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1 Introduction

In recent years, cancer has become the leading cause of death in the developed
world, accounting for more than 13% of all deaths [1]. While many of its
characteristics have been identi�ed [2], the exact molecular processes, which
drive its progression and distinguish one cancer type from another remain
elusive.

In the post-Human Genome Project era, the focus of molecular biology
has shifted from identifying the functional units of cells (genes, proteins etc)
to analyzing their interactions and their dynamic behavior in the context
of larger systems [3]. In order to fully comprehend the role of molecular
entities, one has to study how they react to signals from outside and within
the cell, what e�ect these changes have on their interactors and ultimately
how the system accommodates the perturbations. Recently, the research
on expression levels and molecular interactions has yielded large amounts of
data, providing for a more thorough analysis of the molecular mechanisms
underlying human disease [3, 4]. However, the vast amount of proteins and
their interactions, makes it di�cult to determine the molecular abnormalities,
which underlie human disease and cancer in particular. This imposes the
need for identifying the functional modules within the network.

With this thesis I propose a method for identifying the parts of the hu-
man protein interaction network, which functionally describe a given cancer
cell line. The speci�city is hereby derived from the expression pro�le data
measured for a set of di�erent cancer cell lines.

In the context of this thesis, a module is de�ned as a group of proteins,
whose function can be separated from those of other sets of proteins and is
de�ning for the presentation of a certain phenotype. The members of the
module share molecular interactions, or are components of the same protein
complex.

1.1 Motivation

The availability of genome-wide expression pro�les has allowed researchers
to link genes to diseases and cancer types in particular [5, 6, 7]. These so-
called markers are selected according to how well their expression patterns
discriminate between di�erent pathologies. However, it was shown that these
marker sets, while able to successfully classify diseases, are highly speci�c for
the patients from the corresponding study and have a very small overlap [8].
It has been proposed, that this is due to strong variations in downstream ef-
fector genes' expression, whereas the expression of the genes actually causing
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the disease remain constant [8, 9].
Following the criticism of using expression pro�les alone for the identi�ca-

tion of markers, attempts have been made to address the issue by combining
microarray data with the available networks of protein interactions in order
to extract the functionally relevant modules [10, 11, 12]. The key concept be-
hind these developments is that phenotypes are rarely de�ned by single genes
or proteins but rather by subnetworks of interacting proteins derived from the
entire human interactome. This approach allows the identi�cation of genes
with known disease related mutations, which typically remain undetected by
classic expression pro�le analysis. Moreover, the identi�ed subnetworks have
been shown to be more reproducible between di�erent studies [12].

The method proposed in this thesis also combines expression pro�les with
protein interaction networks. The goal was to develop a method capable of
extracting subnetworks of functionally related entities, which are determi-
nant for the featured phenotype. The approach is demonstrated for di�erent
cancer cell lines, presenting in essence di�erent pathological phenotypes. Be-
cause di�erent cancer types vary strongly in their molecular abnormalities,
application of the method should highlight modules, which are speci�c for
a given malignant cell line. The expression data was used to determine the
signi�cance of interactions for the speci�c phenotype. Information theory
and graph methods were then used to outline characteristic genes/proteins
and the modules in which these participate. What outlines this approach
from others [10, 11, 12, 13], is the �ltering step, which reduces the interac-
tion graph to its functional core and the identi�cation of functionally speci�c
proteins, from which the modules are expanded. This makes the approach
applicable to genome-wide and interactome-wide data.

1.2 Cancer

The term cancer describes a class of diseases caused by abnormal behavior
of autologous cells. The latter are characterized by two major properties:
uncontrolled growth and the invasion of foreign tissues [14]. The �rst abil-
ity allows the cancer cells to proliferate in�nitely, without regard of control
mechanisms - a tumor will develop. However, it will only be considered ma-
lignant if it is able to invade surrounding tissue. If the cancer cells enter
the bloodstream or lymphatic system they can form secondary tumors called
metastases.

Cancers are classi�ed according to the cell type from which they arise.
Malignancies originating from epithelial cells are called carcinomas, those
from connective or muscle tissue sarcomas and from hemopoietic cells arise
various leukemias [14]. These are actually very di�erent diseases, with vary-
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ing progression speed and degrees of invasiveness. Currently there are more
than 100 known distinct types of cancer. A comprehensive list of known
cancers is available at http://www.cancer.gov/cancertopics/alphalist.

Cancer usually develops due to somatic mutations and rarely due to epi-
genetic changes. However, a single genetic aberration is not enough to trans-
form a healthy cell into a cancer cell. Oncogenesis is a multi-step process,
involving several mutations in the lifespan of a cell, ranging from simple
point mutations to changes in chromosome complement. Thereby, a number
of regulatory circuits are a�ected [14]. However, it is unclear whether these
pathways di�er from cancer type to cancer type and if there are any, which
are deregulated in most malignancies. It has been shown that the majority
of cancers acquire six essential alterations in cell physiology (See Figure 1 )
[2].

Figure 1: The hallmarks of cancer. The six basic functional capabilities common
to most malignancies are self-su�ciency in growth signals, insensitivity to anti-growth
signals, evading apoptosis, sustained angiogenesis, limitless replicative potential and tissue
invasion and metastasis. The order, in which these are acquired, di�ers from cancer to
cancer. [Genentech BioOncology]

The �rst attribute a potential cancer cell usually acquires is the self-
su�ciency in growth signals. Under normal conditions, a cell requires a range
of stimuli � growth signals � in order to proliferate [14]. These stimuli come
in the form of di�usible growth factors, e.g. EGF, VEGF, NGF etc., extracel-
lular matrix components and cell-cell adhesion/interaction molecules. Three
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main strategies for achieving growth signal independence have been identi�ed
[2]. The �rst involves production of growth signals by the cell, to which it is
itself responsive. This creates a positive feed-back loop called autocrine stim-
ulation. For example glioblastomas produce PDGF1 and sarcomas TGF-α
2. The second strategy is based on the alteration of transcellular transducers
of those signals � usually the extracellular receptors for the growth factors.
This can be achieved by overexpression of the receptor proteins, allowing the
cancer cell to be stimulated by molecule concentrations, which would not be
su�cient otherwise. For example, the EGFR is overexpressed in stomach,
brain and breast tumors, while the HER2/neu receptor is overexpressed in
mammary carcinomas. In addition, structural changes in the receptors due
to mutations can cause the receptors to be in a permanent stimulated state,
without binding to their ligands. Finally, growth signal autonomy can be
achieved by deregulations of the downstream pathways, which transduce the
signals to the cell nucleus. One such major pathway, which is deregulated in
about 25% of human cancers is the SOS-Ras-Raf-MAPK cascade [2].

Cell proliferation is governed not only by growth stimulating factors, but
rather an interplay by the latter and so called antigrowth signals. These can
either force the cell into the quiescent G0 state of the cell cycle, or initiate
di�erentiation, which causes the cell to lose its proliferative potential [2].
Therefore, potential cancer cells have to develop some sort of resistance to
these signals if they are to prosper. One crucial stage of the cell cycle is
the transition from G1 to S phase. The transcription factor E2F governs
the expression of a set of genes, required for cell proliferation to start. Its
functionality is regulated by the retinoblastoma protein (pRb). If the lat-
ter is phosphorylated, it releases E2F and the cell can enter the S phase.
One common external antigrowth signal comes in the form of TGF-β, which
through p21 blocks the phosphorylation of pRb, thus activating it [14]. Most
tumors lose their responsiveness to TGF-β due to downregulation of the
receptors. Mutations in the latter or in downstream regulators, including
Smad4, p21 and pRb itself, also render the cell immune to this antigrowth
pathway. How cancer cells avoid post-mitotic di�erentiation is not fully un-
derstood, but it has been shown that it involves the oncogenes c-myc and
erbA. Deregulations of the APC/β-catenin pathway have also been recorded
to block di�erentiation [2].

As discussed above, cells acquire several mutations before exhibiting ma-
lignant properties. However, there exists a built in program, which monitors
a cell's DNA for the accumulation of abnormalities. Upon detection, the

1platelet-derived growth factor
2tumor growth factor alpha
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protein ATM is activated, which can either force cell cycle arrest through
p21 or initiate the cell's self-destruct programm - apoptosis [14]. Thereby,
the cell is disposed of in a controlled manner for the bene�t of the organism.
Clearly then, evading apoptosis is a necessity for every cancer cell. In about
50% of all known malignancies this is done by deregulating the function of
the tumor-suppressor p53. This protein mediates the signal from the nucleus
to pro-apoptotic members of the Bcl-2 protein family3, which form pores in
the mitochondrial membrane. Thereby, cytochrome c is released, which is
essential for the initiation of the cell death programm. Upregulating the ex-
pression of anti-apoptotic members of the Bcl-2 family4 is another common
strategy for cancer cells to block apoptosis [2].

