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Chapter 1

Introduction and Scope of the
Thesis



1.1 Introduction

A biochemical pathway is a sequence of biomolecular interactions, occurring
in succession inside a cell, till the end result is achieved. Some of them are well
established protocols existing in cellular environment of organisms. They are
of diverse nature depending on their function, bio-molecules and type of in-
teractions existing among the biomolecules, i.e., metabolic pathways [9-12],
some protein-protein interaction networks [13-17], some gene regulatory net-
works [18-20] and Signal transduction pathways (STPs) [1,21,22] among
others. Metabolic pathways form a central paradigm in biology [10]. In a
metabolic pathway, a principal chemical gets modified by a series of chem-
ical reactions. Enzymes catalyze these reactions, and often require dietary
minerals, vitamins and other cofactors in order to function properly [11].
These pathways can be quite elaborative because of the many chemicals
(metabolites). Some traditional metabolic pathways include glycolysis, pen-
tose phosphate pathway and the tricarboxylic acid (TCA) cycle.

In a protein-protein interaction (PPI) network, nodes represent proteins
and edges represent their associations, based on experimental evidence [13].
Protein interaction networks summarize a large amount of protein-protein
interaction data, both from individual, small-scale experiments and from
automated high-throughput screens [17]. They provide insights into the re-
lationships between the proteins of an organism thereby contributing to a
better understanding of cellular processes [16]. Due to development in high
throughput experimental procedures, genomes of many prokaryotes and a
few eukaryotes are available in public domain. Finding genes, functional
relationships among these genes, and their way of interactions with others
are important questions that led to construction of gene regulatory networks
while analyzing genomic data. In a gene regulatory network, the interac-
tion between two genes does not necessarily imply a physical interaction,
but refers to an indirect regulation at transcriptional level via proteins and
metabolites that have not been measured directly [19]. They explain exactly
how genomic sequences encode the regulation of expression of the sets of

genes that progressively generate developmental patterns and execute the



construction of multiple states of differentiation [18].

STPs mediate the sensing and processing of stimuli. These molecular
circuits detect, amplify and integrate diverse external signals to generate
responses such as changes in enzyme activity, gene expression, and/or ion-
channel activity [22]. They are either two-component [21,23,24] or multi-
component systems [22,25]. Two-component signal transduction systems are
one of the most prevalent means by which bacteria sense, respond and adapt
to changes in their environment or in their intracellular states [21]. Multi-
component STPs are non-linear, exist as complex webs, and function by
serial and successive interactions among a large number of vital biomolecules
and biochemical compounds [1]. In some multi-component STPs, the lig-
ands are small lipophilic molecule that can enter inside the cell without any
hindrance and bind with receptors. However, in some cases, ligands cannot
enter inside a cell due to their size. They bind to transmembrane receptors
and the information gets passed from one biomolecule to another in a cas-
cade till it reaches its destination; the destination being genes/transcription
factors in most of the cases. These cascades are known as STPs. They are
generally named after their central controlling biomolecule(s)/ion(s), i.e.,
MAPK [4,26]/Ca?" [2,27,28]/Wnt [29,30] STP. Mechanism of a STP in-
volves exponential amplification of signal(s) unlike other biochemical path-
ways, where mostly transcription factors or enzymes emanate and dissem-
inate signal(s) in proportioned measures. They are frequently probed and
prodded since their association with multiple types of human cancer was dis-
covered. Since the present thesis deals with analysis and annotation of bio-
chemical pathways, especially some signal transduction pathways, we shall
describe them in more details.

Modularization is one of the ways for analyzing and annotating these bio-
chemical pathways. Modularization is a process that divides a network into
smaller units for better understanding and analysis of the original network.
There is no single definition available for a module. We define a module as a
subset of the original biochemical network, which tends to be self-sufficient
in terms of biological function and has minimal dependency on the rest part

of the network. Unlike studying a signaling pathway as a whole, this enables



one to study the individual modules (less complex smaller units) easily and
to have a better view of the entire pathway. The justification for dividing
a network into a number of modules lies in the fact that the complexity of
each module is much less than that of the entire pathway and becomes an
easier means of studying the entire network by parts. Thus by analyzing all
the modules generated from a pathway separately, one can have a better op-
erational view of the whole network [1,2]. In the present thesis, we consider
some STPs for modularization and subsequently analyze them from various
point of views.

The proposed thesis comprises seven chapters including four contributory
ones. Chapter 1 introduces the thesis while Chapter 7 concludes it. Chapter
2 includes an extensive review on MAPK, Ca?T and WNT STPs as we have
considered these three STPs in the subsequent chapters of the thesis. In
Chapter 3, we describe an algorithm for modularization of STPs [1,2,4]. We
partition the human Wnt STP, in Chapter 4, into multiple feasible subpath-
ways or modules by five algorithms inspired from different concepts. The
comparison among these algorithms has been done by considering two types
of gene ontology supported scores, viz., ‘valid attribute score’ and ‘functional
enrichment score’. Chapter 5 deals with evolution of the Wnt STPs, based
on the modules obtained above, in different species. Here, we create multiple
phylogenetic trees from different sets of factors associated with 48 species-
specific Wnt STPs. These trees are compared with reference phylogenetic
trees to find the level of similarity between evolution of a pathway and gen-
eral course of evolution in multiple species. Chapter 6 emphasizes on a hu-
man Wnt diseasome (disease map). This disease map showcases comorbidity

among human diseases caused by human Wnt STP genes.

1.2 Cell Signaling and Signal Transduction
Pathways (STPs)

STPs reflect crucial mechanisms that allow cells to sense and respond to

extracellular stimuli [31,32]. They are integral conserved protocols of cell
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Figure 1.1: The overall flow of information during cell signaling
Cells must respond appropriately to external stimuli to survive. They respond to stimuli via cell signaling.
Binding of ligand by a receptor activates a series of events known as signal transduction, which relays the
signal to the interior of the cell, resulting in specific cellular responses and/or changes in gene expression.

signaling. In general signals are sensed by receptors and changed by trans-
ducers which are passed on to effectors that trigger the final response [33].
Here we describe components of a standard cell signaling mechanism (Fig-
ure 1.1). A signaling mechanism starts when ligands bind with their unique
receptors.

Ligands can exert their effects from outside or enter into the cell in order
to elicit a response. Some smaller ligands, viz., steroids (cortisol, estrogen,
progesterone), retinoids, thyroid hormone and vitamin D can easily enter
into a cell [34,35]. Generally lipophilic molecules having smaller size can
cross the plasma membrane easily (Figure 1.2). They directly bind with in-
tracellular receptors. Otherwise, signals generated outside the cell are sensed
when large-sized ligands (that cannot travel inside the cell directly) bind with
transmembrane receptor cells.

Receptors undergo structural changes upon sensing the signal. Internal
receptors sense the signal molecules which enter into the cell. External recep-
tors are found on the cell surface. They transmit the signal via activation of
STPs. The same signal molecule can elicit different responses from different

cells due to receptor diversity. Cytosolic receptors are soluble in nature and
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Figure 1.2: Some small ligands which can travel inside a cell
Lipophilic molecules having smaller size can cross the plasma membrane easily and directly bind with
intracellular receptors.

sense intracellular signals [22,36]. Transmembrane receptors span the cell
membrane sensing extracellular signals and triggering responses inside the
cell. These receptors can be classified into 3 major types [37] based on the
action mechanism as shown in Figure 1.3. Ion channeled receptors trigger
responses via an ion channel [38], i.e., Acetyl choline receptor [39]. G-protein
coupled receptors (GPCRs) represent one of the most important classes of
protein due to their critical role in cell signaling in response to hormones and
neurotransmitters [40-42]. GPCRs are linked with G-proteins [43] which
in turn activates the other intracellular enzymes through second messengers
such as cAMP and Ca?" ion among others. Enzyme coupled receptors [37]
activate an enzyme by coupling with it, i.e., Phospholipase C, Tyrosine ki-
nase.

These cell-surface receptor proteins act as signal transducers. They trans-
duce the signal to intracellular environment. The signal then travels from one
biomolecule to another in succession, till the desired response is not gener-

ated. Characteristics of an STP include specificity, amplification, integration,
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inhibition and adaptation. They convert an extracellular ligand binding event
into intracellular signals that alter the behavior of the target cell [37]. Signal
molecules are highly specific to receptors. Once the receptor is bound with a
ligand, the ligand triggers a change that desensitizes the receptor. So that,
the receptor cannot bind with another ligand(s). This response may either
remove the receptor from the surface or shut down it. When there are two or
more signals of antagonistic metabolic functions, the cumulative response of
the STP is the result of integration of such signals from multiple pathways.
Amplifiers increase the signal strength. One molecule of signal is amplified
into numerous outgoing signals (secondary signals). Examples include G-
proteins, kinases and cyclases. Multiple amplifications can be found in an
STP. Integrators accumulate multiple signals from different pathways to a
common effector molecule. For example, phosphorylase kinase gets activated
by Ca?*t ion as well as cAMP molecule. When either of the signal molecules
is in abundance or in the presence of both molecules, the enzyme gets acti-
vated to a common response. Effectors trigger the result or final response.
Just as integrators can sense multiple signals, the same signal can trigger
multiple pathways. This is possible due to the presence of different effector
molecules. Inhibitors block the signaling pathways. The effect of presence
of an inhibitor is the same as removal of the signal molecule/inactivation of
signaling. For example, phosphatases inhibit kinases; Cyclic nucleotides get
hydrolyzed by phosphodiesterases. Now we briefly describe some important
STPs.

1.2.1 Some important STPs

The major STPs (MAPK [4,26,44-46], Ca?* [2,27,28], Wnt [29,30], ErbB
[47-49], Notch [50-54], Hedgehog [55-58], TGF-3 [59-61], VEGF [62-64] and
Jak STAT [65-68]) are conserved to a remarkable extent in all animals [69].
They regulate embryonic development, proliferation and differentiation and
even remain active in adult organism to control differential gene expression
and maintain stem cell reserves [70]. A brief description of these STPs is

given here.



MAPK STP: The Mitogen-Activated Protein Kinase (MAPK) cascade is
a highly conserved module that is involved in various cellular func-
tions, including cell proliferation, differentiation, migration, division

and death [4,26,45,71].

Ca’" STP: Ca?" ion influx-outflux is a common signaling mechanism. The
ion exerts allosteric regulatory effects on many enzymes and proteins
in cytoplasm after entering inside a cell. Ca?* ions can transduce sig-
nal after influx resulting from activation of ion channels or as a second
messenger. The influx of Ca?" ions from the environment or release
from internal stores causes a very rapid and dramatic increase in cy-
toplasmic calcium concentration, which has been widely exploited for

signal transduction [2,27,28].

Wnt STP: Wnt proteins are secreted morphogens that are required for ba-
sic developmental processes, such as cell-fate specification, progenitor-
cell proliferation and the control of asymmetric cell division, in many
different species and organs. Wnt STP describes a network of proteins
most well known for their roles in embryogenesis and cancer, but also

involved in normal physiological processes in adult animals [29,30].

ErbB STP: The ErbB family of receptor tyrosine kinases (RTKs), other-
wise known as epidermal growth factor receptors (EGFRs), facilitate
binding of extracellular growth factor ligands to intracellular STPs reg-
ulating diverse biologic responses, including proliferation, differentia-

tion, cell motility, and survival [47,49].

Notch STP: Notch STP is essential for proper embryonic development in
all metazoan organisms in the Animal kingdom. It mediates commu-
nication between neighboring cells to control cell fate decisions during
embryogenesis and in postnatal life [50], and regulates lymphocyte de-
velopment [52]. It is a cell-cell communication process, which allows the
establishment of patterns of gene expression and differentiation, regu-

lates binary cell fate choice and maintains stem cell populations [51].



Hedgehog STP: The Hedgehog (Hh) family of secreted signaling proteins
plays a crucial role in development and morphogenesis of a variety of
tissues and organs. It controls cell proliferation, differentiation, limb
formation, bone differentiation, neural tube development in vertebrates

and regulation of stem cell homeostasis in adult tissues [58].

TGF-5 STP: The transforming growth factor-3 (TGF-/) family members,
which include TGF-s, activins and bone morphogenetic proteins (BMPs),
are structurally related secreted cytokines found in species ranging from
worms and insects to mammals. A wide spectrum of cellular functions

such as proliferation, apoptosis, differentiation and migration are reg-
ulated by TGF-$ family members [59-61].

VEGF STP: VEGF STP is considered to be a crucial in both physio-
logic and pathologic angiogenesis. Vascular endothelial growth factor
(VEGF) regulates multiple endothelial cell functions, including mito-
genesis [62,64].

Jak-STAT STP: The Janus kinase/Signal Transducers and Activators of
Transcription (JAK/STAT) pathway is one of a handful of pleiotropic
cascades used to transduce a multitude of signals for development and
homeostasis in animals, ranging from humans to flies. In mammals, it
is the principal signaling mechanism for a wide array of cytokines and

growth factors.

Since the present thesis deals with MAPK, Ca?t and Wnt STPs, we

describe them in more details in Chapter 2.

1.2.2 STP related diseases and disorders

STPs have role in causing disease(s)/disorder(s) when member gene(s) in
these pathways show abnormal behavior [70]. Here we list some disease(s)
caused by the aforementioned STPs. Disease like conditions arise when STP
member(s) show abnormal behavior due to aberrant expression. The diseases

(3%

are listed year and author wise (delimited by ;’) in decreasing manner.
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o Some MAPK STP related diseases: Alzheimer’s disease, Parkinsons
disease, and amyotrophic lateral sclerosis [72]; the RAS/MAPK syn-
dromes [73]; RASopathies [74]; diabetes, polycystic kidney, and cardio-
facio-cutaneous syndrome [75]; chronic dental pain and periodontal dis-
eases [76]; asthma, autoimmunity related diseases, rheumatoid arthri-
tis [77]; Noonan syndrome [78]; cancer (breast [79], lung, colon, pan-

creas, prostate, and kidney), acute leukemia, and malignant glioma [80].

o Some Ca*™ STP related diseases: heart failure [81]; hereditary deafness
[82-84]; polycystic kidney disease [85], cardiac hypertrophy, Alzheimer’s
disease [86,87], Parkinson’s disease, amyotrophic lateral sclerosis, Hunt-
ington’s disease and spinocerebellar ataxia [88]; severe combined im-
munodeficiency (SCID), X-linked agammaglobulinaemia (XLA), com-
mon variable immunodeficiency (CVID), and WiskottAldrich syndrome
(WAS) [89]; malignant hyperthermia, central core disease (CCD), and
Brody’s disease [90].

e Some Wnt STP related diseases: human tumors [91-93]; cancers [94—
99]; osteoarthritis [100]; tetra-amelia [101], bone density defects, rheuma-
toid arthritis [102], vascular defects in the eye, Osteoporosis-Pseudoglioma
syndrome [103, 104], familial exudative vitreoretinopathy [105], non-
syndromic tooth agenesis [106,107]; RubinsteinTaybi syndrome [108];
colorectal cancer [109-111]; neuroepithelial brain tumor [112]; familial
adenomatous polyposis and sporadic hepatoblastoma [113]; type IT di-
abetes [114,115]; kidney cancers, renal fibrosis, cystic kidney diseases,
acute renal failure, diabetic nephropathy, and ischaemic injury [116];
myeloid leukemia [117]; split-hand/foot malformation [118]; odonto-
onchyo-dermal hypoplasia [119]; desmoid tumor, hypertrophic scar for-
mation, aggressive fibromatoses, and Lederhose disease [120]; coronary
artery disease [121]; hepatic fibrosis, hepatoblastoma, hepatic adenoma,
hepatocellular carcinoma, and cholangiocarcinoma [122]; obesity [123];
psoriatic plaques [124]; Fuhrmann syndrome, and Al-Awadi/Raas-Roth-
schild /Schinzel phocomelia syndrome [125]; osteoporosis [126,127]; leio-
myoma [128]; synovial sarcomas [129]; High Bone Mass (HBM) trait
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[130]; Van Buchem disease, autosomal dominant sclerosteosis, and os-
teoporosis type I syndrome [131]; skeletal malformation [132]; schizophre-
nia [133,134].

e Some ErbB STP related diseases: glioma [135,136]; neurodegenerative
diseases (multiple sclerosis and Alzheimer’s disease) and breast cancer

[137]; breast, lung, and ovary cancers [138,139].

e Some Notch STP related diseases: aortic valve disease [140]; T-cell
acute lymphoblastic leukemia and cerebral autosomal dominant arte-
riopathy with sub-cortical infarcts and leukoencephalopathy [141,142];
breast cancer [143]; cancer [144]; multiple sclerosis, Tetralogy of Fal-
lot; Alagille syndrome, spondylocostal dysostosis, and CADASIL! syn-
drome [145].

e Some Hedgehog STP related diseases: osteoarthritis [146]; anaplastic
large cell lymphoma [147]; myeloid leukemia [148]; Gorlin’s syndrome
(basal cell carcinoma [149], medulloblastoma, and rhabdomyosarcoma)
and non-Gorlin’s tumors (small-cell lung cancer and carcinomas of the

oesophagus, stomach, pancreas, biliary tract, and Prostate) [150].

o Some TGF-3 STP related diseases: familial thoracic aortic aneurysm
syndrome and abdominal aortic aneurysm [151]; renal fibrosis [152];
Hereditary hemorrhagic telangiectasia, Loeys-Dietz Syndrome, arte-
rial tortuosity syndrome, atherosclerosis, Marfan syndrome, Camurati-
Engelmann disease, osteoporosis, sclerosteosis, Van Buchem disease,
juvenile polyposis syndrome, Bannayan-Riley-Ruvalcaba and Cowden
syndromes, cancer (breast [153], colorectal [154], pancreatic, lung, prostate,
head and neck squamous cell [155,156]), cleft palate, Situs Inversus, Si-
tus Ambiguus [157]; restenosis [61].

o Some VEGF STP related diseases: proteinuria [158]; Atherosclero-
sis [159], ischemic heart disease, pulmonary hypertension and vascular

restenosis [160].

Lcerebral autosomal dominant arteriopathy with subcortical infarcts and leukoen-
cephalopathy
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o Some Jak-STAT STP related diseases: cancer [65]; diabetic nephropa-
thy [161]; atherosclerosis, hypertension and neointima formation [66];
asthma [162]; myocardial ischemia [163]; lymphoma, myeloma, severe
combined immunodeficiency, severe congenital neutropenia and Fan-

coni anemia [164].

1.2.3 STP resources

Among many pathway databases?, here, we describe some important and

popularly used STP databases along with their advantages and shortcomings.

1. BioCarta®: BioCarta [165] contains dynamic graphical models. The
online maps depict molecular relationships from various areas of active
research. In an “open source” approach, this community-fed forum
constantly integrates emerging proteomic information from the scien-
tific community. It also catalogs and summarizes important resources
providing information for over 120,000 genes from multiple species. Pic-

torial views are available in GIF* format.

2. INOH®: The Integrating Network Objects with Hierarchies (INOH)
database [166] is a highly structured and manually curated database of
STPs including Mammalia, X. laevis, D. melanogaster and C. elegans.
The database focuses on curating and encoding textual knowledge into
a machine-processable form. INOH ontologies, 73 signal transduction
and 29 metabolic pathway diagrams (including over 6155 interactions
and 3395 protein entities) are freely available in INOH XMLS and
BioPAX" formats.

2http://www.pathguide.org/

3http:/ /www.biocarta.com

4The Graphics Interchange Format: a bitmap image format that has widespread usage
on the World Wide Web due to its wide support and portability.

Shttp://www.inoh.org/

5Extensible Markup Language: a metalanguage that allows users to define their own
customized markup languages in order to display documents on the World Wide Web

"Biological Pathway Exchange: a Resource Description Framework (RDF)/Web On-
tology Language (OWL)-based standard language to represent biological pathways at the
molecular and cellular level.
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3. KEGG /PATHWAY®: Kyoto Encyclopedia of Genes and Genomes [167]
is maintained by the Kanehisa Laboratories, Bioinformatics Center,
Kyoto University and the Human Genome Center, University of Tokyo.
It is a bioinformatics resource for linking genomes to life and the envi-
ronment. KEGG/PATHWAY database is a collection of manually cu-
rated pathway maps. It also contains species-specific STPs (maximum
number of species-specific STPs covered in any database at present),
whose XML data files along with their KGML? and PNG! diagrams
are publicly accessible. But some XML files are incomplete and some

information of these files is not experimentally verified.

4. NetPath'': NetPath [168] is a collaborative effort of the PandeyLab,
Johns Hopkins University and the Institute of Bioinformatics. The
database is a curated resource of human STPs (10 immune and 10
cancer STPs). These 10 cancer STPs have been developed in col-
laboration with the Computational Biology Center, Memorial Sloan-
Kettering Cancer Center and Gary Bader’s laboratory, University of
Toronto for the ‘Cancer Cell Map’. Individual pathways can be down-
loaded in BioPAX level 2.0, PSI-MI version 2.5 and SBML'? version 2.1
formats. Transcriptionally regulated genes of STPs can be downloaded
in Excel and tab delimited text formats. However, no species-specific

data is available in this database other than human.

5. NetSlim'3: NetSlim [169] is a new resource that contains this ‘core’
subset of reactions for each pathway for easy visualization and manip-
ulation. The pathways in NetPath contain a large number of molecules

and reactions which can sometimes be difficult to visualize or inter-

8http:/ /www.genome.jp/kegg/pathway.html#tenvironmental

9The KEGG Markup Language: an exchange format of the KEGG graph objects,
especially the KEGG pathway maps that are manually drawn and updated.

10Portable Network Graphics: a bitmapped image format that employs lossless data
compression.

Hhttp: //www.netpath.org

12The Systems Biology Markup Language is a machine-readable language, based on
XML, for representing models of biological processes. SBML can represent metabolic
networks, cell-signaling pathways, regulatory networks, and many other kinds of systems.

B3http: / /www.netpath.org/netslim
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pret given their complexity. Unlike Netpath, NetSlim is a collection
of high-confidence signaling maps generated due to more stringent cu-
ration and inclusion criteria. At present, NetSlim versions are avail-
able for 10 immune and 10 cancer STPs. All these 20 NetSlim maps
are freely available for download in GenMAPP! GPML', PDF and
SVG1'® formats. However, no species-specific data is available in this

database other than human.

. PID'": Pathway Interaction Database [170] contains biomolecular in-
teractions and cellular processes assembled into authoritative human
STPs. It contains three kinds of pathways, i.e., NCI**-Nature curated,
BioCarta and Reactome imported pathways. Pathway data is avail-
able in XML and BioPAX formats. Network visualization can be done
by a third party source VISIBIOweb!'? [171] using BioPAX files. No

species-specific data is available other than human.

. Reactome®: Reactome [172,173] is a curated database of biological
pathways. The basic unit of the database is a reaction. They are
grouped into causal chains to form pathways. The whole database is
publicly available for download. Some specific datasets are also avail-
able to be downloaded in tab delimited text files, PSI-MITAB?!, and

BioPAX 2 and 3 formats. However, there is no option to download the

14Gene MicroArray Pathway Profiler: GenMAPP is a free stand-alone computer pro-
gram designed for viewing and analyzing gene expression data in the context of biological
pathways.

5GenMAPP Pathway Markup Language: GPML is an XML-based format. It can
be used to define a pathway consisting of purely graphical elements (such as lines and
shapes) or graphical elements with added biological information (such as genes, proteins
and datanodes).

16Scalable Vector Graphic: a graphic file format written in XML for images that scale
smoothly to different sizes.

http://pid.nci.nih.gov

18National Cancer Institute

Yhttp://visibioweb.patika.org

2Ohttp://www.reactome.org

21The HUPO Proteomics Standards Initiative (PSI) defines community standards for
data representation in proteomics to facilitate data comparison, exchange and verification.
One of its work groups deals with Molecular Interactions (PSI-MI), with MITAB being
their tab delimited data exchange format.
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molecular interactions of species-specific STPs.

8. Database of Cell Signaling® (STKE): STKE database [174, 175] pro-
vides information on the components of cellular signaling pathways
and their relations with one another, which are organized into path-
ways, called ‘Connections Maps’. These maps serve as the graphical
interface of the database. Visualization of pathways can be saved as
BMP? and SVG files. Pathway data in XML format can be availed
by submitting a request form to appropriate authorities free of cost
after registration. Data for a few species are available here (e.g., D.

melanogaster, D. rerio, C. elegans and H. sapiens).

Among the aforesaid databases, KEGG/PATHWAY database [167] pro-
vides the maximum number of easy to use species-specific pathways. These
pathways have been used as raw data in our work described in various chap-
ters of this thesis.

1.3 Partitioning Biochemical Pathways

There exist various approaches for partitioning networks/pathways. Some
of these approaches are based on hierarchical clustering techniques [176—
178], graph partitioning techniques [179,180], block modeling methods [181],
differential equation based methods [182], cartographic representations [183]
and Bayesian partition method [184]. Among them, approaches based on
graph partitioning [179, 180, 185], community structure detection [186—18§|
and module detection [184,189-203] are popular. Algorithms based on these
concepts have been used to divide, study and analyze networks. Some of
these methods have been applied to biological networks also.

Graph?* partitioning algorithms have been applied mostly to non-biological

networks including a few biochemical pathways. These networks are related

Zhttp:/ /stke.sciencemag.org/cm/

23Bitmap Image Format: an uncompressed file format; hence, the file sizes are much
larger than figures of other formats.

24Graph is an abstract representation of a set of objects where some pairs of the objects
are connected by links. The interconnected objects are called vertices, and the links that
connect some pairs of vertices are called edges.

16



to VLSI (Very Large Scale Integration) [204,205], CAD (Computer Aided
Design) [206, 207], Hypertext Browsing [208], geographic information ser-
vices [209], parallel computing [207], integrated circuit designing [210], and
some biological problems like physical mapping of DNA (Deoxyribo Nucleic
Acid) [211] among others. On the other hand, a wide variety of community
detection techniques have been developed based on the notion of central-
ity measures [212,213], flow models [214], random walks [215, 216], resistor
networks [188], and optimization [217]. Some of them have been applied to
biochemical pathways.

Module detection techniques are “go-between” methods between the graph
partitioning and community finding techniques. They have been applied to
various kinds of biochemical pathways for elucidation of drug-disease asso-
ciations [184], detection of co-evolution of cancer genes [189], mining inter-
actome modules [190], core module biomarker identification with network
exploration in breast cancer metastasis data [191], mining functional gene
modules linked with rheumatoid arthritis using a SNP-SNP Network [192],
identifying biochemical network modules based on shortest retroactive dis-
tances [193], inferring biologically meaningful gene modules [194], identifying
cooperative functional modules [195], identifying miRNA(miRNA)-mRNA
modules based on microarray data [196], identifying conserved coexpression
modules among organisms [197]. They have also been used for identifica-
tion of dense network modules from the yeast protein complex interaction
network [198], detection of overlapping modules from protein-protein inter-
action networks [199], discovery of phenotype-associated protein functional
modules [200], dense module search for genome-wide association studies in
protein-protein interaction networks [201], inferring functional modules of
protein families [202] and mining bi-sparse and cohesive modules in protein
interaction networks [203]. Since the present thesis deals with some graph
partitioning, community finding and modularization techniques, we provide

further details on them.
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1.3.1 Graph partitioning techniques

Graph partitioning techniques consider division of a set of tasks among the
processors of a parallel computer so as to minimize the necessary amount
of interprocessor communication [187]. In such an application, the number
of processors is usually known in advance along with an approximate figure
of the number of tasks that each processor can handle. Thus we know the
number and size of the groups into which the network is to be split. Moreover,
the goal is usually to find the best division of the network regardless of the
fact whether a good division even exists or not.

