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Abstract 

Background: Immune‑related genes (IRGs) remain poorly understood in their func‑
tion in the onset and progression of sepsis.

Methods: GSE65682 was obtained from the Gene Expression Omnibus database. The 
IRGs associated with survival were screened for subsequent modeling using univari‑
ate Cox regression analysis and least absolute shrinkage and selection operator in the 
training cohort. Then, we assessed the reliability of the 7 IRGs signature’s independ‑
ent predictive value in the training and validation cohorts following the creation of 
a signature applying multivariable Cox regression analysis. After that, we utilized the 
E‑MTAB‑4451 external dataset in order to do an independent validation of the prognos‑
tic signature. Finally, the CIBERSORT algorithm and single‑sample gene set enrichment 
analysis was utilized to investigate and characterize the properties of the immune 
microenvironment.

Results: Based on 7 IRGs signature, patients could be separated into low‑risk and 
high‑risk groups. Patients in the low‑risk group had a remarkably increased 28‑day 
survival compared to those in the high‑risk group (P < 0.001). In multivariable Cox 
regression analyses, the risk score calculated by this signature was an independent pre‑
dictor of 28‑day survival (P < 0.001). The signature’s predictive ability was confirmed by 
receiver operating characteristic curve analysis with the area under the curve reaching 
0.876 (95% confidence interval 0.793–0.946). Moreover, both the validation set and the 
external dataset demonstrated that the signature had strong clinical prediction perfor‑
mance. In addition, patients in the high‑risk group were characterized by a decreased 
neutrophil count and by reduced inflammation‑promoting function.

Conclusion: We developed a 7 IRGs signature as a novel prognostic marker for pre‑
dicting sepsis patients’ 28‑day survival, indicating possibilities for individualized reason‑
able resource distribution of intensive care unit.
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Introduction
Sepsis is a major public health problem on a global scale and one of the main causes 
of death in intensive care units (ICU) [1, 2]. At least 5.3 million patients in the world 
are estimated to be diagnosed with sepsis each year, and the mortality of these patients 
remains approximately 30% [3–5]. The high mortality of sepsis patients is largely attrib-
uted to lack of accurate methods for early prediction of clinical outcome [6]. Increas-
ing evidence [7, 8] indicates that the systemic immune response has a critical function 
to play in the pathogenesis and progression of sepsis. In the initial phase of sepsis, the 
immune response is dominated by pro-inflammatory processes and is favorable for 
the eradication of pathogens [9]. Progressive sepsis is mainly characterized by the sup-
pression of the immune response, as seen by a decline in the function and number of 
immune cells [10]. The poor prognosis of sepsis may also be closely related to a com-
promised host immune system [11, 12], and more and more studies [13, 14] have sug-
gested that novel immune biomarkers cannot only serve as potential predictors of sepsis 
prognosis but also can provide potential targets for immunotherapy of sepsis. Thus, it 
becomes necessary to explore immune biomarkers deeply to improve the clinical man-
agement of sepsis patients and their prognosis.

The transcriptomic research landscape has undergone a paradigm shift as a result of 
recent developments in high-throughput, next-generation sequencing and gene chips 
technology [15]. Numerous bioinformatics analyses and machine learning analyses have 
been conducted to explore the mRNA prognostic signatures and to direct clinical prac-
tice [16, 17]. Prognostic signatures based on immune-related genes (IRGs) have been 
described for a variety of types of cancer and have demonstrated high sensitivity and 
specificity [18–20]; however, these signatures have not been applied to predict the out-
come of patients with sepsis. As a result, we sought to develop and validate an IRGs 
signature for predicting sepsis patient prognosis and to characterize the immune micro-
environment in sepsis patients with varying prognostic risk.

In the present investigation, we conducted a systematic analysis of the immunog-
enomic landscape of sepsis using Gene Expression Omnibus (GEO) gene expression 
profiles, and we identified 7 IRGs. In both the training and validation cohorts, a unique 
IRGs prognostic signature was established and showed moderate predictive value for 
sepsis patient survival. Furthermore, the CIBERSORT algorithms and single-sample 
gene set enrichment analysis (ssGSEA) results showed that the high-risk group of sepsis 
patients were characterized by a decreased neutrophil count and by reduced inflamma-
tion-promoting function.

Methods
Acquisition of gene expression profiles and clinical information

GEO database (https:// www. ncbi. nlm. nih. gov/ geo/) [21] was the source of the level 3 
RNA sequencing (RNA-seq) data and related clinical information of 802 sepsis patients 
(GSE65682 [22]). The clinical information encompassed age, gender, pneumonia, throm-
bocytopenia, ICU acquired infection, diabetes, abdominal sepsis, survival status and 
survival time. The healthy controls and sepsis patients with unavailable survival data 
were excluded. In the end 478 sepsis patients with integrated RNA-seq data and clinical 
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information were screened. In the ArrayExpress database [23], the high-throughput 
sequencing data of E-MTAB-4451 dataset [24] and prognostic information were selected 
as external data sets to verify and analyze the model. The E-MTAB-4451 dataset con-
tained a total of 114 samples of adult patients with sepsis. After excluding sepsis sam-
ples with incomplete clinical data, 106 sepsis samples were finally included. All the 
above samples were obtained from peripheral blood samples of septic patients within 
24 h after admission to ICU. Subsequently, we performed principal components analysis 
(PCA) analysis on the expression values of the samples after batch correction. The work-
flow sketched in Fig. 1.

Identification of the immune‑related genes

The Immunology Database and Analysis Portal (ImmPort) database (https:// www. 
immpo rt. org/) was employed to located IRGs. The ImmPort database had 2498 IRGs, 
which were listed in Additional file 1: Table S1.