The three acquired capabilities discussed above, should su�ce to enable
the generation of vast tumor cell populations. However, this presumption
has been negated by the discovery that mammalian cells have an intrinsic
program, which limits their replicative potential [14]. This program operates
independently of cell-cell signaling pathways. Indeed, it has been proven
that cells in culture have a limited replicative potential [2, 14]. The state
they enter after reaching their doubling maximum is termed senescence. In
certain cell types it can be circumvented by disabling the tumor suppressors
p53 and pRb, allowing additional generations to be created until the cells en-
ter the crisis state. It is characterized by massive cell death and karyotypic
abnormalities. It has been observed that cancer cells become immortalized
during oncogenesis, allowing them to gain limitless replicative potential [2].
The key to acquiring this ability is the maintenance of telomeres � the ends
of chromosomes, composed of several thousand repeats of a 6 bp sequence.
At each replication cycle part of the telomeres are lost, due to the inability of
DNA polymerases to completely replicate the 3'-ends of chromosomal DNA.
Eventually, this leads to the latter becoming unprotected, causing chromoso-
mal fusions, i.e. karyotypic disarray. This is achieved mainly by upregulating
the expression of telomerases � enzymes, which add nucleotide repeats onto
the ends of telomeres. However, this does not explain how the senescences
stage is circumvented.

Cells in higher organisms are dependent on the oxygen and nutrients
supplied by the vascular system. New blood vessels are growing actively
during organogenesis � a process called angiogenesis. However, as soon as
the tissue is formed, angiogenesis enters a quiescencent state and is strictly
regulated. Because the maximal distance from a capillary for a cell to sur-
vive is approximately 100µm, tumors can grow only to a certain size, before

3e.g. Bak, Bax
4e.g. Bcl-2, Bcl-XL
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undersupplied cells start to necroticly die out [2]. Therefore, it is critical for
macro-tumors to force the growth of blood vessels towards them. Angiogene-
sis is controlled by a complex interplay of positive and negative signals. The
vascular endothelial growth factor (VEGF) and the �broblast growth factors
(FGF1/2) are examples of pro-angiogenic signals, which bind to the trans-
membrane tyrosine kinase receptors of endothelial cells. On the other hand,
thrombospondin-1 is a prototypic angiogenesis inhibitor. Integrins, mediat-
ing cell-cell and cell-matrix association also play a critical role, as quiescent
vessels express one class of them and sprouting capillaries another.Indeed,
many tumors activate an angiogenic switch by shifting the balance of pro-
and anti-angiogenic factors. This involves the upregulation of VEGF and/or
FGFs expression and the downregulation of thrombospondin-1 [2]. Conse-
quently, tumor angiogenesis is an attractive therapy target.

Approximately 90% of cancer deaths are due to metastases. The ability
to invade foreign tissue and travel to distant sites in the organism provides
neoplastic cells with new terrain, where initially nutrients and space are not
a limiting factor [2, 14]. Thus, the metastases, having usually acquired the
other hallmark capabilities, rapidliy grow to form secondary tumors. The
processes of invasion and metastasis involve changes on two levels � the un-
coupling of the cell's physical attachment to its environment and the acti-
vation of extracellular proteases, enabling it to migrate accross blood vessel
walls and epithelial cell layers [2]. The former property is achieved through
changes in proteins mediating cell-cell and cell-matrix contacts � CAMs and
integrins. One commonly deregulated protein is E-cadherin, a homotypic
cell-to-cell interaction molecule. It is also coupled to β-catenin, thus regu-
lating several intracellular signaling pathways. Its function is impaired in
cancer cells by means of mutational inactivation of its gene, transcriptional
repression, or proteolysis of its extracellular domain. CAMs from the im-
munoglobulin superfamily, e.g. N-CAM, also undergo changes in their ex-
pression, switching from a highly adhesive isoform to a poorly adhesive. The
expression pattern of integrins is also altered in cancer cells, shifting the
composition of integrin α and β subunits displayed on the membrane sur-
face. The new integrin composition has been shown to bind preferentially to
the degraded stromal components, produced by proteases [2]. The genes for
the latter are also upregulated and the enzymes are transformed to their ac-
tive form. The alteration in activity of all these proteins is clearly essential
in acquiring the invasiveness and metastatic ability. However, the signal-
ing pathways and molecular mechanisms, which regulate these shifts remain
loosly understood. An overview of the current knowledge on signaling path-
ways involved in oncogenesis is shown in Figure 2.
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1.3 Protein interaction networks

In the past few years a wide range of methods have been developed for the
identi�cation of biomolecular networks, e.g yeast two-hybrid assays5, for the
detection of protein protein interactions [15, 16], tandem a�nity puri�cation
coupled with mass spectrometry6, for determining protein complexes [17, 18]
and chromatin immunoprecipitation for unraveling protein-DNA interactions
among others. This has spurred the study of how biological entities function
in the context of each other, resulting in a variety of biological networks �
gene regulatory networks, signal transduction networks, metabolic pathways
and kinase-substrate interaction maps (See Figure 3). The adaption of Y2H
for large-scale experiments yielded large-amounts of human protein-protein
interaction data [19, 20]. This, combined with their simplicity promoted
protein interaction networks as the most commonly studied network class.

Protein interaction networks consist of binary relations between proteins,
usually representing some physical interaction on molecular level � binding,
phosphorylation, cleavage etc. These can formally be described as undirected
graphs of the type G < V,E >, where the set of nodes V is equal to the set
of interacting proteins. An undirected edge ep1,p2 ∈ E exists if and only if
the proteins p1 and p2 interact.

This formal de�nition allows the study of protein networks using graph-
based and statistical approaches. Several global properties have been iden-
ti�ed, which describe interaction networks: average degree, average short-
est path, connected components and clustering coe�cient among others [21].
However, the structure of the graph depends on the input data used to cre-
ate it. Inferring a network from Y2H is trivial, as it detects binary inter-
actions. However, TAP-MS for example yields information on multi-protein
complexes. The exact interaction pattern between the components di�ers
from complex to complex. Therefore, two models have been developed to
deal with this issue � the spoke model suggests that there exists a central
protein connected to the remaining members of the complex. On the other
hand, according to the matrix model, there exists an interaction between
all components of the complex (See Figure 4). Consequently, a complex of
n proteins will contribute n − 1 interactions to the network after the spoke
model and n×(n−1)

2
after the matrix model, possibly altering the statistical

properties of the graph.
The average degree7 and its distribution are two key characteristics of

graph models. Based on empirical observations, the average connectivity of

5Y2H
6TAP-MS
7i.e. connectivity
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Figure 3: An overview of di�erent network classes. a) A gene regulatory
network, describing how a set of genes in�uence each other's expression [Zhou, Q. et
al]. b) A metabolic network depicting the processes of Glycolysis and Gluconeogenesis
[Reactome]. c) A signal transduction network showing how extracellular signals are
processed from the cell surface to the nucleus [Davies, D. M. et al]. d) A classic protein-
protein interaction network, consisting of binary interactions [Nicolini, C. et al].

a protein interaction network has been estimated to approximately 2.5. Ad-
ditionally, it has been postulated that the distribution follows a power law
with an exponential cuto� [21]. However, coming from an evolutionary point
of view and arguing that only a small fraction of the complete human inter-
actome is resolved, the hypothesis has been proposed that the connectivity
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Figure 4: a) The spoke model. A central protein exists within the complex, to which
all other components are connected. b) The matrix model. No central protein exists.
All components of the complex are connected and form a clique.

distribution is actually not scale free8 [22].
The clustering coe�cient is a measure of how strong nodes in a graph tend

to cluster together. It can be calculated both for single nodes(local) and for
the entire graph (global). The local clustering coe�cient c of a node vi in a
graph is a degree of how close that node and its immediate neighborhood Ni

are to being a clique, i.e. to being fully connected. If ki is the degree of vi

and ENi
the set of edges in Ni, for undirected graphs it is de�ned as:

ci =
2× |ENi

|
ki(ki − 1)

(1)

The global clustering coe�cient is related to the local. It can be de�ned as:

C =
1

N

N∑
i=1

ci (2)

It is also equal to the number of closed triplets over the number of total
triplets in the graph. A triplet is a set of three nodes with interactions
between them. If these are fully connected the triplet is called closed. It has
been shown that protein interaction networks are highly clustered [23].

