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Background: Severe trauma and burns accompanied by sepsis are associated with high 
morbidity and mortality. Little is known about the transcriptional similarity between trauma, 
burns, sepsis, and systemic inflammatory response syndrome (SIRS). Uncovering key genes 
and molecular networks is critical to understanding the biology of disease. Conventional 
analysis of gene changes (fold change) analysis is difficult for time-serial data such as post- 
injury blood transcriptome.
Methods: Weighted gene co-expression network analysis (WGCNA) was applied to the trauma 
dataset to identify modules and hub genes. Module stability was tested by half sampling. Module 
preservations of burns, sepsis, and SIRS were calculated using trauma as reference. Module 
functional enrichment was analyzed in gProfiler server. Candidate drugs were screened using 
Connectivity Map based on hub genes. The modules were visualized in Cytoscape.
Results: Seventeen modules were identified. The modules were robust to the exclusion 
of half the sample. They were involved in lymphocyte and platelet activation, erythro-
cyte differentiation, cell cycle, translation, and interferon signaling. In addition, highly 
connected hub genes were identified in each module, such as GUCY1B1, BCL11B, 
HMMR, and CEACAM6. High BCL11B (M13) or low CEACAM6 (M27) expression 
indicates better survival prognosis in sepsis patients regardless of endotype class and 
age. Network preservation in burns, sepsis, and SIRS showed a general similarity 
between trauma and burns. M4, M5, M13, M16, M20, and M27 were significantly 
associated with injury time in trauma and burns. High M13 (T cell activation), low M15 
(cell cycle), and low M27 (neutrophil activation) indicate better survival of sepsis 
patients, regardless of endotype class and age. Moreover, the modules can efficiently 
separate patients with different diseases. Some modules and hub genes have good 
prognostic performance in sepsis. Based on the hub genes of each module, six candi-
date drugs were screened.
Conclusion: This study first compared the gene co-expression modules in trauma, burns, 
sepsis, and SIRS. The identified modules are useful for disease prognosis and drug discovery. 
BCL11B and CEACAM6 may be promising biomarkers for sepsis risk assessment.
Keywords: WGCNA, SIRS, Connectivity Map, hub gene

Introduction
Trauma accounts for approximately 10% of deaths and 16% of disabilities 
worldwide.1 Billions of dollars have been spent on research into new biological 
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therapeutics for severe injuries, as well as post-traumatic 
sepsis and septic shock.2 Burn injuries cause unpredictable 
trauma and sepsis is a complication associated with high 
morbidity and mortality.3 The mechanisms of the complex 
host response to trauma remain unclear, which in turn is 
a barrier to the development of effective therapies.

With the development of high-throughput technolo-
gies, microarray has become a mature method that mea-
sures thousands of genes in one experiment. It has been 
used to study the temporal dynamics of gene expression 
in human and animal models.2,4 These studies focused 
on changes in gene expression and signaling pathways. 
A “genomic storm” was observed in the blood 

transcriptome following severe blunt trauma. The early 
genomic response of leukocytes is consistent with con-
comitant increased expression of genes involved in sys-
temic inflammation, innate immune, and compensatory 
anti-inflammatory response, as well as suppression of 
genes involved in adaptive immunity.2 In a second 
study, the transcriptomes of human trauma, burns, and 
murine models were integrated, and the correlation of 
gene changes between human subjects and mouse mod-
els was analyzed.4 The study found that genomic 
responses in mouse models poorly mimicked human 
inflammatory diseases.4 However, the molecular differ-
ences between trauma, burns, sepsis, and systemic 

Figure 1 Seventeen gene co-expression modules were identified in the trauma dataset. (A) The softPower was set at 14 to get a scale-free network. (B) Power law 
distribution test to check if the constructed network is scale-free network. (C) Seventeen modules were identified from the network and each module was assigned a color. 
(D) The modules were robust to 50% sample exclusion indicated by the correlation of original gene connectivity and the gene connectivity calculated from half samples.
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inflammatory response syndrome (SIRS) in humans 
have not been presented.