Vast and complex biochemical networks have inherent non-local features
that require the global structure to be taken into account in the decom-
position procedure. It is important to know the naturally occurring sub-
networks of a network, while studying its functionality as a whole. Holme
et al. [218] have proposed an algorithm for decomposing biochemical net-
works into subnetworks based on the global network structure. They have
analyzed full hierarchical organization of biochemical networks (metabolic
and cellular networks) of 43 organisms taken from the WIT database. The
investigation of Jeong et al. [219] suggests presence of the same topological
scaling properties in metabolic networks that show striking similarities to the
inherent organization of complex non-biological systems. Identifying recur-
rent patterns across multiple networks is also an important step to discover
biological modules, especially from microarray datasets. Most of the existing
algorithms are very costly in time and space for frequent pattern mining as
the pattern sizes and network numbers increase.

Hu et al. [220] have developed a novel algorithm, called “CODENSE”,
to efficiently mine frequent coherent dense subgraphs across a large number
of massive graphs. Unlike the other methods, this algorithm is scalable in
the number and size of the input graphs, and adjustable in terms of exact
or approximate pattern mining. Graph theoretical algorithms can also be
used to identify backbone clusters of residues in proteins. The identified
clusters show protein sites with the highest degree of interactions. Patra and

Vishveshwara [221] have devised a method for identifying highly interacting
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centers (clusters) in proteins. This method can be applied to the problems
such as identification of domains and recognition of structural similarities
in proteins. Pathway analysis of large metabolic networks meets with the
problem of combinatorial explosion of pathways. Schuster et al. [222] have
developed an algorithm for metabolic pathway decomposition based on local
connectivity of the metabolites. Applicability of the method is analyzed with
metabolic networks of M. pneumoniae. Several studies have also been done

on networks of E. coli and C. elegans by Wagner et al. [223].

1.3.2 Community finding techniques

Community structure detection, by contrast, is used to shed light on the
structure of large-scale networks, such as social networks, internet and web
data, or biochemical networks [187]. Community structure detection meth-
ods normally assume that the network of interest divides naturally into sub-
groups, if any, and the experimenter’s job is to find these groups. The number
and size of the subgroups are thus determined by the network itself and not
by the experimenter.

In many networks, nodes are joined together in tightly knit groups, be-
tween which there are a few loose connections. Girvan et al. [212] have
proposed a method for detecting communities in such networks. They have
used the idea of centrality indices to find community boundaries. Commu-
nity finding algorithms can also be applied to a network of relations among
genes [224]. Wilkinson and Huberman [225] have studied a network of gene
co-occurrences for colon cancer accumulated from the literature, and parti-
tioned it into communities of related genes. Their method identifies com-
munities where the component genes of each community are related by their
functions. They have designed the partitioning procedure to be particularly
applicable to large networks in which individual nodes may play a role in
more than one community.

Biological networks can be of different kinds. A metabolic network rep-
resents metabolic substrates and products with directed edges joining them.

Protein interaction networks convey mechanistic physical interactions among
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proteins [226]. Expression of a gene may be controlled by other proteins (ac-
tivators and inhibitors) in a genetic regulatory network. Hence a genome can
be viewed as a switching network with vertices representing the proteins and
directed edges conveying dependence of protein production on the proteins at
other vertices [226]. A robust approach to partition a network involves max-
imization of a benefit function called “modularity” over possible divisions of
the network as proposed by Newman [186].

Metabolic and signaling pathways are shaped by the networks of inter-
acting proteins whose production, in turn, is controlled by gene regulatory
networks. Maslov and Sneppen [227] have quantified correlations among con-
nectivities of interacting nodes and compared them to a null model of a net-
work (a network with all links randomly rewired). They have found that for
both protein interaction and gene regulatory networks, links between highly
connected proteins are systematically suppressed, whereas those between a
highly connected and lowly connected pairs of proteins are favored. This
effect decreases the likelihood of cross talk between different functional mod-
ules of the cell and increases the overall robustness of a network by localizing
effects of some perturbations. Stelling et al. [228] have devised a theoretical
method for simultaneously predicting key aspects of network functionality,
robustness and gene regulation from network structure alone. They have
determined and demonstrated that the non-decomposable pathways are able
to operate coherently at steady state by using F. coli central metabolism as
an illustration.

A gene may have several connections, circuits and pathways that may
crosslink and represent connected components. Guelzim et al. [229] have
created a network of 909 genetically or biochemically established interac-
tions among 491 yeast genes. After thorough analysis of the interaction net-
work, it has been found that the number of regulating proteins per regulated
gene has a narrow distribution with an exponential decay, while the num-
ber of regulated genes per regulating protein has a broader distribution with
a decay resembling to a power law. As a whole, the yeast transcriptional
regulatory network combines a small maximal diameter, an elevated local

semi-clustering, a high number of feedback circuits and a global fragmen-
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tation. Here each small connected piece indicates towards implementation
of a biological function, and the global fragmentation serves to limit inter-
functional crosstalk at the transcriptional level.

Clustering properties of the reaction networks can be obtained from maps
of known metabolic pathways. Raine and Norris [230] have investigated
random connection model, random cluster model and accumulation model for
construction of metabolic networks. The random cluster and accumulation
models exhibited “small-world”?’ features, in agreement with the structure
of real biological networks, while random cluster and accumulation models
also depict a long-tailed distribution of nodes of the original networks.

Milo et al. [231] have defined “network motifs” as patterns of intercon-
nections occurring in complex networks. Such motifs were found in networks
from biochemistry, neurobiology, ecology and engineering. The motifs shared
by ecological food webs were distinct from the motifs shared by the genetic
networks of E. coli and S. cerevisiae, or from those found in the world wide
web. Similar motifs were found in networks that perform information process-
ing, even though they describe elements as different as biomolecules within
a cell and synaptic connections between neurons in C. elegans. The authors
have used motifs to define universal classes of networks. It is worth to detect
and understand network motifs in order to gain insight into their dynamical
behavior and to define classes of networks and network homologies. Motif
detection in E. coli transcriptional regulatory networks has also have been
carried out by Shen-Orr et al. [232].

Newman et al. have proposed a series of algorithms [186-188, 212,217,
224,226] to find communities in various kinds of networks. These algorithms
have been designed to optimize a network’s divisions based on the properties
of the network itself. We have compared our method with an interesting
community finding algorithm of Newman [187], which has already been ap-
plied to metabolic pathways along with other kind of networks. Newman’s

algorithm optimizes a quality function known as “modularity” over possi-

25Small worlds are networks that are linked in such a way that they exhibit a high degree
of clustering like ordered networks but a relatively short average number of links between
any two nodes like random networks.
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ble divisions of a given network. Modularity value is directly dependent on
the network architecture in terms of adjacency matrix and eigenvalues of a
symmetric matrix calculated from the adjacency matrix. Positive value of
modularity indicates possible presence of modules in a network. One impor-
tant aspect of the algorithm is that it refuses to divide a network if no good
division exists. In other words, a negative value of modularity indicates no

possible division of the given network.

1.3.3 Modularization techniques

A sound strategy to study Biochemical pathways is to decompose them into
smaller units or modules. Such modules facilitate studying of biological pro-
cesses by deconstructing complex biological networks into conceptually sim-
ple entities/modules. Module-wise presentation of biological data has its own
advantages. It can discover subtle associations between biological elements
that are too weak to be detected by considering all their features as a whole.
Understanding how modules are organized within molecular interaction net-
works both physically and in terms of functional dependencies can lead to a
better understanding of coordination among cellular and developmental pro-
cesses. In a broad sense, a network module is a subset of nodes that forms a
sub-network inside a larger network. Any subset of nodes inside a larger net-
work can be considered as a module. Definition of network modules is often
based on intuitive reasoning. While a network module in computation simply
refers to a group of nodes exhibiting network proximity, in biology it refers
to a certain functional units such as subset of genes, protein complexes, sig-
naling or metabolic pathways, transcriptional programs and miRNA clusters
that could independently implement a specific function as a whole .
Bayesian networks and probabilistic models are already used for identi-
fying regulatory modules from gene expression data to identify functionally
coherent modules and their correct regulators in S. cerevisiae [233]. Repeated
random walk (RRW) based methods are also used for discovering functional
modules within large-scale protein interaction networks. They can find multi-

functional proteins by allowing overlapping clusters [234]. Netsplitter [235]

22



creates partitions progressively and the interactive visual matrix presenta-
tion allows considerable control over the process by the user, while incor-
porating special strategies to maintain the network integrity and minimize
the information loss due to partitioning. Structural Clustering Algorithm for
Networks (SCAN) finds clusters or functional modules, hubs, and outliers in
complex biological networks [236]. Cartographic representation of networks
can be used to find functional modules in metabolic networks [183]. MOdu-
larized NETwork learning (MONET') draws a whole network into overlapping
modules and then tries to get the global picture by integrating the learned
sub-networks [237]. Deterministic Modularization of Networks (dMoNet), a
new agglomerative algorithm, finds even better modules in large-scale yeast
and human protein interaction networks [238].

Jayaswal et al. [196] have proposed a miRNA-mRNA module identifica-
tion method. It first identifies miRNA and mRNA clusters and then esti-
mates association between the two types of clusters. A group of miRNAs and
mRNAs are denoted as a module if the miRNAs in that group regulate the
mRNAs in the same group. The clustering of miRNAs or mRNAs requires
two input parameters, i.e., a measure of dissimilarity between miRNAs or
mRNAs, and the number of clusters. Clustering is performed using the par-
tition around medoids algorithm [239]. The clustering method is based on
multivariate random forest (MRF) [240] and requires two input matrices, i.e.,
a miRNA-mRNA map matrix and a matrix of mRNA expression values. The
miRNA and mRNA clusters with statistically significant associations repre-
sent the potentially regulatory miRNA-mRNA modules. The method can be
used to identify miRNA-mRNA pairs that have a negative or positive asso-
ciation. The method converts massive amount of information into a small
number of potentially regulatory miRNA-mRNA modules, thereby, enabling
biologists to identify the miRNAs and mRNAs for further experimentation.

Semantic Similarity-Integrated approach for Modularization (SSIM) in-
tegrates various gene-gene pairwise similarity values, including information
obtained from gene expression, protein-protein interactions and GO anno-
tations, in the construction of modules using affinity propagation cluster-

ing [194]. Affinity propagation is a clustering method that does not use

23



pre-selected centers for clustering. Instead, it generates exemplars that best
represent a group of data points by considering all similarities between pairs
of data points and testing all data points as potential exemplars. A group
of data points that have the same exemplar can then be considered to be
in a cluster. Performance of SSIM has been demonstrated using data from
the osmotic shock response in S. cerevisiae and the prion-induced pathogenic
mouse model. SSIM approach reveals the hierarchical structure of gene mod-
ules to gain a broader functional view of the biological system. It can facil-
itate comprehensive and in-depth analysis of high throughput experimental
data at the gene network level. It can quickly infer gene modules with co-
herent biological meaning and thereby accelerate systems biology studies in
complex diseases.

Sridharan et al. [193] have identified modules from biochemical networks
based on shortest retroactive distances. They have focused on cyclical inter-
actions based on the rationale that reactions that mutually influence each
other belong to the same group. They have used “Shortest Retroactive
Distance (ShReD)”, to characterize the connectivity between two vertices
that interact retroactively. The retroactive interaction represents a mech-
anism for mutual feedback, and thus expresses interdependence. Modules
have been created by a modified version of Newman’s community finding
algorithm [187]. The authors have identified closely interacting groups of
biochemical reactions as a module by recognizing the modular hierarchy in-
herent in biochemical networks. “conserved modules across organisms (CO-
MODO)?¢” uses an objective selection criterion to identify conserved expres-
sion modules between two species [197]. The method uses as input microarray
data and a gene homology map and provides as output pairs of conserved
modules and searches for the pair of modules for which the number of shar-
ing homologs is statistically most significant relative to the size of the linked
modules.

[terative Network Partition (iNP) has created modules in yeast protein

complex network and breast cancer gene co-expression network [198]. A

Z6http: //homes.esat.kuleuven.be/~kmarchal /Supplementary_Information_Zarrineh 2010
/comodo/index.html
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Bayesian partition method “comCIPHER?"” has identified drug-gene-disease
co-modules [184]. The method comCIPHER first partitions the genes in the
closeness profiles into different gene modules. Then, in each gene module,
it partitions the drugs and diseases into two categories, i.e., those that are
associated with the gene module, and those that are not. Drugs and diseases
associated with the same gene module as well as those genes themselves form
a co-module. The authors have applied comCIPHER to a set consisting of
723 drugs, 275 diseases and 1442 genes that lead to detection of 86 signifi-
cantly enriched drug-gene-disease co-modules. Among them, 24 co-modules
have showcased new drug-disease associations. comCIPHER is a novel way of
presenting drug-gene-disease relationships. But the method has some short-
comings. It can focus only on small subset of genes, though this may lose
some useful information. Large dimensions have led to computational dif-
ficulties. Moreover, when the predefined module number is chosen large,
comCIPHER tends to split the data into smaller blocks and increases the
precision at the cost of increased computational load.

Zhu et al. [189] have found subnetworks in the human protein-protein
interaction network within which all proteins have evolved at similar rates
since the human and mouse split. Identified at a given co-evolving level, the
subnetworks with non-randomly large sizes have been defined as co-evolving
modules. The proteins within the detected modules tend to be conserved,
evolutionarily old and enriched with housekeeping genes, while proteins out-
side modules tend to be less-conserved, evolutionarily younger and enriched
with genes expressed in specific tissues. The overall conservation of cancer
genes has been mainly attributed to the cancer proteins enriched in the con-
served modules. One of the demerits of the greedy search algorithm is that
some modules have been found to share proteins and their boundaries could
not be clearly defined.

MOfinder?® has detected overlapping modules in yeast and human protein-
protein interaction (PPI) networks [199]. MOfinder converts the PPI file into

a sparse matrix and performs a global approximate minimum degree order-

2Thttp:/ /bioinfo.au.tsinghua.edu.cn/comCIPHER/
Z8http://bsb.kiz.ac.cn/mofinder/
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ing (AMD) of the sparse matrix. In global AMD the densely connected
elements (module) get clustered along the diagonal followed by a local AMD
to give local approximate minimum degree ordering. MOfinder uses a sliding
window along the diagonal to fetch the local sparse matrix and make the
local AMD. If the clustering coefficient value of the submatrix in the sliding
window is not less than the cut-off, MOfinder saves the submatrix as a mod-
ule. The sliding window then moves one step along the diagonal to find new
modules, and the iteration process gets repeated until the sliding window
reaches the end. Lastly, MOfinder removes redundant modules (if module
A is included in module B, A is removed) and saves the results. MOfinder
allows flexibility and user customization with adjustable parameters. It is
fast in practice for large networks. With less runtime requirement, it can
meet the need of biological analysis. However, Mofinder detects small-sized
modules. The reason is its stringent clustering coefficient cut-off value. Set-
ting the clustering coefficient cut-off value to a small value can increase the
number of detected modules especially loosely connected modules. In that
case, establishing their biological significance would be difficult.

Hendrix et al. [200] have introduced a fast and theoretically guaran-
teed method, called DENSE? (Dense and ENriched Subgraph Enumeration).
Given a phenotype-expressing organism, the DENSE algorithm tackles the
problem of identifying genes that are functionally associated with a set of
known phenotype-related proteins by enumerating the “dense and enriched”
subgraphs in genome-scale networks of functionally associated or interact-
ing proteins. DENSE requires the user input of two parameters, i.e., the
enrichment (p) and the density (7). A higher value of v will produce more
connected (clique-like) subgraphs. A higher value of the enrichment (> 0.5)
will produce subgraphs that are primarily composed of the “query” vertices,
whereas a very low value (1 < 0.001) will result in enumeration of all the
subgraphs that satisfy the v threshold and contain at least one query vertex.
A “dense” subgraph is defined as one in which every vertex is adjacent to
at least some v percentage of the other vertices in the subgraph where v >

50%, which corresponds to a set of genes with many strong pairwise protein

http://www.freescience.org/cs/DENSE/
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functional associations. The researchers’ prior knowledge is incorporated by
introducing the concept of an “enriched” dense subgraph in which at least
1 percentage of the vertices are contained in the knowledge prior query set.
Genes contained in such dense and enriched subgraphs, or p-enriched, -
dense quasi-cliques, have strong functional relationships with the previously
identified genes, and so are likely to perform a related task. When applied to
the protein functional association network of C. acetobutylicum ATCC 824,
obtained from STRING?® [241] database, DENSE has been able to predict
known and novel relationships, including those containing regulatory, signal-
ing, and uncharacterized proteins. It is able to efficiently calculate dense
and enriched subgraphs on large and sparse graphs with a power-law degree
distribution.

Dense Module Searching (DMS) method [201] identifies candidate sub-
networks or genes for complex diseases by integrating the association signal
from genome wide association study (GWAS) datasets into the human PPI
network. A module is defined as a subgraph within the whole network with a
locally maximum proportion of low-P-value genes. DMS extensively searches
for subnetworks enriched with low P-value genes in GWAS datasets. Com-
pared with pathway-based approaches, this method introduces flexibility in
defining a gene set and can effectively utilize local PPI information. DMS
has successfully identified a set of significant modules and candidate genes,
including some well-studied genes not detected in the single-marker analysis
of GWA studies in two GWAS datasets for complex diseases, i.e., breast can-
cer and pancreatic cancer. However, the proposed strategy has been more
specifically designed for GWAS, thus making it a more direct application
possible for geneticists, but not for all kinds of biochemical pathways.

Konietzny et al. [202] have developed a new Bayesian method, based on a
probabilistic topic model, for directly identifying functional modules of gene
or protein families using co-occurrence patterns in a collection of annotated
sequence samples. In particular, they have used a Bayesian method known
as Latent Dirichlet Allocation (LDA). Topic models have been used in text

mining applications to reveal statistical relationships among the words in

30http://string-db.org/
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collections of text documents, because it has been observed that strong re-
lationships usually correlate well with semantic agreement of words. They
have defined a functional module as a set of proteins that jointly participate
in a biological process. The method has explored co-occurrence patterns of
protein families across a collection of sequence samples to infer a probabilistic
model of arbitrarily-sized functional modules. It is capable of simultaneously
processing a large number of genome or metagenome annotations. On the
other hand, it is a well known fact that prediction methods for functional
relationships that rely on conserved genomic context are prone to false pos-
itive predictions if pseudo-genes are involved. Hence, LDA, like other cooc-
currence techniques, could principally be misguided in cases where multiple
copies of an orthologous group reside in the same genome by chance without
being retained by selection for a certain functionality, e.g. due to repeats of
a genomic sequence.

BinTree Seeking (BTS)?! [203] mines bi-sparse®? and cohesive modules in
protein interaction networks based on Edge Density of Module (EDM) and
matrix theory. BTS detects modules by depicting links and nodes rather than
nodes alone, and its derivation procedure is totally performed on adjacency
matrix of networks. It automatically determines the number of modules in a
protein interaction network. However, there is a need to decrease the compu-
tational complexity of BTS. For analyzing a protein interaction network with
more than 10,000 nodes, it could take several days for execution at present
state, depending on the configurations of computation platform.

While there is a general agreement that a biochemical module should
represent a group of connected network components, there is less consen-
sus on the criteria that should be used to systematically extract biologically
meaningful modules. They can be derived by the aforesaid algorithms and
methods. In addition, they can be mathematically derived from structure of
the whole network under consideration [242]. They can be created based on

clearly defined input, output, pathway and cellular compartments [243], spa-

3http:/ /www.csbio.sjtu.edu.cn/bioinf/BTS/
32 A bi-sparse module is sparsely connected internally and densely connected with other
bi-sparse or cohesive modules.
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tial locations in cytoplasm, as defined by protein scaffolds and anchors [244],
absence of retroactivity [245] and classification of Petri net t-variants [246].
Sometimes modules are also based on functional input-output relationships
and operational boundaries that may not always correspond to conventional
cell boundaries. Thus division of a biological reaction network into smaller

units highly facilitates its investigation.

1.4 Scope of the thesis

The proposed thesis comprises seven chapters including four contributory
ones. Chapter 1 introduces the thesis while Chapter 7 concludes it along
with a brief note on scopes for further research. We now describe in brief the
content of the remaining chapters. Chapter 2 includes an extensive review on
MAPK, Ca?* and Wnt STPs to maintain fluidity of the succeeding chapters.

1.4.1 Modularization Algorithm [1-4]

In Chapter 3, we describe an algorithm for modularization of MAPK, Ca?*
and Wnt STPs [1,2,4]. Modularization is a process which divides a net-
work into smaller units for better understanding and analysis of the original
network. There is no single definition available for a module. We define a
module as a subset of the original biochemical network, which tends to be
self-sufficient in terms of biological function and have minimal dependency
on the remaining part of the network. Unlike studying a signaling pathway
as a whole, this enables one to study the individual modules (less complex
smaller units) easily and enables a better study of the entire pathway. The
justification for dividing a network into a number of modules lies in the fact
that the complexity of each module is much less than that of the entire path-
way and is an easier means of studying the network by parts. Thus analyzing
all the modules separately generated from a pathway, one can have a better

operational view of the whole network [1,2].
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1.4.2 Comparison of Some Partitioning Algorithms [1,
5]

We partition the human Wnt STP, in Chapter 4, into multiple partitions or
modules by five algorithms, inspired from different concepts, for finding the
best partitioning algorithm among them. Greedy [247], Farhat’s [248],and
Kernighan-Lin’s [249] algorithms are graph partitioning techniques. New-
man’s community finding algorithm [187] is dedicated towards finding com-
munities in networks. Modularization algorithm [1] detects functional mod-
ules in biological networks. A comparative study has been done among par-
titions created by these algorithms by considering, viz., ‘valid attribute’” and
‘functional enrichment’ scores (Subsection 4.4). Based on these scores, the
Modularization algorithm has been found to create good partitions from the
human Wnt STP. Later modules of 31 species-specific Wnt STPs are studied

and compared for detection of conserved modules.

1.4.3 Deriving Phylogenetic Trees from Modules [6, 7]

In Chapter 5, we determine phylogenetic properties of 48 species-specific Wnt
STPs. A phylogenetic comparison among species-specific Wnt STPs, taking
their various factors into account, is expected to throw light on their evolution
which is not explicitly known yet. For this purpose, we create alternative
phylogenetic trees from topology and modules. They are compared with two
reference phylogenetic trees (NCBI taxonomy?? taxonomy tree and 18S rRNA
tree) to find the level of similarity between evolution of a pathway and general
course of evolution in multiple species. The tree bearing maximum similarity
with the reference trees will naturally be the best tree to represent Wnt STP
phylogeny. By comparison, it is found that the module tree have maximum
similarity with the reference phylogenetic trees. Hence, considering modules
alone or together with other factors will prove to be beneficial while creating
phylogenetic trees from biological pathways and studying their evolutionary

patterns. The module tree shows conservation among species belonging to

33http: //www.ncbi.nlm.nih.gov/Taxonomy/CommonTree/wwwemt.cgi
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phylum Chordata as well as Arthropoda when compared with salient features

of Wnt evolution in major phyla.

1.4.4 A Wnt Diseasome: Modules in the Diseasome [8]

Chapter 6 emphasizes on creating a human Wnt STP related diseasome. A
diseasome is a combined set of all known disorders or gene associations in a
species. It is created by linking the complete set of genetic disorders with
the complete list of disease genes [250]. Disease maps are potential knowl-
edge bases that throw light on multiple disease related complicacies. The
more connected a disease is to others, higher is its prevalence and associated
mortality rate (otherwise known as comorbidity) [251]. For example, certain
diseases like diabetes, obesity, Gaucher disease and Parkinson’s disease often
co-occur in the same individual. Diseasome-wise studies are needed to under-
stand such situations. In this chapter, we create a disease map from human
Wnt STP by linking diseases having common causative genes. We associate
112 diseases to 48 genes of human Wnt STP to create a gene-disease network
and derive a diseasome of 823 disease associations. The diseasome portrays

comorbidity among human diseases associated with Wnt STP gene(s).

1.5 Conclusive remarks

Detecting meaningful modules from a biochemical pathway is an important
task in Bioinformatics. In this thesis, we propose a new partitioning algo-
rithm, .e., Modularization algorithm in Chapter 3. We apply this algorithm
to some real life pathway data, i.e., MAPK, Ca** and Wnt STPs, and analyze
their modules. Review of these pathways are furnished in Chapter 2. Supe-
rior performance of the Modularization algorithm is established in Chapter
4 by comparing it with some traditional graph partitioning and community
finding algorithms. As an application of this algorithm, pathway phylogeny
is established from species-specific modules in Chapter 5. In Chapter 6, we
create a human Wnt Diseasome.

We start the next chapter with a review on MAPK, Ca?t and Wnt
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STPs. A detailed description regarding discovery, pathway structure, bio-
logical function and association with diseases of these pathways is also fur-

nished.
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Chapter 2

A Brief Review of MAPK,
Ca?t and Wnt STPs
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2.1 Introduction

In this chapter, we review MAPK, Ca?" and Wnt STPs discovered in the late
20th century. It may be mentioned here that MAPK, Ca?* and Wnt STPs are
considered as pathway data in Chapter 3; while all the other chapters (Chap-
ters 4, 5 and 6) deal with Wnt STP for analyzing the methodology developed
in those chapters. The review includes their discovery, pathway structure
and biological functions in cellular environment and their role/association in

causing human diseases and disorders.

2.2 MAPK STPs

The first available MAPK genes are KSS1 and FUS3 [252] in budding yeast,
and ERK1, ERK2 and ERK3 in mammals [253]. They were named so because
of Myelin Basic Protein (MBP) [254] and Microtubule-Associated Protein-2
(MAP2) [255]. These proteins were used then to measure ERK1 and ERK2
activity. The MAP acronym was retained later, but with a different meaning.
The name Mitogen-Activated Protein Kinase (MAPK) was assigned to these
enzymes to acknowledge the fact that they had first been detected as mitogen-
stimulated tyrosine phosphoproteins in the early 1980s [256]. Later, the
name MAPK evolved into the family name for a growing number of related
kinases [257]. MAP kinases are proline-directed serine/threonine kinases that
are activated by dual phosphorylation in response to diverse extracellular
stimuli [72].

2.2.1 MAPK pathway structure

MAPK pathway (Figure 2.1) is one of the most ubiquitous signal transduc-
tion systems [71]. It is characterized by the general path, “Stimulus > MAP-
KKK > MAPKK > MAPK > Response”, where MAPKK is the kinase of
MAPK and MAPKKK is the kinase of MAPKK. The symbol “A > B” stands
for “A stimulating B” [72]. In most of the cases, MAPKKK is activated by
small G proteins such as Ras and Rapl [26,45]. The sequential activation
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of the MAPK cascade eventually results in the activation of transcription
factors, phospholipases or cytoskeletal proteins, microtubule-associated pro-
teins and the expression of specific sets of genes in response to environmental
stimuli. MAPK pathway is conserved in all eukaryotes and plays a key role in
regulation of gene expression as well as cytoplasmic activities. It is even ac-
tive in plants. For example, the Arabidopsis genome consists of 23 MAPKs,
12 of which are ERK type and the others are plant specific [258].