According to both degree distribution theories, there exist a relatively
small number of proteins that are highly connected and a majority with only

8i.e. does not follow a power-law
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a few interactions. The former are called hubs. This structure of the protein
network ensures a robustness to random deletions of nodes/proteins, as it is
far more likely to remove vertices of low degree. However, if one of the hubs
is deleted, it is likely that more connected components arise, which can be
linked to higher lethality. Indeed, it has been shown that highly connected
protein are more often essential from a biological point of view [24].

1.4 Expression pro�les

In principle, all cells in an multicellular organism contain the same genetic
information. However, these di�er in their shape, structure and function.
These di�erences are due to the variable expression of genes, leading to the
accumulation of distinct levels of RNAs and proteins [25].

Gene expression describes the process of reading a DNA fragment � the
gene � and translating it into proteins. In eucaryotes this includes the pro-
cesses of transcribing the gene DNA to RNA (Transcription), the excision
of Intron sequences from the RNA (Splicing), transporting the mRNA out
of the nucleus into the cytosol and its subsequent translation into proteins
(Translation). The ultimate goal is to determine how genes � and the pro-
teins they encode � function and interact in a living organism. Of interest is,
which genes are switched on and o�, at which point of a cell's life, for which
proteins they encode and eventually how much of the proteins is produced
[14].

There are several methods for studying gene expression, each providing
answers to di�erent questions. For example, Linkage analysis determines
where a gene is located in the genome, while comparing it to other known
genes in search for homology can predict its function. Using reporter genes
one can reveal when a gene is switched on or o�. However, all of these
methods are suitable for studying a single gene at a time.

DNA microarrays have revolutionized the way we study gene expression.
They use thousands of DNA fragments as probes, which can bind gene-
speci�cally to RNA. Thus, we can measure the amount of RNA produced by
the transcription of a gene at a certain time. We can determine which genes
are switched on or o� as cells grow, divide or respond to external stimuli.
Moreover, the amount of RNA gives us a hint how strong a gene is read
and relatively how much of its product protein is present in the cell. Most
importantly, by examining the expression of so many genes simultaneously,
we can study the expression patterns, which underlie cellular physiology.
However, one should not forget that gene expression is regulated on several
levels � transcription, RNA processing, mRNA transport and localization,
mRNA degradation, translation and protein activity [14]. Microarrays give
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us information on gene expression after just the �rst control stage.
cDNA microarrays are based on cDNAs isolated from cells and printed

on glass or membrane slides [26]. Because cDNA libraries are used, each
spot may contain di�erent amounts of cDNA. Therefore, the comparison of
measurements between arrays and genes is challenging. Usually, a reference
is hybridized to the microarray labeled by a di�erent color, which can then
be used to normalize the data.

Another type of microarrays is based on synthetic oligonucleotides, which
are densely printed on a surface. The main di�erence to cDNA microarray
is that the amount of oligonucleotides per spot is equal for all spots. After
the sample RNA binds to the chip. it is labeled with a �uorophore. The
intensity of the signal is assumed to be proportional to the amount of RNA
in the sample [27]. For each microarray a background correction has to be
performed in order to eliminate signals caused by non-speci�c binding and
auto-�uorescence. In addition, the measurements contain systematic errors
due to variations in RNA extraction, reverse transcription, labeling, pho-
todetection etc. Therefore, di�erent normalization strategies are applied,
attempting to minimize the e�ects of these aberrations, e.g. Robust Multiar-
ray Analysis [28], Variance Stabilizing Normalization[29] etc.

A expression pro�le describes the speci�c pattern of gene expressions for
a set of genes of a given cell sample at the speci�c time point. These pro�les
can be used to describe a given cell type, which is in homeostasis, or to study
how the cell type reacts to certain perturbations.
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2 Methods

Given a large-scale protein interaction network and a set of expression pro�les
for several di�erent phenotypes, the method creates an interaction graph for
each phenotype. Then the edges in each graph are weighted according to
the expression values for each phenotype respectively. In the next step the
graphs are reduced to their functional cores. These reduced graphs are then
compared to each other in order to identify the functionally speci�c proteins.
Finally, using these proteins as seeds, the functional modules are extracted.

2.1 Data

2.1.1 Human protein interaction network

The recent development of large-scale methods for identifying molecular in-
teractions has yielded large amounts of data. However, most of the infor-
mation is dispersed between more than one hundred databases. Moreover,
because it is coming from di�erent sources and experiments this data is het-
erogeneous. Consequently, if a detailed analysis of the substructures in the
human interactome is to be conducted, the data has to be integrated in order
to provide as complete a model as possible.

ConsensusPathDB is a metadatabase on human molecular interactions.
Currently9 it integrates data from 18 di�erent sources. The database sup-
ports three classes of interactions � physical interactions stand for protein-
protein and protein-compound interactions, biochemical interactions for metabolic
and signaling reactions and gene regulations describe how the transcription
of genes is regulated. ConsensusPathDB uses a bipartite graph model, where
some nodes represent interactions and some physical entities, e.g. proteins,
compounds, substrates etc. In order to account for redundancies, physical en-
tities are mapped to one another based on common accession numbers, e.g.
UniProt, Ensembl, Entrez-gene, ChEBI etc. Interactions are also compared,
based on their participants (See Figure 5). ConsensusPathDB distinguishes
between two types of interactors - primary and secondary participants. Two
or more interactions are considered similar if all of their primary participants
match. These are the interactors for physical interactions, the products and
substrates for biochemical reactions and the regulated genes for gene regula-
tions [30].

The integrated protein interaction network from ConsensusPathDB is
freely available. It contains data from seven source databases and was used

9version 14
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Figure 5: Interaction mapping in ConsensusPathDB. The scheme illustrates how
2 biochemical reactions A+B− > C+D from two databases X and Y are mapped to one
another based on their primary participants. The enzymes (secondary participants) E1
and E2 are not regarded when deciding if the two interactions are matching. [Kamburov,
A.s et al]

as the basis for this thesis. The network consists of 12706 proteins and
170906 interactions/edges. Self-interactions were eliminated for the purpose
of the thesis. Complex interactions � between more than two proteins � were
resolved to binary interactions according to the matrix model. The graph is
not connected, but consists of 234 components. The average degree of the
network is 26.9.

2.1.2 Cancer cell lines

For the purpose of the thesis an expression pro�le on a genome-wide scale
was required. Moreover, as the method makes use of correlations of gene
expressions, multiple samples per phenotype had to be available. Ideally, the
measurements for all phenotypes had to be performed on the same platform
and under comparable conditions.

The Connectivity Map dataset available at http://www.ncbi.nlm.nih.
gov/geo/query/acc.cgi?acc=GSE5258 contains genome-wide measurements
of several cell lines threated with di�erent bioactive compounds. Because a
sample exists for each cell line and each compound, a high enough number



Data 16

of cases was provided for calculating meaningful correlations per phenotype.
The A�ymetrix Human Genome U133A Array was used for all measure-
ments.

The raw data was normalized according to the work�ow in Figure 6 us-
ing the GC-RMA approach [31], an improvement of the RMA method. The
sets were grouped according to cell line threated with a certain compound
at a certain concentration. Custom CDFs as de�ned by [32] and avail-
able at http://brainarray.mbni.med.umich.edu/Brainarray/Database/
CustomCDF/genomic_curated_CDF.asp were used.

Figure 6: Work�ow for microarray data processing. The raw data is grouped
according to test cases. The microarray probes' results are mapped to Ensembl Gene IDs
using the custom CDFs. Each test case is then normalized using the GCRMA approach.
[Rasche, A. et al]

For this thesis four cancer cell lines were selected. Each of these was ex-
tracted from a di�erent cancer type (See Table 1). Because the experiment
was originally designed to test the e�ect of bioactive molecules on the ex-
pression of genes, the fold-change between the treated and control samples is
only indicative of the e�ect of the compounds used. Ideally, a control sample
of healthy tissue would be used to calculate the changes in gene expression
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due to cancer-related mutations for each cell line. However, such measure-
ments were not available. To solve this issue I made use of the notion, that
genes, which correlate strongly over many perturbed conditions, are likely to
be involved in the same or similar cellular processes [10]. This assumption
�ts ideally with the expression data, as for each cell line at least 50 measure-
ments were available. Of course, when calculating the expression correlations
in this way, both cancer speci�c and unspeci�c relations will be highlighted.
The idea behind this approach is that when compared to the correlations
from other cell lines, the unspeci�c interactions10 can be �ltered out.