Here, we used systems biology methods to analyze these 
valuable datasets. The state-of-the-art method can help iden-
tify important gene clusters (modules) and hub genes in 
trauma. A module is a cluster of co-expressed genes, where 
genes in one module have a low correlation with genes in 
other modules. Co-expressed genes respond to trauma coor-
dinately, so a module-level analysis is more robust than an 
analysis of individual genes. Hub genes are genes with a high 
correlation with other genes in a module. Key modules and 
hub genes were identified. We also first analyzed the simila-
rities between trauma, burns, sepsis, and SIRS at the module 
level. Modules can effectively separate different disease 
samples. Modules and hub genes have good prognostic per-
formance in a sepsis dataset containing survival data. Finally, 
based on these hub genes, we discovered six candidate drugs 
that merit further experimental validation.

Materials and Methods
Datasets Preparation
Three datasets were analyzed in the study. Trauma dataset 
GSE36809 is the blood transcriptome of 167 patients with 
severe blunt trauma.2 Burns dataset GSE37069 is the 
blood transcriptome of 244 patients with severe burns.4 

Sepsis and SIRS blood dataset GSE74224 is the blood 
transcriptome of 74 sepsis and 31 SIRS patients.5 

GSE65682 is the blood transcriptome of 802 critically ill 
patients and healthy controls.6 All these datasets are pub-
licly and freely available in NCBI GEO database.7 The 
Institutional Ethics Committee of Cangzhou Medical 
College, Cangzhou, Hebei, has approved the current 
research project.

Weighted Gene Co-Expression Network 
Analysis (WGCNA)
The trauma dataset which contains 857 samples was used for 
WGCNA. Briefly, the raw data was analyzed in the vendor- 
provided software Expression Console v1.4.1.46. Probe set 
level expression values were filtered by coefficient of varia-
tion (CV). For genes with multiple probe sets, the single 
probe set with the highest CV was retained. Because 
WGCNA was a memory-intensive process, only genes with 
an average expression intensity greater than 100 were used 
for network construction. Module identification was per-
formed according to the package manual.8 Parameters were 
set as follows: softPower = 16, networkType = “signed”, 

minModuleSize =30, deepSplit = 4, MEDissThres = 0.2. 
Module stability was tested by sampling half of the samples. 
Stability was represented by correlation of intra-module 
connectivity between the original one and the sampled one 
in terms of mean ± standard deviation.9 After identifying the 
reference modules, the burns, sepsis, and SIRS datasets were 
projected onto the reference to analyze module preservation. 
The prameters for module preservation were set as: 
networkType = “signed”, nPermutations = 100.

Functional Annotation of the Modules
Functional annotation of the modules was performed in 
gProfiler.10 For simplicity, only informative and the key 
terms were recorded. Hub genes in a module were 
screened by intra-connectivity value. The modules were 
visualized in Cytoscape.11

Table 1 Functional Enrichment for the Seventeen Modules 
Identified in the Trauma Dataset

Module Size Top Term (P ≤) Hub 
Gene

2 1235 Factor: hdac2 (5E-48) vesicle- 
mediated transport (5E-28)

GNB2

4 625 Factor: ETF (5E-13) 

Endomembrane system (3E-12)

SERPINB1

5 565 Translation (1E-22) Mitochondrion 

(4E-18)

MRPL57

6 323 Translation (4E-39) RPL8
7 163 Platelet activation (7E-15) GUCY1B1

8 241 Factor: GABP-alpha (1E-8) 

Response to stress (6E-6)

MCL1

13 121 T cell activation (5E-16) BCL11B

14 215 Factor: ETF (9E-10) Protein 

transport (1E-6)

MIER1

15 108 Cell cycle (1E-49) HMMR

16 733 Myeloid leukocyte activation (2E- 
29)

FLOT2

17 105 Factor: BTEB3 (1E-4) Nuclear 

lumen (3E-10)

AKAP13

18 1774 Factor: ZF5 (6E-41) Nucleus (1E- 

42)

SRSF11

19 85 Erythrocyte differentiation (1E-7) SELENBP1
20 85 hsa-miR-576-3p (0.005) ANAPC13

22 74 Factor: IRF1 (6E-27) defense 

response to virus (7E-29)

IFI44L

25 53 Neutrophil degranulation (1E-4) BASP1

27 33 Neutrophil activation (3E-28) CEACAM6

Notes: Hub gene is the top gene with high intra-module connectivity in each 
module. Size: the number of genes in a module. Module: the numerical label for 
each module. Top term: the informative and significant functional terms for each 
module.
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Connectivity Map Analysis
Drug candidates are associated with trauma, burns, and 
sepsis according to the hub genes of differential modules. 
The top 3 hub genes in each module were extracted and 
categorized into two groups of up-regulation or down- 
regulation. The two groups of genes were submitted to 
Connectivity Map v2. The significance threshold for can-
didate drugs was set at 0.01. Only the candidates with 
negative enrichment scores were recorded. The top 2 
drugs for each disease were recorded.