In general MAPK STPs comprise the classical ‘ MAPK’, ‘JNK and p38’,
and ‘ERK5’ pathways [259]. The JNK family of MAPKSs, also known as
the stress-activated protein kinase 1 (SAPK1) family, includes the widely
expressed p467VE! and p547VE2? as well as the brain-specific p49/V53. JNKs
undergo MKK4- or MKK7-mediated dual phosphorylation at their Thr-Pro-
Tyr motif to achieve activation. The p38 MAPK family (also known as
SAPK2 family) includes four isoenzymes (o, /3, v and p), which are primarily
activated by MKK3- or MKK6- mediated dual phosphorylation of their Thr-
Gly-Tyr motif. ERKs are activated by dual phosphorylation of a Thr-Glu-
Tyr motif, and consist of p44Z1iEL pa2PRE2 (1 10ERES and p60FEET MAPKs
[80].

2.2.2 Some biological functions of MAPK STPs

MAPK STPs promote cell growth, differentiation, stress response, T-cell de-
velopment, inflammation and apoptosis in mammals. Signaling by MAPKs
affects activity /localization of individual proteins, transcription of genes, in-
creased cell cycle entry, and promotes changes that orchestrate complex pro-
cesses such as embryogenesis and differentiation. MAPKs, including JNK,
p38 and Erk, play crucial roles in cell migration [260]. These enzymes me-
diate acute responses to hormones such as changes in membrane permeabil-
ity, cell motility and transcription of immediate early genes; homeostatic
responses of intermediate duration such as stimulus-induced long term po-
tentiation in neurons; and sequenced programs required for animal develop-
ment [75]. They transduce a large variety of external signals; leading to a

wide range of cellular responses, including mating, filamentation, high osmo-
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Figure 2.1: Human MAPK STP as given in KEGG

The Mitogen-Activated Protein Kinase (MAPK) cascade is a highly conserved module that is involved in
various cellular functions, including cell proliferation, differentiation, migration, division and death.

larity responses, cell wall remodeling and sporulation in S. cerevisiae [261];
morphogenesis and spatial patterning of D. amoebae; eye development in D.

melanogaster, vulva induction in C. elegans [45].

2.2.3 Role of MAPK STPs in some diseases and dis-

orders

The same components of MAPK STPs act differentially in the pathogenic
mechanisms of many human diseases. MAPK STPs are thought to contribute
to Alzheimer’s disease pathogenesis [72]| through various mechanisms includ-
ing induction of neuronal apoptosis, transcriptional and enzymatic activation
of B and ~-secretases, phosphorylation and stabilization of amyloid precur-

sor protein by JNK. These pathways also contribute to neuroinflammatory
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responses and neuronal death in the pathogenesis of Parkinson’s disease [72].
Aberrant expression and activation of p38 MAPK in motor neurons and
microglia are thought to be important for Amyotrophic lateral sclerosis pro-
gression [72]. In breast cancer development, upregulation of the Ras-MAPK
signaling can occur through multiple facets that activate downstream chro-
matin targets to activate the Ras-MAPK pathway. The activation of the
Ras-MAPK pathway generates a plethora of responses in breast cancer tu-
mors and cell lines [79].

Noonan syndrome, an autosomal dominant disorder that features short
stature, facial dysmorphia, pulmonary valve stenosis, pectus deformities and
webbed or short neck, is caused by dysregulated RAS-MAPK signaling [78].
Noonan syndrome, Costello syndrome and Cardio-Facio-Cutaneous (CFC)
syndrome are autosomal dominant multiple congenital anomaly syndromes
characterized by a distinctive facial appearance, heart defects, musculocu-
taneous abnormalities, and mental retardation. They are comprehensively
termed as “the RAS/MAPK syndromes” including LEOPARD syndrome for
their occurrence due to disorders in mutations of molecules of the RAS/MAPK
pathway [73]. LEOPARD syndrome is characterized by multiple lentigines,
electrocardiographic conduction abnormalities, ocular hypertelorism, pul-
monary stenosis, abnormal genitalia, retardation of growth, and sensorineural
deafness. Later, these disorders along with hereditary gingival fibromato-
sis, neurofibromatosis type 1, arteriovenous malformation, autoimmune lym-
phoproliferative syndrome, Legius syndrome are termed as “RASopathies’;

Ras/MAPK pathway dysregulation being their causative agent [74].

2.3 Ca’" STP

The enormous importance of Ca?t ions in a cell was discovered in 1883
[262]. Then the inositol 1,4,5-trisphosphate (InsP3) was discovered as a Ca*"-
releasing agent [263] followed by Ca®" oscillations in non-excitable cells [264].
Since then the study of Ca?* STP has acquired the status of an important
field of research [265]. Calcium STPs are very peculiar in nature. When

there is an extracellular change, cells get the message either by introduc-
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tion of Ca2?* ions into cytoplasm or by its evacuation to outside through ion
channels. This mechanism is aided by organellar, and nuclear storage of Ca?"
ions. Normal intracellular Ca?* level is 10~"M, much lower than the extra-
cellular concentration of 1073M, and lower than that of individual organellar
concentrations. Cytoplasmic Ca** ion concentration must be maintained at
low levels as it precipitates phosphate, which is the standard energy currency
of cells. Prolonged high intracellular calcium levels even lead to cell death.
Hence, cells first evolved techniques for decreasing effect of free calcium ions
towards cytosol which later is used as well for signal transduction across and

inside the cell [28] as seen in Figure 2.2.
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Figure 2.2: Human Ca?* STP as given in KEGG

The influx of Ca?*t ions from the environment or release from internal stores causes a very rapid and
dramatic increase in cytoplasmic Ca?t ion concentration, which has been widely exploited for signal
transduction.
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2.3.1 Ca’" pathway structure

Intracellular free calcium ion concentration gets maintained by calcium bind-
ing proteins and calcium pumps (Figure 2.3) present in unit membranes. Cal-
cium binding proteins (buffer and trigger proteins) bind with free calcium
ions when present in abundance, and maintain its low level in cytoplasm.
Buffer proteins bind with free calcium ion(s) as its concentration goes up
in intracellular environment (e.g., Calsequestrin). On the other hand, trig-
ger proteins bind with free calcium ion(s) and change their confirmation
to modulate enzymes and ion channels, e.g., Calmodulin [266, 267]. But
these proteins serve for temporary solution. Calcium pumps are necessary
to maintain low cytosolic calcium level against the highly calcium rich extra-
cellular environment [268]. Different kinds of calcium pumps are present in
plasma membrane, mitochondrial membrane and smooth endoplasmic retic-
ular membrane [28,269,270]. Many intracellular STPs rely on elevated Ca**
ion concentration as an important indicator [271]. In addition, intercellular
Ca** wave propagation may act to coordinate the response of nearby cells
in the tissue, leading to the concerted response of the tissue [272]. Most
interestingly Ca®™ STP can have local as well as global effects depending
on the concentration and mode of Ca®*" entry inside a cell. When signal
travels within submicromolar range, the concerned STP is essentially local.
Information transferred in these pathways does not effect global changes like
gene transcription, and it terminates in the vicinity of signal origin [273].
Nuclear and cytosolic Ca?* signals can have effects that are independent of
one another [274].

Behavior of calcium ions can be studied by calcium ion sensitive fluores-
cent indicators (aequorin/fura-2) inside a cell. Local openings of individual
(or small groups of ) calcium release channels in endoplasmic reticulum repre-
sent small and localized signal, which is seen in one or more discrete regions
of cell. They are called as calcium blips, quarks, puffs or sparks, and repre-
sent elementary calcium signaling units. When extracellular change is strong
and persistent, this localized signal can propagate as a regenerative calcium

wave through cytosol. It is known as calcium spike. One such spike may
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Calcium ion influx-outflux is a common signaling mechanism. Once it enters the cytoplasm it exerts
allosteric regulatory effects on many enzymes and proteins. Ca?T ions can transduce signal after influx
resulting from activation of ion channels or as a second messenger. The influx of Ca?t ions from the
environment or release from internal stores causes a very rapid and dramatic increase in cytoplasmic
calcium concentration, which has been widely exploited for signal transduction. [M - Plasma Membrane,
SER - Smooth Endoplasmic Reticulum, Mt - Mitochondria, TP - Trigger Protein, BP - Buffer Protein,
NM - Nuclear membrane, NR - Nucleoplasmic reticulum]

be followed by a series of further spikes (each one lasting for some seconds).
These oscillations can persist as long as receptors are activated at the cell
surface. Ca®* behavior is peculiar in the sense that “released calcium ions
initially stimulate more self-release, a process known as calcium-induced cal-
cium release, but as its concentration gets high, inhibition of further Ca?*

release prevails” [269].

2.3.2 Some biological functions of Ca?*" STP

Ca** gradients within cells have been found to initiate cell migration, exo-
cytosis, lymphocyte killer cell activity, acid secretion, transcellular ion trans-

port, neurotransmitter release, gap junction regulation and numerous other
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functions [275]. Calcium is essential for cell growth and survival. It influences
the cell cycle in more than one way. That is, depletion of the InsP; receptor
gated C'a®T pool results in cell cycle arrest at Go/G; and S phases. Ca?* is
necessary and sufficient for resumption of meiosis in marine eggs. A spike
of Ca?* triggers completion of meiosis and initiation of mitosis [276,277].
It has also been found that the process of gene transcription depends on
how Ca?* enters into a cell. Ca®' entry through voltage-dependent L type
Ca?" channels and N-methyl-D-aspartic acid (NMDA) receptors initiates
gene transcription through distinct DNA-regulatory elements [278]. Cellular
Ca** levels quantitatively correlate with level of expression of transcription
factors in single cells [279]. Calreticulin, a molecule previously thought to be
a buffer protein, appears to regulate the glucocorticoid nuclear hormone re-
ceptor [280]. Increase in intranuclear C'a®* initiates gene expression and cell
cycle progression, but also can activate degradative processes in programmed
cell death or apoptosis. Prolonged existence of high C'a** ion concentration
activates nucleases that cleave DNA and degrade cell chromatin. Ca?* de-
pendent proteases, phosphatases and phospholipases break DNA, resulting
in a loss of chromatin structural integrity [281]. A variety of InsP3-dependent
Ca?* signals coded in time, amplitude and space occur during the process of
cardiac cell differentiation and heart development [282]. With such a versatile

function list, we have deemed this pathway fit as a pathway data.

2.3.3 Role of Ca?" STP in some diseases and disorders

Perturbed cellular calcium homeostasis plays a prominent role in the patho-
genesis of Alzheimer’s disease [87]. Recent evidences indicate that neu-
ronal Ca?" STP is abnormal in not only Alzheimer’s disease, but also in
a wide range of neurodegenerative disorders, such as Parkinson’s disease,
amyotrophic lateral sclerosis, Huntington’s disease and spinocerebellar ataxia
[88]. Alterations in calcium homeostasis are also associated with heart fail-
ure. A complex array of mechanisms regulate intracellular free calcium lev-
els in the heart and vasculature, and a failure in these systems to maintain

normal Ca?' homeostasis has been linked with both heart failure and hyper-
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tension [81]. Ca*" signals in congenital immunodeficiency syndromes. In the
immune system, impaired Ca?* STP in T and B cells has been linked with
several inherited immunodeficiency diseases, i.e., Severe Combined Immun-
oDeficiency (SCID), X-linked Gammaglobulinaemia (XLA), Common Vari-
able ImmunoDeficiency (CVID) and WiskottAldrich Syndrome (WAS) [89].

A leak in the Ca?"-releasing ryanodine receptor of sarcoplasmic reticu-
lum explains symptoms of malignant hyperthermia. Malignant hyperthermia
is a genetic disease in which inhalational anesthetics induce skeletal muscle
rigidity and extreme hyperthermia (among other symptoms). Nearly 30 mu-
tations linked with the RYR1 gene are associated with this defect. Central
core disease (a myopathy usually associated with malignant hyperthermia,
characterized by hypotonia, proximal muscle weakness, and lack of oxidative
or phosphorylase activity in the central “core” of type I and type II mus-
cle fibers) is also linked with mutations in the RYR1 gene. Brody’s disease
is characterized by muscle cramping and exercise-induced impairment of re-
laxation. It is inherited as an autosomal recessive trait that is linked with
defects in the gene SERCAL1 in some of the cases [90].

Localized increase in [Ca®"]; can modulate a variety of subcellular pro-
cesses. Some of these processes are targeted fusion of specialized cytosolic
vesicles with the plasma membrane, or activation of kinase cascades leading
to cell type specific gene expression. Either or both of these processes could
mediate the function of the polycystin pathway. Hence, it is believed that
defects in this STP can form the basis of cyst formation in polycystic kidney
disease [85]. Defects in PMCA pump are identified in the form of a heredi-
tary deafness. The defect concerns the PMCA2 pump, which is abundantly
expressed in the brain, particularly in the Purkinje cell of the cerebellum and

in the hair cells of the corti organ of the inner ear [82,283].

2.4 Wnt STPs

The name ‘Wnt’ was initially coined after two homologous genes found in
fruitfly and mouse, namely, ‘Wingless” and ‘INT1’ [284]. Wingless is a D.

melanogaster mutant lacking wings [285]. Recessive mutation in the wingless
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gene affects wing and haltere (either of the rudimentary hind wings used for
maintaining equilibrium during flight) development in D. melanogaster [286].
The ‘INT’ genes were originally identified as vertebrate genes near several
integration sites of Mouse Mammary Tumor Virus (MMTV) [287,288]. The
wingless gene was subsequently characterized as segment polarity gene in
fruitfly, which functions during embryogenesis [289] and adult limb formation
[290]. But, now it represents a family of several genes belonging to different

species, including 19 in human.

2.4.1 Wnt pathway structure

Wnt molecules are secreted cysteine-rich, lipid-modified glycoproteins. They
bind to FZD receptors along with co-receptor LRPs and initiate the down-
stream steps, those altogether are known as Wnt STP [29] as seen in Figure
2.4. Initially it was known that Wnt proteins bind to FZDs. But by 2001,
it has become evident that LRPs also function as Wnt co-receptors along
with the FZDs [29,291]. Wnt STP was then recognized as diversified into
4 branches: (i) the f-catenin (canonical Wnt) pathway, (ii) the planar cell
polarity pathway, (iii) Wnt/Ca®*" pathway and (iv) a pathway that regulates
spindle orientation and asymmetric cell division [292-294]. But later, the
4th branch was found to be a part of the planar cell polarity pathway [295].
Ultimately, it is established that Wnt STP proceeds through three separate
generalized pathways, namely, the canonical (3-catenin) and noncanonical
(Ca?* and planar cell polarity) pathways. In noncanonical signaling, Wnts
bind to FZD receptors to activate DVL, but the downstream pathways acti-
vated by this binding do not involve GSK-34 or (-catenin [296].

Normally cytosolic 3-catenin is degraded by a complex containing AXIN,
Adenomatosis Polyposis Coli (APC) and Glycogen Synthase Kinase 3 (GSK3)
in proteasomes. The canonical Wnt STP leads to stabilization of 3-catenin by
preventing its degradation [29]. As the amount of 3-catenin rises, it accumu-
lates in the nucleus, where it interacts with specific transcription factors, i.e.,
LEF leading to regulation and expression of Wnt-target genes [295,297-299].

Planar cell polarity pathway activates JNK, and directs asymmetric cy-
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toskeletal organization and coordinated polarization of cell morphology within
the plane of epithelial sheets [300]. The coordination of cellular polariza-
tion is an important feature of development and critical for organ function.
Epithelial apical-basolateral polarity enables organs and tissues to perform
vectorial functions, including transport of fluid or directed secretion of spe-
cialized components. In addition, most epithelial tissues require a second
axis of polarity, commonly referred to as “planar cell polarity (PCP)”, which
is within the plane of an epithelium. This type of polarity is, however, not
restricted to epithelial tissues, but is also found in mesenchymal cell types
throughout animal development [301-303].

On the other hand, Wnt/Ca?" pathway leads to release of intracellular
calcium, possibly mediated by G proteins. It involves activation of Phospho-
Lipase C (PLC), Protein Kinase C (PKC) and Calmodulin-dependent Kinase
IT (CamKII) [300].

2.4.2 Some biological functions of Wnt STPs

Wnt STPs are involved in regulation of cell fate determination, prolifera-
tion, differentiation, migration, apoptosis [304,305] and regulation of bone
mass [306] among others. It enables cells to influence behavior of their neigh-
boring cells during development [30,111,307]. In matured organisms, Wnts
are implicated in maintaining stem cell-like fates in the intestinal epithe-
lium [308], skin [309] and hematopoietic cells [310]. Wnt STPs play a cru-
cial role in the evolution of axial differentiation in all multicellular animals.
However, its inhibition is important at later stages of body plan formation
in vertebrates. It controls initial formation of the neural plate and many
subsequent patterning decisions in the embryonic nervous system, including
formation of the neural crest. It regulates the anatomy of the neuronal cy-
toskeleton and the differentiation of synapses in the cerebellum [311]. Wnts
have a crucial role in synaptic physiology, as they modulate the synaptic vesi-
cle cycle, the trafficking of neurotransmitter receptors and the interaction of
these receptors with scaffold proteins in postsynaptic regions. In addition,

Wnts participate in adult neurogenesis and protect excitatory synaptic ter-
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Figure 2.4: Human Wnt STP as given in KEGG

Wt proteins are secreted morphogens that are required for basic developmental processes, such as cell-fate
specification, progenitor-cell proliferation and the control of asymmetric cell division, in many different
species and organs. The Wnt STP describes a network of proteins that are most well known for their role
in embryogenesis and cancer. These proteins are also involved in normal physiological processes in adult
animals.

minals from amyloid-3 oligomer toxicity [312]. In the developing vertebrate
limb, Wnt STP has been shown to have important functions during limb bud
initiation, limb outgrowth, early limb patterning, and later limb morphogen-
esis events [313].

In absence of (-catenin, skin stem cells fail to initiate follicular mor-
phogenesis. (-catenin is necessary for fate decisions of stem cells to form
follicular keratinocytes; but it is not the single factor for inducing follicular
differentiation of keratinocytes, as additional mesenchymal signals may be
required [314,315]. Several Wnt and TCF genes are coordinately required
for hippocampal development [316]. Wnt10b gene maintains preadipocytes
in undifferentiated state. Its disruption causes transdifferentiation of my-

oblasts into adipocytes. Thus the signaling mechanism is involved in both
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adipocyte differentiation and mesodermal cell fate determination [317]. Wnt
STPs also have essential role in limb initiation and induction of the apical ec-
todermal ridge in vertebrates [318]. Wnt proteins are involved in chondrocyte
differentiation in early mesenchymal condensations, affecting skeletal matu-
ration and bone growth [132]. They may also play major role in regulating
hematopoietic cell fate. Inhibition or stimulation of Wnt STP is sufficient
to shift natural differentiation program of bone marrow cells [319]. Recently,
Wnt STPs have been found to take part in mammalian metabolism, .e.,
regulation of hepatic metabolism. This finding raises the possibility that
Wnt STPs may play a similar role in the metabolic regulation of other tis-
sues [320]. These observations have generated a strong urgency to understand
the Wnt cascade whose multi-faceted functionality is still not properly known
as stated by Cadigan and Peifer, 2009 [321].

2.4.3 Role of Wnt STPs in some diseases and disorders

Inappropriate activation and dysregulation of Wnt STPs contribute to nu-
merous human tumors [91-93] and cancers (prostate, head and neck, breast,
thyroid, colorectal, colon, stomach, lung, leukemia, ovary, kidney, liver, uri-
nary bladder, prostate, neuroblastoma, mesothelioma, hepatoblastoma, and
astrocytoma among others) [94,97-99]. Reduced activation of Wnt STPs
have been implicated in osteoporosis [126,127]. Abnormal expression of Wnt
family members and their regulatory molecules during embryogenesis can
disturb Wnt-controlled balance that results in skeletal malformation [132].
Canonical Wnt STP requires the presence of LRP5/6 at the cell surface
of the target cells. Gain or loss of functions in LRP5 has been linked to
dramatic changes in bone mass, eliciting major interest in this receptor.
Loss of LRP5 gene function results in OsteoPorosis-PseudoGlioma (OPPG)
syndrome [103,104]. High Bone Mass (HBM) trait is also linked with the
same locus of gene (11q12-13) that controls OPPG syndrome [130]. Hence,
the same gene was getting affected in opposite manners in both the above
cases [322]. Abnormal (-catenin signaling may have role in causation of

desmoid tumors. Post-translational modifications of (-catenin, which are
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associated with its cytoplasmic accumulation, are frequently observed in fi-
broproliferative diseases with characteristics of dysregulated wound healing.
These diseases include hypertrophic scar formation, aggressive fibromatoses,
and Lederhose disease [120]. Wnts are also implicated in osteoarthritis [100].
Activated Wnt STP is involved in leukemia [117]. Dysregulated Wnt signal-
ing is connected with the development of cystic kidney diseases [323, 324].
Changes in Wnt ligands and pathway components are associated with many
kidney diseases, including acute renal failure, diabetic nephropathy and is-
chaemic injury [116]. Wnt STP is also implicated in the pathophysiology of
rheumatoid arthritis [102].

Recent review on human diseases associated with mutations of the Wnt
STPs components including [94] shows that WNT3 gene mutations are iden-
tified in tetra-amelia [101]. WNT10A mutation is detected in odonto-onchyo-
dermal hypoplasia [119]. WNT10B mutations are detected in split-hand /foot
malformation [118] and obesity [123]. A partial loss of WNTT7A gene function
causes Fuhrmann syndrome, whereas more severe limb truncation pheno-
types are observed in Al-Awadi/Raas-Rothschild/Schinzel phocomelia syn-
drome result from null mutations [125]. WNT5A and other Wnt pathway
genes are differentially expressed in psoriatic plaques [124]. WNT4 has role
in the pathogenesis of renal fibrosis [325]. Loss of SFRP1 gene function is
an probable early, aberrant molecular event in renal cell carcinogenesis [326].
FZD10 gene is found to be over-expressed in case of synovial sarcomas [129].
Missense mutations in LRP5 gene lead to several other diseases like Van
Buchem disease, autosomal dominant sclerosteosis and Osteoporosis type |
syndrome [131]. Mutations in either LRP5 or FZD4, two distinct genes within
the EVRI locus, can cause familial exudative vitreoretinopathy [105]. Mu-
tations in LRP5 may lead to the development of diabetes and obesity [114].
A missense mutation in LRP6 is identified to be associated with coronary
artery disease [121]. Altered GSK3-5 activity and increased Wnt1 expression
are associated with schizophrenia [133,134].

Changes in AXIN1 and CTNNBI1 genes have role in neuroepithelial brain
tumors [112]. AXIN2 gene is involved in non-syndromic tooth agenesis [106,

107].  Aberrant Wnt signaling mediated by APC or [-catenin mutations
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initiates the majority of human colorectal cancers and drives tumorigenesis
through the activation of specific genes such as MYC [110]. About 90%
of colorectal cancer cases originate from the constitutive activation of the
canonical Wnt STP [109]. Mutations in the APC and [-catenin genes are
implicated in sporadic hepatoblastomas and familial adenomatous polyposis
[113]. [-catenin is also found to be an active player in hepatoblastomas,
benign liver neoplasms, hepatocellular carcinoma and cholangiocarcinomas
[122]. Later it was discovered that both the canonical and noncanonical
Wnt STPs have complementary roles in hepatocellular carcinoma, where
the canonical signaling contributes to tumor initiation, and noncanonical
signaling to tumor progression [327]. Mutations in CREBBP and EP300
genes are implicated in RubinsteinTaybi syndrome. At present, more than
100 pathogenic mutations are known for the two genes together [108]. The
Wnt pathway effector gene TCF7L2 is associated with type II diabetes [114,
115]. WNT5B gene is found to be overexpressed in leiomyoma cells [128].

2.5 Conclusive remarks

MAPK STPs are generalized processes taking part in most of the household
events of cells. Calcium STP is important as gene expression events are
effected by concentration as well as mode of entry of Ca?" ions inside a
cell. Wnt STPs are involved in multiple biological processes. Perturbations
of these pathways are associated with various human pathologies including
cancers. Thus these STPs, especially Wnt STP, form the pathway data for
demonstrating effectiveness of the methodologies developed in the succeeding
chapters. All the three pathways are considered in Chapter 3 for creation
of modules. Human Wnt STP is used for performance comparison of some
partitioning algorithms in Chapter 4, and creation of a Wnt diseasome in
Chapter 6. Species-specific Wnt STPs are used for deriving a phylogenetic
tree from modules in Chapter 5. Wnt STP genes and their associated diseases

are manually curated for construction of a human Wnt diseasome in Chapter

6.
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Chapter 3

Modularization Algorithm
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3.1 Introduction

Modularization is a process which divides a network into smaller units for
better understanding and analysis of the original network. There is no sin-
gle definition available for a module. We define a module as a subset of the
original biochemical network, which tends to be self-sufficient in terms of bio-
logical function and has minimal dependency on the rest part of the network.
Unlike studying a signaling pathway as a whole, this enables one to study the
individual modules (less complex smaller units) easily and enables a better
study of the entire pathway. Thus analyzing all the modules generated from
a pathway separately, one can have a better operational view of the whole
network [1,2]. We have already described some methods for partitioning a
biochemical pathway in Chapter 1.

In this Chapter, we will develop a modularization algorithm [1]. For
dividing an STP, creation of modules starts with a member having maximum
number of relations in a given network. The module grows in size by including
neighbors of the starting member in successive steps. The neighbors are
either included into or excluded from the module depending on the number
of their relations being present its inside or outside. That is, if a member
has less than or equal to a certain number of relations (known as complexity
level ¢) outside the module, it gets included in the module. The term, “c”,
needs to be specified and can be varied by the user. We have to select an
appropriate c-value for each pathway. The effectiveness of the algorithm is
demonstrated on human MAPK, Ca?*" and Wnt STPs.

MAPK pathway is one of the most ubiquitous signal transduction systems
[71]. It is characterized by the general path, “Stimulus > MAPKKK >
MAPKK > MAPK > Response”, where MAPKK is the kinase of MAPK
and MAPKKK is the kinase of MAPKK. The symbol “A > B” stands for “A
stimulating B” [72]. In most of the cases, MAPKKK is activated by small
G proteins such as Ras and Rapl [26,45]. The sequential activation of the
MAPK cascade eventually results in the activation of transcription factors,
phospholipases or cytoskeletal proteins, microtubule-associated proteins and

the expression of specific sets of genes in response to environmental stimuli.
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MAPK pathway is conserved in all the eukaryotes, and plays a key role in
regulation of gene expression as well as cytoplasmic activities. It is even
active in plants, e.g., the Arabidopsis genome consists of 23 MAPKs, twelve
of which are ERK type and the others are plant specific [258]. Detailed
description of the MAPK STP is furnished in Chapter 2.

Ca?* STP are very peculiar in nature. Normal intracellular Ca?* level
(1077M) is much lower from the extracellular concentration of 1073M. Ca?*
ions precipitate phosphate of the established energy currency of cells. More-
over, high concentration of intracellular Ca?" ions lead to cell death. This is
the reason why Ca?* ion concentration must be maintained at low level in
cytoplasm. Hence cells have evolved techniques for free Ca?* ion binding to
reduce its effect towards cytosol, which later is used as well for signal trans-
duction across and inside the cell [28]. Ca*" gradients within cells have been
observed, which is used to initiate cell migration, exocytosis, lymphocyte
killer cell activity, acid secretion, transcellular ion transport, neurotrans-
mitter release, gap junction regulation and numerous other functions [275].
Details of this pathway are described in Chapter 2.