Fig. 1 The study’s flow chart. LASSO least absolute shrinkage and selection operator, ROC receiver operating 
characteristic curve, GO gene ontology, KEGG Kyoto encyclopedia of genes and genomes

https://www.immport.org/
https://www.immport.org/
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Construction and validation of a prognostic immune‑related genes signature

Four hundred and seventy-eight sepsis patients were randomly separated into two 
groups, one for training and one for validation, in a ratio of 1:1. Firstly, to assess the 
connections between IRGs and patient survival outcomes in the training cohort, 
univariate Cox regressions were performed. Secondly, the prognostic IRGs were 
recognized utilizing least absolute shrinkage and selection operator (LASSO) Cox 
regression [25], which reduced the number of IRGs with prognostic values. In addi-
tion, an interaction network of IGRs was created by the STRING database [26]. 
Thirdly, multivariable Cox regression analysis was employed to identify prognostic 
IRGs. Seven significant IRGs associated with survival were discovered according to 
the least Akaike information criterion (AIC) value. AIC was mainly used to meas-
ure the goodness of fit of the statistical model, and the model with the lowest AIC 
was the prediction model with the best fit. Fourth, according to the risk score, sep-
sis patients in the training and validation cohorts were separated into low-risk and 
high-risk groups. The following formula was used to determine the risk score: risk 
score = βgene (a) × EXPgene (a) + βgene (b) × EXPgene(b) + …  + βgene(n) × EXPgen
e(n), with EXPgene representing the expression level of the identified IRGs standard-
ized by Z score and β representing the coefficient of that particular IRGs in multi-
variable Cox regression analysis. Kaplan–Meier analysis was performed with the R 
package “survival”, as well as “survminer”, to compare survival between low-risk and 
high-risk groups. For the purpose of assessing the accuracy of the constructed signa-
ture, the “pROC” R package was applied. Univariate and multivariable Cox regression 
analyses were recruited to evaluate the signature’s capacity to serve as an independent 
prognostic yardstick in comparison to clinical features in the study population.

Enrichment analyses of the differentially expressed genes (DEGs)

The DEGs between low-risk and high-risk groups were obtained using the “limma” R 
package [27]. |log2FC|≥ 1 and P < 0.05 were regarded as the cutoff criterion for DEGs. 
Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) analy-
sis was performed using the "clusterProfiler" R package based on DEGs [28]. The gene 
set enrichment analysis (GSEA) (http:// softw are. broad insti tute. org/ gsea/ index. js) was 
used to compare inflammatory pattern in the different risk groups.

Comprehensive analysis of immune status

The CIBERSORT algorithms [29] were employed to compare the fraction of immune 
cells between low-risk and high-risk groups. Furthermore, with ssGSEA, we esti-
mated the infiltration score for the activity of 13 immune-related pathways [30]. Pro-
spective immunological check-point genes were described in research articles.

Statistical analysis

Chi-squared tests were conducted to compare differences in proportions. Univari-
ate and multivariable Cox regression analyses were implemented to distinguish IRGs 
linked with prognosis. The Kaplan–Meier analysis and the log-rank test were per-
formed to compare the survival between low-risk and high-risk groups. The ssGSEA 

http://software.broadinstitute.org/gsea/index.js
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scores of immune cells or pathways were compared between the low-risk and high-
risk groups using Mann–Whitney U test with P values adjusted by the Bonferroni-
Holm (BH) method. The prognostic prediction signature’s predictive accuracy was 
measured via receiver operating characteristic curve (ROC) analysis. All of these 
analyses entailed the use of SPSS software 23.0 and R software 4.0. P value less than 
0.05 was considered to be statistically significant.

Results
The clinical information of the training and the validation cohort

Age, gender, the type of pneumonia, the proportion of thrombocytopenia, the propor-
tion of ICU-acquired infection, the proportion of diabetes, the proportion of abdomi-
nal sepsis were not significantly different between the training and the validation cohort 
(P ≥ 0.05) (Table 1).

Construction of a prognostic immune‑related genes signature

We conducted PCA analysis on the expression values of the samples after batch cor-
rection (Additional file 2: Fig. S1a, b). A total of 752 IGRs were expressed in sepsis 
patients. Firstly, following the univariate Cox regression analysis, we identified 126 
IRGs that were linked with survival and had prognostic significance (Fig.  2, Addi-
tional file 1: Table 1, P ˂  0.05). Secondly, to eliminate multicollinearity and to reduce 

Table 1 The clinical characteristics of sepsis patients in the training and the validation cohort

ICU Intensive care unit

Variables Training cohort (n = 239) Validation cohort (n = 239) P

No % No %

Age (y)

 ≤ 65 138 57.74 134 56.07 0.782

 > 65 101 42.26 105 43.93

Gender

Female 100 41.84 106 44.35 0.644

Male 139 58.16 133 55.65

Pneumonia

Community acquired pneumonia 58 24.27 48 20.08 0.442

Hospital acquired pneumonia 40 16.74 37 15.48

Unknown 141 58.99 154 64.44

Thrombocytopenia

Yes 45 18.83 37 15.48 0.396

No 194 81.17 202 84.52

ICU-acquired infection

Yes 23 9.62 23 9.62 1.000

No 216 90.38 216 90.38

Diabetes

Yes 42 17.57 47 19.67 0.639

No 197 82.43 192 80.33

Abdominal sepsis

Yes 27 11.30 22 9.21 0.547

No 212 88.70 217 90.79
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Fig. 2 Identification of the candidate top 50 immune‑related genes associated with survival of sepsis 
patients
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the number of IRGs to 20, LASSO Cox regression analysis was applied. (Fig.  3a–c, 
Additional file  1: Table  S2, P ˂  0.05). Figure  3d and Fig.  3e depicted the network of 
interactions and the correlation between these IRGs. Thirdly, subsequent multivari-
able Cox regression analysis was used to construct a prognostic signature based on 7 
IRGs (the C–C motif chemokine ligand 5 (CCL5), defensin alpha 4 (DEFA4), nuclear 
transcription factor Y subunit gamma (NFYC), estrogen receptor 1 (ESR1), tumor 

Fig. 3 An immune‑related genes (IRGs) prognostic signature was constructed in sepsis patients. a 20 IRGs 
were screened by the LASSO regression model; b LASSO Cox regression analysis was used to compute the 
coefficients of IRGs; c forest plots illustrating the findings of a univariate Cox regression analysis examining 
the relationship between the 20 IRGs and 28‑day survival in patients with sepsis; d the interactions of 
candidate IRGs are depicted in the protein–protein interaction network; e the correlation network of 
candidate IRGs; f forest plots illustrating the findings of a multivariable Cox regression analysis examining the 
relationship between the 20 IRGs and 28‑day survival in patients with sepsis. LASSO Least absolute shrinkage 
and selection operator, AIC Akaike information criterion. *P < 0.05, †P < 0.01, ‡P < 0.001
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necrosis factor receptor superfamily member 8 (TNFRSF8), chemokine (C-X3-C 
motif ) receptor 1 (CX3CR1), and serine protease inhibitor A3 (SERPINA3)) (Fig. 3f, 
Additional file 1: Table S3, P ˂ 0.05). As described earlier, the least AIC score aided in 
identifying of the IRGs signature (Table 2). The risk score was calculated as follows: 
−  0.465  × CCL5  + 0.21 5 × DEFA 4  − 1  .487 ×  NFYC + 1.055  × ESR1  − 0.737 × TNFRSF 
8 − 0.228  × CX3 CR 1  + 1 .003 × SERPINA 3  (AI C = 522.3 6, Concordance index = 0. 78) . 
Patie nts were classified into a low-risk group (n = 131) and a high-risk group (n = 108) 
based on the median cut-off value of their risk score (Fig. 4a). Additionally, there was 
no significant difference in clinical data between the high-risk and low-risk groups 
in the training cohort (Table  3). Fourthly, The Kaplan–Meier curve indicated that 