Statistical Analysis
One-way ANOVA was used to compare differences 
between multiple groups. The Student’s t-test was used 
to compare the means of two groups. Statistical signifi-
cance was set at 0.01 unless otherwise stated. When 
multiple comparisons were made, P values were 
adjusted using the Bonferroni method. The AUC of 
ROC was calculated using the ROCR package. 

Survival analysis was performed in the 
SurvivalAnalysis package. We set a strict statistical sig-
nificance of 0.01 throughout the manuscript to obtain 
more reliable results.

Results
Seventeen Modules Were Identified in 
the Trauma Dataset
Gene modules in the trauma dataset were identified by 
WGCNA. The softPower was set to 16, resulting in 
a scale-free network, a common property for 
a biological network (Figure 1A and B). Based on the 
network, seventeen modules were identified by WGCNA 
(Figure 1C). To test the module stability, we used only 
half of the samples and analyzed the connectivity after 
sampling. The result showed that all modules were 
stable and had a mean connectivity correlation larger 
than 0.91 (Figure 1D). Thus, they are suitable for down-
stream analysis.

Figure 2 Module preservation analysis and gene connectivity correlation analysis suggest the similarities and differences between trauma, burns, sepsis and SIRS. (A–C) The 
identified modules are preserved in the burns, sepsis, and SIRS, using trauma as reference. Zsummary.press statistic indicates -log10 statistical significance of the module. The 
green dashed line indicates strong preservation. The blue dashed line indicates moderate preservation. (D–F) Some modules have a high correlation of intra-module 
connectivity among trauma, sepsis, burns, and SIRS. 
Abbreviations: R, Spearman correlation; SIRS, systemic inflammatory response syndrome.
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Functional Enrichment Analysis Revealed 
Modules Function
To decipher the biological function of the identified 
modules, the genes were submitted to gProfiler for func-
tional enrichment analysis. All modules were enriched 
with specific functions. For simplicity, the top term with 
the highest significance in each module was recorded 
(Table 1). Some small modules were also significant. 
For example, M15 contains 108 genes, and 75 of 
which are involved in the cell cycle. M27 contains 33 
genes, and 24 of them are involved in neutrophil 
activation.

Module Preservation Analysis for Trauma, 
Burns, Sepsis, and SIRS
To compare the similarity at the module level between 
trauma, burns, sepsis and SIRS, we downloaded addi-
tional datasets from NCBI GEO and projected these 
datasets to trauma. The module preservation analysis 
revealed that the seventeen modules were all highly 
preserved in the burns dataset (Figure 2A). The preser-
vation was low in the sepsis dataset. In sepsis, M4, M7, 

M17, M22, and M25 showed no preservation, while M2, 
M5, M8, M13, M16, and M18 showed strong preserva-
tion (Figure 2B). In SIRS, M8 showed no preservation, 
and M17 and M20 showed marginal preservation, and 
M4, M5, M7, M13, M16, M18, M19, and M22 and M25 
showed strong preservation (Figure 2C). We also com-
pared the four diseases by network connectivity. It 
showed that global connectivity is well correlated 
between trauma and burns but not trauma and other 
two diseases. To check if any intra-module connectivity 
is correlated, we performed a pair-wise comparison 
between two groups of diseases. We found that some 
of the modules are well correlated, such as M4, M7, and 
M22 (Figure 2D–F).