Table 1: A summary of the cell lines used.

Cell line Cancer type

MCF7 breast cancer
PC3 prostate cancer
HL60 human promyelocytic leukemia
SKMEL5 melanoma

2.2 Calculation of interaction scores

Di�erent methods have been used to weight a graph of molecular interactions,
for example using the number of experiments that support an interaction
or the co-occurrence of the interactions in medical texts. However, these
approaches provide just a measure of con�dence for the interactions, but fail
to highlight possible functional association between pairs of proteins.

Clustering of gene expression has been vastly used and showed that the
products of coexpressed genes often contribute to a common biological func-
tion [33]. However, this notion is over-simplifying the problem as for example
two functionally related proteins might be inversely co-regulated.

Pearson's correlation coe�cient is the simplest measure of the linear re-
lation between two variables. It is de�ned as the quotient between the co-
variance of the two variables and their respective standard deviations:

corP (x, y) =
cov(x, y)

sd(x)× sd(y)
, where (3)

cov(x, y) =
1

n− 1

∑
i

(xi −mean(x))(yi −mean(y)) (4)

10all cancer unrelated and uncharacteristic for the cell line
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The correlation coe�cient will be close to ±1 if a strong relation between
the two variables exists and close to 0 otherwise.

Gene co-expressions often exhibit non-linear relations. For example, the
upregulation of a gene, whose product is a transcription factor will cause an-
other gene to also become upregulated. However, the signal will be ampli�ed,
causing an exponential increase in the expression of the second gene. Appar-
ently, Pearson's correlation coe�cient, which assumes linear dependance, is
not suitable for quantifying co-expression.

The Spearman rank correlation is a measure of the non-linear relation
between two variables. It is based on the simple correlation between the
ranked variables:

corS(x, y) =
cov(rankx, ranky)

sd(rankx)× sd(ranky)
(5)

The correlation between the transformed variables(ranks) will also take val-
ues between −1 and +1. It will be close to +1, if the order of the values of
x and y is the same. Consequently, it is a measure not of the linear but of
the monotone relation between variables.

It was used in this thesis as a measure of co-expression. The rank corre-
lation was calculated for all pairs of proteins, for which an interaction exists
in the protein interaction network. If no expression data was available for
some protein its interactions were scored with a 0 and thus disregarded from
further analysis.

2.3 Filtering

To reduce the interaction graph to its functionally relevant components, a
�ltering step is performed based on the co-expression scores calculated ac-
cording to the previous subsection. Two criteria for retaining an interaction
were applied - if its participants are signi�cantly coexpressed, or if it lies on
a shortest path between two signi�cantly coexpressed proteins.

The �rst major issue was deciding, whether the expression correlation of
two proteins is signi�cantly high. Setting an arbitrary absolute threshold
seemed inappropriate, as the values from di�erent experiments would vary
due to a handful of conditions. Instead, I computed the distributions of co-
expressions for each cell line (see Figure 7). Then for each cell line I calculated
a threshold, equal to the 0.9 quantile of the corresponding distribution. The
values are listen in Table 2.

As noted before, co-expression provides insights into functional relations
between genes and their products. Therefore, the goal being to identify
modules of functionally related proteins, it is reasonable to retain proteins,
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Figure 7: Correlation distributions. The correlation distributions for the four cell
lines are shown as histograms.

Table 2: The co-expression signi�cance thresholds equal to the 0.9 quantile for the four
cell lines.

Cell line co-expression signi�cance threshold

MCF7 0.6
PC3 0.66
HL60 0.72

SKMEL5 0.8

which have both a direct interaction and high co-expression. In practice, this
means that an interaction is preserved in the graph if the absolute value of
its score is greater than the given threshold or it is removed otherwise.

However, there exist pairs of proteins with high co-expression values,
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which do not have direct interactions. Obviously, these can still be function-
ally related, transitively interacting with each other. In order to resolve the
'pathway', it will be required to also retain the proteins, which maintain the
transient interaction. One possible method for analyzing transitive depen-
dencies is the shortest path [34]. Hereby, pairs of co-expression values above
0.9 are regarded. Dijkstra's shortest path algorithm was used, where the
edge weights are the absolute co-expression values. Because real networks
have a small average shortest path, which is approximately 4 for protein in-
teraction networks, paths where the two seed proteins are separated by more
than 3 proteins are unlikely to connect functionally related proteins and are
therefore discarded.

2.4 Identi�cation of key genes

Given the reduced graphs obtained for each cell line, the speci�c proteins need
to be identi�ed. Suppose a score is available for each protein j for a given
cell line i of the set g. Its speci�city can be quanti�ed by an adaptation of
Shannon's entropy formula, which is a measure of the uncertainty associated
with a random random variable:

Sj = −
g∑

i=1

pij log2 pij (6)

Sj will be close to zero, when the protein score is signi�cantly higher in one
cell line compared to the others and close to 2, if the scores are equal for all
cell lines.

A simple score for the proteins has been used, equal to the sum of the
absolute co-expression scores of its interactions:

zij =
∑

e∈incidence(vij)

|we| (7)

It is a measure of the importance of the node(protein) for the network �
re�ected by the number of its incident edges. In addition, the score is also
indicative of the functional signi�cance of the node, as the actual weights of
the edges are used for calculation. Finally, it is normalized according to the
scores for the protein for all cell lines:

pij =
zij∑

k∈cl zkj

(8)

If a protein is not present in the reduced graph of a cell line, it receives the
score 0 correspondingly.
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2.5 Extracting the modules

Finally, the actual extraction of the modules has to be performed. For
the task I used a modi�ed version of the Detect Module from Seed Protein
(DMSP) algorithm [13].

The original algorithm runs on a weighted graph structure. Starting from
a seed protein, it expands its neighborhood and builds functional modules.
The decision, whether a proximity node should be part of the module, is
based on several concepts and criteria. Two key observables are the internal
and external weighted degree of a node, de�ned as the sum of weights of edges
between a node x and its neighbors, which are part of a subnetwork G1 or
not, respectively. The sum is divided by the number of neighbors:

βINT
G1

(x) =

∑
y∈NINT

G1

wxy

|N INT
G1
|

(9)

βEXT
G1

(x) =

∑
y∈NEXT

G1

wxy

|NEXT
G1
|

(10)

Another important measure is the density of a graph G(V,E), de�ned as the
quotient between the number of vertices in the graph and the number of all
possible vertices:

Dw(G) =

∑
x,y∈E wxy

|V |(|V | − 1))
(11)

Initially, a kernelKs is selected, consisting of all neighbors of the seed protein.
Then some of the nodes are �ltered out according to two conditions - a node's
external weighted degree has to be greater than its internal weighted degree
and the fraction of its internal degree and the sum of the internal and external
degree11 has to be greater than some threshold p1:

βINT
Ks

(x) < βEXT
Ks

(x) (12)

IO(Ks, ui) =
|N INT

Ks
(ui)|

|NEXT
Ks

(ui)|+ |N INT
Ks

(ui)|
> p1 (13)

Vertices that pass the above criteria are sorted according to their internal
degree. Following this step, vertices from the sorted list are removed one at
a time, starting from the most insigni�cant, until a certain value of weighted
density of the kernel is reached. This is done, in order to receive an even
more coherent kernel.

11i.e. the nodes total degree
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In the next stage, the algorithm proceeds iteratively to add adjacent nodes
to the kernel. These are again selected based on two criteria. The �rst one
is the same as in equation 13. If it is satis�ed, the procedure checks whether
the edge's weight connecting the new node is smaller than some percentage
p2 of the node's weighted internal degree:

wvui
≤ p2 × βINT

Ks
(v) (14)

Thereby, p2 is required to be between 0.9 and 1.0.
The di�erence between the original version of the DMSP and the im-

plementation in this thesis is the scoring function for the edge weights. In
[13] the weights are based on the distance between the centroids of the cor-
responding expression pro�le clusters. For the purpose of the thesis, the
co-expression scores previously calculated were used. The functionally spe-
ci�c proteins identi�ed in the previous step were used as seed nodes.
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3 Results

The method proposed in this thesis has been implemented in Java. The
Java Universal Graph/Network (JUNG) Framework was used for modeling
the graphs and calculating shortest paths, degrees etc. For each cell line a co-
expression matrix of approximately 70Mio cells was calculated and stored for
further use. 11582 out of 11899 genes measured where mapped to 11668 pro-
teins from the network. This was done using the internal ConsensusPathDB
Ensembl to UniPROT mapping table.