Table 2 Construction of prognostic signatures in patients with sepsis

AIC Akaike information criterion

Model Prognostic signature combination AIC

1 JUN + CXCR3 + CD3E + EDNRB + ADCYAP1R1 + THBS1 + HBEGF + TMSB10 + KCNH2 + PIK3CD + VEGFA + TRIM27 
+ PTX3

531.94

2 JUN + CXCR3 + CD3E + EDNRB + ADCYAP1R1 + THBS1 + HBEGF + TMSB10 + KCNH2 + PIK3CD + VEGFA + TRIM27 + 
PTX3 + CCL5

530.70

3 JUN + CXCR3 + CD3E + EDNRB + ADCYAP1R1 + THBS1 + HBEGF + TMSB10 + KCNH2 + PIK3CD + VEGFA + TRIM27 + 
PTX3 + CCL5 + DEFA4

528.07

4 JUN + CXCR3 + CD3E + EDNRB + ADCYAP1R1 + THBS1 + HBEGF + TMSB10 + KCNH2 + PIK3CD + VEGFA + TRIM27 + 
PTX3 + CCL5 + DEFA4 + NFYC

526.33

5 JUN + CXCR3 + CD3E + EDNRB + ADCYAP1R1 + THBS1 + HBEGF + TMSB10 + KCNH2 + PIK3CD + VEGFA + TRIM27 + 
PTX3 + CCL5 + DEFA4 + NFYC + ESR1

526.00

6 JUN + CXCR3 + CD3E + EDNRB + ADCYAP1R1 + THBS1 + HBEGF + TMSB10 + KCNH2 + PIK3CD + VEGFA + TRIM27 + 
PTX3 + CCL5 + DEFA4 + NFYC + ESR1 + TNFRSF8

524.77

7 JUN + CXCR3 + CD3E + EDNRB + ADCYAP1R1 + THBS1 + HBEGF + TMSB10 + KCNH2 + PIK3CD + VEGFA + TRIM27 + 
PTX3 + CCL5 + DEFA4 + NFYC + ESR1 + TNFRSF8 + CX3CR1

524.38

8 JUN + CXCR3 + CD3E + EDNRB + ADCYAP1R1 + THBS1 + HBEGF + TMSB10 + KCNH2 + PIK3CD + VEGFA + TRIM27 + 
PTX3 + CCL5 + DEFA4 + NFYC + ESR1 + TNFRSF8 + CX3CR1 + SERPINA3

524.34

9 JUN + CXCR3 + CD3E + EDNRB + ADCYAP1R1 + THBS1 + HBEGF + TMSB10 + KCNH2 + PIK3CD + VEGFA + TRIM27 + 
CCL5 + DEFA4 + NFYC + ESR1 + TNFRSF8 + CX3CR1 + SERPINA3

524.32

10 JUN + CXCR3 + CD3E + EDNRB + ADCYAP1R1 + THBS1 + HBEGF + TMSB10 + KCNH2 + PIK3CD + VEGFA + CCL5 + DE
FA4 + NFYC + ESR1 + TNFRSF8 + CX3CR1 + SERPINA3

524.09

11 JUN + CXCR3 + CD3E + EDNRB + ADCYAP1R1 + THBS1 + HBEGF + TMSB10 + KCNH2 + PIK3CD + CCL5 + DEFA4 + NF
YC + ESR1 + TNFRSF8 + CX3CR1 + SERPINA3

524.08

12 JUN + CXCR3 + CD3E + EDNRB + ADCYAP1R1 + THBS1 + HBEGF + TMSB10 + KCNH2 + CCL5 + DEFA4 + NFYC + ESR
1 + TNFRSF8 + CX3CR1 + SERPINA3

524.00

13 JUN + CXCR3 + CD3E + EDNRB + ADCYAP1R1 + THBS1 + HBEGF + TMSB10 + CCL5 + DEFA4 + NFYC + ESR1 + TNFR
SF8  
+ CX3CR1 + SERPINA3

523.98

14 JUN + CXCR3 + CD3E + EDNRB + ADCYAP1R1 + THBS1 + HBEGF + CCL5 + DEFA4 + NFYC + ESR1 + TNFRSF8 + CX3
CR1  
+ SERPINA3

523.68

15 JUN + CXCR3 + CD3E + EDNRB + ADCYAP1R1 + THBS1 + CCL5 + DEFA4 + NFYC + ESR1 + TNFRSF8 + CX3CR1 + SER-
PINA3

523.46

16 JUN + CXCR3 + CD3E + EDNRB + ADCYAP1R1 + CCL5 + DEFA4 + NFYC + ESR1 + TNFRSF8 + CX3CR1 + SERPINA3 523.39

17 JUN + CXCR3 + CD3E + EDNRB + CCL5 + DEFA4 + NFYC + ESR1 + TNFRSF8 + CX3CR1 + SERPINA3 523.09

18 JUN + CXCR3 + CD3E + CCL5 + DEFA4 + NFYC + ESR1 + TNFRSF8 + CX3CR1 + SERPINA3 523.66

19 JUN + CXCR3 + CCL5 + DEFA4 + NFYC + ESR1 + TNFRSF8 + CX3CR1 + SERPINA3 522.53

20 JUN + CCL5 + DEFA4 + NFYC + ESR1 + TNFRSF8 + CX3CR1 + SERPINA3 522.40

21 CCL5 + DEFA4 + NFYC + ESR1 + TNFRSF8 + CX3CR1 + SERPINA3 522.36
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the low-risk group had a considerably increased survival than the high-risk group 
(Fig.  4c). Finally, the ROC curves shown that the area under the curve (AUC) was 
0.876 [95% confidence interval (CI) 0.793–0.946] (Fig. 4e). The results presented the 
sensitivity was 0.893, the specificity was 0.874, the precision was 0.685, the preci-
sion was 0.685, the negative predictive value was 0.964, and the Matthews correlation 
coefficient (MCC) value was 0.706.

