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Abstract: Recent advances in systems biology have revealed that variety in the frame structure and activity of gene 
network play an important role in burn injury progression. One biological data set E-GEOD-19743 was derived to 
construct differential co-expression networks (DCNs). There were 35 normal pediatric controls and 26 pediatric 
burn injury samples, 28 adult controls and 26 adult burn injury patients in total with different post-burn periods. The 
inference of multiple differential modules (iMDM) algorithm was applied to identify both unique and shared gene 
modules across multiple DCNs, termed M-DMs (multiple differential modules). One M-module in child group and 
one M-module in adult group were detected with significant dynamic scores. Dramatic differences are observed in 
genes and modules between post burn children and adults. As the burn injury progresses, multiple interactions in 
these modules are significantly changed, with P<0.01 between the two stages. Module analysis can lead to further 
insights and investigations of therapeutic options targeting specific age groups and disease stages.
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Introduction  

Recent advances in systems biology have 
revealed that variety in the frame structure and 
scope of gene network play an important role in 
the disease progression [1]. Severe burn injury 
is a disease involving multiple molecular path-
ways. Burn injury is commonly followed by 
hypermetabolic responses that persist long 
time [2]. Patients have multi-organ dysfunction 
and increased inflammatory cytokines and 
acute phase proteins leading to irreparable 
damage and death [3, 4]. Zhou et al. [5] report-
ed that burn injury invoked a genome-wide 
response over the early and middle stages (up 
to 49 days) post injury, 21% of the genes per-
turbed by injury are age-dependent and 
enriched on specific pathways of metabolism 
and inflammation.

In the recent years, the dynamics of pathways 
and its relationship to diseases were hot spot 
to reveal molecular mechanism [6]. Ando et al. 

[7] reported that a systematic analysis for iden-
tifying key genes involved in neural differentia-
tion by detecting their dynamical behaviors. The 
concept of gene network has been used to ana-
lyze various diseases, including ovarian cancer 
[8], inflammatory bowel disease [9], colon can-
cer [10] and heart failure [11, 12].

We applied a novel framework, inference of 
multiple differential modules (iMDM) that 
enables simultaneous analysis of multiple dif-
ferential co-expression networks (DCNs) to 
identify multiple differential modules (M-DMs) 
[1]. It provides a systematic analytical frame-
work for identifying differentially expressed 
gene modules that are either unique or shared 
among DCNs. To capture dynamic changes in 
gene modules across different status, the algo-
rithm quantifies changes in both gene activity 
and connectivity.

We are interested in gene subnet that exhibit 
dynamic response to burn injury and how differ-
ences of modules may depend on additional 
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factors such as age. Yet little is known regard-
ing the dynamic changes in the gene network 
during burn injury progression. We have a facto-
rial study with age group (child/adult) and post-
burn period (the early/middle stage) in iMDM 
method to detect M-DMs.

Material and methods

Datasets and construction of DCNs

One biological data set E-GEOD-19743 was 
derived from the Gene Expression Omnibus 
(GEO) database (http://www.ncbi.nlm.nih.gov/
geo/) [5]. There were 35 normal pediatric con-
trols and 26 pediatric burn injury samples, 28 
adult controls and 26 adult burn injury patients 
in total. The platform is A-AFFY-44 - Affymetrix 
GeneChip Human Genome U133 Plus 2.0. For 
each patient, two time-point measurements 
were considered: the early stage (0-10 days) 
and the middle stage (11-49 days) post burn. 
The Linear Models for Microarray Data (LIMMA) 
was then used to preprocess data. After data 
normalization performing by robust multi-array 
average (RMA) [13], 20544 genes were 
obtained.

The human protein-protein interaction network 
(PPIN) was collected from the Retrieval of 
Interacting Genes (STRING; v 9.0) [14], includ-
ing 787896 PPI sets and 16730 genes. Then 
we constructed a PPI subnet after getting inter-
section with expression profiles and the PPIN, 
which contained 725216 PPI sets and 15130 
genes. 

Construction of a binary co-expression network 
and edge weight assignment based on differen-
tial gene expression between the burn injury 
and controls were developed to shape DCNs [1, 
15]. Only edges whose correlations are greater 
than the threshold δ are chosen, which was set 
at 0.9.  

Identification of M-DMs

M-module algorithm was adapted to identify 
M-DMs [16], which consisted of three steps: 
seed prioritization, module search by seed 

expansion and refinement of candidate mo- 
dules. 

The function was constructed to denote the 
importance of vertex i in the corresponding net-
work as

ijkg (i) A' g (j)kj N (i)= !
/                          (1)

where Nk(i) denotes the set of neighbors of i in 
Gk; A’k denotes the degree normalized weighted 
adjacency matrix which is computed as A’k = 
D-1/2AkD

1/2 where D is diagonal matrix with ele-
ment ii ijkD Aj= / . The top 5% were selected as 
the seed genes. 

For a given seed v ∈ V, we treat it as a M-module 
C= {v} [16]. For each vertex u in its neighbor-
hood in all networks, we define N (v) =UiNi(v) 
where Ni(v) is the neighbor set in Gi as the  
candidate for C. We calculate the entropy 
changes 

H(C',C) H (C) H(C')= -O                             (2)

ΔH(C’,C)>0 means the addition of u improves 
the connectivity of the former M-module C. The 
u whose addition maximizes ΔH is added to C. 
Summing over all vertices in C and network k, 
we use k iH C H(C )i C= !^ h / . The graph entropy 
for C is

kH (C) H (C)/ Ck 1
M= =

/                                        (3)

The constraints indicate that each gene can 
belong to one or more modules and each mod-
ule has to contain at least one gene.

