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Abstract: Aim of this paper is to define a new statistical framework to identify central
modules in Gaussian Graphical Models (GGMs) estimated by gene expression data mea-
sured on a sample of patients with negative molecular response to imatinib. A central
module is defined as a module of a GGM which contains genes that are defined differen-
tially expressed.
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1. Introduction

Imatinib, a specific ABL tyrosine kinase inhibitor, has been reported to have a significant
clinic effect on chronic myeloid leukemia (CML) in chronic phase as well as in blast cri-
sis. However, many patients in blast crisis who are being treated with imatinib relapse at a
relatively early time, suggesting that leukemia cells tend to acquire resistance to imatinib.
Such innate mechanism of resistance is poorly understood, but some evidences suggest
that activation of alternative oncogenic pathway may confer BCR-ABL independent sur-
vival to CML cells. To understand the complexity of the regulation of gene expression,
genetic networks have been used (Schlitt and Brazma, 2007, for more details). Genetic
network are usually constructed using probabilistic models such as Gaussian Graphical
Models (Edwards, 2000). Unfortunately their practical application is strongly limited by
the amount of available experimental data. In a typical microarray dataset the number
of genes exceed the sample number. To overcome this problem, Schäfer and Strimmer
(2005a) proposed an empirical Bayesian framework to improve the inference on a GGM.
However, this method does not consider an important property of a genetic network: the
property of community structure (Segal et al., 2003). Aim of this paper is to define a statis-
tical framework to identify central modules in a Gaussian Graphical Model estimated by
gene expression data measured on a sample of patients with negative molecular response
to imatinib. We define central a module that includes differentially expressed genes.
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Figure 1: (a) modularity index w.r.t. number of modules; circled points
correspond to the optimal number of modules. (b) estimated false discovery rate
w.r.t. number of differentially expressed genes.
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2. Finding modules in a Gaussian Graphical Model

In recent years, the analysis of genetic regulatory networks has received a major impetus
from the huge amount of data made available by high-throughput technologies such as
DNA microarrays. To better understand how genes are related to each other within the
class of patients with negative molecular response to imatinib, we performed a genetic
network analysis by means of GGMs. When we work with a microarray experiment the
number of gene (variables) exceed the sample number, for this reason the sample covari-
ance matrix is not positive definite and cannot be inverted. To overcome this problem,
we used the method proposed by Schäfer and Strimmer (2005a), namely, in the first step
the estimated partial correlation coefficients are obtained using the shrinkage approach
(Schäfer and Strimmer, 2005b). In the second step a mixture distribution is used to ad-
dress the statistical testing problem of non-zero partial correlation. Formally, we shall
assume that the partial correlation coefficients ρ̂ih across all edges in the network follow
a mixture distribution f(ρ̂ij) = π0f0(ρ̂ij, κ)+(1−π0)f1(ρ̂ij) where π0 is the prior for the
null distribution

f0(ρ̂ij, κ) = (1 − ρ̂2
ij)

(κ−3)/2 Γ(κ/2)

π1/2Γ((κ − 1)/2)
(1)

where κ are the degrees of freedom. The (1) is the distribution of the sample normal cor-
relation coefficient under H0 : ρij = 0. f1(ρ) is computed by means of a non-parametric
method. Using a sample of 9 patients with negative molecular response to imatinib and
a value 0.9 as threshold for the empirical posterior probability of a edge being present, a
Gaussian graphical model consisting of 197 genes and 895 edges was obtained. As ob-
served by Barabasi and Oltvair (2004), cellular functions are likely to be carried out in
a highly modular manner, namely, division of network nodes into groups where the net-
work connections are dense within the group, but are sparser between the groups. In order
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Figure 2: Graph of the fourth subnetwork. Transcript factors are labeled as
diamonds. Differentially expressed genes are in red color. Positive estimated
partial correlations are labeled by continuous lines; dotted lines identify
negative estimated partial correlations.

to identify central modules related with the negative molecular response to imatinib, we
applied the method proposed by Newman and Girvan (2004) to identify a set of modules
in the estimated GGM. This method is based on the idea that edges connecting separate
modules have high edge betweenness, since all the shortest paths from one module to
another have to cross them. Then, modules were identified gradually removing the edge
with the highest edge betweenness score. Panel (a) in figure 1 shows the modularity in-
dex (Newman and Girvan, 2004) as function of the number of subnetworks identified. The
peak corresponds to 58 subnetworks; however, as we shall see in the following section,
only four modules are related with a set of genes called differentially expressed.

3. Finding central modules and conclusions

In order to identify modules related with the negative molecular response to Imatinib, a
sample of 8 patients with positive molecular response was used to identify a set of differ-
entially expressed genes. A list of differentially expressed genes was defined combining
the results obtained using the significant analysis of microarrays (Tusher et al., 2001) and
the empirical Bayes analysis of microarrays (Efron et al., 2001). In order to make compa-
rable the results given by the two methods, we chose 0.01 as optimal false discovery rate.
Figure 1 (b) shows the estimated false discovery rate as function of the number of dif-
ferentially expressed genes. The highest n corresponding to an estimated false discovery
rate lower than 0.01 was chosen as number of differentially expressed genes. Using this
criterion, SAM led to the identification of 19 differentially expressed genes while EBAM
led to the identification of 16 genes, with thirteen of these that were found with the SAM.
As we have seen in section 2., we can identify 58 subnetworks into the estimated Gaus-
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sian graphical model. However, only four of them contain the differential expressed genes
identified using SAM and EBAM methods. In our approach, these submodules are defined
central. Annotated gene list is not reported for the sake of brevity. Figure 2 shows one
of the central modules identify with the proposed method. Validating our results by PRe-
Mod (a data base of genome-wide mammalian cis-regulatory module predictions, Ferretti
et al. (2007)), several interactions have been confirmed. Some of these interactions, like
Egr-1– Foxo1A (see figure 2), are also confirmed in a recent functional study indicating
that Foxo1A behaves as a negative regulator of Egr-1 expression (Cabodi et al., 2009).
Moreover, the transcription factor Egr-1, central in the module reported in figure 2, has
been described in a recent paper as a potent tumor suppressor gene whose deregulation is
involved in hematological malignancies (Gibbs et al., 2008).
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