Fig. 4 The 7 immune‑related genes (IRGs) signature’s prognostic performance in the training cohort and 
the validation cohort. a The median value and distribution of the risk scores calculated by this signature in 
the training cohort; b the median value and distribution of the risk scores calculated by this signature in 
the validation cohort; c Kaplan–Meier curves depicting the 28 days survival based on the risk score in sepsis 
patients in the training cohort; d Kaplan–Meier curves depicting the 28 days survival based on the risk score 
in sepsis patients in the Validation cohort; e the prognostic accuracy of the risk score is confirmed by the AUC 
of ROC curves Kaplan–Meier curves depicting the 28 days survival based on the risk score in sepsis patients 
in the training cohort; f the prognostic accuracy of the risk score is confirmed by the AUC of ROC curves 
Kaplan–Meier curves depicting the 28 days survival based on the risk score in sepsis patients in the validation 
cohort. AUC  Area under curve, ROC Receiver operating characteristic curve
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Validation of the seven immune‑related genes signature in the validation cohort

Similarly, patients were classified into a low-risk group (n = 119) and a high-risk 
group (n = 120) in the validation cohort (Fig. 4b). There was no significant difference 
in clinical data between the two risk groups in sepsis patients (Table 4). The Kaplan–
Meier curve indicated that the low-risk group had a considerably increased survival 
than the high-risk group (Fig. 4d). The ROC curves indicate that the AUC was 0.855 
(95% CI 0.781–0.932) (Fig.  4f ). The results presented the sensitivity was 0.913, the 
specificity was 0.851, the precision was 0.663, the negative predictive value was 0.969, 
and the MCC value was 0.694 in the validation cohort. The expression levels of these 
7 IRGs in the different outcomes groups were statistically significant (P < 0.05, Addi-
tional file 3: Fig. S2a–g). The verification of the external data set shows that the 28-day 
survival of the low-risk group is significantly higher than that of the high-risk group 
(Additional file  3: Fig. S2h) and the AUC of signature to predict 28-day survival in 
sepsis patients by risk score was 0.815 (P < 0.05, Additional file 3: Fig. S2i). The results 
presented the sensitivity was 0.889, the specificity was 0.789, the precision was 0.814, 
the negative predictive value was 0.872, and the MCC value was 0.682 in the external 
data set.

Table 3 Association between signature and clinical characters in the training cohort

ICU Intensive care unit

High‑risk group (n = 108) Low‑risk group (n = 131) P

Variables No % No %

Age (y)

 ≤ 65 58 53.70 80 61.09 0.293

 > 65 50 46.30 51 38.91

Gender

Female 42 38.89 58 44.27 0.431

Male 66 61.11 73 55.73

Pneumonia

Community acquired pneumonia 21 19.44 37 28.24 0.076

Hospital acquired pneumonia 16 14.81 24 18.32

Unknown 71 65.75 64 48.85

Thrombocytopenia

Yes 20 18.52 25 19.08 1.000

No 88 81.48 106 80.92

ICU-acquired infection

Yes 13 12.04 10 7.63 0.277

No 95 87.96 121 92.37

Diabetes

Yes 21 19.44 21 16.03 0.500

No 87 80.56 110 83.97

Abdominal sepsis

Yes 8 7.41 19 14.50 0.102

No 100 92.59 112 85.50
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Independent prognostic value of seven immune‑related genes signature

Univariate Cox regression analysis revealed a correlation between the signatures of 
seven IRGs and the 28-day survival of sepsis patients (Fig. 5a and b). The 7 IRGs sig-
nature proved to be an independent prognostic factor in the multivariable Cox regres-
sion analysis (Fig. 5c, d).

Enrichment analyses of the differentially expressed genes

The DEGs between low-risk group and high-risk group were shown in Additional file 1: 
Table S4. We conducted GO enrichment and KEGG pathway analyses on the DEGs to 
better understand their biological functions and pathways. The GO enrichment analysis 
revealed that DEGs were clearly enriched in immune-related functions, such as neutro-
phil degranulation and activation, which are implicated in the immunological response 
in sepsis patients. (Fig. 6a). In addition, the markedly enriched pathways for DEGs were 
neutrophil extracellular trap formation, staphylococcus aureus infection, interleukin 
(IL)-17 signaling pathway and nucleotide-binding oligomerization domain (NOD)-
like receptor signaling pathway in sepsis patients (Fig.  6b). Inflammatory response 
(NES = 2.02, P. adjust < 0.05) was considerably enriched in the low-risk group patients of 
sepsis (Additional file 4: Fig. S3).

Table 4 Association between signature and clinical characters in the validation cohort

ICU Intensive care unit

High‑risk (n = 120) Low‑risk (n = 119) P

Variables No % No %

Age (y)

 ≤ 65 65 54.17 69 57.98 0.603

 > 65 55 45.83 50 42.02

Gender

Female 51 42.50 55 46.22 0.604

Male 69 57.50 64 53.78

Pneumonia

Community acquired pneumonia 29 23.53 19 15.97 0.279

Hospital acquired pneumonia 17 14.29 20 16.81

Unknown 74 62.18 80 67.22

Thrombocytopenia

Yes 20 16.67 17 14.29 0.721

No 100 83.33 102 85.71

ICU-acquired infection

Yes 11 9.17 12 10.08 0.830

No 109 90.83 107 89.92

Diabetes

Yes 20 16.67 27 22.69 0.259

No 100 83.33 92 77.31

Abdominal sepsis

Yes 13 10.83 9 7.56 0.381

No 107 89.17 112 92.46
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The correlation between the risk score and immune status