Hub Genes are Important in Trauma, 
Burns, Sepsis and SIRS
Connectivity, the sum of the correlation of a gene with 
all other genes in a module, is an important metric for 
network biology. We listed the top hub genes of the 
identified modules in Table 1. These genes were highly 
connected with other genes in the module it locates. To 

Figure 3 Hub genes in M13 and M27 are prognostic for sepsis patient survival. (A and B) Module visualization for the top 100 connections within M13 and M27 by using 
Cytoscape. Yellow nodes indicate the hub gene of modules. (C–F) Kaplan–Meier curves show that hub genes of M13 and M27, BCL11B and CEACAM6, and highly 
connected genes SMAD3 and CD24 can stratify sepsis patients. The P values are computed using Log rank test. Greenline: high expression; Red line: low expression.
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provide a systematic overview of the module, we 
selected the top 100 connections of each module and 
visualized two of the modules (Figure 3A and B). To 
demonstrate the utility of the hubs, we used the M13 
and M27 hub genes BCL11B and CEACAM6 to stra-
tify sepsis patients in GSE65682. Interestingly, all 
probe sets of the two genes in the microarray data 
can very significantly infer patient survival 
(Figure 3C and D). BCL11B is involved in the pro-
gression of neonatal sepsis.12 CEACAM6 gene expres-
sion in cultured epithelial cells was upregulated by 

wounding and neutrophil elastase.13 However, the role 
of CEACAM6 in trauma and sepsis has not yet been 
reported. In addition to these hub genes, other highly 
connected genes can also be found in these modules. 
For example, PRKACB in M13 was recently reported 
as a potential biomarker in sepsis.14 PRKACB, encod-
ing the catalytic subunits of PKA, was down-regulated 
in chronic traumatic encephalopathy.15 SMAD3 in M13 
is prognostic for survival (Figure 3E). Highly con-
nected gene CD24 in M27 may protect the host against 
the exaggerated inflammatory response in sepsis.16 

CD24 levels are elevated in patients and mice with 
traumatic brain injury.17 CD24 is also a prognostic 
factor for survival (Figure 3F).

Modules Were Associated with 
Injury-Time
To determine whether module expression is associated 
with injury time, we correlated injury time with module 
eigengenes, which represents the gene expression pro-
files of each module. M4 was found to be most signifi-
cantly and negatively correlated with injury time in both 
trauma and burns (r = −0.60, P ≤ 1E-80 and (r = 0.63, 
P ≤ 1E-61, respectively). M5 and M20 were positively 
correlated with injury-time (r = 0.45, P ≤ 4E-42 and r = 
0.46, P ≤ 1E-43, respectively), whereas M16 was nega-
tively correlated with injury-time in trauma (r = 0.44, 
P ≤ 1E-40). M13 was positively correlated with injury- 
time (r = 0.44, P ≤ 3E-27), whereas M27 was negatively 
correlated with injury-time (r = −0.42, P ≤ 5E-25) in 
burns (Figure 4).

Modules Can Efficiently Separate Patients 
with Different Diseases
We found that the identified modules have different 
expression patterns in trauma, burns, sepsis, and SIRS 
(Figure 5). Sepsis forms a distinct cluster, while the 
control samples are clustered with SIRS. Therefore, 
we performed ROC analysis to test whether the modules 
can separate samples from different disease groups. For 
burns, M4 has the highest AUC of 0.74 (Figure 6A). 
This is consistent with our findings that trauma and 
burns are similar overall. For trauma, M25 has the high-
est AUC of 0.82 (Figure 6B). For sepsis, M7, M8, and 
M15 have an AUC greater than 0.91 (Figure 6C). For 
SIRS, both M18 and M19 have an AUC greater than 

Figure 4 Module-trait relationship heat map for the trauma and burns datasets. 
Cells represent correlation between modules expression and trauma or burn time. 
Numbers in the bracket indicate the statistical significance.
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0.95 (Figure 6D). Thus, these modules can be used to 
discriminate different diseases.

Clinical Implication of the Identified 
Modules in Critically-Ill Patients
To examine if the modules work in the clinic, we down-
loaded an additional dataset GSE65682, which contains 
blood samples of 42 healthy and 760 critically ill patients. 
Module clustering analysis showed that healthy subjects 
had higher expression of M5, M6, and M13 (Figure 7A). 
Differential module expression analysis showed that M5 
and M13 were down-regulated, and M27 was up-regulated 
in patients with community-acquired pneumonia (cap) com-
pared to patients without cap (Figure 7B–D). We used 
module expression to distinguish patients from different 
groups. M27 has the highest ability to discriminate sepsis 
from those with non-infectious causes of disease 
(Figure 8A). As for the Molecular Diagnosis and Risk 
Stratification of Sepsis (MARS) classification, M19 can 
perfectly discriminate mars1 patients from other patients 
(Figure 8B). We also tested the prognostic ability of module 