Wnt molecules are secreted cysteine-rich, lipid-modified glycoproteins.
They bind to FZD receptors along with co-receptor LRPs and initiate the
downstream steps, those altogether are known as Wnt STP [29]. Wnt STP
proceeds through three separate generalized pathways, namely the canonical
(B-catenin) and noncanonical (Ca?t and planar cell polarity) pathways. Wnt
STPs are involved in regulation of cell fate determination, proliferation, dif-
ferentiation, migration, apoptosis [304,305] and regulation of bone mass [306]
among others. It enables cells to influence behavior of their neighboring cells
during development [30,111,307]. In matured organisms, Wnts are impli-
cated in maintaining stem cell-like fates in the intestinal epithelium [308],
skin [309] and hematopoietic cells [310]. In Chapter 2, the Wnt STP is

described in detail.
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3.2 The proposed modularization algorithm

In order to decompose a network into several modules, we have proposed
an algorithm which is described in this section. The algorithm views an
entire biochemical pathway as a graph having gene products and chemical
compounds as vertices, and edges being different kinds of interactions among
them. An edge can be a gene-protein interaction, protein-protein interaction
or protein-compound interaction. First, we define some useful terms for

describing the algorithm.

3.2.1 Some Useful terms

e F: Set of all nodes (representing gene products and chemical com-

pounds) present in a network (pathway), excluding isolated nodes
e M: Set of nodes present in a module (a part of network)
e c: A user defined parameter used for generating modules

e k: Extension index (stage of inclusion of immediate neighbors of nodes

in a module)
e MP%: Set of nodes present in a module after k" extension
e Ng: Set of immediate succeeding nodes of a given node
e n,: An individual member of Ng
e Np: Set of immediate preceding nodes of a given node
e n,: An individual member of Np

e r: type of interaction that exists between n, and n; » = a depicts a
relation of activation, » = b depicts a relation of binding or association,
r = 1 depicts a relation of inhibition, » = d depicts a relation of indirect

effect between nodes ny and n,

e Npi: Set of relations
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e n, = (ny,ns,7): An individual member of Nk

R,,,: Total number of relations that exist with n as the preceding node

R,s: Total number of relations that exist with n as the succeeding node

Mp: Set of permanent nodes (nodes having all their relations inside a

module)

The total number of relations with n as either a preceding or succeeding

node is given by

T, = Ryp + Ry (3.1)

Since R, and R, are outdegree and indegree, respectively of a node n, T,
is the total degree of the node n. T,, represents the total number of relations
associated with node n. T, stands for the total number of relations of node n
that gets included in a module during k" extension. Likewise, Th; represents

a set, comprising 7),-values, where n € M.

3.2.2 Description of the algorithm

The algorithm starts with detection of a node n having maximum number
of relations in the node pool E for a given network. By default, we named
modules by their starting node’s name. Considering the detected node as
the starting point (the starting member is always a permanent member), an
initial module is created for relations r, where n is either a predecessor or
a successor. Thus the module is extended by including these nodes. Here
an eventuality can arise where more than one node may have maximum
number of relations. Then any one of the nodes (having maximum number
of relations) that is encountered first by the algorithm is taken as the start
point by default (followed by the others).

Once a module is initialized, the total number of relations (7},) of every
individual node is considered. For a node in a module, if the number of

relations lying inside the module is equal to the total number of relations
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associated with it, the node is considered to be permanent. If a node in a
module has more than c relations that lie outside the module, it gets excluded
from the module along with decreasing the previous non-permanent nodes’
total relations 7;, by one. The extension and exclusion processes continue till
there is no new node to be considered for its membership in any module or
a node is present under consideration. That is, all the nodes of a module are
declared as permanent. It is to be mentioned here that once a node is declared
permanent, it is deleted from the node pool E. Hence a single node can not
be included in more than one module. Also, if a node appears more than
once in a network, its positional significance is taken into account. That is, if
a node X is present four times in a network, it will be considered four times
as X1, Xo, X3 and X,. After successful creation of a module, the algorithm
searches for another starting point and repeats the above processes to create
another module. The algorithm continues to run till exhaustion of all the
nodes present in the node pool E. Pseudocode of the algorithm is furnished
here as Algorithm 1. Now we describe the function of the algorithm with an

example network.

3.2.3 Modularization of an example network

The example network contains 26 nodes and 26 relations (Figure 3.1). The
relations are of different kinds, i.e., activation (a), inhibition (i), binding (b),
and indirect effect (d). Chemical compounds are denoted with a ‘circle’; ac-
tivation with ‘=’ binding with ‘—’, and inhibition with ‘—|". Each member
of the set given below shows the relation between a node and its following
node. The term (A,F,a) denotes existence of activation relation from node

A to node F. Thus we have a set Ny of members

Nr={(AF,a), (B,G,a), (C,H,a), (D,L,a), (F,K,b), (G,K,b), (H,K,b), (LK,b),
(K,L,b), (L,P,a), (Q,P,i), (T,P,), (P,Z,a), (E,J;a), (J,N,a), (M,J,a), (O,P,a),
(R,S,a), (S,P,a), (R,W,a), (W,X,a), (X,Y,a), (X,Y,i), (UV,a), (V,Pa), (V,Z,a)}

We have to calculate total number of relations for all the nodes present in the
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1 Pseudo code for Modularization Algorithm
Ensure: F # ¢
1: Find start/central node
if (T,, — Max{Ty}) then
n « start point/central node
Mp <—MPU{77,},E<—E—{TL}
k—0
end if
2: Extend module
for (k—k+1)do
select nodes from Ng and Np of n and put in M*
end for
3: Check permanency of nodes
if Ng U Np C M* for a node n* then
EF— FE— {’I’Lk},Mp — Mp U {’I’Lk}
end if
4: Exclude node
if [TF— number of nodes in M* related to n*] > ¢ then
MF — M* — {n¥}
for (n*=1 ¢ Mp) do
Tn(kq) — [(Tn(kfn) - 1]
end for
end if
5: Build a complete module
repeat
Step 2-4
until M* c Mp
6: Create next module
repeat
Step 1-5
until £ = ¢

network in order to choose the node with maximum number of relations as
the starting point of an originating module. Total number of relations (7") of
a node can be calculated by summing relations of a node first as predecessor

and then successor.

Ta=140=1,Tg =140 = 1, To = 140 = 1, Tp = 140 = 1, Ty =
H0=1,Tp=141=2Tg =141 =2 Ty =141 =2, Ty = 14+1 =2, T}
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—142=3,Tx =144 =5T, =141 =2, Tyy = 140 =1, Ty = 141 = 2,
To=1+0=1,Tp=146=7,To =1+0 =1, Tp = 240 = 2, Tg = 1+1 =
2, Tr =140 =1, Ty =140 =1, Ty = 2+1 =3, Tyy = 141 = 2, Ty = 2+1
=3, Ty =240 =2, Ty = 042 = 2.
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Figure 3.1: The example Network

The relations are of different kinds, i.e., activation (a), inhibition (i), binding (b), and indirect effect (d).

Chemical compounds are denoted with a ‘circle’, activation with ‘—’, binding with ‘—’, and inhibition

with ‘—|.

Here node P is having the highest number of relations. So P becomes
the starting point of the module. After the first extension, with immediate
neighbors, the module resembles Figure 3.2(a). Now we describe below the

steps for determining the modules of the network. Here c-value is 2.

1. All relations of Q, T and O lie in the created module. So they became

permanent members as shown in Figure 3.2(b).

2. After second extension (Figure 3.2(c)), respective relations of L, S and Z

lie in the module. Hence they were also considered as permanent members
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of the module. Node K has more than 2 relations that lie outside the present

module. So K cannot be a member of module P (Figure 3.2(d)).

3. After third extension as shown in Figure 3.2(e), for V, R and U, their
corresponding relations are inside the module. So except W and X, every
member present in the module became permanent, and they were excluded

from the node pool of the network.

4. Fourth extension made W permanent. Like wise after fifth and sixth
extensions, all the members are permanent. Hence creation of the first mod-

ule was complete. Module P (Figure 3.2(f)) contains 13 permanent members.

5. The whole process is again repeated taking K, i.e., the node with maxi-

mum relations from the rest nodes present in the node pool.

6. The node pool became a null set, after creation of three modules namely

P, K and J. The modularized entire network is given in Figure 3.3.

3.3 Results

Now we describe modules obtained from MAPK, Ca?t and Wnt STPs. All
these pathways have been obtained from KEGG/Pathway database.

3.3.1 Modularization of MAPK STP

Human MAPK STP is a complex network of 135 nodes and 182 relations
(|INg| = 182). TAO1/2 is the only isolated node present in this network,
i.e., |E] = 135 - 1 = 134. Modules are created from the same pathway at
complexity level of 1, 2, 3, 4 and 5. A list of modules created for each ¢ value

is given in Table 3.1.
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Figure 3.2: Various stages in construction of module P and the modularized
example network

For ¢ = 1, human MAPK STP gets divided into 38 modules (Figure 3.4).
Twelve of them are isolated modules. Among the rest modules only 6 seem to
give any biological significant, 7.e., modules JNK, p38, ERK, Ras, MEKKI,
and GRB2. Module ERK along with modules TrkA/B, GRB2 and Ras
roughly represented the conventional MAPK pathway. Modules JNK and
MEKK1 are part of the JNK pathway. p38 pathway is represented by a
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Figure 3.3: Modularized example network for ¢ = 2
Dark gray part - module J, white part - module P and light gray part - module K.

module named p38. The partly known ERK pathway is represented by mod-
ule FRK5. Here c value is very low. So the network is facing over-splitting

problem. May be with an increase in ¢ value more significant modules will
be found.

Modularization for ¢ = 2

For ¢ = 2, 32 modules are obtained from human MAPK STP (Figure 3.5).
Modules JNK, p38, ERK, MEKKI1, GRB2, and FRK5 remain unchanged
except increase by a single node or relation. Module (PKC, PKA and Mos
merged with module Ras making the combined module more meaningful. In
addition ASK1 emerges as a major module here. Still 9 isolated modules and
14 small to medium modules are left without any satisfactory explanation.

So we switch to modularization for ¢ = 3.
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Table 3.1: List of modules of human MAPK STP for different ¢ value

c=1 c=2 c = c = c=5
SI. no. module name node rel node rel node rel node rel node rel
01 JNK 14 15 14 15 21 23 22 25 22 25
02 p38 13 14 13 15 13 15 40 47 40 47
03 ERK 16 18 17 19 17 19 17 19 17 19
04 Ras 10 09 15 15 16 18 27 29 33 42
05 MEKK1 o7 06 o7 06 13 14 11 12 o7 06
06 TAK1 04 03 04 03 14 16 03 02 03 02
o7 MKK4 03 02 03 02 04 03 02 01 02 01
08 MKK7 04 03 04 03 04 03 04 03 04 03
09 MEK1 01 Nil 01 Nil 01 Nil 01 Nil
10 MEK2 01 Nil 01 Nil 01 Nil 01 Nil
11 ASK1 02 01 o7 06 o7 06
12 TNFR 02 01 02 01 02 01
13 GRB2 07 06 07 06 11 10
14 JIP3 01 Nil 01 Nil 01 Nil
15 MKK3 02 01 02 01 02 01
16 MKK6 01 Nil 01 Nil 01 Nil
17 TrkA/B 04 03 04 03
18 IL1R 02 01 02 01
19 Ca?t 03 02 03 02
20 CASP 03 02 03 02
21 TRAF2 02 01 02 01
22 TRAF6 02 01 02 01
23 TAB1 03 02 03 02
24 RafB 02 01 01 Nil
25 Rafl 01 Nil 01 Nil
26 Tpl2/cot 01 Nil 01 Nil
27 MLK3 02 01 03 02
28 NIK 02 01 02 01
29 IKK 01 Nil 01 Nil
30 JIP1/2 01 Nil
31 PP2CA 01 Nil 01 Nil
32 DAXX 05 04
33 PKC 02 01
34 PKA 01 Nil
35 Mos 01 Nil
36 MP1 01 Nil
37 ERKS5 04 03 04 03 04 03 04 03 04 03
38 GADD45 02 01 02 01 02 01 02 01 02 01

The details of modules obtained from human MAPK STP for ¢ value of 1, 2, 3, 4 and 5 are given in this
table. The column node indicates number of nodes and column rel gives number of relations present in a
module.

Modularization for ¢ = 3

We are getting 18 modules for ¢ = 3 as seen in Figure 3.6. Modules GRB2,
Ras and FRK divide effectively the classic MAPK STP into 3 parts. JNK
pathway is divided into 4 parts namely modules MEKK1, MKK}, MKK?,
and module JNK. Modules p38, ASK1 and TAK1 counter for p38 pathway
except a few small modules. Here the problem of over-splitting is minimized

with only 4 isolated modules and 2 small modules.

Modularization for ¢ = 4, 5

For ¢ = 4, the network is separated into 12 modules. Two singleton modules

are present. But, some modules like p53 are getting much larger and complex
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Figure 3.4: Modules of human MAPK STP for ¢ = 1

Here the network is divided into 38 modules. T'welve of them are isolated and very few were eligible for
consideration of their biological significance.

in size. The scenario become difficult for ¢ value of 5 as modules become more
large in size. The modularized networks of human MAPK STP for ¢ = 4 and
¢ = 5 are given in Figure 3.7 and Figure 3.8 respectively. For higher values

of ¢, the modules become even more complex.

3.3.2 The best set of modules of MAPK STP

The best set of 18 modules is obtained for ¢ = 3. Module GRB2, Ras and
FERK divide effectively the classic MAPK pathway into 3 parts. JNK path-
way is divided into 4 parts namely modules MEKK1, MKK4, MKK7 and
JNK. Modules p38, ASK1 and TAK1 are parts of p38 pathway. Here the

problem of over splitting is a lot minimized with only 4 isolated modules and
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Figure 3.5: Modules of human MAPK STP for ¢ = 2

For c-value of 2, the network splits into 32 modules.

2 small modules. The details are shown in Figure 3.6 [1].

3.3.3 Comparative study on modules of MAPK STP
of 9 species

We have done a comparison among MAPK STP modules of the taken set
of 9 species for ¢ = 3, keeping in mind complexity of a module and over
splitting of a network. MAPK STPs of D. melanogaster and S. cerevisiae
are very simple and different in layout from MAPK STPs of the rest species.
So we have modularized them for ¢ < 3. They have been divide into three
independent modules each. The remaining 7 species have been modularized
for ¢ = 3. MAPK STPs of H. sapiens and M. musculus are almost identical.

So their modules have maximum resemblance with each other followed by
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Figure 3.6: Modules of human MAPK STP for ¢ = 3
Human MAPK STP got divided into 18 modules for ¢ = 3. Here the problem of over splitting of the
network is minimized.
the modules of R. norvegicus. In B. taurus, maximum modules found in H.
sapiens are in elementary stage and exist in separate modules. MAPK STP
of C. familiaris, S. scrofa and P. troglodytes are least developed. Hence, we
have found a gradual development of the pathway from C. familiaris to H.

sapiens [1]. Details of the species-specific modules are given in Table 3.2.

3.3.4 Modularization of Ca%*t STP

Human Ca®" STP contains 55 nodes. One node (C13050) is isolated. So |E|
= 55 -1 = 54. These 54 nodes are having 59 relations among them. Modules
are created from the same pathway at complexity level of 1, 2, 3, 4, 5, 6, and

7. For ¢ = 7, the whole network emerges into a single module, so there is no
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Figure 3.7: Modules of human MAPK STP for ¢ = 4
Modularization for ¢ = 4 separates human MAPK pathway into 12 modules. Most of them are eligible
for consideration of their biological significance.

need to consider the value of ¢ beyond 7. The results are given in Table 3.3.

Modularization for ¢ = 1

Eleven modules are obtained for ¢ = 1. Module (C00076)2 emphasizes role
of plasma membrane, endoplasmic reticulum and mitochondria in Ca?* ion
balance of cells. But Ryanodine receptors present in endoplasmic reticular
membrane are not included in this module. Module CALMLG6 represents
role of calmodulin like proteins (calcium binding proteins) that upon bind-
ing with free Ca?* ions change confirmation and trigger other enzymes and
ion channels. (C00076)1 module contains Ca*" channels present in plasma
membrane for import purpose. Module BST1 deals with Ca?* ion flow from

outside to inside of bone marrow cells but how its intracellular balance is
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Figure 3.8: Modules of human MAPK STP for ¢ =5

For ¢ = 5, we get only 10 large modules that defy our basic purpose of simplifying a network.

maintained is not clear in the module. For ¢ = 1, the network is splitting
profusely. Excessive splitting is giving rise to a lot of small modules as shown
in Figure 3.9. This is the reason why we are unable to assign any biological
significance to the rest 7 modules. So modularization of the same network is

done for ¢ = 2.

Modularization for ¢ = 2

Six modules are obtained for ¢ = 2 as shown in Figure 3.10. Modules
CALMLG6 and BST1 remain unchanged. In module (C00076)2, ryanodine
receptors are included, covering the complete process of Ca?* ion flow and
balance in a cell. (C00076)1 is increased by one node PLCD3. The changed

module shows plasma membrane based Ca?" import channels and interac-
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Table 3.2: Modules obtained from MAPK STPs of 7 different species for ¢
=3

Human and Cow Rat Pig Chimpanzee Dog

Mouse

name N name N name N name N name N name N
JNK 21 | Ca?+ 3 | INK 5 | Ca®+ 4 | Ca®+ 14

p38 13 ERK 13 p38 17 C-jun 2

ERK 17 c-fos 2 ERK 14

Ras 16 G12 2 Ras 25 Ras Ras 7
MEKK1 13 IKK 2 MEKK1 14 MEKK1 12

TAK1 14 CD14 2 LPS 2 CASP 2

MKK4 4 MKK4 5 MKK4 2
MKK7 4 CDC42/Rac 2 MKKT7 5 CDC42/Rac 3
MEK1 1 FASL 2 MEK1 1

MEK2 1 FASL 3

ASK1 7 TGFB 2 TGFBR 5 TGFB 2 TGFB 2

TNFR 2 TNFR 3 TNFR 3

GRB2 11 EGF 2 GRB2 11 EGF 2 EGF 2

JIP3 1 FGF 2

MKK3 2 TrkA/B 2

MKK6 1

ERK5 4 Nur77 2 ERKS5 4 Nur77 2
GADD45 2

This table contains information about modules obtained from MAPK STPs of H. sapiens (human), R.
norvegicus (rat), M. musculus (mouse), B. taurus (cow), S. scrofa (pig), C. familiaris (dog)and P.
troglodytes (chimpanzee). Column N is giving number of nodes present in the modules.

Table 3.3: List of modules of Ca?t STP for different ¢ value

c=1 c=2 c =34 c=5 c=26 c=17
Sl. no. module name node rel node rel node rel node rel node rel node rel
01 (C00076)2 24 23 25 24 29 28 40 43 46 51 54 59
02 CALML6 08 07 08 07 08 07 08 07 08 o7
03 (C00076)1 06 05 07 06 o7 06 06 05
04 C01245 02 01 09 08 10 12
05 C00165 01 Nil 01 Nil
06 BST1 04 03 04 03
o7 PLCE1 02 01
08 PLCG1 02 01
09 PLCB1 03 02
10 PLCD3 01 Nil
11 RYR1 01 Nil

The details of modules obtained from Human Ca?t STP for ¢ value of 1, 2, 3, 4, 5, 6, and 7 are given in
this table. The column node indicates number of nodes and column rel gives number of relations present
in a module.

tion of the imported Ca?* ions with one of the PLC group. C01245 module
includes proteins belonging to PLC family and their relation with C01245.
From prior knowledge we know that PLC group members break into C01245
as a result of activation. (C01245 molecule is a ligand for ITPR1 (Inosi-
tol 1,4,5-TriPhosphate Receptor, type 1) present in endoplasmic reticular
membrane. This module is resulted due to convergence of modules C01245,
PLCB1, PLCG1 and PLCE1 found for ¢ = 1. So the problem of over split-

ting noticed for ¢ = 1 is reduced here. Still we are left with the problem
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Figure 3.9: Modules of human Ca?*" STP for ¢ = 1

For ¢ = 1, human Ca?t STP is divided into 11 modules. Here black lines separate the modules from each
other. The figure shows many small modules resulted due to low complexity level that led to over splitting
of the network. Each module is named after its starting node and marked with bold faced letters.

of prior-described module BST1 and a small module C00165 comprising of
a single node to describe. Its difficult to analyze such small modules. This

lead to modularization of the network for ¢ = 3.

Modularization for ¢ = 3

Four modules are created for ¢ = 3 as shown in Figure 3.11. Module BST1 for
¢ = 2 is merged with module (C00076)2 that gives a complete explanation of
Ca?* ion balance in bone marrow cells through ryanodine receptors present
in endoplasmic reticular membrane. Module C00165 for ¢ = 2 is merged with
module C'01245. C00165 is an byproduct when PLC group members break
to C01245. Like C01245, it is not a ligand for ITPR1. It binds with PKC

that takes part in controlling plasma membrane based Ca?* ion channels.
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Figure 3.10: Modules of human Ca?* STP for ¢ = 2

We obtained 6 modules from human Ca?* STP for ¢ = 2. These modules are separated from each other
by black lines in the figure. Here we are getting less number of modules than Figure 3.9.

But we were able to decipher it’s role clearly only after its emergence with
module C01245. For ¢ = 2, where C00165 is included in another module,
it is confusing to decipher and understand this information. We are getting

exactly similar modules for ¢ = 4.

Fixing the c value

Now question arises that once biologically significant modules are found for
some value of ¢, whether modularization should continue for higher values
of ¢ to get more meaningful modules or stop the process. To get a logical
answer to this question, we have obtained modules for ¢ = 5 and 6. Three
modules are found for ¢ = 5. Module (C00076)2 is increased by several nodes
and relations, that make it large and complex, hence our primary objective

of dividing a complex network to simpler units is failed here. (C00076)1
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Figure 3.11: Modules of human Ca*" STP for ¢ = 3 and 4

Hel: tlhe network is divided into 4 parts due to modularization. For ¢ = 3 and 4 we are getting identical
module is decreased by one node and one relation that again gives rise to the
already discussed problem of Ca?* ion balance inside the module. Module
CALMLG is identical to that of obtained for lower values of ¢. For ¢ = 6, we
have obtained 2 large modules. The whole network is divided into 2 parts,
i.e., the unchanged CALML6 module and (C00076)2 module comprising the
rest part of the network. For ¢ = 7, the whole network rounds up to a single
module.

Hence it is found that after a certain level, modularization with increasing
c-value will yield similar results with that of the previous complexity level or
the modules will be enough large making their study and analysis difficult.
As our objective is simplified study of a network and we are getting biological
significant modules for ¢ = 3, we fixed ¢ = 3 for modularization of Ca?* STP.

This value of ¢ is used later for analyzing Ca** STPs belonging to different
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species.

3.3.5 The best set of modules of Ca%2* STP

The best set of modules was obtained for ¢ = 3 (Figure 3.11). Here, module
BST1 for ¢ = 2 is merged with the module (C00076)2 that provides a com-
plete explanation of Ca?* ion balance in bone marrow cells through ryanodine
receptors present in endoplasmic reticular membrane. Module C00165 for ¢
= 2 is merged with module C01245. C00165 is a byproduct of PLC group
members when they break into C01245. Like C01245, it is not a ligand for
ITPR1. It binds with PKC that takes part in controlling plasma membrane
based Ca?' ion channels. But we are able to decipher its role clearly only
after its merging with module C01245. Thus it appears that we can associate

biological significance to these modules [2].

3.3.6 Comparative study on modules of Calcium STP

of 7 species

Modularization algorithm is applied to Ca?* STP of 7 different species (bta,
cfa, hsa, mmu, ptr, rno, and ssc) for ¢ = 3. Now we discuss about the
species-specific modules one after another for these species. In P. troglodytes
(Chimpanzee), (C00076)2 module is under developed. Role of endoplasmic
reticulum in Ca2* jon balance is negligible. However, mitochondria plays sig-
nificant role in maintaining Ca*" ion balance. The module exists in 2 parts
((C00076)2 and 469986. Absence of coordination between plasma mem-
brane based ion channels, endoplasmic reticular receptors and mitochondria
indicates negligible role of Ca?" ion in signal transduction for P. troglodytes.
The rest modules that we found in H. sapiens are not present. In case of
C. familiaris (dog), module (C00076)2 shows role of Ca®" ions in muscle
contraction, a fact not shown in the same module for chimpanzee. In addi-
tion, part of module C01245 is detected. In S. scrofa (pig) for the first time,
plasma membrane, endoplasmic reticulum and mitochondria are coordinat-
ing with each other to maintain Ca?" balance in module (C00076)2. Still it

is a far cry from Ca®" signaling mechanism of H. sapiens. Here 2 members
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of module (C00076)1 are also detected. For Ca®>T STP of B. taurus (cow),
we get 5 modules. The original (C00076)2 module exists in 3 parts (module
(C00076)2, module GNASI and module CD38) with several members miss-
ing. Module C01245 is fully developed but contains 2 members of the less
developed (C00076)1 module. Partly developed module CALM2 shows role
of Ca%* binding proteins. As a whole Ca?" STP of B. taurus shows highest
similarity with that of H. sapiens among all. As Ca?t STP of H. sapiens, R.
norvegicus and M. musculus are identical, we get similar modules for these
three species. Table 3.4 gives data about modules present in Ca?t STP of
these 7 different species. Analysis of these modules obtained from different
species lead us to a conclusion that H. sapiens, R. norvegicus and M. mus-
culus have highly developed Ca®* signaling mechanisms, B. taurus and S.
scrofa lie as intermediates. But that of C. familiaris and P. troglodytes is

very much under developed [2].

Table 3.4: Modules obtained from Ca?** STP of different species

hsa,rno,mmu bta ssc cfa ptr
name nodes name nodes name nodes name nodes name nodes
(C00076)2 29 (C00076)2 13 (C00076)2 9 (C00076)2 5 (C00076)2 1
CALML6 08 C01245 10 CHRM1 2 GNAS 3 469986 3
(C00076)1 07 CALM2 5 (C00076)1 2 PTGER3 2
C01245 10 CD38 4
GNAS1 5

This table contains information about modules obtained from Ca2t STP of H. sapiens (human), R.
norvegicus (rat), M. musculus (mouse), B. taurus (cow), S. scrofa (pig), C. familiaris (dog)and P.
troglodytes (chimpanzee).

3.3.7 Modularization of Wnt STP

Human Wnt STP (Figure 2.4) contains 60 nodes crisscrossed among them-
selves by 70 relations. Here, a discussion is pursued to find the ideal c-value
for partitioning the human Wnt STP. We found varied number of modules
for different c-values [1-13], ¢ being an integer. The set of modules obtained
for ¢ = 13 remains unaltered for further higher values of c. While scrutinizing
the modules, we concisely tried to shrink this range of c-value to get an ideal
single value of c¢. Detailed description about the modules is given in Table

3.5.
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Table 3.5: List of modules obtained from human Wnt STP for different c-
values

Module Name c
LEF1
CTNNB1
(DVL1)1
(DVL1)2
WNT16
AXIN1
PLCB1
RHOA
(FZD10)1
GSK3B
PSEN1
MAP3K7
Tpb3
(FZD10)2
RAC1
(FZD10)3
DKK1
APC2
CHP
VANGL2
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This table contains information about the modules obtained from human Wnt STP for different c-values.
The first column contains the names of the modules while the remaining columns provide number of nodes
present in those modules for all the considered c-values [1-13]. For c-values of 7 and 8, 9, 10 and 11, and
12 and 13, there is no change in the number of modules as well as their size and topology.