We explored the immune cell infiltration landscape while using results of the CIBER-
SORT algorithm. Patients with sepsis in the high-risk group had higher ratios of neu-
trophils, monocyte, and T cells CD8 than those in the low-risk group (P < 0.05, Fig. 7a, 
b). Patients with sepsis in the high-risk group had lower ratios of plasma cell, T cells 
CD4 naive, T cells CD4 memory activated, natural killer (NK) cells resting, NK cells acti-
vated, macrophages M0, macrophages M2, eosinophils, monocytes mast cells activated 
and mast cells resting than those in the low-risk group (P < 0.05, Fig.  7a, b). Next, the 
enrichment scores of a variety of immune related functions or pathways were calculated 
by ssGSEA. The score of CC chemokine receptor, check point, inflammation promoting 
and T cell co-stimulation were lower in the high-risk group in sepsis patients (P < 0.05, 
Fig. 8a). Interestingly, the fraction of neutrophils was the largest statistically significant 
difference between the high-risk and low-risk groups, which was consistent with the 
findings in the GO and KEGG analysis. In addition, the sepsis patients in the high-risk 
group were characterized by upregulated expression of CD200R1 and leukocyte-associ-
ated immunoglobulin-like receptor 1, whereas the sepsis patients in the low-risk group 
were characterized by high expression of C10orf54, CD160, CD244, CD40, CD48, CD86, 
LAG3, TIGIT, TNFRSF14, TNFRSF25, TNFRSF8, TNFRSF9 and TNFSF14 (P < 0.05, 
Fig. 8b).

Fig. 5 The immune‑related genes signature has independent prognostic significance in both the training 
and validation cohorts. a Univariate Cox regression analysis of 28 days survival with risk scores and clinical 
information in the training cohort; b univariate Cox regression analysis of 28 days survival with risk scores and 
clinical information.in the validation cohort; c multivariable Cox regression analysis of 28 days survival with 
risk scores and clinical information in the training cohort; d multivariable Cox regression analysis of 28 days 
survival with risk scores and clinical information in the validation cohort. ICU Intensive care unit
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Discussion
Several traditional prognosis indicators are applied in clinical practice today, including 
the Sequential Organ Failure Assessment [31], quick Sequential Organ Failure Assess-
ment [32], the Acute Physiology and Chronic Health Evaluation II [33], the Simplified 
Acute Physiology Score II [34], and C-reactive protein/albumin ratio [35]. Nevertheless, 
their performances are limited in specificity and sensitivity so that they have facilitated 
early diagnosis and prognosis prediction in patients with sepsis [36].

Fig. 6 The results of GO and KEGG enrichment analysis of differentially expressed genes between different 
risk groups in sepsis patients. The most significant GO enrichment analysis; b the most significant KEGG 
pathways enrichment analysis [28]. GO gene ontology, KEGG Kyoto encyclopedia of genes and genomes, 
IL interleukin, NOD nucleotide‑binding oligomerization domain, FC fold‑change, BP biological process, CC 
cellular component, MF molecular function
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Molecular biomarkers are considered as non-invasive clinical methods that could 
objectively predict or evaluate status and progression of disease. Regulation of the 
immune response and function is known to play a critical role in the pathogenesis and 
progression of sepsis [37, 38]. Wong et al. [39, 40] found that some genes associated with 
innate immune response could be used to predict the prognosis of children with clini-
cal sepsis and showed good clinical efficacy. However, these authors did not systemati-
cally integrate these genes into a signature, making it impossible to use them in clinical 
practice. A study [41] verified that sepsis risk scoring methods based on multi-gene 
biomarkers showed higher performance (sensitivity and specificity) in the ROC curves. 
Therefore, by using univariate Cox regression analysis, it was determined that 126 IRGs 
were substantially linked with sepsis patient survival. In the end, we managed to formu-
late a signature of 7 IRGs for the prognosis of sepsis patients: −  0.465  × CCL5  + 0.21 
5 × DEF A4 − 1. 487 × N FYC +  1.055 × ESR1 − 0.737 ×  TNFRSF8  − 0.228  × CX3C R1  + 1. 
003 × SERPINA3.

Among these 7 IRGs, which could predict the prognosis of sepsis patients, CCL5, 
DEFA4, ESR1 and CX3CR1 were broadly researched in previous studies. CCL5, 
a member of CC motif chemokines ligand, is recognized as an effective biomarker 

Fig. 7 The immune cell infiltration landscape based on CIBERSORT algorithm between different risk groups 
in sepsis patients. Barplot (a) of the immune infiltrating cell proportions. Violin plot (b) demonstrated the 
differences in the proportions of immune infiltrating cell across different risk groups. NK natural killer
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for the diagnosis of sepsis [42]. However, no study has found a relationship between 
CCL5 and the prognosis of sepsis. DEFA4, a member of the α-defensins family, has 
been shown to induce IL-6 release in macrophages in a toll-like receptor 4-independ-
ent manner [43]. Zhang et al. [44] elaborated that the expression of DEFA4 is strongly 
correlated with the severity of sepsis. Moreover, DEFA4 also may serve as a biomarker 
for clinical diagnosis and as a target for treatment of severe influenza infection [45]. 
ESR1 has been reported as a biomarker of septic syndrome in patients with corona-
virus disease 2019 [46]. CX3CR1 is a G-protein coupled receptor, which is expressed 
on various cells, such as T lymphocytes, monocytes, natural killer cells, neurons and 
microglial cells [47]. Interestingly, not only is lower CX3CR1 expression associated 

Fig. 8 The single‑sample gene set enrichment analysis scores of sepsis patients in different risk groups 
are compared. a The scores of immune functions; b the expression levels of immune checkpoints. APC 
allophycocyanin, CCR  CC chemokine receptor, HLA human leukocyte antigen, MHC major histocompatibility 
complex, IFN interferon. *P < 0.05, **P < 0.01, ***P < 0.001
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with early and late mortality in critically sick patients, but also with septic shock pro-
gression [48, 49]. Although little is known about the roles of NFYC, TNFRSF8 and 
SERPINA3 in sepsis, NFYC is characterized as a new regulator of skeletal muscle 
immunometabolic signaling [50]. TNFRSF8/CD30 has been shown to inhibit the pro-
liferation of autoreactive effector immune cells, hence assisting the body in resisting 
autoimmunity [51]. SERPINA3 is also an inflammatory cytokine gene, which could 
induce significant lung injury after influenza infection [52]. Underlying mechanisms 
of these three genes in sepsis still need further explorations.