The �ltering for each network with the corresponding threshold yielded
four reduced graphs, each with a di�erent size and composition. See Table 3
for details.

Table 3: A summary of the reduced graphs for each cell line with the corresponding
threshold.

Cell line
co-expression
signi�cance threshold

reduced graph
proteins interactions average degree

MCF7 0.6 627 909 2.89
PC3 0.66 808 1064 2.63
HL60 0.72 1476 2098 2.84

SKMEL5 0.8 1476 2098 4.43

3.1 Seed proteins

The following analysis was performed for the breast cancer cell line MCF7
as it had the most test cases and is thus best suited for analyzing the pro-
posed method. Using the four reduced graphs, the functionally speci�c pro-
teins were identi�ed. In Table 4 the 10 lowest entropy-scoring have been
listed. Clearly, some of the selected proteins alone present interesting can-
cer related targets associated to RNA modi�cation (PAPOA_HUMAN), cel-
lular metabolism (PYC_HUMAN), DNA damage and repair (ZN281_HUMAN,

DDB2_HUMAN), post-translational modi�cation and localization of proteins
(ENPL_HUMAN, COPA_HUMAN) and signaling pathways (IKKA_HUMAN,
ABLM1_HUMAN).

Most notably of all, the Inhibitor of nuclear factor kappa-B kinase sub-
unit alpha (IKKA) has been shown to be deregulated in a high percent-
age of breast cancers. This protein phosphorylates β-catenin and thus pre-
vents its degradation [35]. Studies have reported, that β-catenin is up-
regulated in breast cancer and as also explained in previous sections, acts
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as a proto-oncogene by activating the sustained expression of proliferative
genes[2, 35]. Consequently, the identi�cation of IKKA as a functionally spe-
ci�c protein for the breast cancer cell line MCF7 is in agreement with these
�ndings. Moreover, IKKA is required for the stabilization of NF-κB, an-
other proto-oncogene, implying that its upregulation might have additional
proto-oncogenic e�ects.

The selection of the DNA damage-binding protein 2 (DDB2) is also inter-
esting, as it is a critical signal transducer when genetic aberrations arise [36].
The protein has a high binding a�nity for damaged DNA and is required
for p21 ubiquitination. It was shown that DDB2 de�cient cancer cells are
immune to DNA damage induced apoptosis [37]. Considering that DDB2 is
shown to be underexpressed in breast cancer in two studies [38, 39], it is an
important target protein in the context of this thesis.

Heat shock proteins (HSPs) are molecular chaperones, which are activated
upon cell stress, e.g. hyperthermia, viral infection, glucose deprivation, and
oxidative stress. Two proteins of this family have been shown to be presented
on the plasma membrane of several breast cancer cell lines � HSP70 and
GP96. These have been linked to natural killer (NK) cell cytotoxity and
may play an important role in the immune response to malignancies [40].
Interestingly, surface GP96 was detected in the breast cancer cell lines but not
in healthy tissue. One of its homologs, Endoplasmin12 (ENPL_HUMAN), was
selected as a functionally speci�c protein (see Table 4). In addition, another
study suggests that the GRP family of proteins, and GRP94 in particular,
render cancer cells immune to cytotoxic T-lymphocytes when upregulated
[41]. This implies that Endoplasmin might be a key protein with regard to
cancer immunology.

Malignant cells often exhibit disruptions in their aktin cytoskeleton, which
render them immune to anoikis, a form of programmed cell death initiated
when cell-matrix adhesions are lost. TPM1_HUMAN, a key cytoskeletal pro-
tein, can induce anoikis in neoplastic cells upon stimulation. However, it
has been observed, that the expression of the protein is repressed in breast
cancer cells [42]. As it also modulates the activity of integrins, its dereg-
ulation might be crucial for cancer cells acquiring tissue invasiveness. In
addition, the fodrin/e-cadherin/β-catenin adhesion complex is shown to be
deregulated in breast cancers, which leads to loss of cell-cell adhesion [43].
One of the components of fodrin, SPTB2 13, is one of the functionally speci�c
proteins identi�ed in this thesis, suggesting it might be involved in the breast
cancer cells developing metastatic capabilities.

12GRP94, Tumor rejection antigen 1
13fodrin beta chain
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Another protein interacting with the cytoskeleton and selected as func-
tionally speci�c is the Actin-binding LIM protein 1 14(ABLM1). It possesses
both F-actin and DNA binding domains15. There are indications that it is
phosphorylated by ATM or ATR upon DNA damage, suggesting that it plays
a role in deciding whether a cell should enter cell cycle arrest, induce apopto-
sis or survive. Moreover, its gene is located on the human chromosome region
10q25, which is often deleted in cancer cells, implying that it may actually
function as a tumor suppressor [44].

Though some of the selected seed proteins have not been shown to be
cancer related, there are indications for at least some of them, that they play
a role in the development and survival of malignancies. The next step is the
study of their interactors and functionally related partners. This may reveal
if they have oncogenic potential and hint to what their molecular function
might be.

3.2 Functional modules

The functionally speci�c proteins were used as seeds for identifying the func-
tional modules using the adapted DMSP algorithm. The procedure ran
over the entire protein interaction network from ConsensusPathDB, anno-
tated with edge weights (co-expression values as previously described) for
the MCF7 cell line. For the parameters p1 and p2 the values 0.45 and 0.9
were selected. The weighted density of the kernel graph was required to be
0.7. These values were selected according to the best practices reported in
the original paper [13]. A summary of the modules identi�ed for each seed
protein is available in Table 5.

It is obvious that some of the identi�ed modules are larger and more
densely populated (see Figures 8, 9, 10, 11, 12 and 17), while others consist
of a handful of proteins, with a few interactions between them (see Figures
13, 15 and 16 ). It is likely that these two groups present di�erent forms of
functional relationships. My assumption was that the former modules are
actually multi-protein complexes, which have been resolved to cliques after
the matrix model and that the latter consist of proteins, which are part of a
signaling cascade. To test this thesis I manually looked up if the members
of the modules are components of a common complex using the Consen-
susPathDB web interface. Indeed, three of the modules contained proteins,
which all participated in a common complex interaction. The subnetwork
around ENPL_HUMAN is a signi�cant part of a complex formation involving

14ABLM1_HUMAN
15zinc �nger domain
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Figure 8: The module extracted from PAPOA_HUMAN. A dense subnetwork of
proteins participating in four di�erent complexes. The protein ABEC1_HUMAN is not
part of any complex.

MAPK13 and the protein kinase D, which transduces signals downstream
of protein kinase C. The module extracted from ZN281_HUMAN is part of
the transcription mediator complex (MED) involving Cyclin C but without
CDK8. The PYC_HUMAN module constitutes a part of the PPP2RB/CCT2
complex, involving TIF1B16 and MCM5.

However, the results showed that the majority of the modules contain a
signi�cant number of components of at least two multi-protein complexes.
In addition, single protein-protein interactions, which are not known to form
stable complexes, were also contained in some subnetworks. For example,
the module extracted from the seed protein PAPOA_HUMAN (see Figure
8) contains proteins that participate in several di�erent complexes: Cleav-
age Polyadenylation Complex, Intronless pre-mRNA cleavage Complex, Exon
Junction Complex, Spliceosome active C complex among others. All of these
complexes share at least three proteins from the extracted subnetwork. As
a result, after resolving the interactions, all these proteins form a clique,
although no complex exists, in which they are all contained. The protein
ABEC1_HUMAN is also part of the module, although it does not participate in
any complex formation with PAPOA_HUMAN. Other modules, which exhibit

16Transcription intermediary factor 1-beta, KAP1



Functional modules 27

Figure 9: The functional module extracted from PYC_HUMAN. A very dense
subnetwork. All participants are components of the PPP2RB/CCT2 complex.

similar composition properties, are the ones derived from IKKA_HUMAN,
COPA_HUMAN and DDB2_HUMAN (see Figures 13, 15 and 16).

