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Identifying crucial genes
 for prognosis in septic
patients
Gene integration study based on PRISMA guidelines
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Abstract
Background: Sepsis is a serious clinical condition with a poor prognosis, despite improvements in diagnosis and treatment.
Therefore, novel biomarkers are necessary that can help with estimating prognosis and improving clinical outcomes of patients with
sepsis.

Methods: The gene expression profiles GSE54514 and GSE63042 were downloaded from the GEO database. DEGs were
screened by t test after logarithmization of raw data; then, the common DEGs between the 2 gene expression profiles were identified
by up-regulation and down-regulation intersection. The DEGs were analyzed using bioinformatics, and a protein-protein interaction
(PPI) survival network was constructed using STRING. Survival curves were constructed to explore the relationship between core
genes and the prognosis of sepsis patients based on GSE54514 data.

Results:A total of 688 common DEGs were identified between survivors and non-survivors of sepsis, and 96 genes were involved
in survival networks. The crucial genes Signal transducer and activator of transcription 5A (STAT5A), CCAAT/enhancer-binding
protein beta (CEBPB), Myc proto-oncogene protein (MYC), and REL-associated protein (RELA) were identified and showed
increased expression in sepsis survivors. These crucial genes had a positive correlation with patients’ survival time according to the
survival analysis.

Conclusions:Our findings indicate that the genes STAT5A, CEBPB,MYC, and RELAmay be important in predicting the prognosis
of sepsis patients.

Abbreviations: CEBPB = CCAAT/enhancer-binding protein beta, CSF-1 = colony stimulating factor-1, DAVID = database for
annotation, visualization and integrated discovery, DEGs = differentially expressed genes, GEO = gene expression omnibus, GO =
gene ontology, GSEA = gene set enrichment analysis, HIF = hypoxia inducible factor, IL-6 = interleukin-6, KEGG = Kyoto
Encyclopedia of Genes and Genomes, MDSC =marrow-derived suppressor cell, NF-kB = nuclear transcription factor-kB, NK cell =
natural killer cell, PPI = protein-protein interaction, RELA = REL-associated protein, STAT5A = Signal transducer and activator of
transcription 5A, TNF-a = tumor necrosis factor alpha.
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1. Introduction

Sepsis is a heterogeneous and complicated pathophysiological
syndrome that causes multiple organ dysfunction and high
mortality. Sepsis and septic shock are major complications in
critical care medicine. Worldwide, there are more than 19million
Editor: Undurti N. Das.

This work was sponsored by the Luzhou-SWMU united project (2017LZXNYD-
J27).

The authors report no conflicts of interest
a Department of Emergency, b Department of Infectious Diseases, The Affiliated
Hospital of Southwest Medical University, Lu Zhou, Si Chuan, China.
∗
Correspondence: Qian Zhang, Department of Infectious Diseases, The Affiliated

Hospital of Southwest Medical University, No. 25 Taiping Street, Lu Zhou
646000, China (e-mail: 782872184@qq.com).

Copyright © 2019 the Author(s). Published by Wolters Kluwer Health, Inc.
This is an open access article distributed under the terms of the Creative
Commons Attribution-Non Commercial License 4.0 (CCBY-NC), where it is
permissible to download, share, remix, transform, and buildup the work provided
it is properly cited. The work cannot be used commercially without permission
from the journal.

Medicine (2019) 98:33(e16807)

Received: 19 February 2019 / Received in final form: 21 June 2019 / Accepted:
20 July 2019

http://dx.doi.org/10.1097/MD.0000000000016807

1

patients affected by sepsis each year, with a mortality of
approximately 30%.[1] These poor outcomes may be due to a
lack of understanding of the molecular mechanisms of sepsis.
Fortunately, high-throughput sequencing can be used to
determine disease mechanisms.
Previous studies have mainly focused on the pathogenesis of

sepsis.[2,3] However, as clinicians, we expect to know the
potential risk factors that are associated with the prognosis of
patients with sepsis. To our knowledge, few studies have focused
on the factors correlated with improved prognosis in sepsis. The
present study aimed to conduct a comprehensive analysis based
on 2 previous studies[4,5] and to explore crucial genes related to
prognosis in sepsis, which may be useful in providing clues for
future studies.
2. Methods

2.1. Microarray chip data

Two microarray datasets for sepsis were downloaded from the
public Gene Expression Omnibus (GEO) database (https://www.
ncbi.nlm.nih.gov/geo/): GSE54514[4] and GSE63042.[5] The
definition of sepsis 2.0 was used as screening criteria for patients
with sepsis in both studies. Dataset GSE54514 was generated on
the Illumina HumanHT-12 V3.0 expression beadchip platform

https://www.ncbi.nlm.nih.gov/geo/
https://www.ncbi.nlm.nih.gov/geo/
mailto:782872184@qq.com
http://creativecommons.org/licenses/by-nc/4.0
http://creativecommons.org/licenses/by-nc/4.0
http://dx.doi.org/10.1097/MD.0000000000016807