In addition, we conducted GO and KEGG enrichment analysis based on the DEGs 
between different risk groups and discovered that immune-related biological processes 
and pathways, such as neutrophil degranulation, neutrophil activation involved immune 
response, neutrophil extracellular trap formation, staphylococcus aureus infection, IL-17 
signaling pathway and NOD-like receptor signaling pathway, were unveiled. Further-
more, our immune cell infiltration landscape results indicated neutrophils had lower 
infiltration than those sepsis patients in the high-risk group. Not only are neutrophils the 
first line of defense, armed with the ability to recognize and respond to infection in the 
absence of normal receptor expression, but they are also activated in sepsis to produce 
reactive oxygen species, nitric oxide, cytokines, proteases, and kinins. Xini et al. [53] dis-
covered that an early absolute CD64/CD15/CD45 neutrophils count lower than 2500/
mm3 is independently associated with unfavorable outcome of sepsis. Another study 
found that reduced neutrophil CD16 expression predicted an increased risk of death in 
critically ill patients with sepsis [54]. As for immune functions, our ssGSEA results indi-
cated that the high-risk groups had slighter inflammation-promoting in both the training 
and the validation cohort. Previous research [6] revealed pro-inflammatory processes aid 
in the clearance of pathogenic agents in the initial phase of sepsis.

Our study still included some limitations. First, we did not employ additional prospec-
tive real-world data to validate our prognostic signature’s clinical efficacy. Second, owing 
to a paucity of relevant clinical data, the predictive model we created did not incorporate 
all relevant clinical data. Finally, it was determined that the relationships between the 
risk score and immunological status should be validated empirically.

In conclusion, our work established a unique prognostic signature of 7 IRGs. In both 
the training and validation cohorts, this signature was found to be independently linked 
with survival, providing insight into the prediction of sepsis prognosis. The differences 
in neutrophil infiltration were found to be correlated to the progression of sepsis. Thus, 
in the future, this marker may develop into a viable biomarker for predicting sepsis, 
allowing for more sensible ICU resource distribution.

Supplementary Information
The online version contains supplementary material available at https:// doi. org/ 10. 1186/ s12859‑ 023‑ 05134‑1.

Additional file 1: Table S1. The IRGs from the ImmPort database. Table S2. The 126 immune‑related genes that 
were found to be linked with survival in individuals with sepsis. Table S3. The expression of 20 immune‑related 
genes associated with survival in sepsis patients after LASSO Cox regression analysis. Table S4. The 7 immune‑
related genes associated with survival in sepsis patients after multivariate Cox regression analysis. Table S5. The 
differentially expressed genes between different risk groups in sepsis patients

Additional file 2: Fig. S1. Data preprocessing analysis: a PCA results after batch correction of gene expression 
profile in GSE65682; b PCA results after batch correction of gene expression profile in E‑MATB‑4451. PCA principal 
components analysis

https://doi.org/10.1186/s12859-023-05134-1


Page 17 of 19Chen et al. BMC Bioinformatics           (2023) 24:20  

Additional file 3: Fig. S2. The 7 IRGs signature’s prognostic performance in the external dataset. The expression 
levels of a CCL5, b DEFA4, c NFY4, d ESR1, e TNFRSF8, f CX3CR1, and g SERPINA3 in the different outcomes groups. h 
Kaplan–Meier curves depicting the 28‑day survival based on the risk score in sepsis patients. i The prognostic accu‑
racy of the risk score is confirmed by the AUC of ROC. AUC  area under curve, ROC receiver operating characteristic 
curve, *P < 0.05, **P < 0.01, ***P < 0.001

Additional file 4. Fig. S3. Enrichment plots from GSEA between different risk groups patients with sepsis samples. 
GSEA gene set enrichment analysis

Acknowledgements
Not applicable.

Author contributions
CZH and ZWY designed the research, analyzed the data, and wrote the manuscript. YH, GYQ and ZK analyzed and inter‑
preted the data. FXM designed the research, analyzed the data, and corrected the manuscript. All the authors approved 
the final version of the manuscript.

Funding
This work was supported by the Natural Science Foundation of Zhejiang Province (LZ22H150002 to ZK), the National 
Natural Science Foundation of China (81720108025 to FXM, 82072221 to ZK), the National Key Research and Develop‑
ment Program of China (2018YFC2001904 to FXM).

Availability of data and materials
The datasets analyzed during the current study are available in the Gene Expression Omnibus database (https:// www. 
ncbi. nlm. nih. gov/ genome/), and the Immunology Database and Analysis Portal database (https:// www. immpo rt. org/ 
home).

Declarations

Ethics approval and consent to participate
Not applicable.

Consent for publication
Not applicable.

Competing interests
The authors have no conflict of interest to declare.

Received: 28 September 2022   Accepted: 2 January 2023

References
 1. Evans L, Rhodes A, Alhazzani W, Antonelli M, Coopersmith CM, French C, et al. Executive summary: surviving 

sepsis campaign: international guidelines for the management of sepsis and septic shock 2021. Crit Care Med. 
2021;49:1974–82.

 2. Hou J, Chen Q, Wu X, Zhao D, Reuveni H, Licht T, et al. S1PR3 signaling drives bacterial killing and is required for 
survival in bacterial sepsis. Am J Respir Crit Care Med. 2017;196:1559–70.

 3. Fleischmann C, Scherag A, Adhikari NK, Hartog CS, Tsaganos T, Schlattmann P, et al. Assessment of global 
incidence and mortality of hospital‑treated sepsis. Current estimates and limitations. Am J Respir Crit Care Med. 
2016;193:259–72.

 4. van Vught LA, Klein Klouwenberg PM, Spitoni C, Scicluna BP, Wiewel MA, Horn J, et al. Incidence, risk factors, 
and attributable mortality of secondary infections in the intensive care unit after admission for sepsis. JAMA. 
2016;315:1469–79.