Of special interest are the modules extracted from the proteins TPM1_HUMAN,
SPTB2_HUMAN and ABLM1_HUMAN (see Figures 12, 14 and 17). These sub-
networks all contain members of the multiprotein complex involving the Epi-
dermal growth factor receptor I (EGFR1) and SHC1, among others. This pro-
tein complex transduces the signal from the transmembrane receptor down
the MAPK pathway [14]. In fact, the three modules share 23 proteins, which
are part of this complex. Moreover, the module around ABLM1_HUMAN

involves the MAPK/ERK kinase kinase 2 (MEKK), while the subnetwork
originating from TPM1_HUMAN contains c-Jun � a target of the MAPK path-
way and member of the AP-1 transcription factor [45]. This suggests a strong
functional relationship between the proteins involved and highlights the im-
portance of the MAPK pathway.

The notion that two di�erent kinds of modules were identi�ed appears
to be incorrect. It is obvious that the extracted modules are not resolved
protein complexes, as there is not one such complex that is fully contained
in any module. Indeed some of the subnetworks comprise entirely of proteins
that are members of a single complex, but this is due to the functional
closeness of the members as de�ned: a result of the very high topological
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Figure 10: The functional module extracted from ENPL_HUMAN. A dense
subnetwork. All participants are components of a complex interaction involving MAPK13
and the protein kinase D.

relation combined with high co-expression relations. However, there exist
subnetworks that contain members of several complexes and/or proteins,
which participate only in transient interactions. This suggests, that they
have actually been selected according to functional relations based on the
co-expression of the participants.

To more speci�cally identify the roles of the extracted modules, a pathway-
based over-representation analysis was performed using the ConsensusPathDB
web application. A p-value was calculated for each pair of pathway and mod-
ule according to a hypergeometric test, based on the number of proteins in
the prede�ned set, i.e. the pathway and the user-speci�ed set, i.e. the mod-
ule. The hypergeometric p-value equals the probability of choosing kp or
more proteins participating in a pathway p of size Kp when randomly draw-
ing n proteins from the protein background universe of ConsensusPathDB of
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Figure 11: The functional module extracted from ZN281_HUMAN. A dense
subnetwork. All participants are components of the MED complex.

size N :

p-value =

min(n,Kp)∑
i=kp

(
Kp

i

)(
N−Kp

n−i

)(
N
n

) (15)

The lower the p-value, the higher is the statistical signi�cance of a module
in a pathway. Protein sets with a p-value lower than 0.01 were regarded as
signi�cantly enriched.

The results of the over-representation analysis are partly in agreement
with the observations on the composition of the modules. As expected, the
three subnetworks around TPM1_HUMAN, SPTB2_HUMAN and ABLM1_HUMAN

have four common signi�cantly enriched pathways: Pathogenic Escherichia
coli infection, Shigellosis, Bacterial invasion of epithelial cells and induc-
tion of apoptosis through dr3 and dr4/5 death receptors. While these path-
ways seem somewhat unlikely related to the EGFR1-SHC complex discussed
above, they do support the notion that the three extracted modules have
common biological functions. Only the proteins of the subnetwork around
ABLM1_HUMAN have been shown to be signi�cantly enriched for the EGFR1
pathway with the largest overlap of proteins � 5. Another pathway in which
the module is over-represented is the JAK STAT pathway. The subnetworks
around TPM1_HUMAN and SPTB2_HUMAN are both involved in the regula-
tion of the cytoskeleton and insulin production. The module extracted from
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the protein IKKA_HUMAN shows highly signi�cant enrichment for the TNF-α
pathway and other cascades, which activate the NF-κB protein, e.g. via RIP1
and/or TRAF6. The ENPL_HUMAN induced subnetwork is enriched for the
signaling cascades downstream of the VEGF and NOD-like receptors. The
modules extracted from PAPOA_HUMAN, PYC_HUMAN and ZN281_HUMAN

are as expected over-represented in the pathways governing mRNA splicing
and processing, the pyruvate metabolism and gene expression respectively.
The subnetworks around COPA_HUMAN and DDB2_HUMAN are not signif-
icantly enriched for any pathway de�ned in ConsensusPathDB. For details
see Table 6.

Table 6: The results of the pathway over-representation analysis for each module.

Module center enriched pathways overlap p-value

ABLM1_HUMAN

Bacterial invasion of epithelial cells 4/73 0.000977
EGFR1 5/180 0.00466
Pathogenic Escherichia coli infection 3/58 0.00478
JAK STAT pathway and regulation 2/19 0.00506
Shigellosis 3/64 0.00672
KitReceptor 3/65 0.00801
induction of apoptosis through dr3 and dr4/5
death receptors

2/28 0.00919

COPA_HUMAN

DDB2_HUMAN

ENPL_HUMAN
VEGF 2/18 0.000201
NOD-like receptor signaling pathway 2/62 0.00306

IKKA_HUMAN

TNFalpha s 4/62 1.25e-05
Viral dsRNA:TLR3:TRIF Complex Activates
RIP1

2/12 4.72e-05

human TAK1 activates NFkB by activation of
IKKs complex

2/16 7.51e-05

toll-like receptor pathway 2/38 0.000422
TRAF6 Mediated Induction of the antiviral
cytokine IFN-α/β cascade

2/54 0.000932

PAPOA_HUMAN

mRNA Splicing 11/121 3.76e-20
Elongation and Processing of Capped Tran-
scripts

11/149 4.96e-19

Processing of Capped Intron-Containing Pre-
mRNA

11/154 6.94e-19

Formation and Maturation of mRNA Tran-
script

11 /167 2.08e-18

(Continues on the next page)
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Module center enriched pathways overlap p-value

Gene Expression 11/445 2.04e-13
Spliceosome 7/127 1.55e-10

PYC_HUMAN
Propanoate metabolism 2/32 0.00256
Pyruvate metabolism 2/44 0.0048

SPTB_HUMAN

Insulin Synthesis and Secretion 4/115 0.00273
Pathogenic Escherichia coli infection 3/58 0.00308
Shigellosis 3/64 0.00436
Regulation of actin cytoskeleton 5/216 0.00576
Bacterial invasion of epithelial cells 3/73 0.0064
induction of apoptosis through dr3 and dr4/5
death receptors

2/28 0.00681

Protein export 2/24 0.00741
IL1 2/27 0.00932

TPM1_HUMAN

Insulin Synthesis and Secretion 4/115 0.00066
Pathogenic Escherichia coli infection 3/58 0.00104
Shigellosis 3/64 0.00148
Bacterial invasion of epithelial cells 3/73 0.0022
induction of apoptosis through dr3 and dr4/5
death receptors

2/28 0.00327

Protein export 2/24 0.00355
Hypertrophic cardiomyopathy (HCM) 3/85 0.00357
Dilated cardiomyopathy 3/92 0.00449
Regulation of actin cytoskeleton 4/216 0.0078
Diabetes pathways 5/349 0.00795
Apoptotic cleavage of cellular proteins 2/43 0.00832

ZN281_HUMAN
Generic Transcription Pathway 5/35 6.02e-09
Gene Expression 5/445 0.00129

Obviously, the extracted functional modules participate in a number of
cancer related pathways. From the results we cannot conclude, whether the
pathways and their target genes are up- or down-regulated. However, be-
cause they are over-represented in the functional modules derived from a
cancer cell line, one can conclude that they are deregulated in some man-
ner with regard to healthy tissue. The EGFR1 pathway, enriched in the
ABLM1 module, stimulates cell growth and proliferation and inhibits apop-
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Figure 12: The functional module extracted from TPM1_HUMAN. A dense
subnetwork. Participants of the module are components of the complex interaction in-
volving EGFR1 and SHC. Contains the transcription factor c-Jun.

tosis [14, 2, 46]. It can unfold its activity via a number of pathways: MAPK,
STAT, PI3-AKT and PLCγ. The EGFR itself and its pathway are a popu-
lar target of anti-cancer therapy [46, 47]. The Jak-STAT signaling pathway
is also signi�cantly enriched in the module, suggesting it can be of special
importance for the oncogenic properties of the cell line. The VEGF pathway,
which is over-represented in the Endoplasmin module, can initiate angiogen-
esis [2]. It is also an important target of cancer therapy. The activation of
NF-κB also causes the upregulation of proliferative genes and may render a
cell less sensitive to apoptotic signals [14, 2]. This can be achieved by any
of the pathways over-represented in the IKKA_HUMAN module. Moreover,
apoptosis related pathways are enriched in the three closely related modules
TPM1_HUMAN, SPTB2_HUMAN and ABLM1_HUMAN, which hints towards a
general deregulation of the pathway. As previously described, evading apop-
tosis is an essential characteristic of malignancies. Abnormalities in mRNA
splicing and processing can contribute to the di�erential expression of onco-
genes and tumor-suppressor genes. The actin cytoskeleton and its regulation
are also crucial for deciding a cell's fate and for acquiring metastatic prop-
erties. The altered cellular metabolism is also a key property of malignant
cells. It is comprehensible that at least some of the hallmarks of cancer are
re�ected by the functional modules identi�ed.
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Figure 13: The functional module extracted from COPA_HUMAN. A sparse
subnetwork.

