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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 influenza pneumonia. We describe our experience with bacterial pneumo-
nia and influenza A pneumonia groups to detect multiple differential modules (M-DMs). One biological data set 
E-GEOD-40012 was derived to construct differential co-expression networks (DCNs). There were 36 normal sam-
ples, 61 bacterial pneumonia samples and 39 influenza A pneumonia samples in total. The inference of multiple dif-
ferential modules (iMDM) algorithm was applied to identify both unique and shared gene modules across multiple 
DCNs, termed M-DMs. Thirty seed genes and 30 modules common in bacterial pneumonia and influenza A pneu-
monia group. At a MCDS p-value cut off of 0.05, one M-module in bacterial pneumonia group and one M-module in 
influenza A pneumonia group were detected with significant dynamic scores. The two M-modules started off with dif-
ferent seed genes. Multiple interactions in these modules are significantly changed in different pneumonia. Module 
analysis can lead to further insights and investigations of therapeutic options targeting influenza pneumonia.
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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]. According to World 
Health Organization estimates, 450 million 
cases of pneumonia are recorded every year 
with the mortality of 0.89% [2]. In 2009, the 
pandemic influenza A (H1N1) virus infection 
caused more than 18,000 deaths and was 
associated with about 200,000 estimated 
respiratory deaths worldwide [3]. It still remains 
a challenge that diagnosis of patients with 
severe influenza pneumonia correctly [4]. The 
2009 H1N1 reemphasised the crucial role of 
respiratory viruses in the causes of severe 
pneumonia.

In the recent years, the dynamics of pathways 
and its relationship to diseases were hot spot 
to reveal molecular mechanism [5]. Ando et al. 
[6] 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 
analyze various diseases, including ovarian can- 

cer [7], inflammatory bowel disease [8], colon 
cancer [9] and heart failure [10, 11].

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 exhibits 
dynamic response to influenza pneumoniae. 
We introduce a study with bacterial pneumonia 
and influenza A pneumonia groups in iMDM 
method to detect M-DMs.

Material and methods

Datasets and construction of DCNs

One biological data set E-GEOD-40012 was 
derived from the Gene Expression Omnibus 
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(GEO) database (http://www.ncbi.nlm.nih.gov/
geo/) [4]. There were 36 normal samples, 61 
bacterial pneumonia samples and 39 influenza 
A pneumonia samples in total. The platform is 
A-MEXP-1171-Illumina HumanHT-12 v3.0 Ex- 
pression Bead Chip. The Linear Models for 
Microarray Data (LIMMA) was then used to pre-
process data. After quantile data normalization 
per formed by robust multi-array average (RMA) 
[12], 25141 genes were obtained.

The human protein-protein interaction network 
(PPIN) was collected from the Retrieval of 
Interacting Genes (STRING; v 9.0) [13], includ-
ing 14294 genes. Then we constructed a PPI 
subnet after getting intersection with expres-
sion profiles and the PPIN, which contained 
663860 PPI sets. 

Construction of a binary co-expression network 
and edge weight assignment based on differen-
tial gene expression between the influenza 
pneumonia and controls were developed to 
shape DCNs [1, 14]. Only edges whose correla-
tions are greater than the thresholdδ are cho-
sen, which was set at 0.8. 

Identification of M-DMs

M-module algorithm was adapted to identify 
M-DMs [15], which consists of three steps: 
seed prioritization, module search by seed ex- 
pansion and refinement of candidate modules. 

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

k ( )j N i( ) ( )g i A g jijk= e l/                                     (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 Dii = j ijkA/ . The top 5% were selected as 
the seed genes. 

For a given seed v ∈ V, we treat it as a M-module 
C = {v} [15]. 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 can-
didate 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.

In the refinement of M-modules, sizes of them 
< 5 are removed. If two M-modules have a 
Jaccard index of 0.5, they are merged [15].

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, 16]. 

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].

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

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

An adjusted P≤0.05 is considered as 
significant.

Results

Construction of DCNs

We used the expression profile data to con-
struct a DCN for the bacterial pneumonia and 
influenza A pneumonia group, respectively. 

Identification of M-DMs

The top 5% of genes in the DCN were selected 
as seeds. We obtained 30 seed genes and 30 

Table 1. Two significantly dynamic M-modules 
in bacterial pneumonia and influenza A 
pneumonia
M-Modules P-value MCDS Seed gene
Module-1 < 0.001 0.03336864 CCT7
Module-2 < 0.001 0.04449153 DNAJA3
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modules common in bacterial pneumonia and 
influenza A pneumonia group.

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 3776 modules were obtained 
to perform Benjamini-Hochberg adjusting. We 
found 6 modules were significantly different 
modules (P≤0.05). 

At a MCDS p-value cut off of 0.05, we found 1 
M-module in bacterial pneumonia group and 1 
M-module in influenza A pneumonia group with 
significant dynamic scores (Table 1). The two 
M-modules started off with different seed 
genes. The Module-1 was shown in Figure 1 
with 55 nodes and 269 edges. Meanwhile the 
Module-2 was shown in Figure 2 with 28 nodes 
and 117 edges. With the same sides and 
edges, the red edges in the bacterial pneumo-
nia group were deeper and thicker than those 
in the influenza A pneumonia one. It suggested 
that multiple interactions in these modules are 
significantly changed in different pneumonia. 

Discussion

Progression of influenza pneumonia is driven 
by dynamic changes in both the activity and 

connectivity of pathways. In Figure 1, many 
seeds in Module-1 such as RPS5, RPS16, 
RPL18 and RPL19 are ribosomal genes. 
Cellular gene transcription was associated with 
re-proliferation and repair as a transcriptional 
response [17]. It is also consistent that genes 
linked to the cell cycle and its regulation were 
the main determinants of the host response in 
influenza infection [4].

These two modules we obtained were different 
between bacterial pneumonia and influenza A 
pneumonia groups, suggesting dynamic mod-
ules may play a critically important role in the 
host response to severe influenza pneumonia. 
M-modules have been convinced that they 
have higher sensitivity and comparable speci-
ficity based on known pathway annotations [1]. 
More importantly, M-module-based features 
achieve significantly higher accuracy in predict-
ing cancer stages and heart failure phenotypic 
measures. Our results emphasize the impor-
tance of joint analysis of multiple gene net-
works to more accurately capture the dynamics 
of gene pathways.

Taken together, module analysis can lead to 
further insights and investigations of therapeu-
tic options targeting influenza pneumonia. 
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Figure 1. Module-1 in inbacterial pneumonia and influenza A pneumonia group. Green circles indicated the seed 
genes and red circles indicated un-seed genes. Deep and thick lines meant big weight values of edges. A: M-module 
in inbacterial pneumonia group. B: M-module in influenza A pneumonia group.
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