 5. Prescott HC, Angus DC. Enhancing recovery from sepsis: a review. JAMA. 2018;319:62–75.
 6. Wang J, Sun Y, Teng S, Li K. Prediction of sepsis mortality using metabolite biomarkers in the blood: a meta‑analysis 

of death‑related pathways and prospective validation. BMC Med. 2020;18:83.
 7. Rubio I, Osuchowski MF, Shankar‑Hari M, Skirecki T, Winkler MS, Lachmann G, et al. Current gaps in sepsis immunol‑

ogy: new opportunities for translational research. Lancet Infect Dis. 2019;19:e422–36.
 8. Nakamori Y, Park EJ, Shimaoka M. Immune deregulation in sepsis and septic shock: reversing immune paralysis by 

targeting PD‑1/PD‑L1 pathway. Front Immunol. 2021;11: 624279.
 9. van der Poll T, van de Veerdonk FL, Scicluna BP, Netea MG. The immunopathology of sepsis and potential therapeu‑

tic targets. Nat Rev Immunol. 2017;17:407–20.
 10. Venet F, Monneret G. Advances in the understanding and treatment of sepsis‑induced immunosuppression. Nat 

Rev Nephrol. 2018;14:121–37.
 11. Hutchins NA, Unsinger J, Hotchkiss RS, Ayala A. The new normal: immunomodulatory agents against sepsis immune 

suppression. Trends Mol Med. 2014;20:224–33.
 12. Hotchkiss RS, Monneret G, Payen D. Immunosuppression in sepsis: a novel understanding of the disorder and a new 

therapeutic approach. Lancet Infect Dis. 2013;13:260–8.

https://www.ncbi.nlm.nih.gov/genome/
https://www.ncbi.nlm.nih.gov/genome/
https://www.immport.org/home
https://www.immport.org/home


Page 18 of 19Chen et al. BMC Bioinformatics           (2023) 24:20 

 13. Reinhart K, Bauer M, Riedemann NC, Hartog CS. New approaches to sepsis: molecular diagnostics and biomarkers. 
Clin Microbiol Rev. 2012;25:609–34.

 14. Steinhagen F, Schmidt SV, Schewe JC, Peukert K, Klinman DM, Bode C. Immunotherapy in sepsis‑brake or acceler‑
ate? Pharmacol Ther. 2020;208: 107476.

 15. van’t Veer LJ, Dai H, van de Vijver MJ, He YD, Hart AA, Mao M, et al. Gene expression profiling predicts clinical out‑
come of breast cancer. Nature. 2002;415:530–6.

 16. Cuocolo R, Caruso M, Perillo T, Ugga L, Petretta M. Machine learning in oncology: a clinical appraisal. Cancer Lett. 
2020;481:55–62.

 17. Adams CR, Htwe HH, Marsh T, Wang AL, Montoya ML, Subbaraj L, et al. Transcriptional control of subtype switching 
ensures adaptation and growth of pancreatic cancer. Elife. 2019;8: e45313.

 18. Xie P, Ma Y, Yu S, An R, He J, Zhang H. Development of an immune‑related prognostic signature in breast cancer. 
Front Genet. 2020;10:1390.

 19. Li X, Wen D, Li X, Yao C, Chong W, Chen H. Identification of an immune signature predicting prognosis risk and 
lymphocyte infiltration in colon cancer. Front Immunol. 2020;11:1678.

 20. Wang J, Yu S, Chen G, Kang M, Jin X, Huang Y, et al. A novel prognostic signature of immune‑related genes for 
patients with colorectal cancer. J Cell Mol Med. 2020;24:8491–504.

 21. Barrett T, Wilhite SE, Ledoux P, Evangelista C, Kim IF, Tomashevsky M, et al. NCBI GEO: archive for functional genomics 
data sets–update. Nucleic Acids Res. 2013;41:D991–5.

 22. Scicluna BP, Klein Klouwenberg PM, van Vught LA, Wiewel MA, Ong DS, Zwinderman AH, et al. A molecular bio‑
marker to diagnose community‑acquired pneumonia on intensive care unit admission. Am J Respir Crit Care Med. 
2015;192:826–35.

 23. Athar A, Füllgrabe A, George N, Iqbal H, Huerta L, Ali A, et al. ArrayExpress update—from bulk to single‑cell expres‑
sion data. Nucleic Acids Res. 2019;47(D1):D711–5.

 24. Davenport EE, Burnham KL, Radhakrishnan J, Humburg P, Hutton P, Mills TC, et al. Genomic landscape of the indi‑
vidual host response and outcomes in sepsis: a prospective cohort study. Lancet Respir Med. 2016;4(4):259–71.

 25. Simon N, Friedman J, Hastie T, Tibshirani R. Regularization paths for Cox’s proportional hazards model via coordinate 
descent. J Stat Softw. 2011;39:1–13.

 26. Szklarczyk D, Franceschini A, Kuhn M, Simonovic M, Roth A, Minguez P, et al. The STRING database in 2011: 
functional interaction networks of proteins, globally integrated and scored. Nucleic Acids Res. 2011;39(Database 
issue):D561–8.

 27. Ritchie ME, Phipson B, Wu D, Hu Y, Law CW, Shi W, et al. limma powers differential expression analyses for RNA‑
sequencing and microarray studies. Nucleic Acids Res. 2015;43: e47.

 28. Kanehisa M, Goto S. KEGG: kyoto encyclopedia of genes and genomes. Nucleic Acids Res. 2000;28(1):27–30.
 29. Newman AM, Liu CL, Green MR, Gentles AJ, Feng W, Xu Y, et al. Robust enumeration of cell subsets from tissue 

expression profiles. Nat Methods. 2015;12:453–7.
 30. Rooney MS, Shukla SA, Wu CJ, Getz G, Hacohen N. Molecular and genetic properties of tumors associated with local 

immune cytolytic activity. Cell. 2015;160:48–61.
 31. Singer M, Deutschman CS, Seymour CW, Shankar‑Hari M, Annane D, Bauer M, et al. The third international consen‑

sus definitions for sepsis and septic shock (Sepsis‑3). JAMA. 2016;315:801–10.
 32. Bolanaki M, Möckel M, Winning J, Bauer M, Reinhart K, Stacke A, et al. Diagnostic performance of procalcitonin 

for the early identification of sepsis in patients with elevated qSOFA score at emergency admission. J Clin Med. 
2021;10:3869.

 33. Giamarellos‑Bourboulis EJ, Norrby‑Teglund A, Mylona V, Savva A, Tsangaris I, Dimopoulou I, et al. Risk assessment in 
sepsis: a new prognostication rule by APACHE II score and serum soluble urokinase plasminogen activator receptor. 
Crit Care. 2012;16:R149.

 34. Ait‑Oufella H, Lemoinne S, Boelle PY, Galbois A, Baudel JL, Lemant J, et al. Mottling score predicts survival in septic 
shock. Intensive Care Med. 2011;37:801–7.

 35. Oh TK, Ji E, Na HS, Min B, Jeon YT, Do SH, et al. C‑reactive protein to albumin ratio predicts 30‑day and 1‑year mortal‑
ity in postoperative patients after admission to the intensive care unit. J Clin Med. 2018;7:39.