Hu et al. Medicine (2019) 98:33 Medicine
and submitted in 2014. Whole-blood samples were collected
from patients with sepsis within 5 days of admission to an
intensive care unit, for a total of 31 samples from 9 non-survivors
and 96 samples from 26 survivors. Dataset GSE63042 was
generated on the Illumina Genome Analyzer II (Homo sapiens)
platform and submitted in 2015. Peripheral blood samples
collected at admission to the emergency department were divided
into a non-survivor group (n=28) and survivor group (n=78),
according to the prognosis at 28-days. Both studies passed ethical
review and informed written consent was acquired from all
patients or their relatives.
2.2. Screening for DEGs

The 2 datasets were logarithmically normalized. The DEGs
between survivors and non-survivors were selected by t-test, with
a P value <.05 considered the cut-off criteria. Common DEGs
derived from the intersection of DEGs between the 2 datasets
were used for subsequent analyses.
2.3. Functional enrichment analysis of the DEGs

Gene ontology (GO) and pathway enrichment analysis for DEGs
contribute to a better understanding of the mechanisms of
disease. The common DEGs were submitted to the online
analytical tool database for annotation, visualization and
integrated discovery (DAVID) 6.8[6] (https://david-d.ncifcrf.
gov/), with the gene symbol selected as the identifier and the
species set to human. As a widely used gene batch annotation
tool, DAVID conducts a classification of biological processes and
enrichment of signaling pathways based on the KEGG database,
with P< .05 as the significance cut-off. Next, the results were
submitted for visualization at OmicShare, an online web tool
(http://www.omicshare.com). Gene set enrichment analysis
(GSEA)[7] tools were used to further investigate the activation
of these pathways in the septic patients between the survivor
group and non-survivor group.
Table 1

Clinical and demographic description in GSE54514 and
GSE63042.

GSE54514 GSE63042

Clinical variable Survivors Non- survivors Survivors Non- survivors

N 26 9 78 28
2.4. Construction of the survival network

A protein-protein interaction (PPI) network is a large-scale
analysis based on the previously reported direct interactions
between 2 proteins that facilitates the screening of possible key
genes. The common DEGs were analyzed using STRING[8]

(https://string-db.org/), using the following network settings:
“Homo sapiens” for species, “experiments” for interaction
source, and “0.3” for the minimum required interaction score. In
addition, proteins with fewer than 3 links were removed from the
PPI network, taking into account the closeness of the network
association, and the PPI network was defined as a “survival
network”. Finally, in combination with the expression values of
the crucial genes in both datasets, visualization of the survival
network was performed using the viacomplex tool[9,10] to
illustrate the quality of the survival network.
Age 57±18 70±11 56±18 68±17
Male/female 10/16 4/5 46/32 17/11
Heart disease 23 56 5 4
Diabetes 23 11 25 10
APACHE II 19±6 24±5 14.7±6.6 23.1±7.1

Plus-minus values are means±SD.
APACHE II: Acute Physiology and Chronic Health Evaluation II.
2.5. Survival analysis of the crucial genes

Dataset GSE54514 provided the survival time for each septic
patient within 5 days after admission. The expression values of
the crucial genes in the samples from the first day after admission
were tabulated, and GraphPad Prism 7 software was used to
2

carry out a survival analysis using the crucial genes, with P< .05
set as statistically significant.
2.6. Ethical review

The current research analyzed previously generated public data
by bioinformatics analysis without direct contact with patients.
There was no need for ethical review.
3. Results

3.1. Demographics of the septic patients

Thirty-five septic patients with microbiological pathology results
were recruited into GSE54514, and 106 sepsis patients with
clinical infection indicators were enrolled in GSE63042. Clinical
characteristics were collected from all included patients, and
demographic statistics are described in Table 1.
3.2. Identification of DEGs

After logarithmic homogenization, the DEGs from the 2 datasets
were analyzed separately (Fig. 1A and B). A total of 4,404 DEGs
were screened from the GSE54514 dataset, of which 1994 were
up-regulated and 2410 were down-regulated in the survival
group. Similarly, 3248 DEGs were screened in the GSE63042
dataset, of which 3182 were up-regulated and 66 were down-
regulated in the survival group. After identifying the intersections
of the up-regulated and down-regulated genes, 688 common
DEGs were obtained, of which 681 were up-regulated and 7 were
down-regulated in the survival group. The common DEGs were
used for subsequent analyses.