Modules LEF1, PLCB1 and Tp53

Modularization starts with the node having maximum relations in human
Wnt STP, i.e., LEF1. For ¢ = 1, module LEF'1 is made up of 11 nodes,
that roughly includes the nuclear part of the canonical Wnt STP. This initial
module is devoid of NEMO-Like Kinase (NLK), a target of TAK1 (a MAP
kinase kinase kinase), and the biomolecules that are related to LEF1. For
¢ = 1, module LEF1 cannot be explained from biological significance point
of view. So, c-value of 1 cannot be considered as ideal. The module size
increases to 14 for ¢ = 2 and remains stagnant up to c-value of 11. For ¢
= 12 and 13, LEF'1 contains 51 nodes, including the whole canonical and
planar call polarity STPs. Such a big module is difficult to validate. So,
modules for ¢ = 12 and 13 cannot be considered as ideal. Hence, the ideal
c-value should range in [2-11].

Modules PLC B1 contains 3 nodes for ¢ = 1 and then remains unchanged
in size (7 nodes) for the rest of the c-values (2-13). It represents the Wnt /Ca™
STP, that leads to release of intracellular Ca?* ions, via G-proteins. Module

Tp53 (2 nodes) remains unaltered for all the c-values (1-13).
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Module CTNNB1 and (DVL1)1

The module CT'N N B1 starts with CTNNB1 molecule and its 5 neighboring
nodes. This module’s size increases up to the c-value of 6, as given in Table
3.5. For ¢ = 7 and 8, the module’s size (14 nodes) remained the same. Similar
is the case for ¢ = 9, 10 and 11, where it’s size increases to 37 nodes. For ¢
= 13, it merges with another module creating another bigger module. Such
large modules are unwanted as it becomes tricky to establish their biological
significance. So the ideal range for c-value shrinks to [2-8].

Module (DV L)1 is a part of the canonical Wnt STP, which is present
in the protein phosphatase 2 protein scaffold. Its size varies from 4 to 26
nodes with c-value in [1-8]. For c-values higher than 8, this module merges
with some other module resulting in a large module (Table 3.5). In fact, for
c-values of 6, 7 and 8, module (DV L)1, becomes large which is not desirable.

So, we restrict the c-value to be in [2-5].

Module (DVL1)2, AXIN1 and WNT16

Module (DV L1)2 presents the planar cell polarity pathway. The module
starts with 2 nodes (¢ = 1) and increases up to 10 nodes (¢ = 3, 4 and 5) as
given in Table 3.5. A higher value of ¢, compels this subpathway to merge
with the canonical Wnt STP. We made a conscious effort not to mix the
three subpathways of Wnt STP while creating the modules. So, the range
for ideal c-value should lie in [2-5].

Module AXINT1 is also a part of the canonical Wnt STP (the protein
scaffold region). Its size (4 nodes) remains unaltered for ¢ = 1, 2 and 3. For
¢ = 4 and b, its size decreases to 3 nodes, a rare case where the size decreases
with increase in c-value. However, this fact does not help in finding the ideal
c-value.

Module W NT16 comprises the starting ligand-receptor binding steps of
the canonical Wnt STP. For ¢ = 5, this module is not present. So, the ideal
c-value must be either 2 or 3 or 4. For c-value of 4, the size of module
AXINT1 decreases from 4 nodes to 3 nodes, while more members are present

in reality in this process. Hence, the ideal c-value should be 2 or 3. For ¢ =
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2, the problem of over-splitting arises with 11 small modules. So the ideal

c-value is 3 for partitioning the human Wnt STP.

3.3.8 The best set of modules of Wnt STP

The human Wnt STP is modularized into 8 modules for ¢ = 3 [3]. The

separate modules can be seen in Figure 3.12.

1. The canonical STP around cell membrane is included in module W NT'16.

2. The steps of the canonical Wnt STP taking place around the PP2AC
protein scaffold is divided into modules (DV L1)1, AXIN1 and CTNN B1.

3. The part of canonical Wnt STP around and inside nucleus is enclosed
in module LEF'1.

4. Module (DV L1)2 represents the planar cell polarity pathway.
5. Module PLCB1 corresponds to the Wnt/Ca?" pathway.

6. We could not associate any biological significance to the very small
module T'p53.

3.3.9 Module conservation among Wnt STPs of 31 species

Here, we have compared modules of Wnt STPs of 31 different species (aag,
aga, ame, api, bfo, bmy, bta, cbr, cel, cin, cfa, dan, dme, dpo, dre, ecb, gga,
hsa, mcc, mdo, mmu, nve, oaa, ptr, rno, ssc, spu, tad, tca, xla and xtr).
Module details are given in Table 3.6. Comparison of the modules brought
forward functional conservation among the taken species. Modules Wnt and
[-catenin are found to be conserved in 9 species (hsa, mmu, rno, bta, cfa,
ptr, mecc, mdo and gga). Module TC'F' is conserved in 5 species (hsa, mmu,
rno, bta and cfa). Module T'p53 is conserved in 12 species (hsa, mmu, rno,
bta, cfa, ptr, mcc, gga, dre, xla, xtr and ecb). Module (DV L)2 is conserved
in 11 species (hsa, mmu, rno, bta, cfa, ptr, mdo, gga, dre, spu and dme) and

module PLC' is the most conserved module, being present in a maximum
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Figure 3.12: Modules of human Wnt STP for ¢ = 3

The pathway is divided into 8 modules after modularization. The cell membrane potion of the canonical
Wnt STP is included in module W NT16. The steps of the canonical Wnt STP taking place around the
PP2AC protein scaffold is divided into modules (DV L1)1, AXIN1 and CT NN B1. The part of canonical
Wnt STP around and inside nucleus is enclosed in module LEF1. Module (DV L1)2 is made up of the
planar cell polarity pathway. Module PLC' B1 comprises of the VVnt/Ca2+ pathway. We cannot associate
any biological significance to the very small T'p53 module.

number of 17 species (hsa, mmu, rno, bta, cfa, ptr, mcc, mdo, gga, dre, xla,

spu, xtr, dme, ecb, nve and ame) [3].

3.4 Conclusive remarks

We have presented here a novel partitioning algorithm, called Modularization
algorithm. Modularization algorithm is dedicated towards finding biologi-

cally significant modules from signal transduction networks. The algorithm
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has successfully identified functional modules from MAPK, Ca?* and Wnt
STPs by centralizing the mostly connected nodes. Some significant mod-
ules have been obtained from the human MAPK STP for c-value of 3. The
comparative study of MAPK STPs among the taken 7 species have shown
gradual development of the pathway from P. troglodytes to H. sapiens via
S. scrofa, P. troglodytes, B. taurus and R. norvegicus. We have successfully
conferred biological significance to the modules obtained from human Ca?*
STP for complexity level (c-value) of 3. The comparative study indicates
gradual increase in development of Ca?™ STPs starting from P. troglodytes
to H. sapiens via C. familiaris, S. scrofa, B. taurus, M. musculus and R.
norvegicus. Eight modules have been obtained from the human Wnt STP
for ¢ = 3. Modules of 31 species-specific Wnt STPs have been compared to
find conservation among them for the same c-value. Module PLC' has been
found to be the most conserved module, being present in a maximum number
of 17 species.

When a pathway is difficult to analyze as a whole in certain species, or
certain module(s) of it is(are) only functional for a set of species, modular-
ized study is quite helpful. The algorithm does not require any predefined
cut-size like the graph partitioning techniques. Unlike community finding al-
gorithms, it creates modules even if there is no naturally existing partitions
in a biological network. It can also be applied to other kinds of biochemical
pathways with appropriate modifications, if needed.

Moreover, a signal transduction pathway can be perceived as a black box
operating with many layers, where the input and output of each layer is
known through laboratory experiments. But what exactly happens inside
the black box and the way these layers co-ordinate among themselves is dif-
ficult to grasp. Probably the task will be easier if we try to understand the
mechanism of the black box layer by layer and try to trace a particular input
through various layers of the black box till we reach the output. Here our
created modules are equivalent to layers of the black box. Now it may hap-
pen that a particular input may or may not be involved with all the nodes
of intermediate layers of the black box. Likewise, in a signal transduction

pathway, the input signal may not involve all the nodes present in all the
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modules. These ideas may lead to a better design of an artificial system that
can successfully mimic biological pathways. Performance of the Modulariza-
tion algorithm in comparison with some traditional graph partitioning and

community finding algorithms will be discussed in Chapter 4.
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Chapter 4

Comparison of Some

Partitioning Algorithms
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4.1 Introduction

In the last Chapter, we have developed an algorithm for modularization of a
signal transduction pathway. The present Chapter will describe an extensive
comparative analysis of the Modularization algorithm with some existing
traditional partitioning algorithms. For this comparative analysis, we have
considered human Wnt STP. The comparison will be made using functional
enrichment scores described in Section 4.4.

There exist various approaches for partitioning networks/pathways. They
include hierarchical clustering techniques [176-178], graph partitioning tech-
niques [179,180], community finding algorithms [186-188,212,217,224, 226],
block modeling methods [181], differential equation based methods [182]
and cartographic representations [183]. Among them, approaches based on
graph partitioning [179, 180, 185] and community structure detection meth-
ods [186-188] are popular. Algorithms based on these two concepts have been
vastly used to divide, study and analyze networks. Some of these methods
have also been applied to biological networks. Here, we have considered a
few graph partitioning and a community finding algorithms for comparison.

Newman et al. have proposed a series of algorithms [186-188, 212,217,
224,226] to find communities in various kinds of networks. These algorithms
optimize a network’s divisions based on the properties of the network itself.
We have compared our method with a community finding algorithm of New-
man [187], which has already been applied to metabolic pathways along with
other kinds of networks. Newman’s algorithm optimizes a quality function
known as “modularity” over possible divisions of a given network. Modu-
larity score is directly dependent on the network architecture in terms of
adjacency matrix and eigenvalues of a symmetric matrix calculated from the
adjacency matrix. Positive value of modularity indicates possible presence
of modules in a network. One important aspect of the algorithm is that
it refuses to divide a network if no good division exists. In other words, a
negative value of modularity indicates no possible division of the given net-
work. Throughout this chapter we have referred this algorithm as Newman’s

community finding algorithm.
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In this Chapter, we have compared performance of five partitioning algo-
rithms including our proposed modularization algorithm for creating modules
from human Wnt STP (Figure 2.4). For this purpose, we have formulated a
scoring method based of Gene Ontology (GO) [328] attributes. The scoring
method emphasizes on goodness of attributes rather than number of valid
attributes. An attribute is a GO term that emphasizes particular charac-
teristics of a gene, i.e., process, position inside cell and function. We have
used the Biological Networks Gene Ontology tool (BINGO) [329] for com-
paring performance among Greedy [247], Farhat’s [248], Modularization [1],
Newman’s community finding [187] and Kernighan-Lin’s [249] algorithms for
partitioning the human Wnt STP. Implementation of these algorithms has
been done in C and Matlab (Version 7.0.4).

4.2 Human Wnt STP

The Wnt STP is an ancient and evolutionarily conserved pathway. As de-
scribed earlier, Wnt molecules are secreted cysteine-rich, lipid-modified gly-
coproteins. They bind to FZD receptors along with co-receptor LRPs and
initiate the downstream steps, those altogether are known as Wnt STP [29].
They comprise a large family of nineteen proteins in humans hinting to a
daunting complexity of signaling regulation, function and biological out-
put [330]. Wnt STP proceeds through three separate generalized pathways,
namely, the 3-catenin, Ca?* and planar cell polarity pathways. Wnt STPs
are involved in regulation of cell fate determination, proliferation, differen-
tiation, migration, apoptosis [304, 305] and regulation of bone mass [306]
among others. It enables cells to influence behavior of their neighboring cells
during embryonal development [30,111,307]. In matured organisms, Wnts
are implicated in maintaining stem cell-like fates in the intestinal epithe-
lium [308], skin [309] and hematopoietic cells [310]. In Chapter 2, the Wnt
STP is described in detail.

Human Wnt STP (Figure 2.4) contains 80 nodes in total, as given in
the KEGG database [167]. Each node corresponds to a biomolecule taking

part in the overall process of the pathway. The connected component of the
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pathway is found to be a network of 60 nodes crisscrossed among themselves
by 70 relations. Each of these relations depict association among two of the

aforementioned biomolecules. This connected component is used as data.

4.3 Algorithms

We have used the Biological Networks Gene Ontology tool (BINGO) [329]
for comparing performance among Modularization [1], Newman’s community
finding [187], Greedy [247], Farhat’s [248], and Kernighan-Lin’s [249] algo-
rithms. Implementation of these algorithms is done in C and Matlab (Version
7.0.4). A description of the Modularization algorithm with its pseudocode
is already furnished in Chapter 3. Brief descriptions of the remaining algo-

rithms along with their pseudocodes are provided in upcoming subsections.

4.3.1 Newman’s community finding algorithm

Newman’s community finding algorithm [187] is based on the fact that “a
good division of a network into communities is not merely one in which there
are few edges between communities; it is one in which there are fewer than
expected edges between communities”. It optimizes a quality function known
as modularity over the possible divisions of a network. Newman showed that
modularity can be expressed in terms of the eigenvectors of the characteristic
matrix of a network, known as the ‘modularity matrix’. Based on this matrix,
Newman’s community finding algorithm generates results of demonstrably

higher quality in shorter running times.

4.3.2 Greedy algorithm

Greedy algorithm [247] tries to minimize the cut-size'. It chooses one starting
vertex first. Then the next vertex that increases the cut-size by the least
amount gets added while growing the partition. The procedure continues

till the partition is big enough to permit creation of user defined number of

In graph theory, a cut is a partition of the vertices of a graph into two disjoint subsets.
Hence cut-size is the number of edges ignored to create a partition.
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2 Pseudo code for Newman’s Community Finding Algorithm

STEP 1:

Construct Modularity Matrix
Find leading eigenvalue and corresponding eigenvector of the matrix
Divide the network into two partitions according to the signs of the ele-
ments of this vector
repeat

STEP 1 for each of the partition
until The proposed split makes zero or negative contribution to the total
modularity

partitions. Here, a user has to predefine the number of partitions wanted
from the network. Then the whole process gets repeated on the rest part of

the graph to create further partitions.

3 Pseudo code for Greedy Algorithm
Unmark all vertices
Choose a pseudo-peripheral vertex, mark it and add it to current partition
FOR the desired number of partitions DO
repeat
Among all the unmarked vertices adjacent to the current partition,
choose the one with least number of unmarked neighbors
Mark it and add it to the current partition
until the current partition is big enough
IF there are unmarked vertices left THEN
Choose the one adjacent to the current partition with least number of
unmarked neighbors as starting vertex for next partition

4.3.3 Farhat’s algorithm

Farhat’s algorithm [248] chooses the starting vertices of each partition in a
greedy way. In comparison with greedy algorithm, it is fast and avoids recur-
sive bisection. It is also able to divide a network into any number of partitions
when the desired number of partition is not a power of 2. But, quality of the
partitions (measured in terms of cut-size) is sometimes questionable. Also

the algorithm tends to be sensitive to the choice of the starting vertex.
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4 Pseudo code for Farhat’s Algorithm
Unmark all vertices
FOR the desired number of partitions DO
Among all the vertices chosen for the last partition, choose the one with the
smallest non-zero number of unmarked neighbors, mark all these neighbors
and add them to current partition (Pseudo-peripheral vertex is taken as
starting vertex)
repeat
FOR each vertex v in the current partition DO
FOR each unmarked neighbor x of v DO
Add z to the current partition
Mark z
until the current partition is big enough

4.3.4 Kernighan-Lin’s algorithm

Kernighan-Lin’s algorithm [249] is one of the earliest graph partitioning algo-
rithms. It takes random partitions of a network as input. Then the algorithm
improves the partitions iteratively by minimizing the edge cut-size. It first
calculates the gain in the reduction of edge-cut for each vertex when it is
moved from one partition of the graph to the other. Then it moves the un-
locked vertex which has the highest gain, from the partition in surplus to the
partition in deficit. This vertex is then locked and the gains are updated.
This procedure is repeated till all the vertices are locked, even if the highest
gain may be negative. The last few moves that had negative gains are then
undone and the bisection is reverted to the one with the smallest edge-cut
so far. The process continues iteratively and terminates finally, when any
reduction cannot be achieved in the edge-cut. It is a local optimization algo-
rithm, with a limited capability for getting out of local minima by the way
of allowing moves with negative gain. It delivers reasonable results for small
networks. But, it is quite inefficient for large networks. This drawback limits

the algorithm’s applicability towards large biological networks.
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5 Pseudo code for Kernighan-Lin’s algorithm
Given two sub-partitions
Compute the difference value all vertices
Unmark all the vertices
Take a random initial cut-size
Among all unmarked vertices, find the pair of nodes with the biggest gain
(which might be negative)
Mark the nodes
Update difference value as if the nodes had been swapped
Find the number (j) for which the next cut-size will be the minimum of
initial cut-size
Swap the first j node pairs
Continue until no further cut-size improvement can be achieved

4.4 Scoring Method

BINGO [329] is an open source java tool to determine the Gene Ontology
(GO) terms that are significantly over-represented in a set of genes. GO [328]
is a public consortium of databases that provides a controlled vocabulary of
terms aiming at a gene’s or a cluster of genes’ biological annotations. It
consists of three hierarchically structured sets of vocabularies that describe
gene products in terms of their associated ‘Biological Process (BP)’, ‘Molec-
ular Function (MF)" and ‘Cellular Component (CC)’ information; ‘Go Full
(GF)’ being the superset of these sets. BINGO runs as a plug-in to Cy-
toscape [331] and retrieves the relevant GO annotations and propagates them
upward through the GO hierarchy, i.e., any gene annotated to a certain GO
category is also explicitly included in all parental categories. It tries to an-
swer the basic question, “While sampling X genes (test set) out of N genes
(reference set), what is the probability that x or more of these genes be-
long to a functional category C shared by n of the N genes in the reference
set?” Hypergeometric test answers this question in the form of a P-value.
P-values depict a created partition’s capability to lie in one category of bio-
logical function. If a particular partition created by a partitioning algorithm
returns more number of valid GO terms with lower P-values than the others,

the algorithm is believed as a better algorithm for creating partitions. Based
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on this assumption, we have designed the ‘valid attribute score’ [5].

Valid attribute-wise analysis takes into consideration the number of valid
GO attributes that the algorithm in consideration gets as result from a query
with respect to a background database. Here, we have considered GO at-
tributes obtained with P-value of the order of 107 or smaller as valid. The
threshold P-value is fixed in such a manner that some valid attributes from
majority of the partitions can be collected. Counting the number of valid
attributes that a partition is found to be associated with, is a well estab-
lished way of determining the biological validity of that partition. Many
clustering algorithms follow it as a comparative measure to establish their
superiority among the others [332]. Here, we have considered three back-
ground databases, namely ‘BP’, ‘CC’ and ‘GF".

P-values provide a good indication about the prominence of a certain
functional category. But, no index of validity exists among the valid GO
terms with lower P-values. Are they all equally valid or some of them are
more valid than the others? Does such an index effect comparative results?
By devising a validity index (‘functional enrichment score’), we have show-
cased the change in results. Functional enrichment score-wise analysis takes
into account functional enrichment scores of a set of partitioning algorithms.
The functional enrichment score Sy of an algorithm A is defined as the mean

of enrichment scores of the partitions it has created, and is given by
1
Sy = ];Z Sp, (4.1)
i=1

where p is the number of partitions obtained by algorithm A. In turn the
enrichment score Sp, of a partition F; is the average of the individual enrich-
ment scores (Sz,,;s) of associated individual (%) attributes (T};s). Thus Sp,

is given by
1 q
Sp=-Y_Sr, (4.2)
9=

where ¢ is the number of attributes in partition P;. Enrichment score St

86



of an individual attribute T;; is calculated by comparing the performance
of algorithm A with the performance of a background database in detecting
over-expressed gene categories associated with the attribute Tj;. St,, depicts
the efficiency of the partitioning algorithm in placing nodes having a common
attribute in a partition with respect to a background database. Let x be the
number of nodes associated with an attribute 7;;, which lies in a partition
P;, and X (> z) be the number of nodes present in partition P;. Then
x/X is the ability of an algorithm for placing nodes in a partition that are
associated with attribute T;;. Let y be the number of nodes associated with
an attribute 7;; in a background database, and Y (> y) be the number
of attributes in that database. Then y/Y is the ability of the background

database to associate genes to attribute 7;j;. Thus S7;; may be defined as

Ty
St,. = <y (4.3)
Higher the value of S4, better is the algorithm for creating significant parti-
tions.

In other words, we have taken the ratio of the performance of an algorithm
with respect to the performance of a background database in assigning an
attribute to a partition. Functional enrichment score is a measure to quantify
the level of performance of an algorithm in creating biologically significant
partitions. While comparing a few algorithms, higher the value of S, better
is the algorithm for creating significant partitions. We have created three sets
of enrichment scores, corresponding to three background databases, for each
algorithm (Modularization, Newman’s community finding, Greedy, Farhat’s

and Kernighan-Lin’s) to get a better comparison.

4.5 Results

The best set of partitions created by each of the aforementioned algorithms
are needed for the purpose of comparison. Hence, multiple sets of partitions

are obtained by Modularization, Greedy and Farhat’s algorithms. Every
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individual set of partitions is evaluated by calculating their average functional
enrichment score of associated valid attributes. The set of partitions having
the highest functional enrichment score is deemed the best and used for
comparison. Partitions obtained by the modularization algorithm (Figure
4.1) from human Wnt STP are already described in Chapter 3. Partitions of

the rest algorithms are described here.

Figure 4.1: 8 partitions made by the Modularization algorithm
P: partition, P1: pink circles, P2: yellow round rectangles, P3: sulphate parallelograms, P4: green
diamonds, P5: violet hexagons, P6: white circles, P7: dark green triangles and P8: blue octagons.

4.5.1 Partitions obtained by Newman’s community find-
ing algorithm

Newman’s community finding algorithm [187] has created 8 partitions from

human Wnt STP for modularity (Q) value of 0.6599 and AQ value of 1.0470e 7.

AQ is the user specified threshold to create partitions. A negative or zero AQ)

value prompts Newman’s community finding algorithm to stop creating par-
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titions as it does not improve the value of modularity (@)). Thus, the limiting
condition for the algorithm to continue partitioning is AQ > 0. However,
we have found that the algorithm is unable to converge for a very small AQ
value of 1.0470x 10718, Hence, we have adjusted the threshold accordingly at
a higher value of 1.0470ex 10717, The partitioned human Wnt STP is shown
in Figure 4.2. The node details are given in Table 4.1. Partition 1 represents
the planar cell polarity pathway, partition 2 comprises ligands of the canon-
ical Wnt STP; partition 3 is a singleton partition comprising node DKKI;
partition 4 represents the isolated relation between STAH1 and Tp53, parti-
tion 5 is the Wnt/Ca?" pathway; partition 6 embodies the part of canonical
Wnt STP inside nucleus at gene level (LEF1 and its target genes, of which
maximum double as proto-oncogenes), and partitions 7 and 8 includes steps
of the canonical Wnt STP taking place around the PP2AC protein scaffold.
When partitions obtained by Newman’s community finding algorithm are
compared with modules obtained by modularization algorithm, partition 1 is
found to be the same as module 5, partitions 2 and 3 are subsets of module
4, partition 5 is the same as module 7, partition 6 is the same as module 1,

partitions 7 and 8 are divided into modules 2, 3 and 6.

4.5.2 Partitions obtained by Greedy algorithm

A set of 9 partitions obtained by Greedy algorithm [247] has resulted in the
highest average functional enrichment score. So, we have considered this
set of partitions as the best set of partitions obtained by Greedy algorithm.
The created partitions are shown in Figure 4.3 and the node details are
given in Table 4.1. Partition 1 involves the mechanism in (-catenin binding
complex. But many members like PPP2CA and CSNKI1E do not lie in this
partition. Ideally they should be in this partition as functionally they are
part of the binding complex. Partition 2 is centered on DVL1 gene and its
regulators and inhibitors. Wnts bind with FZD along with co-regulation of
LRPs. So ideally both LRP6 and DKK1 should lie in this partition, which
is not the case. Partition 3 is made up of some planar cell polarity pathway

members. Other members of this subpathway are found to lie in 3 different
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Figure 4.2: 8 partitions made by Newman’s community finding algorithm
P: partition, P1: pink circles, P2: yellow round rectangles, P3: sulphate parallelograms, P4: green
diamonds, P5: violet hexagons, P6: white circles, P7: dark green triangles and P8: blue octagons.

partitions indicating oversplitting of the network. Partition 4 is the weakest
candidate to be considered as a module, as all of its nodes are randomly
scattered in nucleus and cytoplasm. Partition 5 is effectively a cluster of
genes, transcription factors, regulators and suppressors related to LEF1 that
have implications towards oncological developments in humans in abnormal
cases. But, some nodes like MAP3K7, CREBBP, CTBP1, FOSL1 are absent
in this module. They are found to be members of Partition 6. Members
of partition 7 are scattered all over the network and hence, the partition is
associated with a little significance. Partition 8 is composed of the initiating
steps of canonical Wnt STP, which starts with binding of stimulated Wnt
ligand with FZD. Partition 9 is constituted by the members of Wnt/Ca?*
STP, except a few like RHOA, ROCK1 and MAPK37 that ideally should lie

in other partitions.
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Figure 4.3: 9 partitions made by Greedy algorithm
P: partition, P1: pink circles, P2: yellow round rectangles, P3: sulphate parallelograms, P4: green
diamonds, P5: violet hexagons, P6: white circles, P7: dark green triangles, P8: blue octagons and P9:
orange rectangles.

4.5.3 Partitions obtained by Farhat’s algorithm

A set of 11 partitions obtained by Farhat’s algorithm [248] has resulted in
the highest average functional enrichment score. So, we have considered this
set of partitions as the best set of partitions. The partitions are shown in
Figure 4.4 and node details are given in Table 4.1. Partition 1 depicts the (-
catenin binding complex, but many nodes are missing. Partition 2 comprises
some remaining nodes of the J-catenin binding complex. Partition 3 shows
the initiating steps of canonical Wnt STP including LRP6. But, LRP should
not be included in this partition as it regulates FZD and FZD is not a node of
this module. Partitions 4, 6, 7 and 10 do not carry any biological significance,
as they contain scattered nodes. Partition 5 depicts the activities of Wnt STP
inside nucleus, yet the main node LEF1 is missing. Partition 8 is unbalanced

due to its lack of functional connectedness. It contains some members of the
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planar cell polarity pathway along with some from the canonical Wnt STP.
Such kind of modules display poor structural integrity. Part of the planar
cell polarity pathway lies in partition 9, but not all. The whole Wnt/Ca?*
pathway comes under partition 11, but on the other hand, it also contains 2
nodes of the canonical Wnt STP. Altogether, except partitions 4, 6, 7 and
10, the rest modules are nearer to being ideal modules. But the algorithm
needs many improvements before it can be considered as a good partitioning

algorithm for biological networks.
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Figure 4.4: 11 partitions made by Farhat’s algorithm
P: partition, P1: pink circles, P2: yellow round rectangles, P3: sulphate parallelograms, P4: green
diamonds, P5: violet hexagons, P6: white circles, P7: dark green triangles, P8: blue octagons, P9: orange
rectangles, P10: red octagons and P11: mauve diamonds.