3.3 Validation

To test the validity of the functional modules extracted I aimed at deter-
mining to what degree the members of each one participated in the same
biological process. Other proofs of validity like connectivity density and
complex coverage were not relevant to this approach, because the goal was
not to locate topologically related proteins, neither to re-identify protein
complexes.

The Gene Ontology (GO) project is an initiative of the GO Consortium
to create a structured, precisely de�ned, common, controlled vocabulary de-
scribing the roles of genes and gene products for di�erent organisms [48].
This is done in order to facilitate the functional annotation of molecular en-
tities by providing an integrated, more complete and uni�ed pool of knowl-
edge. The project supports several organisms: homo sapiens, mus mus-
culus, drosophila melanogaster, saccharomyces cerevisae and caenorhabditis
elegans among others. Three categories describing protein function are de-
�ned. Biological process describes high-level objectives, which are in�uenced
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Figure 14: The functional module extracted from SPTB2_HUMAN. A dense
subnetwork. Participants of the module are components of two complex interactions. One
of them involves EGFR1 and SHC.

or dependent on the gene or gene product, e.g. cell adhesion or pyrimidine
metabolism. Molecular function refers to the potential biochemical activity
of a gene product, e.g. adenylate cyclase or Toll receptor ligand. It describes
only what is done, but not to what end, where and when. Cellular compo-
nent describes where a gene product unfolds its function with regard to the
structure of eukaryotic cells.

In order to validate the functional modules extracted, their biological
signi�cance was quanti�ed by determining the GO biological process term
enrichment for each one. The ConsensusPathDB over-representation analysis
web tool was used for level 2 GO terms. For each set of genes or gene
products a p-value is calculated according to a hypergeometric test based on
the number of physical entities present in the prede�ned set, i.e. the set of
all participants in a biological process, and the user-speci�ed list of physical
entities, i.e. the extracted module. The lower the p-value, the higher is the
statistical signi�cance of a module in a GO term. Corrections for multiple
testing using the false discovery rate were also calculated.

Interestingly, 9 out of 10 modules are overrepresented in at least one GO
biological process with a p-value lower than 0.01 and 6 out of 10 with a q-value
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Figure 15: The functional module extracted from IKKA_HUMAN. A sparse
subnetwork.

lower than 0.01. The module resulting from the seed protein DDB2_HUMAN

is not enriched in any GO biological process with a p-value lower than 0.01.
Five of the extracted gene sets are overrepresented in more than one GO
term with 50% or more of the proteins being contained in the prede�ned
set. These results obviusly support the notion that the modules, with the
exception of one, consist of functionally related proteins, which participate
in the same biological processes. Thereby, the con�dence level is high, as
even after the correction for multiple testing there exist protein sets, which
are orders of magnitude lower than the signi�cance threshold of 0.01.
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Figure 16: The functional module extracted from DDB2_HUMAN. A sparse
subnetwork.



Validation 37

Table 4: The ten functionally speci�c proteins with lowest entropy. Descriptions taken
from UniPROT.

Protein Score Description

PAPOA_HUMAN 0.0 Polymerase that creates the 3'-poly(A) tail of
mRNA's. Also required for the endoribonucle-
olytic cleavage reaction at some polyadenylation
sites.

ENPL_HUMAN 0.0 Molecular chaperone that functions in the pro-
cessing and transport of secreted proteins. Func-
tions in endoplasmic reticulum associated degra-
dation (ERAD). Has ATPase activity.

ZN281_HUMAN 0.0 Involved in transcriptional regulation. Represses
the transcription of a number of genes including
gastrin and ornithine decarboxylase. Binds to the
G-rich box in the enhancer region of these genes.
Phosphorylated upon DNA damage, probably by
ATM or ATR.

PYC_HUMAN 0.0 Catalyzes in a tissue speci�c manner, the initial
reactions of glucose (liver, kidney) and lipid (adi-
pose tissue, liver, brain) synthesis from pyruvate.

TPM1_HUMAN 0.0 Binds to actin �laments in muscle and non-muscle
cells. Plays a central role, in association with the
troponin complex, in the calcium dependent reg-
ulation of vertebrate striated muscle contraction.

COPA_HUMAN 0.102 The coatomer is a cytosolic protein complex that
binds to dilysine motifs and reversibly associates
with Golgi non-clathrin-coated vesicles, which
further mediate biosynthetic protein transport
from the ER, via the Golgi up to the trans Golgi
network.

SPTB2_HUMAN 0.402 Fodrin, which seems to be involved in secretion,
interacts with calmodulin in a calcium-dependent
manner and is thus candidate for the calcium-
dependent movement of the cytoskeleton at the
membrane.

IKKA_HUMAN 0.449 Acts as part of the IKK complex in the con-
ventional pathway of NF-kappa-B activation and
phosphorylates inhibitors of NF-kappa-B thus
leading to the dissociation of the inhibitor/NF-
kappa-B complex and ultimately the degradation
of the inhibitor.

DDB2_HUMAN 0.453 Required for DNA repair. Binds to DDB1 to form
the UV-damaged DNA-binding protein complex
(the UV-DDB complex). The UV-DDB complex
may recognize UV-induced DNA damage and re-
cruit proteins of the nucleotide excision repair
pathway (the NER pathway) to initiate DNA re-
pair.

ABLM1_HUMAN 0.456 May act as sca�old protein. Has been suggested
to play a role in axon guidance.
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Table 5: The components of the ten functional modules derived from the corresponding
seed protein.

Seed protein module participants

PAPOA_HUMAN ABEC1_HUMAN, PRP8_HUMAN, DDX23_HUMAN,
TXN4A_HUMAN, NH2L1_HUMAN, CPSF1_HUMAN,
MGN_HUMAN, PCF11_HUMAN, U520_HUMAN,
CLP1_HUMAN, SF3A1_HUMAN

ENPL_HUMAN ALDOA_HUMAN, KCRB_HUMAN, SAHH_HUMAN,
NUDC_HUMAN, MK13_HUMAN, PDIA6_HUMAN,
MARCS_HUMAN, GANAB_HUMAN

ZN281_HUMAN NUMA1_HUMAN, TCOF_HUMAN, ACINU_HUMAN,
CCNC_HUMAN, CHD9_HUMAN, MED25_HUMAN,
SR140_HUMAN, NOLC1_HUMAN, MED28_HUMAN,
DDX50_HUMAN, ANC2_HUMAN, MED4_HUMAN,
MED27_HUMAN, MED16_HUMAN, NOL8_HUMAN,
MED9_HUMAN, IDLC_HUMAN

PYC_HUMAN MCM5_HUMAN, 2AAB_HUMAN, PCCB_HUMAN,
ACACA_HUMAN, H14_HUMAN, RS27L_HUMAN,
CDCA4_HUMAN, K1C10_HUMAN, DAZP1_HUMAN,
TIF1B_HUMAN, IRS4_HUMAN, K1C16_HUMAN,
DDX17_HUMAN, PSD4_HUMAN, RM12_HUMAN,
LAP2B_HUMAN, K2C6B_HUMAN

TPM1_HUMAN PTN11_HUMAN, ADSV_HUMAN, NONO_HUMAN,
SRP09_HUMAN, RL4_HUMAN, SRC8_HUMAN,
SMD2_HUMAN, CYTSA_HUMAN, DREB_HUMAN,
LMNA_HUMAN, SMCA5_HUMAN, ACTG_HUMAN,
SPTA2_HUMAN, SERA_HUMAN, ARPC2_HUMAN,
EFTU_HUMAN, MYPT1_HUMAN, HTRA1_HUMAN,
DNJA2_HUMAN, SMU1_HUMAN, IF4A3_HUMAN,
AP2B1_HUMAN, SRP14_HUMAN, H31_HUMAN,
RL3_HUMAN, KPYM_HUMAN, CD59_HUMAN