3.3. Go and pathway enrichment

GO annotation analysis for the commonDEGs showed that these
genes were mainly distributed in the Biological processes of cell
death, apoptosis, protein kinase regulation, vesicle-mediated
transport, and signal transduction regulation (Fig. 2A). Further-
more, these DEGs were mainly enriched in the toll-like receptor
signaling pathway, natural killer (NK) cell-mediated cytotoxicity,
and the T- and B-cell receptor pathways (Fig. 2B). In addition, the
results of GSEA analysis revealed that the aforementioned major
pathways were up-regulated in the sepsis survival group (P< .05,
FDR< .25, Fig. 3A–D). Interestingly, activation of the apoptotic
process was revealed by GO analysis and pathway enrichment.

https://david-d.ncifcrf.gov/
https://david-d.ncifcrf.gov/
http://www.omicshare.com/
https://string-db.org/


Figure 1. Volcano map of DEGs in GSE54514 (A) and GSE63042 (B). The abscissa represents the log2 (fold change) value of the gene and the ordinate represents
the -log10 (adj. P value). The red dots represent the genes that are up-regulated in the death group, while the green dots represent the genes that are down-
regulated in the death group.
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3.4. PPI survival network

The common DEGs were analyzed by PPI network analysis and
96 closely related genes were screened to construct the survival
network (Fig. 4A). The 96 DEGs in the survival network were all
increased in the survival group, compared with those in the non-
survivor group (shown in Table 2). Based on the survival
Figure 2. A: The BPs of DEGs in survivor and non-survivor. B: T
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network, in combination with their respective expression values,
we constructed separate 2.5D topologies of the 2 datasets (Fig. 4B
and C). There were 3 repeat peaks in the survival networks in
both datasets, which suggests that the constructed survival
network has high stability in different contexts. More impor-
tantly, the crucial genes Signal transducer and activator of
he signalling pathways of DEGs in survivor and non-survivor.

http://www.md-journal.com


Figure 3. A–D: Enrichment of signaling pathways via GSEA.
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transcription 5A (STAT5A), (CCAAT/enhancer-binding protein
beta) CEBPB, Myc proto-oncogene protein (MYC), and REL-
associated protein (RELA) were found to be located in the center
of the network and are involved in a variety of biological
functions, such as immune responses, apoptosis processes and
transcriptional regulation.

3.5. Survival curves from crucial genes

Combined with the patient’s survival time in GSE54514, we
found that the expression levels of the STAT5A, CEBPB, MYC,
and RELA genes were significantly associated with prognosis in
patients with sepsis (Fig. 5A–D). Compared to the low-
expression group, the survival rates were significantly increased
in patients with high expression levels of these crucial genes. This
positive correlation between these crucial genes and improved
prognosis suggests that they may contribute to the survival of
patients with sepsis.
4

4. Discussion

The past decade has seen great advances in critical care medicine,
but there has been no substantial improvement in mortality in
sepsis. The key factors that determine the prognosis for this
disease are still not fully elucidated, but finding such “switch”
factors may become very clinically significant.
The monocyte-macrophage system is an innate immune system

of the human body and plays an important role in the
development of sepsis.[11,12] Studies of sepsis data in non-
surviving patients have shown a decrease in the activation of
immune-related genes compared with the sepsis survival
group.[13] In this study, apoptosis-related gene expression
pathways were active in peripheral blood cells from patients
with sepsis, while cytokine signaling pathways, NK cell-mediated
cytotoxicity, and T- and B-cell receptor pathways were up-
regulated in the survival group. Therefore, we speculate that the
deaths of patients with sepsis are caused by apoptosis in the



Figure 4. A: The PPI Survival Network consists of 96 key genes. Regulation of cell death. Regulation of apoptotic process. Regulation of immune
response. Transcription factor binding. Transcription regulatory region sequence-specific DNA binding. B–C: The 2.5D topology of survival network on
GSE54514 andGSE63042. Landscape analysis of gene/protein interaction networks. Coordinates (X- and Y-axis) represent normalized values of the input network
topology. Color gradient (Z-axis) represents the functional state mapped onto the graph for the data input and normalized by the highest value of the output matrix.
The landscape is generated by ViaComplex V1.0 with the following options: plot as “3D-Surface”, build on “node”, resolution “level-100”, contrast “level-0”,
smoothness “level-50” and zoom “level-50”.
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monocyte-macrophage system, leading to failure of the immune
system and the consequent inability to clear pathogens.
Though microarray chip data can screen thousands of DEGs,

such large datasets can still prevent researchers from having a
clear direction. The field of bioinformatics has developed a
variety of analytical methods, such as co-expression analyses,
PPI, etc., for the purpose of dimensionality reductions of large
datasets. STRING, a well-known PPI analysis tool based on
previous studies, connects 2 proteins that have a direct effect with
lines.[8] In the present study, the survival network consisted of 96
closely linked factors that were up-regulated. The similarity of the
expression trends of these genes in 2 independent experiments
Table 2

Crucial genes located in survival networks (96).