Inthe refinement of M-modules, sizes of them  
< 5 are removed. If two M-modules have a 
Jaccard index of 0.5, they are merged [16].

Statistical significance of candidate M-DMs

Each network is completely randomized 100 
times by degree-preserved edge shuffling. To 
obtain module scores for the null distribution, 
we performed module search on the random-
ized networks with method of Benjamini-
Hochberg adjusting [1, 17]. 

Quantification of connectivity dynamics of 
shared M-DMs

The Module Connectivity Dynamic Score 
(MCDS) was used to quantify the change in the 
connectivity of component modules [1].

Table 1. Two significantly dynamic M-modules 
in burn injury patients
M-Modules P-value MCDS Seed gene
Child 0.040 0.049 MTERF3
Adult 0.0035 0.043 EIF3K



Pathway dynamics in burn injury by modules

16249	 Int J Clin Exp Med 2016;9(8):16247-16251

(A ) A /M 1C
i,i 1
C

i,i 1
M 1= -OC ++
-/                                (4)

An adjusted P≤0.05 is considered as sig- 
nificant.

Results

Construction of DCNs

We used the expression profile data to con-
struct two DCNs for the child and adult group, 
respectively. There are 1062 genes, 5432 
edges in child DCN and 618 genes, 3378 edges 
in adult DCN. 

Identification of M-DMs

The top 5% of genes in the DCN were selected 
as seeds. We obtained 53 seed genes in child 
group and 30 seeds in adult group. Then 26 
modules in child group and 4 modules in adult 
group were searched by seed expansion and 
entropy minimization.

Quantification of connectivity dynamics of 
shared M-DMs

The statistical significance of M-modules is 
computed based on the null score distribution 
of M-modules generated using randomized net-
works. A total of 13289 modules in child group 
and 7823 modules in adult group were obtained 

to perform Benjamini-Hochberg adjusting. We 
found all of 26 modules in child group and 2 of 
adult group were significantly different modules 
(P≤0.05). 

At a MCDS p-value cut off of 0.05, we found 
one M-module in child group and one M-module 
in adult group with significant dynamic scores 
(Table 1). As a result, the two M-modules in the 
early and middle stages were shown in Figures 
1 and 2. There were 31 nodes in child module 
and 18 nodes in adult one including no gene 
intersection, most of which were immunoglobu-
lin genes. With the same sides and edges, the 
red edges in the early stage were deeper and 
thicker than those in the middle stage both in 
child and adult groups. It suggested that as the 
burn injury progresses, multiple interactions in 
these modules are significantly changed, with 
P<0.01 between the two stages (Figure 3). 
Figure 3 showed the mean edge weights of the 
4 modules in the two burn injury stages. The 
edge weights among the module genes in the 
early stage DCN were significantly smaller than 
those in the middle DCN, suggesting a signifi-
cant role of pathway rewiring during the burn 
injury progression. 

Discussion

Progression of burn injury is driven by dynamic 
changes in both the activity and connectivity of 

Figure 1. M-modules in child burn injury group with different stages. Yellow circles indicated the seed genes and 
purple circles indicated un-seed genes. Deep and thick lines meant big weight values of edges. A: M-module in the 
early burn injury stage. B: M-module in the middle burn injury stage. 



Pathway dynamics in burn injury by modules

16250	 Int J Clin Exp Med 2016;9(8):16247-16251

pathways. In Figure 1, most seeds in child 
M-modules such as NUP133, NUP107 and 
ACTR6 are immunoglobulin genes, which is 
consistent with changes in serum immunoglob-
ulin levels in severely burned patients [5]. In 
addition, most seeds in adult M-modules  
such as RPS19, RPS5 and RPL11 are ribosom-
al genes (Figure 2). Thereby, dramatic differ-
ences are observed in genes and modules post 
burn between children and adults. These 
results provide age specific in burn response of 
modules.

Furthermore, as the burn injury progresses, 
multiple interactions in modules are significant-

ly changed, which revealed by MCDS metric 
examining changes in edge weights that can be 
viewed as interaction strength among genes 
[1]. These two types of modules differ in the 
early and middle stages both in child and adult 
groups, suggesting dynamic modules may play 
a critically important role during burn progres-
sion. M-modules were convinced that they have 
higher sensitivity and comparable specificity 
based on known pathway annotations [1]. More 
importantly, M-module-based features achieve 
significantly higher accuracy in predicting can-
cer stages and heart failure phenotypic mea-
sures. Our results emphasize the importance of 
joint analysis of multiple gene networks to more 

Figure 2. M-modules in adult burn injury group with different stages. Yellow circles indicated the seed genes and 
purple circles indicated un-seed genes. Deep and thick lines meant big weight values of edges. A: M-module in the 
early burn injury stage. B: M-module in the middle burn injury stage. 

Figure 3. The histogram for edge weights of discovered 4 M-modules in the early and middle DCN. A: DCN in child 
burn injury samples. B: DCN in adult burn injury samples.
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accurately capture the dynamics of gene 
pathways.

Taken together, module analysis can lead to 
further insights and investigations of therapeu-
tic options targeting specific age groups and 
disease stages. 
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