
Although neutrophils are essential for preventing infec-
tion under normal circumstances, their biological func-
tion is compromised in sepsis patients, which contributes 
to the dysregulation of the immune responses [36]. Our 
findings align with those of previous research that sug-
gest a strong correlation between sepsis and an increase 
in circulating neutrophil numbers [37]. Surprisingly, dur-
ing the clustering analysis of sepsis patients in our study, 
the group of patients with features of relatively low abun-
dance of neutrophils (subtype 1) was associated with a 
worse prognosis. This may be attributed to an immuno-
suppressed phenotype, the presence of abnormal neutro-
phils, or immature neutrophils in these patients [38, 39].

Macrophages play a crucial role in orchestrating the 
immune response to sepsis, as they serve as the body’s 
initial line of defence. These cells can exhibit different 
phenotypes, characterized as M1- or M2-like, with dis-
tinct functions in response to modifications of the tissue 
microenvironment [40]. Despite their importance, there 
are still many limitations in research focusing on the tar-
geted regulation of macrophage polarization in sepsis 
[41]. Our study found that there was a greater survival 
rate in the subtype 2 group, and the patients in this group 
had a large amount of M1 macrophage polarization. This 
finding suggests that  targeted regulation that increases 
M1-like macrophage polarization or decreases M2-like 
macrophage polarization could offer new therapeutic 



Page 12 of 14Xue et al. BMC Genomics          (2023) 24:794 

possibilities for sepsis management. These insights pave 
the way for potential interventions to modulate mac-
rophage phenotypes and improve sepsis outcomes.

Mast cells play a critical role in combatting pathogens 
since they serve as key immune effectors and modula-
tory cells in the human body that aid innate and adap-
tive immunity [42]. Nonetheless, research into the role of 
MCs in sepsis is extremely limited. Although a few exist-
ing studies suggest that mast cells may strengthen the 
host’s resistance to infection [43, 44], contradictory find-
ings have also emerged, indicating that mast cells could 
contribute to dysregulated host responses, potentially 
leading to increased morbidity and mortality [45, 46]. 
Consequently, further research employing proteomic or 
genomic methods is necessary to comprehensively eluci-
date the impact of MCs on sepsis [47, 48]. These inves-
tigations would provide crucial insights into the precise 
role and mechanisms by which MCs influence sepsis 
development and progression.

T cells play an indispensable role in adaptive immu-
nity and are crucial in the immunosuppressive state that 
accompanies sepsis [49]. Th17 cells are a subpopulation 
of T helper cells that have been linked to autoimmune 
conditions and are identified based on their production 
of IL-17 [50]. Notably, Th17 cells can protect the body 
against extracellular infections that colonize mucosal sur-
faces [51]. Consistent with these observations, our find-
ings indicate an increased level of Th17 cells in sepsis 
patients’ blood samples that were collected upon admis-
sion, substantiating the findings of previous studies [52]. 
On the other hand, Tregs are important immunoregula-
tory cells with the capacity to inhibit the proinflamma-
tory impacts of effector T cells [53]. Additionally, Tregs 
have been linked to higher immune paralysis and mortal-
ity in sepsis patients, according to previous reports [54]. 
Thus, targeting Treg immunometabolism could provide 
new therapeutic options for treating sepsis [55]. By tar-
geting Treg immunometabolism, it may be possible to 
modulate immune responses and improve the outcomes 
of patients with sepsis.

A biological function analysis was also performed on 
the 36 IRDEGs that were identified in our work and the 
findings indicated that they were predominantly engaged 
in the adaptive immune response, antigen presentation, 
and interactions between cytokine and cytokine recep-
tors. T cells, B cells, and dendritic cells are just a few of 
the cell types involved in the adaptive immune response, 
and these cells play a critical role in reducing inflamma-
tion and tissue damage following infection and restoring 
general host immunological homeostasis [56]. The anti-
gen-presenting process serves as a crucial link between 
innate and adaptive immunity, facilitating the recog-
nition of antigenic epitopes by T cells on the surface of 

antigen-presenting cells (APCs), which include dendritic 
cells, monocytes, and macrophages [57]. This process is 
vital for the initiation and regulation of specific immune 
responses. By presenting antigens to T cells, APCs con-
tribute to the activation of adaptive immune cells and the 
subsequent elimination of pathogens. Understanding the 
intricate mechanisms underlying antigen presentation is 
essential for unravelling the dynamic interplay between 
innate and adaptive immunity in response to infection.

A diagnostic model incorporating 11 immune-related 
genes was developed and demonstrated strong predic-
tive performance for sepsis detection. Our findings 
showed that the expression of RETN, S100A12, IL18R1, 
and KL was higher in the sepsis group, while the expres-
sion of GZMB, HLA-DPA1, CD3E, IL2RB, CD3G, and 
CCR3 was higher in the control group. Among these 
genes, CD3E expression was the most positively corre-
lated with activated CD8 T cell infiltration, while Klotho 
(KL) expression was the most negatively correlated with 
activated CD8 T cell infiltration. CD3E is a component 
of the TCR-CD3 complex that exists on the T-lympho-
cyte cell surface and is critical in the adaptive immune 
response [58]. It has been reported that patients with 
organ dysfunction showed lower expression of CD3E 
[59]. Previous work also showed that CD3E expression 
was downregulated in the sepsis group, which is consist-
ent with the findings of our study [60]. Klotho encodes a 
type-I membrane protein that is related to beta-glucosi-
dases [61]. It is interesting to note that the lipopolysac-
charide (LPS) injection-induced sepsis model showed 
decreased KL mRNA expression [62]. This finding is 
inconsistent with our results; however, this difference 
can be partially explained because of the different sample 
sources, although validation will require further study.

There is also limitations to this study. For example, we 
provided validation only in historical independent data-
sets, not in a prospective cohort. Furthermore, as the 
datasets incorporated did not provide a comprehensive 
description of the clinical characteristics of patients, such 
as the presence of coexisting diseases, specific sites of 
infection, and relevant laboratory findings, we are unable 
to ascertain the specific ability of these diagnostic genes 
in identifying the pertinent features associated with sep-
sis. We recognize that further work is needed to further 
validate our findings.

In conclusion, in this study, we provided a compre-
hensive insight into the immune features associated with 
sepsis and successfully identified a robust diagnostic 
model based on 11 diagnostic genes that can be used for 
sepsis detection. The findings of this research contribute 
to the advancement of precision medicine approaches 
for sepsis management and can facilitate the develop-
ment of novel targeted therapies. These results signify 
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a significant step towards improving the diagnosis and 
treatment of sepsis, with the goal of ultimately improv-
ing patient outcomes and reducing the burden of this 
life-threatening condition. Further studies and clinical 
validations are warranted to translate these findings into 
clinical practice and to fully understand the therapeutic 
potential of the identified genes and diagnostic model in 
sepsis management.
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