Up/down

Up-regulated ACTG1, ADRM1, AKT1, AP1B1, AP2A1, ARHGDIA, ARRB2, AT
CHMP4B, CSF2RB, CSK, CTBP1, DBNL, DNM2, EHD1, EPN
HNRNPUL1, IKBKB, IKBKG, ILK, ITGB2, KEAP1, MAD1L1, M
PKN1, ZYX, PPP1CA, PPP2R1A, PRMT2, PRRC2A, PSMB3,
RXRA, SF1, SF3A2, SNRPB, SNX1, SP1, SPI1, SRF, SRSF4
TRPC4AP, TSC2, TUBA1A, U2AF1, UBQLN2, UPF1, USP10

Down-regulated /

MYC = Myc proto-oncogene protein.
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shows that our network was stable and reproducible. Based on
our bioinformatics analysis, STAT5A, CEBPB, MYC, and RELA
were selected as the key genes for further study. The reasons were
as follows:
(1)
C

P6V1
1, EW
AP2
PSM
, STA
, VDA
they were located in the core of the PPI network;

(2)
 they are involved in transcriptional regulation;

(3)
 they are involved in apoptosis or immune regulation; and

(4)
 they were positively correlated with patients’ survival time.

The STAT family is a class of important intracellular signaling
molecules and transcription factors involved in a variety of
cell signaling pathways.[14] Phosphorylated STATs enter the
rucial genes

B2, AXIN1, BID, BIN1, CAPZB, CD44, CEBPA, CEBPB, CFL1, CHMP2A,
SR1 G3BP1, GNA12, GRB2, GTF2F1, HCK, HGS, HNRNPK, HNRNPM,

K2, MAPK3, MBP, MPND, MTA1, MVP, MYC, NCF1, NFE2L2, NOTCH1, NXF1,
D12, PTPN1, P TPN23, PTPN6, RARA, RBM10, RELA, RFWD2, RHOA, RTN4,
T5A, STUB1, TAF12, TNFRSF10B, TNFRSF1A, TNIP1, TRAF1, TRAF6,
C1, WDR1, WIPF1

http://www.md-journal.com


Figure 5. Survival curve of STAT5A (A), CEBPB (B), MYC (C), and RELA (D) in GSE54514. CEBPB = CCAAT/enhancer-binding protein beta, MYC = Myc proto-
oncogene protein, STAT5A = Signal transducer and activator of transcription 5A, RELA = REL-associated protein.
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nucleus, initiate the transcription of target proteins, promote
the expression of target proteins, and participate in the regulation
of apoptosis.[15] In addition, STAT5A induces changes in the
HIF1/2 signaling pathway, enhances glutamine utilization
efficiency, and maintains the cell cycle, resulting in anti-apoptotic
effects.[16]

CCAAT/enhancer binding protein b (CEBPB) is an important
transcription factor that regulates immune- and inflammation-
related gene expression. Studies have reported that the dynamic
binding of CEBPB and CEBPA results in the regulation of
downstream target genes that have biological functions for
regulating the self-renewal of differentiated cells and cell
regeneration.[17] CEBPB-deficient myeloid progenitor cells pro-
duce fewer monocytes and granulocyte-like colonies, indicating a
reduced proliferation potential, and supporting the hypothesis
that reducing CEBPB expression prevents the production of
myeloid-derived suppressor cells and reduces immuno- suppres-
sion in septic mice.[18]

The MYC family and its products can promote cell
proliferation, immortalization, dedifferentiation, and transfor-
mation. Studies have shown that MYC plays a role in inhibiting
immune cell apoptosis in uncomplicated malaria.[19] In addition,
studies have shown that MYC is involved in the transcriptional
regulation of sepsis.[20]

RELA, also knownasp65, ismodified to effectively regulateNF-
kB transcriptional activation. The mammalian NF-kB family of
6

transcription factors is involved in the regulation of several
processes, from the development and survival of lymphocytes and
lymphoid organs to the control of immune responses and
malignant transformation.[21] Studies have found that pro-
inflammatory cytokines stimulated by lipopolysaccharide, includ-
ing TNF-a and IL-6, can be effectively inhibited by disrupting the
endogenous p65-mediated transcription complex.[22]

In conclusion, we focused on the prognosis of sepsis and
identified 96 DEGs between the survivor and non-survivor
groups using bioinformatics. PPI survival networks were
constructed using the 96 extensive contacts among the 96 genes.
Ultimately, the core genes STAT5A, CEBPB, MYC, and RELA
were identified and found to be positively correlated with
patients’ survival time, providing clues for our follow-up
research. However, determining the exact functions of these
genes requires additional experimental data.
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