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Abstract

Background: Although microarray-based studies have revealed global view of gene expression in cancer cells, we
still have little knowledge about regulatory mechanisms underlying the transcriptome. Several computational
methods applied to yeast data have recently succeeded in identifying expression modules, which is de ned as
co-expressed gene sets under common regulatory mechanisms. However, such module discovery methods are not

applied cancer transcriptome data.

Results: In order to decode oncogenic regulatory programs in cancer cells, we developed a novel module
discovery method termed EEM by extending a previously reported module discovery method, and applied it to
breast cancer expression data. Starting from seed gene sets prepared based on cis-regulatory elements,
ChIP-chip data, and gene locus information, EEM identi ed 10 principal expression modules in breast cancer
based on their expression coherence. Moreover, EEM depicted their activity pro les, which predict regulatory
programs in each subtypes of breast tumors. For example, our analysis revealed that the expression module
regulated by the Polycomb repressive complex 2 (PRC2) is downregulated in triple negative breast cancers,
suggesting similarity of transcriptional programs between stem cells and aggressive breast cancer cells. We also

found that the activity of the PRC2 expression module is negatively correlated to the expression of EZH2, a






extracting expression modules in the cancer transcriptome. Our approach is based on an integrative
method by Bar-Joseph et al. [5], which successfully identified yeast expression modules by integrating
ChIP-chip and expression data. By combining with gene set-based approaches [6, 7], we extended their
approach and made it applicable to cancer transcriptome data. Starting from seed gene sets predicted
based on cis-regulatory elements, ChIP-chip data, and gene locus information, EEM statistically evaluates
their functionality and refines them based on their expression coherence. We analyzed breast cancer
microarray data by EEM, and find 10 expression modules in the breast cancer transcriptome. Our
additional bioinformatics analysis validated the 10 expression modules and demonstrated their significance

in the pathophysiology of breast cancer.

Methods

Methods Overview

The EEM algorithm discovers an expression module by combining two types of data: seed gene sets and
expression profile data. A set of genes whose expressions are considered to be regulated by the same
molecular mechanism could be predicted based on various types of data, and prepared as a seed gene set.
EEM assesses functionality of the seed gene set based on expression coherence. If seed gene set functions as
expression module, all genes in it are ideally expressed coherently. Although a functional seed gene set
might include false positives, or non-functional module genes in the biological context of interest, at least a
significant fraction of seed genes should behave coherently in the expression data. This assumption is
verified by the observation that putatively functional gene sets often harbors a large cluster of genes which
behave coherently (see Additional File 1). EEM extracts only such a coherently expressed gene subset,
filtering out false positive or non-functional module genes. Taking a geometric approach, EEM searches for
the largest subset with a minimum degree of coexpression (specified by radius parameter r). Concurrently,
EEM statistically evaluates the size of the retrieved coherent subset using a Z score based on
randomization tests. If the Z score is greater than the prespecified cutoff value, we conclude that the seed
gene set includes a functional expression module and the coherent subset is extracted as an expression
module. We observe that the expression modules extracted by EEM are more functionally enriched than

seed gene sets. This observation would justify our refinement procedure (see Additional File 1).

Employing this EEM algorithm, we systematically searched for expression modules in the breast cancer

transcriptome (Figure 1). In our search, a collection of seed gene sets are prepared based on cis-regulatory






ChIP-chip data are insufficient for comprehensive analysis and they also provide clear evidence of
transcriptional regulation or genomic alteration. Although EEM also takes a module discovery approach
similar to GRAM, there are some clearly different points. In contrast to GRAM, EEM starts from a
sufficient number of genes that are predicted to be under common regulatory mechanism, and refines them
to produce a final expression module utilizing expression profiles. In this process, EEM evaluates statistical
significance of the identified expression module by measuring how many of module genes are coherently
expressed in the expression data. This statistical evaluation based on the expression coherence is a novel

feature which is not implemented by other module discovery methods.

EEM is also regard as one of gene set screening methods like Gene Set Enrichment Analysis (GSEA) [18].
GSEA screens for gene gets that have a significant bias in a ranked list according to their differential
expressions between two sample groups, while our approach searches for significant gene sets based on their
expression coherence. However, because GSEA takes a supervised approach which uses sample labels, it
potentially fails to identify expression modules which do not correlate with sample labels. By contrast,
EEM realizes an unsupervised analysis, which does not depend on sample information and can search for

expression modules more globally.

As we mentioned above, our method finally produces activity profiles of expression modules. Because
microarray data usually include expression profiles of thousands of genes, it is difficult to understand the
raw data intuitively. On the other hand, since our activity profiles consist of those of a small number of
expression modules, they provide concise description of the transcriptome that allows it to be understood
more easily. This problem can also be solved using dimension reduction approach of gene expression data.
Dimension reduction is originally addressed by a study utilizing singular value decomposition [19], and can
be performed by many other methods [20-23]. However, because most of them are based on purely
mathematical framework, deduced components do not necessarily have biological meanings and are often
difficult to understand biologically. By contrast, since expression modules deduced by EEM are derived
from biologically meaningful seed gene sets, they can always be associated with molecular mechanisms. By
extracting module modules as biologically meaningful components in expression data, EEM provides

intuitively understandable views of transcriptomes.















to these transcriptional modules, incorporation of locus information yielded two expression modules, which
are located on the 17q12 and 8q24 locus. The reproducibility of these results was confirmed by analysis

using other independent microarray data [31] (see Additional File 1).