 36. Faix JD. Biomarkers of sepsis. Crit Rev Clin Lab Sci. 2013;50:23–36.
 37. Rosadini CV, Kagan JC. Early innate immune responses to bacterial LPS. Curr Opin Immunol. 2017;44:14–9.
 38. Seeley JJ, Baker RG, Mohamed G, Bruns T, Hayden MS, Deshmukh SD, et al. Induction of innate immune memory via 

microRNA targeting of chromatin remodelling factors. Nature. 2018;559:114–9.
 39. Wong HR. Pediatric sepsis biomarkers for prognostic and predictive enrichment. Pediatr Res. 2022;91:283–8.
 40. Iglesias J, Vassallo AV, Liesenfeld O, Levine JS, Patel VV, Sullivan JB, et al. A 33‑mRNA classifier is able to produce 

inflammopathic, daaptive, and coagulopathic endotypes with prognostic significance: the outcomes of metabolic 
resuscitation using ascorbic acid, thiamine, and glucocorticoids in the early treatment of sepsis (ORANGES) trial. J 
Pers Med. 2020;11:9.

 41. Shapiro NI, Trzeciak S, Hollander JE, Birkhahn R, Otero R, Osborn TM, et al. A prospective, multicenter derivation of 
a biomarker panel to assess risk of organ dysfunction, shock, and death in emergency department patients with 
suspected sepsis. Crit Care Med. 2009;37:96–104.

 42. Jekarl DW, Kim JY, Ha JH, Lee S, Yoo J, Kim M, et al. Diagnosis and prognosis of sepsis based on use of cytokines, 
chemokines, and growth factors. Dis Mark. 2019;2019:1089107.

 43. Vandenbroucke RE, Vanlaere I, Van Hauwermeiren F, Van Wonterghem E, Wilson C, Libert C. Pro‑inflammatory effects 
of matrix metalloproteinase 7 in acute inflammation. Mucosal Immunol. 2014;7:579–88.

 44. Zhang S, Li N, Chen W, Fu Q, Liu Y. Time series gene expression profiles analysis identified several potential biomark‑
ers for sepsis. DNA Cell Biol. 2020;39:1862–71.

 45. Liu S, Huang Z, Deng X, Zou X, Li H, Mu S, et al. Identification of key candidate biomarkers for severe influenza infec‑
tion by integrated bioinformatical analysis and initial clinical validation. J Cell Mol Med. 2021;25:1725–38.



Page 19 of 19Chen et al. BMC Bioinformatics           (2023) 24:20  

•
 
fast, convenient online submission

 •
  

thorough peer review by experienced researchers in your field

• 
 
rapid publication on acceptance

• 
 
support for research data, including large and complex data types

•
  

gold Open Access which fosters wider collaboration and increased citations 

 
maximum visibility for your research: over 100M website views per year •

  At BMC, research is always in progress.

Learn more biomedcentral.com/submissions

Ready to submit your researchReady to submit your research  ?  Choose BMC and benefit from: ?  Choose BMC and benefit from: 

 46. Liu T, Guo Y, Zhao J, He S, Bai Y, Wang N, et al. Systems pharmacology and verification of ShenFuHuang formula in 
zebrafish model reveal multi‑scale treatment strategy for septic syndrome in COVID‑19. Front Pharmacol. 2020;11: 
584057.

 47. Kim KW, Vallon‑Eberhard A, Zigmond E, Farache J, Shezen E, Shakhar G, et al. In vivo structure/function and expres‑
sion analysis of the CX3C chemokine fractalkine. Blood. 2011;118:e156–67.

 48. Friggeri A, Cazalis MA, Pachot A, Cour M, Argaud L, Allaouchiche B, et al. Decreased CX3CR1 messenger RNA expres‑
sion is an independent molecular biomarker of early and late mortality in critically ill patients. Crit Care. 2016;20:204.

 49. Pachot A, Cazalis MA, Venet F, Turrel F, Faudot C, Voirin N, et al. Decreased expression of the fractalkine recep‑
tor CX3CR1 on circulating monocytes as new feature of sepsis‑induced immunosuppression. J Immunol. 
2008;180:6421–9.

 50. Nylén C, Aoi W, Abdelmoez AM, Lassiter DG, Lundell LS, Wallberg‑Henriksson H, et al. IL6 and LIF mRNA expression in 
skeletal muscle is regulated by AMPK and the transcription factors NFYC, ZBTB14, and SP1. Am J Physiol Endocrinol 
Metab. 2018;315:E995‑1004.

 51. Dubey S, Yoon H, Cohen MS, Nagarkatti P, Nagarkatti M, Karan D. Withaferin A associated differential regulation of 
inflammatory cytokines. Front Immunol. 2018;9:195.

 52. Kumakura M, Kawaguchi A, Nagata K. Actin‑myosin network is required for proper assembly of influenza virus parti‑
cles. Virology. 2015;476:141–50.

 53. Xini A, Pistiki A, Lada M, Giamarellos‑Bourboulis EJ, Dimopoulos G. Association of the early absolute CD64‑express‑
ing neutrophil count and sepsis outcome. Eur J Clin Microbiol Infect Dis. 2019;38:1123–8.

 54. Hanna MOF, Abdelhameed AM, Abou‑Elalla AA, Hassan RM, Kostandi I. Neutrophil and monocyte receptor expres‑
sion in patients with sepsis: implications for diagnosis and prognosis of sepsis. Pathog Dis. 2019;77:ftz055.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in published maps and institutional affiliations.


	A signature of immune-related genes correlating with clinical prognosis and immune microenvironment in sepsis
	Abstract 
	Background: 
	Methods: 
	Results: 
	Conclusion: 

	Introduction
	Methods
	Acquisition of gene expression profiles and clinical information
	Identification of the immune-related genes
	Construction and validation of a prognostic immune-related genes signature
	Enrichment analyses of the differentially expressed genes (DEGs)
	Comprehensive analysis of immune status
	Statistical analysis

	Results
	The clinical information of the training and the validation cohort
	Construction of a prognostic immune-related genes signature
	Validation of the seven immune-related genes signature in the validation cohort
	Independent prognostic value of seven immune-related genes signature
	Enrichment analyses of the differentially expressed genes
	The correlation between the risk score and immune status

	Discussion
	Acknowledgements
	References