COPA_HUMAN ILF2_HUMAN, DDX39_HUMAN, SAC1_HUMAN,
BET1L_HUMAN

SPTB2_HUMAN PTN11_HUMAN, PAR12_HUMAN, ADSV_HUMAN,
NONO_HUMAN, SRP09_HUMAN, PSPC1_HUMAN,
RL4_HUMAN, SRC8_HUMAN, SMD2_HUMAN,
CYTSA_HUMAN, LMNA_HUMAN, DREB_HUMAN,
RO52_HUMAN, F120C_HUMAN, SMCA5_HUMAN,
TAB1_HUMAN, ACTG_HUMAN, SPTA2_HUMAN,
SERA_HUMAN, ARPC2_HUMAN, EFTU_HUMAN,
MYPT1_HUMAN, IN80B_HUMAN, HTRA1_HUMAN,
DNJA2_HUMAN, SMU1_HUMAN, AP2B1_HUMAN,
IF4A3_HUMAN, BCLF1_HUMAN, SRP14_HUMAN,
H31_HUMAN, KPYM_HUMAN, RL3_HUMAN, VAV3_HUMAN,
CD59_HUMAN, RED2_HUMAN, PP1RA_HUMAN,
ARI5B_HUMAN, ZN768_HUMAN

IKKA_HUMAN IQGA2_HUMAN, TLR3_HUMAN, SC16A_HUMAN,
FBW1B_HUMAN, NGAP_HUMAN

DDB2_HUMAN AMRP_HUMAN, CLK3_HUMAN, WDR82_HUMAN,
WDR5B_HUMAN

ABLM1_HUMAN PTN11_HUMAN, NONO_HUMAN, SRP09_HUMAN,
SRC8_HUMAN, IF4E2_HUMAN, SMD2_HUMAN,
ASPP2_HUMAN, CYTSA_HUMAN, LMNA_HUMAN,
DREB_HUMAN, SMCA5_HUMAN, ACTG_HUMAN,
MAST2_HUMAN, RABE1_HUMAN, ATPA_HUMAN,
SPTA2_HUMAN, LC7L2_HUMAN, SERA_HUMAN,
ARPC2_HUMAN, VAMP8_HUMAN, EFTU_HUMAN,
MYPT1_HUMAN, HTRA1_HUMAN, DNJA2_HUMAN,
OSBL3_HUMAN, M3K2_HUMAN, SMU1_HUMAN,
AP2B1_HUMAN, IF4A3_HUMAN, LARP1_HUMAN,
BCLF1_HUMAN, SRP14_HUMAN, H31_HUMAN,
KPYM_HUMAN, RL3_HUMAN, LSR_HUMAN,
TRIPB_HUMAN, MAST3_HUMAN, CBLB_HUMAN,
TR150_HUMAN, UBP8_HUMAN, CLAP1_HUMAN,
FOXO3_HUMAN, CP250_HUMAN
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Figure 17: The functional module extracted from ABLM1_HUMAN. A dense
subnetwork. Participants of the module are components of two complex interactions. One
of these involves the proteins EGFR1 and SHC. Contains MEKK.
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4 Discussion

As described above, the majority of the functional modules extracted consist
of plausible sets of proteins, which have a common biological function and
are enriched for some cancer-related pathways. Indeed, all of them contain
proteins and components of protein complexes that have been shown to par-
ticipate in oncogenesis and breast cancer development in particular. This
being the goal set beforehand, the method proposed seems to be delivering
reasonable results.

Among the proteins in the functional modules are regulators of the cell
cycle (Cyclin C, MCM5), transcription factor associated proteins (TIF1B, c-
Jun) and signal transducers from major pathways (SHC, MEKK, MAPK13,
IKKA, Protein kinase D etc). Proteins of these groups are often the targets of
new cancer therapies. Some of their potential as drug targets is not obvious,
e.g. the MED-complex is a rather unlikely candidate with regard to cancer.
However, it forms a complex with CCAR1, which upon stimulation from the
Estrogen receptor activates the transcription of proliferative genes. This is
one of the main pathways leading to cell growth in breast cancers [49]. Other
involved proteins are well known key players in breast cancer like the SRC8
protein.

However, there are some subnetworks that could not be validated using
the over-representation analysis. No GO biological process is signi�cantly
over-represented in the DDB2_HUMAN module and no pathways de�ned in
ConsensusPathDB exist, for which it is enriched (see Table 6). These facts
let the module seem incorrectly composed with regard to functional relations
between its proteins. However, this can be explained by the small size of the
subnetwork (the smallest of the ten) and lack of annotation of the participat-
ing proteins in ConsensusPathDB. In general, the validation of the modules
is problematic and additional approaches have to be applied in order to verify
the functional relationships between the proteins. Hopefully, this will provide
better means of assessing the results of the method.

Ideally, the functional subnetworks will be validated in a wet laboratory
by means of knock-out experiments, di�erential expression analysis of ma-
lignant versus healthy tissue or others. Comparison to other computational
approaches [10, 11, 12] might also provide new insights into the validity and
role of the functional modules. To achieve more coherent results, these algo-
rithms can be applied on the same list of seed proteins.

There are several aspects of the proposed approach, which can be im-
proved. The �rst part concerns the input data used. As previously described,
the complex interactions from the ConsensusPathDB were resolved to binary
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interactions according to the matrix model. The advantage of this model is
that no interactions are misrepresented, as all possible interactions are gener-
ated. However, this is done at the cost of generating a large number of false
interactions. This is also re�ected in the very high average degree of the
ConsensusPathDB interaction graph. Moreover, matrix topologies are un-
likely for larger complexes from a biological point of view, because of steric
hindrance. From this point of view the spoke model is more intuitive, but
it could misrepresent interactions. In addition, the available protein interac-
tion network provides no information on which is the center/bait protein. As
both models are problematic, using the matrix model was reasonable, as it
is important for the DMSP algorithm not to miss existing interactions. The
bias towards selecting such resolved complex interactions can be somewhat
counterbalanced by the co-expression weights. This e�ect can be observed in
the structure of the reduced graphs (see Table 3), which in contrast to the
entire network all have average degrees close to the expected 2.5.

The protein interaction network provides another issue worth discussing.
Namely, only about 10% of the human interactome have been identi�ed thus
far [50]. This fact, combined with the high false positive and false negative
rates for Y2H, 50% and 90% respectively [51, 52], have led some scientists
to the conclusion that only global network features can be reliably analyzed
[22]. Therefore, it is important to keep in mind that any study of local
network structures has limited credibility and is relevant only with regard to
the contemporary knowledge.

Another critique of the input data are the expression pro�les. While
these provide a good estimate on the amount of proteins in the cell, they can
also mislead, as there are several control steps on later stages on the path
from DNA to protein, e.g. mRNA localization, translational regulation etc.
Such control e�ects cannot be detected by microarrays, which only measure
mRNA levels. If large-scale protein-array data were available, much more
credible results could be achieved.

The second part of possible improvements concerns the method itself and
more precisely the DMSP algorithm. While it does perform reasonably well,
it is unclear to what extend the parameters p1 and p2 a�ect the results.
As previously mentioned, the best-practice values published in the original
paper[13] were used for the two parameters. However, it is unclear how
these values were selected. Therefore, it might be of interest to test the
outcome with variations of the two parameters. Assessing the results however
is problematic, because of the validation issue discussed above.

Finally, with regard to the speci�c con�guration of the in silico experi-
ment, it might be of interest to analyze the modules around the functionally
unspeci�c proteins. Because the four phenotypes used are all cancer cell lines,
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they certainly share some malignant characteristics and it can be presumed
that they also have a few common molecular aberrations. For example, it is
known that the tumor suppressor p53 is deregulated in a high percentage of
all known cancer types. Therefore, identifying functional modules common
to di�erent malignant phenotypes is reasonable. However, one must keep in
mind that a great part of the modules will not be cancer related at all due
to the con�guration of the microarray experiment, which does not compare
malignant and healthy tissue.

Conclusion

The novel method proposed in this thesis is able to identify functional mod-
ules making use of large-scale interaction and expression data. While the
veri�cation of these subnetworks remains di�cult, they identify sets of pro-
teins, which may play a key role in the development of malignancies. The
modules provide an attractive basis for further research and may provide new
targets for drug development.
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