4.5.4 Partitions obtained by Kernighan-Lin’s algorithm

Here, we have used partitions obtained by greedy algorithm as input for
Kernighan-Lin’s algorithm [249]. Two partitions obtained from human Wnt
STP by Kernighan-Lin’s algorithm are shown in Figure 4.5, and the node
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details are given in Table 4.1. Partition 1 contains some of the cell bound-
ary members of canonical Wnt STP, the planar cell polarity pathway and
Wnt/Ca?t pathway. Partition 2 includes the B-catenin binding complex,
and its down stream signal carriers that carry signal to the nucleus as well

as to the pre-onco-complex components inside nucleus.

Figure 4.5: 2 partitions made by Kernighan-Lin’s algorithm

P: partition, P1: pink circles and P2: violet hexagons.

When combined with other algorithms, Kernighan-Lin’s algorithm may
improve the original result. Here, initial partitions created by Greedy algo-
rithm had a cut-size of 8 that got improved to 4 by this algorithm. But,
the resulting partitions are huge. FOSL1 and JUN are nodes of partition 1,
but ideally they should be in partition 2. It is not clear why the algorithm
includes the disconnected edge between P53 and STAH1 to partition 1.

However, we have compared the best set of modules obtained by the afore-

mentioned algorithms by considering their association with GO attributes.
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4.5.5 Using attributes

Here, the total number of valid attributes associated with the partitions
obtained by an algorithm is taken as a measure of the partition’s performance.
Their overall performance is demonstrated in Figure 4.6. It shows that the
Newman’s community finding algorithm’s partitions are returning maximum
number of valid attributes (241, 25 and 343) with respect to all the three
background databases namely ‘BP’, ‘CC’ and ‘GF’ followed by Kernighan-
Lin’s algorithm (65, 12 and 106). The next better performance is that of
Modularization algorithm (37, 9 and 60) followed by Farhat’s algorithm (31,
2 and 47). Greedy algorithm returns the least number of attributes (25, 3
and 39) among all. Newman'’s algorithm is appeared to be the best algorithm
for creating partitions as they are found to be associated with the highest
number of valid attributes [5]. Additional tables in support of this result are
listed in Appendix.

But, a count of the valid attributes is not always enough. A deeper level
study, as described in Figure 4.7, made us aware that small subsets of a large
partition can be associated with many attributes. A large partition ensures
presence of many subsets in it, which are associated with GO attributes;
some of them being unique. Thus the corresponding P-values will be lower
and they will be considered as valid. But only validity of an attribute is not
sufficient for defining goodness of a module. Ideally, a valid attribute must be
given more preference if it is associated with more number of nodes present
in a partition than another one associated with less number of nodes in the
same partition. In other words, we need to know the number of attributes
that actually show some goodness (associated with more number of nodes) in
justifying a partition. Hence, a functional enrichment score system has been
defined to give weightage to valid attributes according to their goodness of

performance.

4.5.6 Using Functional enrichment score

Functional enrichment score (S4) depicts the efficiency of a partitioning al-

gorithm in placing genes (having a common attribute) in a partition with
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Figure 4.6: Comparison based on valid attribute score
BP- Biological Process, CC- Cellular Component, GF- GO Full, M- Modularization algorithm, N- New-
man’s algorithm, G- Greedy algorithm, F- Farhat’s algorithm and K- Kernighan-Lin’s algorithm.

respect to a background database. Higher the value of the score, better is
the algorithm for creating partitions. The average enrichment scores (Sy4s)
(Equation 4.1) of the different algorithms are shown in Figure 4.8. The figure
depicted that the Modularization algorithm has performed the best among
all the algorithms considered here. The algorithm has created partitions with
average functional enrichment score of 163, 258, 274 approximately with re-
spect to ‘BP’, ‘CC’ and ‘GF’ as background databases. Kernighan-Lin’s
algorithm has created partitions with the least average functional enrich-
ment score preceded by Newman’s algorithm. But, both the algorithms have
created partitions for which many number of valid attributes are found to

be associated (Figure 4.6). Hence, only counting valid attributes associated
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Figure 4.7: Methods of Algorithm Comparison
(CASE A) Comparison based on valid attribute score shows that algorithm X seems to be better than
algorithm Y in creating partitions as the partitions are associated with more number of valid attributes.
(CASE B) Comparison based on functional enrichment score of valid attributes shows that algorithm Y
is better than algorithm X in creating partitions as the partitions are associated with some attributes,
those have high association index (associated with more number of nodes in the partitions). Functional
enrichment score is denoted as FE_Score .

with a partition is not a proper measure to deem that partition as good.
Among the valid attributes, an association index must be established that
can reflect goodness of a valid attribute. Functional enrichment scores reflect
such an association index. Among Greedy and Farhat’s algorithms, Greedy
performed better for the background databases ‘CC” and ‘GF’, while Farhat’s
algorithm created partitions that are found to be associated with more at-
tributes of ‘BP’ database [5]. Additional tables in support of this result are
listed in Appendix.
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Figure 4.8: Comparison based on functional enrichment score of valid at-

tributes
BP- Biological Process, CC- Cellular Component, GF- GO Full, M- Modularization algorithm, N- New-
man’s algorithm, G- Greedy algorithm, F- Farhat’s algorithm and K- Kernighan-Lin’s algorithm.

4.6 Conclusive remarks

In this Chapter, we have done a comparative analysis among five different
partitioning algorithms. Three of them follow graph partitioning techniques
while the rest two follow community finding and modularization techniques
respectively. The partitions generated by these algorithms have been vali-
dated by comparing the level of extent to which they could associate to GO
terms. A new GO attribute based score (Functional enrichment score) has
been designed for validating these modules. The score establishes a valid-

ity index among GO attributes. It can be extended for performance mea-

98



surement of any kind of partitions/clusters/modules created from biological
networks with existing ontology knowledge. Superior performance of the
Modularization algorithm in comparison with some traditional graph parti-
tioning and community finding algorithms has been reflected in this chapter.
Modularization algorithm is a better algorithm to create modules from hu-
man Wnt STP than Greedy, Farhat’s and Kernighan-Lin’s graph partitioning
algorithms, and Newman’s community finding algorithm. A real life appli-
cation of the modularization algorithm will be described in Chapter 5 by

deriving a phylogenetic tree from the modules of species-specific Wnt STPs.
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Chapter 5

Deriving Phylogenetic Trees

from Modules
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5.1 Introduction

As described earlier, a Signal Transduction Pathway (STP) includes a set
of biomolecules. These biomolecules operate in a synchronous manner to
create a cascade of reactions, ultimately generating a response to stimuli n
viwo. Wnt STP is one of them. Wnt molecules are secreted cysteine-rich,
lipid-modified glycoproteins. They bind to Frizzled seven-transmembrane-
spanning receptors (FZDs) along with co-receptor LRPs (Lipoprotein Re-
ceptor related Proteins) and initiate a cascade of reactions, which altogether
form the Wnt STP [29].

The pathway is involved in crucial cellular functions, viz., regulation of
fate determination, proliferation, differentiation, migration and apoptosis of
cells [304, 305]. In matured organisms, Wnts are implicated in maintain-
ing stem cell like fates in the intestinal epithelium [308], skin [309], and
hematopoietic cells [310]. A number of studies has been dedicated to analyze
the specific details of Wnt STPs in a few model organisms [333-335]. On
the contrary, only a few investigations have been initiated to understand how
this pathway itself has evolved [336].

Thus the present study deals with evolution of Wnt STPs. Here, we
have considered Wnt STPs of 48 species (Table 5.1) ranging from placozoans
to humans. The genes/proteins involved in this pathway can be consid-
ered as nodes and the interactions among them as edges. A pathway con-
ceived in such a way is open to a wide range of network analysis techniques.
Network comparison to uncover biological functions and phylogeny [337] is
one of them. Networks derived from biological pathways (gene regulatory,
metabolic, signal transduction, and protein-protein interaction networks) can
be used for phylogenetic studies.

Networks can be compared by their size [338], similarity of the nucleotide
sequences [339], amino acid sequences [340], enzyme sequences [341], and
protein structural classification [342]. Some other ways of alignment are
based on functional similarity of the enzymes [343], substrate-product rela-
tionships [344], proteins [345], and enzyme hierarchy, and gene ontology [346],

chemical structures or compound similarity [347]. Presence of common topo-
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logical structures, i.e., graphlets or sub-networks [348], and presence or ab-
sence of pathways in an entire pathway repertoire [349] can also be utilized
for pathway comparison.

A particular type of information used for pathway comparison can be
termed as “factor”. Similarity or distance scores computed by considering
single and/or sets of related factors are widely used for phylogenetic tree
construction [343]. In addition to such factors, we add another factor named
‘modules’ [1,3]. These factors encapsulate different categories of information
about the pathways. One or all of the known factors can be ideally considered
while creating a tree from a set of biological networks. Creating phylogenetic
trees by considering different combination of factors and then selecting the
best suitable tree is a common practice [350]. While selecting a combination
of factors to create a tree, related factors must be given priority as they bring
forward the complete picture of the dataset. Similarities among these factors,
for a set of species, can be represented as a distance matrix. Phylogenetic
trees can be constructed from such matrices by various existing softwares
and tools [351,352].

In this Chapter, we have created two such phylogenetic trees, viz., the
pathway tree and the module tree, by considering pathway topology and
modules of Wnt STPs respectively. Three datasets corresponding to 48, 29
and 12 species have been considered; the later two sets being subsets of the
former one. These phylogenetic trees represent evolution of the Wnt STP
obtained at pathway and module level respectively. These trees have been
analyzed separately to find out species arrangement with respect to common
taxonomy. Then they have been compared with the NCBI taxonomy tree
and 18S rRNA tree for assessment of their quality in representing evolution
of Wnt STP. Finally, the best tree has been analyzed and associated with
major changes found in Wnt STP evolutionary course. The phylogenetic
trees have been created with MEGA version 4.0.2 [352].
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5.2 Data

Species-specific Wnt STPs in KEGG /Pathway database [167] has been taken
as raw data (Table 5.1). The database uses a unique three letter code for each
species along with their biological and common names (wherever applicable),

viz., ‘hsa’ for H. sapiens (human). These three letter codes have been used

extensively in this chapter.

Table 5.1: List of species and 18S rRNA reference ids

Sl. no. KEGG code Binomial nomenclature Common name 18S rRNA sequence id
01 aag A. aegypti Yellow fever mosquito U65375 [G]

02 aga A. gambiae Mosquito AM157179 [G]

03 ame A. mellifera Honey bee AY703484 [G-P]

04 aml A. melanoleuca Giant Panda GL196163 [G]

05 api A. pisum Pea aphid U27819 [G]

06 bfo B. floridae Florida lancelet M97571 [G]

07 bmy B. malayi Filaria AAQA01003643 [G-S]
08 bta B. taurus Cow NR_036642 [G]

09 cbr C. briggsae - FJ380929 [G]

10 cel C. elegans Nematode EU196001 [G-P]

11 cfa C. familiaris Dog AAEX02007663 [G-S]
12 cin C. intestinalis Sea squirt ABO013017 [G-P]

13 cqu C. quinquefasciatus Southern house mosquito AAWU01013261 [G-S]
14 dan D. ananassae - XR_046314 [G]

15 der D. erecta - XR_046906 [G]

16 dgr D. grimshawi - [S-E]

17 dme D. melanogaster Fruit fly M21017 [G]

18 dmo D. mojavensis - XR-047783 [G]

19 dpe D. persimilis - XR-046906 [G]

20 dpo D. pseudoobscura pseudoobscura - XR-053284 [G]

21 dre D. rerio Zebrafish AC139725 [G-S]

22 dse D. sechellia - XR-048770 [G]

23 dsi D. simulans - AY 037174 [G]

24 dvi D. virilis - XR_049279 [G]

25 dwi D. willistons - XR-049811 [G]

26 dya D. yakuba - XR-050457 [G]

27 ecb E. caballus Horse AJ311673 [G-P]

28 gga G. gallus Chicken M59389 [G]

29 hmg H. magnipapillata - HQ392522 [G-P]

30 hsa H. sapiens Human X03205 [G]

31 isc 1. scapularis Black-legged tick ABJB010180167 [G-S]
32 mcc M. mulatta Rhesus Monkey FJ436026 [G-P]

33 mdo M. domestica Opossum AJ311676 [G-P]

34 mmu M. musculus Mouse X00686 [G]

35 nve N. vectensis Sea anemone AF254382 [G]

36 nvi N. vitripennis Jewel wasp GQ410677 [G-P]

37 oaa O. anatinus Platypus AJ311679 [G-P]

38 phu P. humanus corporis Human body louse FJ267399 [G-P]

39 ptr P. troglodytes Chimpanzee AADA01268803 [G-S]
40 rno R. norvegicus Rat X01117 [G]

41 smm S. mansoni - U65657 [G]

42 spu S. purpuratus Purple sea urchin L28055 [G]

43 ssc S. scrofa Pig AY265350 [G]

44 tad T. adhaerens - 722783 [G]

45 tca T. castaneum Red flour beetle HM156711 [G-P]

46 tgu T. guttata Zebra finch ABQF01063677 [G-S]
47 xla X. laevis African clawed frog X04025 [G]

48 xtr X. tropicalis Western clawed frog AAMC01103672 [G-S]

[Notations in 5" column: G: GenBank accession number (Complete sequence), G-P: GenBank accession
number (Partial Sequence), G-S: GenBank accession number of predicted 18S rRNA sequence as given in

SILVA database [353], S-E: Sequence taken from Stage and Eickbush [354].
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5.2.1 18S rRINNA sequence data

18S rRNA is a component of small eukaryotic ribosomal subunit (40S). 183
rRNA data is widely used in molecular analysis to reconstruct the evolution-
ary history and ancient divergences of organisms due to its slow evolutionary
rate. Here, most of the 185 rRNA sequences have been taken from Gen-
Bank [355] for construction of the 18S rRNA tree. With a simple search
dialogue of “— [organism| AND 18S ribosomal RNA [keyword] NOT (par-
tial)”, the sequence of interest can be extracted easily. If complete sequences
are not available, the “NOT (partial)” dialogue can be omitted and a search
for partial sequences can be done.

We have found 28 complete and 11 partial 18S rRNA nucleotide sequences
for which GenBank accession numbers are listed in Table 5.1. Eight sequences
have been taken from the SILVA comprehensive ribosomal RNA database
(http://www.arb-silva.de/). It is an on-line resource for quality checked and
aligned ribosomal RNA sequence data, which is free for academic use [353].
It provides regularly updated datasets of aligned small (16S/18S, SSU) and
large subunit (235/28S, LSU) rRNA sequences for all three domains of life
(Bacteria, Archaeca and Eukarya). We have taken sequences from the SSU
r106 database whose respective GenBank accession numbers are given in
Table 5.1. 18S rRNA sequence of D. grimshawi has been taken from Stage
and Eickbush, 2007 [354] as it is not available in GenBank and SILVA.

5.3 Methodology

Here we describe the proposed methodology involved in creating phylogenetic
trees from species specific Wnt STPs, taxonomy information from NCBI and
18S rRNA sequences. We have considered two different sets of factors to do
system level evolutionary analysis of species-specific Wnt STPs.

A phylogenetic tree can be divided into a number of clades. A clade is
a group of organisms that includes an ancestor and all descendants of that
ancestor. The whole tree is also a clade as all the taxa are evolutionarily

connected (either closely or distantly) among each other descending from a
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common ancestor. So a clade must be chosen carefully so that it can convey
inter-relatedness among a group of species, if not all the species of the tree.
It is expected that species belonging to the same genus will be placed closer
to each other than species belonging to different genera in the tree while
considering evolution of species in general. Theoretically, the reason being
each genus originating from a family or sub-family of living beings under
different evolutionary pressure, and may be at different evolutionary time
period.

On the other hand, while considering a particular STP’s evolution, e.g.,
Wnt STP of a set of species, deviation from general evolutionary rate can
be expected. It is due to some stress factors like predators [356], habi-
tat [357], rapid [358] as well as normal climate change [359,360] and mode of
survival/allowance (in terms of tolerance, including parasitic [361,362] and
pathogenic [363,364] mode of survival) of the species. Signal transduction
pathways, being dependent on external stimuli for their action and response,
must have been influenced by such factors. Some of these stress factors pre-
sumably map into genetic makeup of a species on the long run, and get
reflected in the general evolutionary rate. However, some of them do not
map into the genetic makeup. Instead, they bring some phenotypic changes,
recognized as plastic component [365] or phenotypic plasticity [366]. Biologi-
cal processes of a species get shaped by genetic makeup as well as phenotypic
plasticity. Hence, the evolution of a biological-process is expected to deviate
from the general evolutionary rate of species which is mainly based on genetic
makeup.

Our aim is to know how much deviated is a phylogenetic tree (constructed
from pathway topology/modules) from the standard evolutionary trees (18S
rRNA and NCBI taxonomy tree). We have designed this work accordingly
to test efficacy of alternative phylogenetic trees (i.e., those based on path-
way topology and module dissimilarity) that can later be used to establish
Wnt evolution. Throughout this manuscript we have used some common
notations while analyzing the phylogenetic trees. The notations are listed
alphabetically in Table 5.2.
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Table 5.2: List of notations used in Figures 5.2 and 5.3

Notation Taxonomical rank Name Notation Taxonomical rank Name

P Phylum - R Order Rodentia

A Phylum Arthropoda Ar Order Artiodactyla
Cn Phylum Cnidaria Pe Order Perissodactyla
N Phylum Nematoda Pr Order Primates

Ch Phylum Chordata Aa Order Anura

E Phylum Echinodermata Di Order Didelmorphia
Pl Phylum Platyhelminthes Cv Order Carnivora

Pz Phylum Placozoa Rh Order Rhabditida

C Class - F Family -

I Class Insecta Dr Family Drosophilidae
Ah Class Arachnida Mu Family Muridae

Av Class Aves Pi Family Pipidae

Am Class Amphibia Cd Family Canidae

Ac Class Actinopterygii U Family Ursidae

M Class Mammalia Cu Family Culicidae

As Class Ascidiacea Ra Family Rhabditidae
L Class Leptocardii G Genus -

S Class Secernentea Do Genus Drosophila

O Order - Ms Genus Mus

D Order Diptera Rt Genus Rattus

Hy Order Hymenoptera X Genus Xenopus

Mo Order Monotremata Ae Genus Aedes

Co Order Coleoptera Cl Genus Culex

Ph Order Phthiraptera Al Genus Anophelinae
He Order Hemiptera Cr Genus Caenorhabditis

5.3.1 Generation of the pathway tree

We have generated the pathway tree based on topological distances among
species-specific pathways. Topological distance Dp(z,y) between two path-

ways of species x and y can be defined as

Dp(x,y) =1— Sp(z,y) (5.1)

where Sp(z,y) € [0, 1] is the topological similarity between the two species-
specific pathways. Sp(z,y) has been calculated by the GRAph ALigner al-
gorithm (GRAAL) designed by Kuchaiev et al. 2010 [337] and implemented
in the GraphCrunch2 software [367]. The algorithm uses topological infor-
mation based on graphlets in order to perform network alignment. Given
two networks, GRAAL finds an embedding of the smaller network into the
larger one such that every node in the smaller network is aligned to exactly
one node in the larger one. It aims at exposing as much topological similar-
ity between the networks as possible. It is a seed-and-extend algorithm that
greedily aligns nodes based on their signature similarities while traversing

both networks simultaneously in a breadth-first manner.
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GRAAL Algorithm [337]

Let us consider two graphs G1(U, FE) and G5(V, F'), where U and V are the
sets of vertices in GG; and G5 respectively, while E and F' are the sets of edges
in GG; and Gy respectively. GRAAL aligns G; and G5 by first computing a
cost matrix C' for aligning each node u in G; with each node v in Gy. The
cost of aligning two nodes takes their signature similarity into account. The

cost C'(u,v) of aligning nodes u and v is computed as

deg(u) + deg(v)

—2_((1-
Clu,v) =2—((1-a)x maz_degGy + maz_degGy

+a x S(u,v))  (5.2)

where a € [0,1] is the parameter that controls the contribution of node de-
grees to the cost function. As established earlier [337], & = 0.8 yields max-
imum similarity scores. Hence, we have taken the default value of o =
0.8 while computing similarities among species-specific Wnt STPs by the
GraphCrunch?2 software [367]. The terms deg(u) and deg(v) are degrees of
nodes u € G1 and v € G respectively, while max_deg(G1) and max_deg(Gs)
are the maximum degrees of the nodes in Gy and G9 respectively. S(u,v) is
the signature similarity score of nodes v and v. Signature similarity of two
nodes is their graphlet degree vector similarity [368].

In the cost matrix C', a cost of 0 corresponds to a pair of topologically
identical nodes v and wu, while a cost close to 2 corresponds to a pair of topo-
logically different nodes. Once the cost matrix is created, GRAAL searches
for an initial seed (u,v), (u,v) representing an edge between u and v, which
has the lowest alignment cost in the matrix C'. After seed formation, GRAAL
builds spheres of all possible radii around nodes u and v in graphs Gy and G5,
respectively. A sphere of radius r around node u in a network G is a set of
nodes which are exactly at the distance r from node u, i. e., Sg, (u,r) = {w €
G: d(u,w) = r}, d(u, w) being the distance between u and w. Spheres of the
same radius in two networks are then greedily aligned together by searching
for the pairs (u’,v") such that v’ € Sg, (u,r) and v € Sg,(v,r), that are not

already aligned but can be aligned with the minimal cost. After this process,
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it is possible for some nodes in both the networks to remain unaligned as
spheres of the same radius in different networks can have different number
of nodes. GRAAL repeats itself by searching for a new seed and aligning the
remaining components of two networks. It stops when each node from G is
aligned to exactly one node in Gj.

Using GRAAL, one can estimate Edge Correctness (EC), Node Correct-
ness (NC) and Interaction Correctness (IC) while aligning two networks.
Edge correctness is the percentage of edges in the first graph that are aligned
to edges in the second graph. High edge correctness means that networks
G, and (G5 share similar topologies. Node correctness is the percentage of
nodes in network (7 that are correctly aligned to nodes in GG5. Interaction
Correctness is the percentage of interactions that are aligned correctly. An
interaction u-w is correctly aligned if two connected nodes u and w from G,
are correctly aligned to their partners in G5, and if their partners interact
in G5. For NC and IC, the users need to know the correct node mappings,
which is not always possible in real life cases. Thus EC measure is deemed
the best way to estimate topological similarity between two networks. Edge
correctness of an alignment ¢g: U — V produced by the algorithm GRAAL

can be defined as

po - M) € B2l Py 653

where g(u) and g(w) are the partners of uand w respectively in F.. We have
calculated EC values among species-specific Wnt STPs. This is nothing but
topological similarities Sp(z, y)s among these pathways as described in Equa-
tion 5.1. Their corresponding distances Dp(z,y)s have been used to create
a distance matrix Dp, which in turn has been used to create a phylogenetic

tree named as the pathway tree.

5.3.2 Generation of the module tree

The module tree has been generated solely based on one-to-one mapping of

members present in modules of different species-specific Wnt STPs. A mod-

108



ule can be defined as a sub-pathway that tends to be self-sufficient by main-

taining minimal dependency on the remaining part of the pathway. Modules

have been created by the ‘modularization algorithm’ already developed in

Chapter 3.

Table 5.3: Pathway size and number of modules of species-specific Wnt STPs
Serial KEGG Binomial Common Pathway Number of
Number code nomenclature name size modules
01 aag A. aegypti Yellow fever mosquito 34 6
02 aga A. gambiae Mosquito 31 6
03 ame A. mellifera Honey bee 38 7
04 aml A. melanoleuca Giant Panda 59 8
05 api A. pisum Pea aphid 32 6
06 bfo B. floridae Florida lancelet 45 7
o7 bmy B. malayi Filaria 34 7
08 bta B. taurus Cow 59 8
09 cbr C. briggsae - 23 3
10 cel C. elegans Nematode 23 3
11 cfa C. familiaris Dog 58 8
12 cin C. intestinalis Sea squirt 42 7
13 cqu C. quinquefasciatus Southern house mosquito 35 7
14 dan D. ananassae - 37 7
15 der D. erecta - 37 7
16 dgr D. grimshawi - 37 7
17 dme D. melanogaster Fruit fly 37 7
18 dmo D. mojavensis - 37 7
19 dpe D. persimilis - 32 5
20 dpo D. pseudoobscura pseudoobscura - 32 6
21 dre D. rerio Zebrafish 59 8
22 dse D. sechellia - 37 7
23 dsi D. simulans - 22 5
24 dvi D. wvirilis - 38 7
25 dwi D. willistoni - 37 7
26 dya D. yakuba - 36 6
27 ech E. caballus Horse 56 8
28 gga G. gallus Chicken 54 8
29 hmg H. magnipapillata - 31 6
30 hsa H. sapiens Human 60 8
31 isc 1. scapularis Black-legged tick 30 6
32 mcc M. mulatta Rhesus Monkey 59 8
33 mdo M. domestica Opossum 55 7
34 mmu M. musculus Mouse 60 8
35 nve N. vectensis Sea anemone 33 6
36 nvi N. vitripennis Jewel wasp 38 7
37 oaa O. anatinus Platypus 47 7
38 phu P. humanus corporis Human body louse 37 7
39 ptr P. troglodytes Chimpanzee 58 8
40 rno R. norvegicus Rat 60 8
41 smm S. mansoni - 25 5
42 spu S. purpuratus Purple sea urchin 41 6
43 ssc S. scrofa Pig 21 4
44 tad T. adhaerens - 23 6
45 tca T. castaneum Red flour beetle 37 7
46 tgu T. guttata Zebra finch 47 7
47 xla X. laevis African clawed frog 51 8
48 xtr X. tropicalis Western clawed frog 57 8

Size of a pathway is given in terms of total number of members present in it.

Number of modules found in a pathway depends on its size and complex-

ity. Hence, varying number of modules can be found for different species-

specific Wnt STPs (Table 5.3). Presence, absence or modification (increase

or decrease due to addition or deletion of nodes) found in modules of a pair

of species-specific pathways represent distance between them. This approach
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has been inspired by the Number of Common Enzymes (NCE) method de-
scribed by Heymans and Singh, 2003 [343]. NCE method detects number of
common enzymes between two pathways and tries to guess similarity based
on that number. Here, rather than considering number of common enzymes,
we have calculated number of common members present in the corresponding
module of two species-specific Wnt STPs. The score has then been normal-
ized by dividing it with the total number of non-redundant members present
in both the species-specific modules. Hence, if the pathway of species x has
my modules and that of species y has my modules, we have obtained a simi-
larity matrix of order m; X my. Each element of the matrix represents simi-
larity score between two different modules belonging to two different species
(Equation 5.5). Let M; be a module of species x, i.e., M; is the set of all
the nodes in the module. Similarly, in a species y, M is a set of nodes that
constitute a module. The score of similarity Sim(M;,Ms) between module

M of species x and module M of species y is defined as

Sim(Ml,Mg) = ]MlﬂM2]/|M1UM2| (54)

Now the similarity Sys(x,y) between species x and y is defined as

Sy(x,y) = Z Sim(M;, M;)/(my X my) (5.5)

i=1,j=1

Distance score Dy (x,y) is defined as

These distance scores found among 48 different species have been utilized
for creation of the module tree. Our purpose in creating such a tree is to test

its novelty in presenting the pathway’s evolution [7].
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5.3.3 Generation of the reference trees

Quality assessment of alternative phylogenetic trees, i.e., the pathway tree
and the module tree, has been done by comparing them with existing stan-
dards such as trees based on NCBI’s classification and 18S rRNA sequences.
Two reference trees, namely, the “NCBI Taxonomy tree” (Figure 5.1(a))
and the “18S rRNA tree” (Figure 5.1(b)), have been created for qualitative
analysis of phylogenetic trees derived from Wnt STP data.