gene expression for patient survival. In univariate analysis 
step, M13, M15, M19, M20, and M27 were identified to be 
associated with survival. In multivariate analysis, age and 
endotype were also included in the model. We found that 
M13, M15, and M27 could still stratify patients with dif-
ferent survival in the Cox proportional hazard model 
(Table 2, Figure 8C–E). Low M13, high M15, and high 
M27 indicate poor survival in sepsis patients. These results 
may indicate that M13, M15, and M27 are independent 
prognostic factors for survival in sepsis patients. This infor-
mation suggests that cap patients may have a higher risk of 
death compared with no cap as cap patients have low M13 
and high M27 (Figure 7C and D).

Connectivity Map Analysis Identified 
Candidate Drugs for Trauma
To identify drug candidates for trauma, we submitted 
hub genes from up-regulated modules in each disease 
to the Connectivity Map tool. Six drug candidates were 
identified and are listed in Table 3. Trichostatin A can 
reduce systemic inflammation and improves survival in 

Figure 5 Module expression clustering heat map shows the different expression patterns across trauma, burns, sepsis and SIRS. In the left color bar, yellow indicates sepsis, 
green indicates normal samples, red indicates trauma, blue indicates burns, and purple indicates SIRS. 
Abbreviation: SIRS, systemic inflammatory response syndrome.
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mice with sepsis.18 Tanespimycin is a heat shock pro-
tein 90 inhibitor that can prolong survival, attenuate 
inflammation, and reduce lung injury in mice with 
sepsis.19 Other drugs need to be verified in future 
studies.

Discussion
To our knowledge, this is the first report in which 
systems biology network analysis has been applied to 
the trauma dataset and compared with sepsis, burns, and 

SIRS.3,20 Traumatic injuries with their potential for 
infection were likely a common cause of death.2 Burn 
injuries are associated with the highest risk of sepsis.21 

However, the relationship between these diseases is still 
unclear. Although high-throughput technologies, such as 
Next Generation Sequencing and microarray are widely 
used in disease research, trauma-related datasets are still 
precious. Traditional gene differential analysis or gene 
fold change methods have been applied to the transcrip-
tome of trauma. Unfortunately, it is difficult to apply 

Figure 6 Modules can discriminate patients with different diseases. (A) ROC curve for M4 in the burns. (B) ROC curve for M25 in trauma. (C) ROC curve for M7, M8, and 
M15 in sepsis. (D) ROC curve for M18 and M19 in SIRS. 
Abbreviations: ROC, receiver operating characteristic; AUC, area under the ROC curve.
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these methods because trauma, burns, or sepsis data are 
usually time-serial. A gene may have different directions 
of fluctuation at different time points. Fold change 
results will not be consistent if measured at different 
time points or different time points are chosen as con-
trols. The module-based analysis will give more consis-
tent results because the function of the module is always 
more stable than that of a single gene. Here, we first 
identified gene co-expression modules in trauma and 
compared them with those in burns, sepsis, and SIRS. 
Based on the modules, candidate drugs for trauma were 
implicated.

The identified modules and hub genes are important 
in trauma, burns, sepsis, and SIRS. We found that M13 
is associated with lymphocyte activation, is up- 
regulated in trauma, and correlates positively with 
injury duration. In the original paper, the authors 
found that injury leads to early activation of genes 
involving innate and concomitant suppression of 
genes involving adaptive immunity.2 Therefore, lym-
phocyte activation is a sustained process. M25 was 
associated with neutrophil granules and was also up- 
regulated, but correlated negatively with injury time. 
This result may suggest that it is an acute response that 

Figure 7 Module expression is different in different groups of sepsis patients. (A) Module expression heat map for sepsis dataset GSE65682. (B–D) The box plot shows the 
module expression changed in M5, M13, and M27 in control, cap, and no-cap samples. In the left color bar, green indicates normal samples, white indicates no-cap, blue 
indicates hap, and red indicates cap. *Statistical significance < 0.01. 
Abbreviations: Cap, community-acquired pneumonia; hap, hospital-acquired pneumonia.
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is up-regulated early but decreases with duration of 
injury. Previous results also showed that granulocyte 
colony-stimulating factor (G-CSF) was elevated on day 
1, but quickly decreased within 7 days.22 Recent stu-
dies have shown the adverse role of G-CSF after severe 
trauma.23 Therefore, it is difficult to perform fold- 
change analysis in time-series data because the direc-
tion of fold-change changes when different time points 
are chosen as controls. HMMR is the hub gene in M15 