Each expression module consists of dozens of genes. We performed Gene Ontology (GO) analysis to
examine whether the obtained expression modules are enriched in genes involved in specific cellular
activities (Table 1). The GO analysis showed that most of the expression modules deduced from
cis-regulatory motifs and ChIP-chip data contain a significant number of genes sharing common GO terms,
such as immune response and cell cycle. Thus, these transcriptional modules have the potential to function

for specific cellular activities.

The EEM analysis predicted the activity profiles of the 10 expression modules; we performed hierarchical
clustering analysis of them as performed for ordinary gene expression profiles (Figure 2). We found that
clustering of tumor samples based only on these 10 expression modules succeeded in dividing samples into
several subtypes that are consistent with clinical information and gene expression profiles. This observation
suggests that a significant degree of diversity of the breast cancer phenotypes can be explained by only
these 10 expression modules. In other words, this result demonstrates that the EEM analysis successfully
reduced gene expression data of extremely high dimension to the 10 components. We also performed

survival time analysis and found expression modules associated with prognosis (Figure 3, see below).

The E2F and NFY expression modules show similar activity profiles, which are activated in high grade
breast tumors and strongly correlated with poor prognosis. They also share common modules genes and
appear to cooperatively regulate the cell cycle. Similar expression profiles shared by the RUNX ETS, IRF
and NFxB expression modules also suggest that these TFs regulate immune pathways cooperatively. These
results are consistent with those of previous studies [32-36]. As expected, the ER expression module was
found to be the most critical determinant of tumor subtypes. Their activity profiles are strongly correlated
with ER status, demonstrating the validity of our approach. The 17q12 and 8q24 expression modules are
derived from known amplified regions [15]. The 17q12 expression module contains the ERBB2 gene, while
the 8q24 expression module contains genes residing near the Myc locus. The 17q12 expression is an
important determinant of tumor subtypes and survival time. Although the 8q24 expression modules are

not clearly associated with any subtypes, its upregulation is related to poor prognosis.
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complex. We calculated the Z score for the count of module gene pairs which interact directly (nearest
neighbor pairs), and those which interact directly or via the next node of each (nearest or next-to-nearest
neighbor pairs) (Table 1). This analysis showed that the transcriptional modules that were identified based
on Cis-regulatory motifs or ChIP-chip data harbor a statistically significant number of physically

interacting pairs, revealing a tight coupling of transcriptional and PPI networks in mammalian cells.

Finally, by extracting expression module genes and interacting partners from the PPI data, we depicted
molecular circuits in breast tumors based on multiple lines of evidence: PPI, expression coherence,
cis-regulatory motifs and ChIP-chip data (Figure 4). These network views revealed that E2F regulates cell
cycle hub genes, such as CDC2 and Cyclins, in cooperation with NFY. The transcriptional sub-network
involving RUNX, ETS, IRF, and NFkB regulates immune circuits involving various chemokines and
chemokine receptors, some of which have been reported to be involved in tumor growth, invasion, and
metastasis [43]. For example, a recent study showed that CCL5 can induce metastasis of breast

tumors [44]. Consistent with a previous report [45], EEM predicted that ETS, IRF and NFxB
transcriptionally control CCL5, suggesting that these TFs are responsible for CCL5-matiated metastasis.
Human breast tumors are histologically complex and contain a variety of cell types in addition to the
carcinoma cells. Hence, the transcriptional programs controlling these immune circuits could operate not in
the carcinoma cells themselves, but in the tumor microenvironment. Indeed, CCL5 was reported to be
secreted from mesenchymal stem cells. Also, many other module genes are known to be specifically
expressed in immune cells such as lymphocytes and macrophages. On the other hand, we could also
identify the IRF expression module in the transcriptome of breast cancer cell lines (see Additional File 1).
Thus, the IRF expression module may function in the carcinoma cells. Recently, global expression profiling
of distinct cell population in breast tumors has been attempted [46]. We expect that application of EEM to

such data will clearly show cell type specific regulatory programs.

Previously, Segal et al. [47] also reported expression modules in cancer transcriptome. However, their
method identifies functional modules based on relative up or down-regulation of module genes in each
sample, which contrasts with our method that takes into account expression coherence across all samples.
In this study, our method succeeded in reducing the expression profiles of thousands of genes to the
activity profiles of 10 expression modules which explains a significant degree of diversity of the breast

cancer phenotypes. It should be noted that the expression module activity profiles show some similarity
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