Generation of the NCBI taxonomy tree

The NCBI taxonomy tree, as shown in Figure 5.1(a), has been created with
the help of NCBI taxonomy database [369]. Newick format of the tree has
been saved as a text tree after adding organism names in the “Taxonomy
Common tree” page!. Then it has been viewed with MEGA version 4.0.2
[352].

Generation of the 18S rRNA tree

Standard 18S rRNA sequences (Table 5.1) have been used to create the 18S
rRNA tree (Figure 5.1(b)). The evolutionary history has been inferred using
the Neighbor-Joining method [370]. The optimal tree with the sum of branch
length = 2.18407422 has been considered. The evolutionary distances have
been computed in the units of the number of base substitutions per site using
the Maximum Composite Likelihood method [371]. All positions containing
gaps and missing data are eliminated only in pairwise sequence comparisons
(Pairwise deletion option). There is a total of 2687 positions in the final
dataset. Phylogenetic analyses have been conducted using MEGA version
4.0.2 [352].

5.3.4 Comparison of alternative phylogenetic trees

Nye et al. [372] have developed an algorithm that pairs up each branch in one

phylogenetic tree with a matching branch in the second one, and finds the op-

Thttp://www.ncbi.nlm.nih.gov/Taxonomy/CommonTree/wwwcmt.cgi
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Figure 5.1: The reference phylogenetic trees

timum one-to-one map between branches in the two trees in terms of a topo-
logical score. They have developed an applet in Java (http://www.mas.ncl.ac.

uk /~ntmwn /phylo_comparison/pairwise.html) that enables one to explore
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the corresponding mapping between the phylogenetic trees interactively, and
clearly highlights similar/different parts of the trees, both in terms of topol-
ogy and branch length. Here, we have considered topology mainly.

Let us now describe the algorithm that compares two phylogenetic trees
created from the same set of species. Given two phylogenetic trees 77 and T
that share the same set of leaves L, the algorithm first assigns a score s(i, j)
to every pair of edges (i,7) with ¢« € T} and j € T,. Then the algorithm
pairs up branches in the two trees to optimize the overall score. This is
equivalent to finding a bijection (i.e., a one-to-one and onto correspondence)

f : T1 — T5 between the branches of the trees that maximizes the quantity

2ier, S(6 F(2)).

5.4 Results and Discussion

In this section, we describe ranks and positional significance of the species in
the pathway tree (Figure 5.2) and the module tree (Figure 5.3). It is to be
mentioned here that the species with similar taxonomic ranks coming under
the same clade have been marked by continuous rectangles. The species
coming under different clades despite having close taxonomical relation have
been marked by dotted rectangles. While discussing positional significance
of species, we have furnished the similarities in terms of taxonomic ranks
(phylum, class and others) to the lowest possible taxonomic rank, which the

species under consideration resemble with each other.

5.4.1 The pathway tree

We have compared Wnt STPs of 48 different species, as provided in Table
5.1, for creating a pathway tree (Figure 5.2). The tree has been inferred using
the Neighbor-Joining method [370]. These species belong to seven different
phyla, most of which (21) belong to the phylum Arthropoda followed by
Chordata (19), Nematoda (3), Cnidaria (2), and single species from phyla
Echinodermata, Placozoa and Platyhelminthes. As expected, some species

have been placed closely in the tree following their taxonomic ranks. A clade
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has been formed by dpe, dvi, dan, dmo, dme, dpo and dgr (genus Drosophila).
A couple of species belonging to family Culicidae (cqu and aga) and genus
Drosophila (dwi and der) of phylum Arthropoda have been placed closely
in the tree. The species mmu and bta (phylum Chordata, class Mammalia)
have also been placed closely in the tree. The species mcc and mdo (class
Mammalia) have formed a clade and so have ptr and ssc. Similarly, the
species ecb, tgu and xtr belonging to phylum Chordata have formed a clade.
The species cbr and cel (phylum Nematoda, genus Caenorhabditis) have also
been included in a clade [7].

On the other hand, we have also found some deviations. The species hmg
(phylum Cnidaria) and nvi (phylum Arthropoda) have formed a clade. The
species spu (phylum Echinodermata) has formed a clade with oaa (phylum
Chordata, class Mammalia) and xla (phylum Chordata, class Amphibia).
The species dya (phylum Arthropoda) has formed a clade with a species of
phylum Platyhelminthes (smm) rather than with aag (phylum Arthropoda).
Together, they have formed another clade with nve (phylum Cnidaria). Pos-
sibly these deviations originate due to pressure of phenotypic plasticity on
Wnt STP.

5.4.2 The module tree

The module tree (Figure 5.3) has been inferred using the Neighbor-Joining
method [370]. Phylogenetic analyses have been conducted by MEGA version
4.0.2 [352]. As before, the species belonging to the same phylum, class, order
and family coming under the same clade have been marked by continuous
rectangles. The species coming under different clades despite having close
taxonomical relation have been marked by dotted rectangles.

The species dpe, dpo, dme and dya have formed a clade (genus Drosophila).
Although, aga (family Culicidae) and dvi (family Drosophilidae) have prox-
imity in the tree, they have come under different clades as they belong to
two different families. The species dmo and dpe have formed a clade (genus
Drosophila), and so have dse and dwi (genus Drosophila), bta and ecb (class

Mammalia), cfa, mce, aml, mmu, ptr and rno (class Mammalia). The species
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Figure 5.2: The pathway tree constructed from 48 species
The optimal tree with the sum of branch length = 1.88656097 has been considered. Notations used in the
figure are listed in Table 5.2.
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Figure 5.3: The module tree constructed from 48 species
The optimal tree with the sum of branch length = 21.29711960 has been considered. Notations used in
the figure are listed in Table 5.2.
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aag and cqu have been placed closely in the tree (family Culicidae), and so
as oaa and ssc (class Mammalia).

On the other hand, the species dpe and dsi have not formed a clade de-
spite belonging to the same genus (genus Drosophila). However, dsi (phylum
Arthropoda) have formed a clade with tad (phylum Placozoa). Another clade
has been formed by cqu (class Insecta) and isc (class Arachnida) rather than
with aag (class Insecta). Similarly, ssc (class Mammalia) have formed a clade

with xtr (class Amphibia) rather than with oaa (class Mammalia) [7].

5.4.3 Finding a better tree

Both the pathway and module trees have shown preservation to contempo-
rary notions regarding evolution of species. Some deviations also have been
found in these trees. In order to put a universal measure to their quality,
and to determine a better set of factor(s) representing the evolution of Wnt
STP, we have followed the concept of alternative phylogenetic tree compar-
ison suggested by [372]. A brief description of this method is furnished in
Section 5.3.4.

We have compared the pathway and module trees with the NCBI tax-
onomy tree and the 18S rRNA tree. The module tree has showed 42.4%
topological similarity with the NCBI taxonomy tree and 42.2% similarity
with the 18S rRNA tree followed by the pathway tree (38.2% and 37.1% re-
spectively) as given in Table 5.4. Hence, the module tree has outperformed
the pathway tree in representing Wnt STP evolution. The module tree has
also outperformed the pathway tree, when we have repeated the same pro-
tocol with a dataset of 29 species (Table 5.4), for which complete 18S rRNA
sequences are available as given in Table 5.1.

Some of the pathways in our dataset comprising 48 species-specific path-
ways are partially known. In order to strengthen our results, we have consid-
ered Wnt STP of a smaller and more complete pathway dataset of 12 species
(aml, bta, cfa, dre, ecb, hsa, mcc, mdo, mmu, ptr, rno and xtr). These
pathways have varying number (55-60) of nodes. For this dataset too, the

module tree has showed maximum similarity with the NCBI taxonomy tree
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Table 5.4: Similarity of the pathway tree and the module tree with NCBI
taxonomy tree and 18S rRNA tree for 48, 29, and 12 species

For 48 species For 29 species For 12 species
NCBI | 18S rRNA | NCBI | 18S rRNA | NCBI | 18S rRNA
tree tree tree tree tree tree
Pathway tree | 38.2 37.1 38.2 36.2 36.7 37.3
Module tree 42.4 42.2 48.9 39 45.4 55.4

Similarities are given in percentage.

(45.4%) and the 18S rRNA tree (55.4%) as given in Table 5.4. These find-
ings conclude that modules are better factor in creating phylogenetic trees
that bear maximum resemblance with reference trees than pathway topology.
Then the module tree has been analyzed for clades that represent evolution
of Wnts. But, before that a sneak peek into evolution of Wnt STP among

different phyla is necessary.

5.4.4 Wnt evolution and the module tree

Wnt genes and the associated pathway (Wnt STP) show diverse character-
istics starting from Placozoa (7. adherens) to Chordata (H. sapiens). A
complete component of Wnt STP is present in Trichoplax, irrespective of its
simple body plan that presumably takes part in other functions [373-375].
The Wnt diversity continues to cnidarians which have a defined body-plan
indicating use of the Wnt STP. They possess 14 Wnt orthologs belonging
to 12 sub-families. An additional WntA is present, which does not have
any human counter-part [376-378|. This diversity of Wnt genes is lost in
flatworms. They possess only five sub-families of Wnts, but both the canon-
ical and non-canonical Wnt STPs are found to be functional. Wnt6-Wnt10,
Wnt16 and WntA genes are lost. In addition, the Wnt4 gene is lost with
rise of parasitism [379], which is probably due to easy access to the genetic
machinery of the host organism.

Nematodes have only 5 Wnt ligands and have more super-specialization in
the form of 3 distinct [-catenin genes with distinct functionality [380,381].
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Arthropods are characterized by the loss of Wnt16 [379,382]. The beetle
T. castaneum (super-phylum Ecdysozoa) retains only 9 Wnt subfamilies,
with no duplications [383], while D. melanogaster (fruitfly) has just 7 Wnt
genes [384]. Echinoderms retain 11 sub-families of Wnt genes with a WntA
ortholog, indicating their connection with protostomes. Wnt2 and Wntll
genes are absent. While absence of Wnt11 is quite common in other meta-
zoans, absence of Wnt2 is an exception [376]. Chordates are characterized by
their complexity in Wnt signaling, presence of multiple Wnt antagonists and
loss of WntA gene. Humans have 19 Wnt genes, representing 12 subfamilies
with 7 duplications [384, 385].

These observations indicate a possible gene duplication event in MRCA
(Most Recent Common Ancestor) ~940 Mya (Million years ago) that con-
tinued to placozoans in a subdued manner, then lost in Platyhelminthes and
Nemathelminthes. The loss is minimized in Arthropods possibly due to a
gene-boom during or before divergence of Echinoderms ~500 Mya. Echino-
derms retain a mixture of old and new Wnt characteristics that flourish exten-
sively in Chordates with loss of early Protostome characteristics [336, 386].
Presumably amidst multiple gene duplication events, the Wnt genes pass
through a wormhole like phase; wormhole being a hypothetical topological
feature of space time as given in Figure 5.4. Although these gene duplication
events do not correlate with the origin of the principal animal groups, they
can be related to evolutionary course of Wnt gene family.

When this trend of Wnt pathway evolution has been compared with our
constructed module tree (Figure 5.3), we have found some similarities be-
tween them. Most of the chordates have proximity with each other. Arthro-
pods have formed two distinct clusters. Placing of the only Placozoan (tad),
Platyheminth (smm) and Echinoderm (spu) cannot be commented upon due
to their singular presence in the dataset.However, placing of the single Platy-
heminth (smm) with a Nematode (cbr) has been still justifiable from the fact
that species from both the phyla tolerate Wnt diversity loss.
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Figure 5.4: Relational aspects between module tree and Wnt STP evolution
Interestingly, Wnt genes pass through a wormbhole like phase in time during evolution.
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5.5 Conclusive remarks

This chapter emphasized on deriving a way of representing evolution of Wnt
STP over various species. Here, we have created two alternate phylogenetic
trees, viz., the pathway tree based on pathway topology and the module tree
based on modules derived from three datasets of species-specific pathways
(comprising 48, 29 and 12 species), and compared them with widely used
reference phylogenetic trees, i.e., the NCBI taxonomy tree and the 18S rRNA
tree. The module tree has been found to possess maximum resemblance with
both the reference trees for all the three datasets. Hence, module comparison
serves better for deriving phylogenetic trees from human Wnt STP. Consid-
ering modules alone or along with other factors may prove to be beneficial
for deriving phylogeny from biochemical pathways.

However, the module tree has showed some species-arrangements which
defy the general notion of taxonomy and evolution. This may turn out to
be the pressure of phenotypic plasticity that Wnt STP of these phyla faced
individually. Moreover, according to one of the standard trees, i.e., the
NCBI taxonomy tree, it cannot replace a carefully constructed phylogenetic
analysis of molecular or morphological characters. Thus whatever error is
there in the global NCBI taxonomy tree, it will reflect in our custom-made
NCBI taxonomy tree.

For 48 species, the module tree has formed distinct clades for the genus
Drosophila (der, dya, dme, dsi, dan, dwi, dmo, dvi and dgr), class Mammalia
(oaa, mdo, mmu, rno, mce, bta and hsa), family Muridae (mmu and rno),
class Insecta ((aga and api) and (aag and ame)), and genus Caenorhabdi-
tis (cbr and cel). The module tree has been mapped into major events of
Wnt gene evolution, for phyla that have multiple species (Chordates and
Arthropods).
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Chapter 6

A Wnt Diseasome: Modules in

the Diseasome
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6.1 Introduction

In this chapter, we have created a manually curated diseasome related to
genes of human Wnt STP. The genes are found to be associated with a
plethora of diseases including cancers. A diseasome is a combined set of all
known disorders or gene associations in a species. It is created by linking the
complete set of genetic disorders with the complete list of disease genes [250].
A list of disease genes is not always enough to understand mechanisms of
various human diseases [250,387] for the reason that diseases may not be in-
dependent of one another. More connected a disease is to other diseases, the
higher is its prevalence and associated mortality rate [251]. For example, cer-
tain diseases like Diabetes, Obesity, Gaucher disease and Parkinson disease
often co-occur in the same individual. Diseasome-wise studies are needed to
understand such situations. In a human disease network, two disorders are
linked with each other, if they share at least a common disease gene. On the
other hand in a network of genes associated with diseases, there is an edge
between two genes, if both of them are associated with atleast a single com-
mon disorder. Disease maps are potential knowledge bases that throw light
on multiple disease related complicacies. For appropriate disease-specific
diagnostic, prognostic and therapeutic approaches, gene-disease association
studies provide valuable information [388].

Information on interactions among genes can be used to find disease-
related genes. The underlying assumption is that if ‘two genes work together,
the known association of one with a disease suggests that the other may also
be associated with the same disease’ [388]. Methods such as ENDEAVOUR
[389] and G2D [390] use this assumption. We have used the same assumption
but from a different point of view via biomedical literature mining. A disease
network is built from the genes involved in the human Wnt signaling pathway
to throw light on the Wnt signaling pathway’s role in various diseases and
their comorbidity.

Biomedical literature is too massive a source to be handled in a general
sense. Generalized databases including GEPIS [391], KEGG [167], OMIM
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[392], PubMed! , STRING [241], TiGER [393], TRANSFAC [394], UniHi
[395] constitute parts of this vast resource. There are also purpose specific
databases cum tool repositories like Oncomine 3.0 [396], DiseaseMeth [397],
DistiLD [398], the Disease Ontology (DO) database [399] and web resources
like Network of Cancer Genes [NCG 3.0] [400] among others. We have mined

some of these sources for our purpose.

6.2 Methodology

There is a vast amount of existing literature that supports the role of the hu-
man Wnt STP in various diseases; the most important being cancers. Some
of the articles have been found to implicate the whole pathway for certain
diseases, while the others pinpoint certain gene(s) of the pathway and their
role in human pathogenesis. We have scanned literature of both kinds to
find gene-disease associations for the human Wnt STP. Wnt STP informa-
tion is taken from KEGG/Pathway database [167]. The literature scanning
has been done using the links and references provided in KEGG/Pathway
database. The pathway entry (entry id hsa:04310) contains multiple refer-
ences. The initial referrals for finding associations are provided by these links
and references. Especially, important information in one go, has been found
from Table 1 provided by Hatsell et al. [401]. Each gene of the human Wnt
STP in KEGG/Pathway database is linked to a flat file that contains infor-
mation about the entry id, gene name, definition, orthology, pathway, class,
motif, links to other databases, position in the chromosome, amino acid se-
quence and nucleotide sequence. The “links to other databases” section is
found to contain links of the Wnt STP component related files present in
the other databases, namely, Protein database®* (NCBI), Entrez gene [402],
OMIM [403], HGNC [404], HPRD [405], Ensembl [406] and UniProt [407].

e The ‘NCBI-GI’ link retrieves a flat file from the ‘Protein’ database

of NCBI. The Protein database is a collection of sequences obtained

"http://www.ncbi.nlm.nih.gov /sites/entrez?db=pubmed
2http://www.ncbi.nlm.nih.gov /protein/
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from several sources, including translations from annotated coding re-
gions stored in GenBank [408], RefSeq [409] and TPA? [410], as well
as records from SwissProt [411], PIR*, PRF® and PDB [412]. The re-
trieved flat file contains multiple ‘REFERENCE’ sections dedicated to
a query gene. The ‘COMMENT’ section gives the gist of experimental
or computational findings explained in the papers given in the ‘REF-
ERENCE’ sections. Both these sections have helped us in scanning

literature to establish human Wnt gene-disease associations.

e The ‘NCBI-GenelD’ link takes into Entrez Gene® database of NCBI.
Entrez Gene is a searchable database of genes, obtained from RefSeq
genomes. The file has a ‘SUMMARY’ section that describes gene func-
tion, protein behavior and differential expression of the query gene in
different kinds of tissues. The ‘Bibliography’ section provides us the
required citations for the ‘SUMMARY’ section. Both these sections

have helped in our task of finding gene-disease associations.

e ‘OMIM’ hyperlink takes a flat file into account in response to a query
gene present in OMIM (Online Mendelian Inheritance in Man) database.
OMIM is a comprehensive, authoritative, and timely compendium of
human genes and genetic phenotypes. The files present in OMIM" are
descriptive in nature with no regular sections. Hence, whole files have

to be scanned to detect the gene-disease associations.

e The link ‘HGNC’ takes a file of the HUGO Gene Nomenclature Com-
mittee® into account. This file is not helpful in establishing gene-disease

associations as it has no summary section.

e ‘HPRD’ link considers a file of the Human Genome Reference Database®.

All the information in HPRD has been manually extracted from the lit-

3Third Party Annotation database: http://www.ncbi.nlm.nih.gov/genbank/tpa/
4http:/ /pir.georgetown.edu/

SProtein Reference Database: http://www.prf.or.jp/aboutdb-e.html
Shttp://www.ncbi.nlm.nih.gov /sites/gene

Thttp://www.ncbi.nlm.nih.gov/omim

8http: //www.genenames.org/index.html

9http://www.hprd.org/
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erature by expert biologists who read, interpret and analyze the pub-
lished data. A typical HPRD file has a ‘Disease’ tab that contains an
OMIM id for describing disease relevance of the query gene.

e The ‘Ensembl’ id takes the user into a file in the Ensembl!? database.
The Ensembl project produces genome databases for vertebrates and
other eukaryotic species, and makes this information freely available
online. This page has many useful sections of information on the hu-
man Wnt STP genes like gene summary, splice variants, comparative
genomics, genetic variations but not gene-disease association informa-

tion.

e ‘UniProt’ link takes to a structured file in UniProt!! database. A stan-
dard UniProt file has a ‘General annotation (Comments)’ section. This
section is arranged in multiple subsections. The ‘Involvement in dis-
ease’ subsection has helped us in collecting the gene-diseases association
of human Wnt STP components. This subsection contains cited refer-

rals for pathogenicity of a gene, the references being listed at the end
of the file.

In summary, the NCBI-GI, NCBI-GenelD, OMIM, UniProt hyperlinks
are proved to be useful for our purpose. A list of all the human Wnt STP
genes as well as their hyperlinks to the other databases, from which we have
extracted the gene-disease associations, is furnished in Table 6.1. We have
scanned all these flat and structured files for gene-disease associations of
human Wnt STP in the first phase of our literature scanning. In the second
phase, we have independently and individually searched via popular search
engines for any kind of association of these genes with human pathogenicity
available in research articles. From these gene-disease associations, disease-
disease associations are extracted with a simple thumb rule: “If Disease 1 is
associated with Gene A (supported by article X) and Gene A is associated
with Disease 2 (supported by article Y) then Disease 1 is associated with

Ohttp: //www.ensembl.org/index.html
Hhttp://www.uniprot.org/
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Disease 2”. These associations are then used to build up a Wnt specific

disease network and its inherent properties have been studied [§].

Table 6.1: Wnt STP genes and associated links

Serial Human Wnt KEGG NCBI-GI NCBI OMIM UniProt

no. STP component entry id Gene id id id

1 LEF1 51176 195222732 51176 153245 B4DG38, Q659G9, QIUJU2
2 SMAD4/MADH4 4089 4885457 4089 600993 Q13485

3 NLK 51701 149408126 51701 609476 QIUBES

4 SOX17 64321 11967991 64321 610928 QI9H6I2

5 CTBP1 1487 61743967 1487 602618 Q13363, Q7722Q5
6 CREBBP 1387 119943102 1387 600140 Q4LE28, Q92793
7 RUVBL1 8607 4506753 8607 603449 Q9IY265

8 MYC 4609 71774083 4609 190080 PO1106

9 JUN 3725 4758616 3725 165160 P05412

10 FOSL1 8061 4885243 8061 136515 P15407

11 CCND1 595 16950655 595 168461 P24385, Q6FI00
12 PPARD 5467 284807155 5467 600409 Q03181

13 MMP7 4316 4505219 4316 178990 P09237

14 MAP3KT7 6885 4507361 6885 602614 043318

15 CTNNB1 1499 148233338 1499 116806 P35222

16 PSEN1 5663 4506163 5663 104311 P49768

17 CTNNBIP1 56998 9889555 56998 607758 Q5T4V2, QINSA3
18 CHDS8 57680 282165704 57680 610528 QI9HCKS8

19 PRKACA 5566 4506055 5566 601639 P17612

20 CSNK1A1L 122011 269846834 122011 - Q8N752

21 FBXW11 23291 48928050 23291 605651 QIUKB1

22 TBL1X 6907 213021186 6907 300196 060907

23 DVL1 1855 32479521 1855 601365 014640

24 CXXC4 80319 13376816 80319 611645 Q9H2HO

25 SENP2 59343 54607091 59343 608261 QIHC62

26 CSNK2A1 1457 4503095 1457 115440 P68400

27 FRAT1 10023 31317236 10023 602503 Q92837

28 APC2 10297 5031587 10297 612034 095996

29 NKD1 85407 14916433 85407 607851 Q969G9

30 WNT16 51384 17402914 51384 606267 QIUBV4

31 PORCN 64840 45439329 64840 300651 Q9H237

32 SFRP1 6422 56117838 6422 604156 Q8N474

33 CER1 9350 4885135 9350 603777 095813

34 WIF1 11197 111125011 11197 605186 QIY5WS5

35 LRP6 4040 148727288 4040 603507 075581

36 DKK1 22943 7110719 22943 605189 094907

37 FZD10 11211 6005762 11211 606147 QIULW?2

38 RAC1 5879 9845511 5879 602048 A4D2P1, P63000
39 DAAM1 23002 21071077 23002 606626 Q9Y4D1

40 VANGL2 57216 62955805 57216 600533 QI9ULKS5

41 PRICKLE1 144165 222136680 144165 608500 B3KVG3, QI6MT3
42 WNT9A 7483 15082261 7483 602863 014904

43 MAPKS8 5599 4506095 5599 601158 P45983

44 RHOA 387 10835049 387 165390 P61586, Q9BVTO
45 ROCK1 6093 4885583 6093 601702 Q13464

46 AXIN1 8312 27501450 8312 603816 015169

47 CSNKI1E 1454 4503093 1454 600863 P49674, Q50045
48 GSK3B 2932 225903437 2932 605004 P49841, Q6FI27
49 PPP2CA 5515 4506017 5515 176915 B3KUN1, P67775
50 PLCB1 23236 12083581 23236 607120 QINQ66

51 CAMK2A 815 25952114 815 114078 A8K161, Q8IWEO
52 CHP 11261 6005731 11261 606988 Q99653

53 PRKCA 5578 4506067 5578 176960 B5BU22, P17252, Q7Z727
54 WNT5A 7474 40806205 7474 164975 P41221

55 NFAT5 10725 164419746 10725 604708 A2RRB4, Q7LA65
56 TP53 7157 120407068 7157 191170 P04637, Q3LRW3, Q53GAS5
57 SIAH1 6477 55749557 6477 602212 Q8IUQ4

We have tried to incorporate as many recent articles as possible to this
piece of work. But this search is not exhaustive, as everyday some new
findings about human Wnt STP are getting published and a considerable

number of them are not freely accessible to us. In this article, we concentrate
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on the mined information and its analysis rather than the mining techniques.
By no means, it is an exhaustive study; still it gives us important ideas about
disease relatedness, interdependence and comorbidity.

Analysis of the networks is done by Network Analyzer plug-in release
2.7. [413] of the open-source software package Cytoscape version 2.8.2 [414].
Cytoscape is a popular bioinformatics package for biological network visual-
ization and data integration. Network Analyzer computes a comprehensive
set of topological parameters for undirected and directed networks includ-
ing the number of nodes, edges and connected components; the network
diameter, radius, and clustering coefficient as well as the distribution of de-
grees, neighborhood connectivities, average clustering coefficients, shortest
path lengths, number of shared neighbors and stress centrality. In addition,
network analyzer constructs the intersection, union, and difference of two
networks. It supports the extraction of connected components as separate

networks and the removal of self loops.

6.3 Results and Discussion

We have found a total of 112 different kinds of diseases. In general, they
are termed as diseases throughout this manuscript for better understand-
ing. Out of these 112 diseases, 66 are different kinds of cancer, while 46
are non-cancerous and in vivo events including eyesight problems, heart and
lungs complications, mental illness, nervous disorders and organ duplications
arising due to developmental and environmental issues, and genetic makeup.
Diseases related to Wnt STP affect multiple tissue types (blood, bone mar-
row, cartilage, endometrial, epithelial, germ, lymph, mesothelial, muscle,
nerve and skin) of various organs like artery, bone, brain, breast, ear, ele-
mentary canal, esophagus, eye, face, heart, kidney, liver, lungs, mouth, neck,
nose, ovary, pancreas, prostate, skeleton, skin, spine, testis, throat, thumb,
urinary bladder, uterus and glands (lymph, thyroid, parathyroid, salivary,
parotid and sebaceous glands). Some diseases are found strictly in children
while the others are found in all age range [8].

