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Results

Identification of the interactions between molecular entities within cells is the key to understanding the biological
processes involved. Unfortunately, it is difficult to identify these interactions entirely by experiments. Although
numerous methods have been developed for inferring gene/protein regulatory networks from expression data,
reliable network inference from gene/protein expression data remains an unsolved problem. Recently, a novel
method, DWIG (divergence weighted independence graphs), was developed. A simulated data set with 160
virtual animals was generated from the mathematical model (Sedaghat et al., 2002) of insulin signaling pathway
to evaluate the performance of DWIG. This simulated data characterized both the within-individual and betweenindividual variabilities, which other widely used public simulation data, such as the DREAM challenge, did not
mimic fully. The performance of three reverse engineering methods, ARACNE (Algorithm for the Reconstruction
of Accurate Cellular Networks) (Margolin et al., 2006), Banjo (Bayesian Network with Java Objects) (Yu et al.,
2004), and DWIG, were compared based on these simulated data. The area under the curve (AUC) of receiver
operating characteristic (ROC) curve showed that DWIG outperformed ARACNE and Banjo. ARACNE uses the
marginal mutual information, while DWIG uses the conditional mutual information, which could be the reason for
DWIG’s superior performance over ARACNE. After prefiltering some weak links out by ARACNE, DWIG was
applied to a protein dataset consisting of cytokines and chemokines that were measured in bronchoalveolar
lavage fluid (BALF) of female A/J mice exposed to cigarette mainstream smoke for 3 and 5 months. An
association network with 25 cytokines/chemokines was built.

(a)

(b) The ROC curves of DWIG, Banjo, and

DWIG of the fitted model for
simulated insulin data.

ARACNE.

True Positive Rate

Introduction

False Positive Rate

Materials & Methods
0 ug TPM/(l*day)

(16)

1500 ug TPM/(l*day)

(14)

(12)

2250 ug TPM/(l*day)

(13)

(15)

DOSE

(15)

3000 ug TPM/(l*day)

(14)

(15)

Fig 4. (a) The conditional DWIG of the fitted model defined by thresholding; (b) ROC curves of DWIG,
Banjo (Yu et al., 2004), and ARACNE (Margolin et al., 2006). The ROC curves were built according to
the adjacency matrix constructed from the simulated insulin dataset. DWIG outperformed Banjo and
ARACNE in this simulated dataset.
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Fig 1. Female A/J mice, approximately 6 months of age, were exposed to diluted mainstream smoke
from the Reference Cigarette 2R4F for 2, 3, and 4 h per day, 5 days per week for 3 and 5 months. The
number of animals per group is in brackets. The mean smoke concentration throughout the study was
735 μg total particulate matter/l. All mice were exsanguinated under deep pentobarbital anesthesia.
The tracheae were cannulated and the lungs lavaged with 1 ml of Ca2+- and Mg2+- free phosphate
buffered saline (PBS). After centrifugation, the supernatants from the 1st lavage cycle were aliquoted in
adequate volumes, stored below -60 oC, and sent to RBM (Rules Based Medicine,
http://www.rulesbasedmedicine.com/) for MAP analysis.
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Fig 5. (a) Symbols and names for the 25 cytokines/chemokines analyzed in the BALF of A/J mice dataset;
(b) DWIG of the fitted graphical models obtained by using the common edges from the stabilized versions of
an ARACNE and a GLASSO search for smoke exposure group. The links CD40 ~ VCAM1 and MMP9 ~
MIP2 were supported by several publications (Yoon et al., 2007; Lanone et al., 2002; Gonzalo et al., 1996;
Lei et al., 1998; Propst et al., 2000).
Fig 2. Generation of a simulated insulin dataset based on a mathematical insulin pathway model
(Sedaghat et al., 2002). Protein expression of 160 virtual animals was generated based on 21
ordinary differential equations (ODEs) plus random variance.
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In conclusion, a novel computational method—DWIG—for exploratory analysis of biological
expression data was established. DWIG outperformed other widely used methods such as Banjo and
ARACNE using the simulated dataset. DWIG was applied to a MAP data set obtained from BALF
samples of female A/J mice exposed to cigarette mainstream smoke for 3 and 5 months. An
association network was built. Some links identified by DWIG were supported by several
publications. DWIG is a powerful method for reconstruction of a biologically meaningful network from
biological expression data set.
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BALF: Bronchoalveolar lavage fluid
MAP: Multi-analyte profile
DWIG: Divergence weighted independence graphs
ARACNE: Algorithm for the reconstruction of accurate cellular networks
Banjo: Bayesian network with Java objects
CMI: Conditional mutual information
GGM: Graphical Gaussian model
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