(cell cycle), which plays a role in wound repair in 
trauma.24 However, we identified HMMR as a risk 
gene in sepsis. Higher HMMR expression indicates 
poorer survival in sepsis (HR=1.38, P=0.0014). 
HMMR is up-regulated across the pediatric systemic 
inflammatory response syndrome, sepsis, and septic 
shock spectrum in children.25 Thus, the hub genes of 
these modules may be potential biomarkers or targets 
for therapy. There is also supportive evidence for other 

Figure 8 Modules are discriminative for infectious and mars1, and are prognostic for survival in sepsis dataset GSE65682. (A) M27 expression can separate samples with 
infectious sepsis and no infections. (B) M19 expression can distinguish samples with different MARS staging. (C–E) M13, M15 and M27 can significantly separate patients with 
different prognoses. The P values are computed using Log rank test. 
Abbreviations: AUC, area under the ROC Curve; Mars, molecular diagnosis and risk stratification of sepsis.

Table 2 Significant Modules in Univariate and Multivariate Analysis for Sepsis Dataset GSE65682

Module Univariate Analysis Multivariate Analysis

HR 95% CI P HR 95% CI P

M13 2.6E-4 3.2E-7, 0.206 0.015 2.3E-4 1.3E-07, 0.411 0.028

M15 4E+3 55, 3.0E+5 1.5E-4 6348 61, 6.6E+5 2.2E-4
M19 1329 6.1, 2.9E+5 8.8E-3

M20 4.3E-3 2.2E-6, 0.083 3.9E-3

M27 4E+4 154, 1E+7 2.3E-4 1.1E+4 26, 4.6E+6 2.5E-3

Notes: In multivariate Cox regression analysis, endotype_class and age were also included in the survival model. 
Abbreviations: HR, hazard ratios; CI, confidence intervals.
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modules. M7 is associated with platelet activation. 
Severe injury usually results in increased platelet acti-
vation and function. However, the combination of 
increased platelet activation and decreased function 
was associated with increased mortality.26 Top M22 
terms include interferon signaling (P =3E-26). The 
M22 hub gene interferon-induced protein 44-like 
(IFI44L) can distinguish viral from bacterial infections 
in febrile children.27 In traumatic brain injury, inter-
feron is a risk factor contributing to the neuroinflam-
matory process.28

We also compared trauma with other inflammatory con-
ditions, such as burns, sepsis, and SIRS. Module-level ana-
lysis confirmed the similarity between trauma and burns. In 
a previous work based on correlation analysis of gene altera-
tions, human trauma had very a high similarity (r = 0.91) with 
burns.4 Some modules were not preserved in sepsis and 
SIRS. Currently, there are few reports analyzing the differ-
ences between these diseases. It has been shown that persis-
tent coagulation disorders occurred in sepsis patients.29 

Experimental human endotoxemia, a model of SIRS, showed 
a moderate similarity to trauma or burns (r = 0.47).4,30 In our 
result, the distribution of SIRS preservation is similar to that 
of burns, but SIRS preservation is marginal in 3 modules. 
These results may be indicative of the different mechanisms 
involved in trauma and sepsis/ SIRS.

Finally, the tool Connectivity Map was used to find 
candidate drugs. Of the six drugs with significant P values, 
some are already being used to treat disease. Others may 
be validated in future work.

This analysis is limited by the fact that WGCNA gener-
ates an undirected network. Therefore, current results pro-
vide only gene correlation information and lack direction 
information concerning gene or protein interactions. Further 
experiments will be needed to confirm the regulation rela-
tionship between genes.

Conclusion
A total of 17 gene co-expression modules were identified 
in the trauma dataset. These modules were stable and were 
involved in lymphocyte and platelet activation, erythrocyte 
differentiation, cell cycle, neutrophil degranulation, and 
interferon signaling. These modules were preserved in 
burns and SIRS, but less in sepsis. M4, M5, M13, M16, 
M20, and M27 were significantly associated with injury 
time in trauma and burns. Modules can efficiently separate 
patients with different diseases. Modules and hub genes 
have good prognosis performance in sepsis. The six can-
didate drugs for trauma treatment merit further 
investigation.
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