These diseases are associated with 48 out of 57 human Wnt STP genes.
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Nine genes (CAMK2A, CER1, CHDS, CHP, CSNK1A1L, MAPKS, NKD1,
PRKACA and PRKCA) have not been found to be associated with any of
the aforementioned diseases. The list of considered genes is given in Table
6.1. Here the term ‘association’ means: i) the gene is mutated and causes the
disease, ii) the gene is experimentally found to have differential expression
in diseased tissues, iii) the gene may have role in the disease, iv) the gene is
regulated by a third party molecule and possibly that molecule has role in the
disease, v) the gene is a therapeutic target to stall the disease progression,
and vi) the gene is a therapeutic target to overcome the diseased state. If a
gene, by any of the above means, is found to be associated with a disease,
we have declared it as a valid gene-disease association. These associations

are used to create a gene-disease network (Figure 6.1).

6.3.1 The gene-disease network

The network (Figure 6.1) is made of 200 individual associations among 48
genes and 112 diseases. We have calculated various parameters of this net-
work to study its properties. As no direct gene-gene or disease-disease as-
sociations are there in this network, clustering co-efficient!? has been found
to be zero. Nine different connected components!® have been noticed in this
network, the largest being of 144 nodes. The number of connected compo-
nents indicates the connectivity of a network. A lower number of connected
components suggest a stronger connectivity. On the other hand, a very large
connected component ensures stronger connectivity among most of the nodes
irrespective of the presence of other very small connected components. Here
the remaining connected components are of the size of 2 each except one of

size 3. The maximum of shortest path lengths between a pair of nodes of

12Clustering coefficient of a node n is the ratio N / M, where N is the number of edges
between the neighbors of n, and M is the maximum number of edges that could possibly
exist between the neighbors of n. The clustering coefficient of a node is always a number
between 0 and 1.

13In an undirected network, two nodes are connected if there is a path of edges between
them. Within a network, all the nodes that are pairwise connected form a connected
component.
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Figure 6.1: The gene-disease network
[Number of genes: 48; number of diseases: 112; number of gene-disease associations: 200. Node sizes
are indicative of their degree distribution. Wnt STP genes are depicted in yellow while the four highly
connected genes are marked with green. Similarly, diseases are marked with red while the four highly
connected diseases are marked with aqua)

the network (network diameter!?) has been found to be 11 while the shortest

possible path length (network radius'®) being 1.

Network centralization score that defines network topology, is 0.168. Net-

MNetwork diameter is the largest distance (in terms of edges) between two nodes. The
network diameter and the shortest path length distribution may indicate small-world prop-
erties of the analyzed network.

15Network radius is the minimum among the non-zero path-lengths of the nodes in the
network.
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works whose topologies resemble a star'® have centralization score close to
1, whereas decentralized networks are characterized by having centralization
score close to 0. In that sense, the gene-disease network is decentralized,
i.e., clear-cut hub nodes are not present. However, there is a lot of highly
connected nodes. Colorectal-cancer is the only disease common among asso-
ciated diseases of the highly connected nodes representing genes CTNNBI,
CCND1 and PPARD. Altogether these genes, along with Tp53, are associ-
ated with 55 diseases (48.67% of the total number of diseases). Likewise,
among the diseases, breast cancer is highly prevalent, which is found to be
associated with 13 genes of the Wnt STP followed by colon cancer (9 genes)
and hepatocellular carcinoma (7 genes). These observations confirm that the
one disease-one target gene concept is not applicable to the genes of an es-
tablished pathway, and diseases are way beyond complex events as more and
more number of genes are being found to be associated with them.

The average shortest path length, also known as the characteristic path
length, is 4.261. It gives the expected distance between two connected nodes.
The average number of neighbors (2.484) indicates the average connectivity
of a node in the network. A normalized version of this parameter is the net-
work density that lies between 0 and 1. It shows how densely the network is
populated with edges (ignoring self-loops and duplicated edges). A network
which contains no edge with solely isolated nodes has the density value of
0. In contrast, the density of a clique (a network where each node is con-
nected with every other node) is 1. A network density of 0.016 indicates that
the gene-disease network is not densely populated. There is a lot of sparse
connections in the network. Logarithmic scatter plot of node-degree!” dis-
tributions of the gene-disease network is given in Figure 6.2. A power low!®
(y = az®) can be fitted to the points of the plot where y = log(number of
nodes), © = log(degree), a = 53.08 and b = -1.433 (correlation value = 0.982

16T star topology, each node is connected to central hub(s) with a point-to-point con-
nection. The hub(s) represent single point of control as well as single point of failure.

"Node degree of a node n is the number of edges linked to n.

18A power law is a mathematical relationship between two quantities. When the fre-
quency of an event varies as a power of some attribute of that event (e.g. its size), the
frequency is said to follow a power law.
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and R-squared value = 0.888). The correlation value represents correlation
between the data points and corresponding points on the line. R-squared
value is also known as coefficient of determination. It depicts the relative
confidence of a model for fitting into a hypothesized property. Here high
correlation and R-squared values depict that the gene-disease network is a

scale-free network [8].

100

Number of nodes

Degree

Figure 6.2: Logarithmic scatter plot of node-degree distributions of the gene-

disease network
A power low (y = ax?) can be fitted to the points of the plot where a = 53.08 and b = -1.433 (correlation
value = 0.982 and R-squared value = 0.888).The network is a scale-free network.

6.3.2 The disease network

It is a network of 107 nodes (diseases) out of total 112 diseases associated
among themselves with 823 edges as seen in Figure 6.3. Only 5 diseases
(hypoxia-associated tumor, myelodysplastic syndrome, neural tube defect,
primary colon cancer and Rubinstein-Taybi syndrome) are found not to be
associated with any other disease. They turned out to be the 2-node compo-
nents of the gene-disease network (Figure 6.1). Other related parameters of
the network are given in Table 6.2. Here we discuss some of them to reveal
the inherent properties of the disease network. A high clustering co-efficient

(0.809) indicates presence of modules in the network. On an average, each
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node is connected to 15 neighbors (13.27% of the total nodes). It indicates

the high rate of comorbidity among the diseases.

ancredtic_ductg
hgre Iary heme

{ colon_cancer

hepatocellular_carcinoma}

@

Figure 6.3: The disease network
Node size is proportional to degree of nodes. The four maximally connected nodes are presented as four
corner nodes.

Four maximally connected diseases are breast cancer, colon cancer, hep-
atocellular carcinoma and glioma in decreasing order. They are depicted as
the four corner nodes in Figure 6.3. Nodes are sized proportionately accord-
ing to their degree. First neighbors of breast cancer have included the other
three maximally connected nodes along with most of the highly connected
nodes of the network confirming our suspicion that pathway related diseases
are linked among themselves as seen in Figure 6.4. Logarithmic scatter plot

of node-degree distributions of the disease network is given in Figure 6.5.
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A power low (y = ax®) can be fitted to the points of the plot where y =
log(number of nodes), = = log(degree), a = 10.151 and b = -0.548 (corre-
lation value = 0.372 and R-squared value = 0.375). A low correlation and

R-squared value depict that this network is not scale free [8].

Table 6.2: Network parameters of the disease network in Figure 6.3

Parameter Value
Clustering co-efficient 0.809
Connected Components 3
Network diameter 5
Network radius 1
Network centralization 0.426
Shortest paths 10716 (92%)
Characteristic path length | 2.2
Average no. of neighbors | 15.241
Network density 0.142
N

(——
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Figure 6.4: First-neighbors of maximally connected node representing “breast
cancer” (in yellow)
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Figure 6.5: Logarithmic scatter plot of node-degree distributions of the dis-

ease network
A power low (y= az?) can be fitted to the points of the plot where a = 10.151 and b = -0.548 (correlation
value = 0.372 and R-squared value = 0.375). The network is not scale-free.

6.3.3 Cancerous and non-cancerous disease networks

Here we have categorized the aforementioned 112 Wnt STP associated dis-
eases into two major categories, i.e., 66 cancerous and 46 non-cancerous
diseases. We have divided the disease network (in Figure 6.3) into three
separate components, viz., a cancerous disease network (Figure 6.6), a non-
cancerous disease network (Figure 6.7) and a network linking the cancerous
and non-cancerous diseases (Figure 6.8).

The cancerous disease network is a close knit cluster of 61 diseases and
471 unique disease-disease interactions as shown in Figure 6.6. Five types of
cancers are found not to be connected with any other kind of cancers, viz., hy-
poxia associated tumors, mammary tumor, myelodysplastic syndrome, pan-
creatic ductal adenocarcinoma and primary colon cancer. “Breast cancer” is
the maximally connected disease with 40 interactions with other types of can-

cers (Figure 6.9). Diseases in the network are densely connected. Clustering
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Figure 6.6: The Cancer network
The cancerous disease network is a close knit cluster of 61 diseases and 471 unique disease-disease inter-
actions.

coefficient is 0.801 and on an average each disease shared approximately 15
neighbors with each other. The node “breast cancer”, its interactions, first
neighbors and their interactions cover 95% of the whole cancer disease net-
work, indicating high comorbidity among Wnt STP related cancers (Figure
6.10).

The non-cancerous disease network (Figure 6.7)) is plotted from 30 non-
cancerous diseases and their 47 unique interactions. Out of 46 non-cancerous

diseases, 16 have not been found to be present in this network (asymptomatic
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Figure 6.7: The Non-cancerous disease network
The non-cancerous disease network is plotted from 30 non-cancerous diseases and their 47 unique inter-
actions.

Figure 6.8: Links among cancerous and non-cancerous diseases
Cancerous diseases are marked with red squares while nodes representing the non-cancerous diseases are
marked with yellow circles.

interstitial lungs disease, caudal duplication anomaly, familial neuronal in-
tranuclear inclusion disease, focal dermal hypoplasia, juvenile intestinal poly-

posis syndrome, myoclonus-epilepsy-ataxia syndrome, neuronal tube defect,
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Figure 6.9: The maximally connected node “breast cancer” with its adjacent
edges, and first neighbors in the cancerous disease network

parathyroid tumor, parathyroid adenoma, pleiomorphic adenoma, psoriasis,
Rubinstein-Taybi syndrome, salivary gland tumor, sebaceous gland tumor,
ulcerative colitis and uterine leiomyoma). Unlike the cancerous disease net-
work, this network is sparsely connected. Clustering coefficient is less (0.663)
and the diseases share very few neighbors with each other (~3) indicating

less comorbidity and individualistic behavior of these diseases.

6.3.4 Co-morbidity

In a disease network, the nodes are diseases and the edges are the estab-
lished associations among the diseases. Here, we have established associa-

tions among the diseases via common genes. Hence two disease are associated
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Figure 6.10: The maximally connected node “breast cancer” with its edges,
and first neighbors and their edges in the cancerous disease network

if they share atleast one common causative gene. Likewise, there will be mul-
tiple diseases and many associations among themselves, if all the genes of a
pathway are under consideration. These associations are nothing but indica-
tions of existing comorbidity among these diseases. An overall network view
of the gene-disease network (Figure 6.1), disease network (Figure 6.3), cancer
network (Figure 6.6), non-cancerous disease network (Figure 6.7), and the
link network between the cancerous and non-cancerous diseases (Figure 6.11)
is provided in Table 6.3. The denser is the network, the higher is its comor-
bidity due to high rate of shared neighbors. As evident from the table, the
cancerous disease network is the densest network (network density: 0.257)

with high degree of interaction among the diseases (average number of neigh-
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bors: ~15). On the other hand, the non-cancerous disease network is quite

sparse (network density: 0.108) with less number of interactions among the

diseases (~3). These facts conclude that Wnt STP related cancerous diseases

show high degree of comorbidity among themselves, while the non-cancerous

diseases do not.

Figure 6.11: The maximally connected nodes of the link network
The network is plotted out of 95 diseases and 243 unique associations among cancerous and non-cancerous
diseases. The maximally connected nodes “pilomatricoma”, “cystic kidney ciliopathy”, “fibroproliferative
disease” and “desmoid tumor” are shown in this figure with their adjacent edges, and first neighbors in
the connection network among cancerous and non-cancerous diseases.

Table 6.3: Properties

of various networks

Type of Clustering | Average number | Network | Network
network coefficient | of neighbors density heterogeneity
Gene-disease network 0 2.484 0.016 1.323
Disease network 0.809 15.241 0.142 0.882

Cancer network 0.801 15.443 0.257 0.741
Non-cancerous disease network | 0.663 3.133 0.108 0.626

Link network 0 5.116 0.054 0.968
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6.3.5 Modules in the cancerous disease network

The cancerous disease network (Figure 6.6) is a dense network with high
degree of interaction among the nodes and it has not resolved into separate
components like the non-cancerous disease network (Figure 6.7). So, for a
deeper level of inspection, we have divided the 61 different types of cancerous
diseases according to the tissue or organ they affect. Hence, the cancerous
diseases are divided into 15 categories (blood, brain, colon, esophagus, in-
testine, kidney, liver, lungs, lymph, multiple organs, ovary, thyroid gland,
urinary bladder, uterus and single diseases). When a particular type of can-
cer is found to affect more than one type of tissue or organ (e.g., colorectal
cancer affects colon and rectum), it is listed in the “multiple organ” category.
When a single type of tissue/organ specific diseases and associations among
them are considered, 10 different modules have emerged (Figure 6.12). They
are named numerically starting from module 1 in an anti-clock wise manner
with the original cancerous disease network (Figure 6.6) in the center. Mod-
ule 1 shows associations among blood related cancers. Multiple myeloma
and B-cell chronic lymphocytic leukemia are associated via gene CCNDI.
Leukemia and B-cell chronic lymphocytic leukemia, hematopoetic tumor and
B-cell chronic lymphocytic leukemia, and leukemia and hematopoetic tumor
are linked via gene MYC. Associated liver cancers are included in module
2. Anaplastic thyroid cancer and papillary thyroid cancer (cancers of the
thyroid gland) have been associated via gene CTNNBI in module 3. Brain
related cancers (glioma and medulloblastoma) are in module 4.

Module 5 includes kidney related cancers. Wilm’s tumor and kidney can-
cer, Wilm’s tumor and adrenocortical tumor, and kidney cancer and adreno-
cortical tumor are associated via gene CTNNB1. Module 6 showcases dis-
eases of tissue or organ categories (bone, breast, epithelium, eyes, mammary
gland, mesothelium, mouth, nerve, pancreas, pancreatic duct, prostate, rec-
tum, skin, stomach, T-cell, throat and testis) in which a single disease is
listed that we could not consider independently. Instead, we have found out
associations among such types of cancers and listed them under a separate

module. It has turned out to be the dense module of the cancerous disease
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Figure 6.12: Modules of the cancerous disease network
Modules are named numerically starting with Module 1 (containing “multiple myeloma”, “leukemia”,
“hematopoetic tumor” and “B-cell chronic lymphocytic leukemia”) from mid-bottom anti-clock-wise man-
ner.

network. Associations among cancers that affect multiple types of tissue or
organ are shown in module 7. Associated cancers of uterus are in module
8. Module 9 lists cancers of ovary. Ovarian epithelial tumor and ovarian
cancer, ovarian epithelial tumor and endometrioid ovarian carcinoma, and
ovarian cancer and endometrioid ovarian carcinoma are associated via gene
CTNNBI1. Module 10 contains lymph related cancers (Burkitt lymphoma,
mantle cell lymphoma, lymphoma, peripheral T-cell lymphoma) and their

associations. We have not found any association among colon, esophagus,
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intestine, lungs and urinary bladder associated diseases.

6.3.6 Modules in the non-cancerous disease network

The non-cancerous disease network (Figure 6.7) has been divided into 8 sep-
arate modules as seen in Figure 6.13. Module 1 contains eye and ear sensory
disorders (“ocular albinism” and “sensorineuronal deafness” linked via gene
TBL1X). Congenital disorders belong to module 2 (“Holoprosencephaly” and
“preaxial polydactyly” linked via gene FBXW11). Generally high blood pres-
sure in the arteries of the lungs (“idiopathic pulmonary hypertension”) makes
the heart work harder to force the blood through these vessels. Over time
this leads to “cardiovascular diseases”. These two disorders belong to mod-
ule 3. Module 4 contains muscle and nerve related disorders affecting human
body movement and flexibility (“Charcot-Marie-Tooth disease type 2A” and
“Schwartz-Jampel syndrome” linked via gene DVL1). Inflammatory bowel
diseases came under the same component (‘“ileitis” and “colitis” linked via
gene MAP3KT7 in module 5).
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Figure 6.13: Modules of the non-cancerous disease network
Modules are named numerically starting with Module 1 (containing “ocular albinism” and “sensorineuronal
deafness”) from mid-bottom anti-clock-wise manner.

Module 6 is the largest component of non-cancerous disease network
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that has clustered obesity related complicacies (“diabetes”, “coronary heart
disease”, “dyslipidemia”, “hepatomegaly”, “lipotoxic cardiomyopathy” and
“obesity”) along with brain disorders like “Alzheimer’s disease”, “Schizophre-
nia” and “bipolar disorder”. It is well known that overweight issues due to
bad food habits and over-eating in early and adult life increase risk of men-
tal illness and mood disorders. Obesity and diabetes significantly and inde-
pendently increase risk for Alzheimer’s disease [415]. It is one of the most
common physical health problems among patients with severe and persistent
mental illnesses, such as schizophrenia [416]. Studies have reported that up
to 60% of individuals with schizophrenia and 68% of those with bipolar dis-
order are overweight/obese [417]. On the other hand, patients with bipolar
disorder, in particular, are at greater risk for overweight and obesity than
individuals in the general population [418].

Module 7 represents an aggregate of tumors and cyst related disorders
(“pilomatricoma”, “desmoid tumor”, “fibroproliferative disease” and “cys-
tic kidney ciliopathy”). They are the four highly connected non-cancerous
diseases which have maximum (23) associations with cancerous diseases as
evident from the link network between cancerous and non-cancerous diseases
(Figure 6.11). The network is plotted out of 95 diseases and 243 unique as-
sociations among cancerous and non-cancerous diseases. Module 8 contains
heart related disorders (“cardiac hypertrophy”, “heart failure”) along with

“Barrett Metaplasia” and “Li-Fraumeni syndrome-1".

6.4 The human Wnt diseasome database

The gene-disease and disease-disease associations analyzed in this chapter
can be downloaded from the online human Wnt diseasome database server!?
in .csv format. A snap shot of the webserver is provide in Figure 6.14. The
homepage of the online database provides an introduction of the diseasome,
along with some useful links for further reference. One can download the
whole or partial data from the browse page of the webserver by selecting

all the genes or a few genes of interest in the browse page. Data can be

Ohttp: //www.isical.ac.in/~rajat/diseasome/index.php
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downloaded at multiple levels (Gene-disease associations along with their
citations, unique diseases associated with the selected genes and disease-

disease associations.

6.5 Conclusive remarks

In this chapter we have built and analyzed a manually curated diseasome (dis-
ease map) from 57 genes of the Wnt STP. Disease pathways or diseasomes
are potential knowledge bases that throw light on multiple disease related
complicacies. Disease pathway studies help one to uncover potential knowl-
edge about their overall function that can contribute to cure human diseases.
In this chapter, we have built a gene-disease network from the genes of the
human Wnt STP. In this network, a single disease is found to be associated
with many genes, e.g., breast and colon cancer among others. Moreover,
a single gene (e.g., CTNNB1 and CCND1 among others) is found to be
associated with many diseases showing inter-linkage among genes and dis-
eases of a signal transduction pathway. A disease network has been inferred
from the gene-disease network. It throws light on disease comorbidity among
Wnt STP associated diseases. When divided into cancerous, non-cancerous
and link (between cancerous and non-cancerous disease) networks, they have
showcased their individual network properties. The cancerous network has
been found to be denser; hence the cancerous diseases are more co-morbid.
In addition, we have found out some independent co-morbid disease modules
in both the cancerous and non-cancerous disease networks. If presence of one
disease influences occurrence or risk of the other disease(s) then they defi-
nitely suggest personalized systems medicine rather than targeting one gene
or one disease at a time for therapeutic purposes. The whole data analyzed

in this chapter is available in a publicly accessible webserver®.

2Ohttp://www.isical.ac.in/~rajat /diseasome/index.php
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The gene-disease network Full Size Download

Welcome to the Human Wnt Diseasome database

In the era of personalized and systems medicine, a network centric view of diseases and their comorbidity is important. Diseases may not
always be independent of each other. Presence of more than one disease in a patient often complicates and jeopardizes the treatment,
because they may share some common genes. More connected a disease is to other diseases, the higher is its prevalence and associated
mortality rate (Lee et al. 2008). For example, certain diseases like Diabetes, Obesity, Gaucher disease and Parkinson disease often co-occur
in the same individual. Diseasome-wise studies are needed to understand such situations.

A diseasome is a combined set of all known disorders and gene associations in a species. It is created by linking the complete set of
genetic disorders (Phenome) with the complete list of disease genes (Genome) (Goh et al. 2007). In @ human disease network, two
disorders are linked with each other, if they share at least a common disease gene. On the other hand, in a disease gene network, disease
genes are linked, if both of them are associated with single or multiple common disorder(s). Disease maps are potential knowledge bases
that throw light on multiple disease related complicacies. For appropriate disease-specific diagnostic, prognostic and therapeutic
approaches, gene-disease association studies provide valuable information (Tiffin et al. 2009).

In this respect, the Human Wnt Diseasome database is constructed to view gene-disease and disease-disease associations of genes
involved in the human Wnt signaling pathway.

The database contains 57 genes of the Wnt signaling pathway. However, 9 of these genes (CAMK2A, CER1, CHD8, CHP, CSNK1AIL, MAPKS,
NKD1, PRKACA, PRKCA) are not associated with any diseases. Hence, for these genes, no gene-disease and disease-disease associations are
available. The database also lists 112 diseases associated with these genes along with 200 gene-disease associations and 1789 disease-
disease assoclations Including redundancy. The whole data Is manually created based on existing literature. In most of the cases, the gene-
disease associations are cited.

The data has been included in the article titled "Disease Comorbidity and the Human Wnt signaling Pathway: A network-wise Study' by
Losiana Nayak, Harinandan Tunga and Rajat K. De. In this article, the data has been analyzed by L. Nayak and R. K. De, while H. Tunga has
provided web support for designing the public webpage of the Human Wnt Diseasome database. The reserach article is temporarily
unavailable as it is under review. However, the entire dataset can be Browsed here. The readers can also download unique gene-disease
assoclations and disease-disease assoclations for two or more genes of thelr interest instead of the whole dataset.

Figure 6.14: The Wnt Diseasome Webserver

It is available at http://www.isical.ac.in/~rajat/diseasome/index.php
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Chapter 7

Conclusions and Scopes for
Further Research
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7.1 Conclusive remarks

Signal Transduction Pathways (STPs) represent sophisticated intracellular
biological phenomena. They operate individually as well as in groups. Mem-
bers of one pathway communicate among themselves as well as with other
pathways (inter-pathway communication). They altogether exist and act like
a spider’s web like system. The turning point is that some disturbances in
this ‘signaling web’ create disease like states in human body. In literal sense,
in a string mesh, when we pull one string, all the other connected strings
feel the pull with varied effects. Similarly, in a signaling web, multiple genes
get affected by behavioral inconsistency of a gene. These disturbances need
to be understood properly for devising any kind of remedy. Hence STPs are
hot research topic in wvivo, in vitro and in silico. Knowledge about them
will enhance our capability to track down the root cause for signaling related
diseases and their cellular effects.

In this chapter, we conclude the thesis, along with scopes for further re-
search. We have done extensive review on MAPK, Ca?t and Wnt STPs in
Chapter 2. MAPK STPs are generalized processes taking part in most of the
household events of cells. Ca?T STP is important as gene expression events
are effected by concentration as well as mode of entry of Ca*" ions inside a
cell. Wnt STPs are involved in multiple biological processes. Perturbations
of these pathways are associated with various human pathologies including
cancers. The succeeding chapters have used these STPs, especially the Wnt
STP, as data. All the three pathways have been considered as data pathways
in Chapter 3 for creation of modules. Human Wnt STP has been used as the
data pathway for performance comparison of some partitioning algorithms
in Chapter 4 and creation of a Wnt diseasome in Chapter 6. Species-specific
Wnt STPs have been used as data for deriving a phylogenetic tree from mod-
ules in Chapter 5. Wnt STP genes and their associated diseases have been
manually curated for construction of a human Wnt diseasome in Chapter 6.

We have developed an algorithm for modularizing STPs in Chapter 3.
The algorithm has been applied to human MAPK, Ca?** and Wnt STPs.
We have found some significant modules from human MAPK STP. We have
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successfully conferred biological significance to the modules obtained from
human Ca?" STP. Except one very small module, the remaining seven mod-
ules of Wnt STP were found to be biologically significant. The algorithm has
successfully identified functional modules from MAPK, Ca?t and Wnt STPs
by centralizing the highly connected nodes. Some significant modules have
been obtained from the human MAPK STP for complexity level (c-value)
of 3. The comparative study of MAPK STPs among 7 species have shown
gradual development of the pathway from P. troglodytes to H. sapiens via
S. scrofa, P. troglodytes, B. taurus and R. norvegicus. We have successfully
conferred biological significance to the modules obtained from human Ca?*
STP for complexity level for ¢ = 3. The comparative study indicates grad-
ual increase in development of Ca?>" STPs starting from P. troglodytes to H.
sapiens via C. familiaris, S. scrofa, B. taurus, M. musculus and R. norvegi-
cus. Eight modules have been obtained from the human Wnt STP for ¢ = 3.
Modules of 31 species-specific Wnt STPs have been compared to find con-
servation among them for the same c-value. Module PLC' has been found to
be the most conserved module, being present in a maximum number of 17
species.

In Chapter 4, we have done a comparative analysis among five different
partitioning algorithms. Three of them follow graph partitioning techniques
while the rest two follow community finding and modularization techniques
respectively. The partitions generated by these algorithms have been vali-
dated by comparing the level of extent to which they could associate to GO
terms. A new GO attribute based score (Functional Enrichment score) has
been designed for validating these modules. The score establishes a validity
index among GO attributes. It can be extended for performance measure-
ment of any kind of partitions/clusters/modules created from biological net-
works with existing ontology knowledge. Superior performance of the Modu-
larization algorithm in comparison with some traditional graph partitioning
and community finding algorithms has been reflected in this chapter.

Chapter 5 has emphasized on deriving a way of representing evolution of
Wnt STPs over various species based on the modules obtained by the modu-

larization algorithm. In this chapter, three phylogenetic trees, viz., pathway,
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module, and gene trees have been created from different sets of factors de-
rived from three datasets of species-specific STPs (comprising 48, 29 and 12
species), and compared them with widely used reference phylogenetic trees,
i.e., NCBI taxonomy tree and 18S rRNA tree. The module tree has been
found to bear maximum resemblance with both the reference trees for all the
three datasets. Thus modules can be considered as a valid factor for deriving
phylogenetic trees from biological pathways. For 48 species, the module tree
has displayed distinct clades for the genus Drosophila (D. erecta, D. yakuba,
D. melanogaster, D. simulans, D. ananassae, D. willistoni, D. mojavensis,
D. wvirilis and D. grimshawi), class Mammalia (O. anatinus, M. domestica,
M. musculus, R. norvegicus, M. mulatta, B. taurus and H. sapiens), family
Muridae (M. musculus and R. norvegicus), class Insecta ((A. gambiae and
A. pisum) and (A. aegypti and A. mellifera)) and genus Caenorhabditis (C.
briggsae and C. elegans). The tree has showed conservation at class level and
gradual divergence as we proceed towards the lower ranks, in accordance with
the basic principle of evolution.

In Chapter 6, we have built a manually curated diseasome (disease map)
with 57 genes of the Wnt STP. Single diseases have been found to be associ-
ated with many genes (e.g., breast cancer and colon cancer) in this diseasome.
Moreover, single genes (e.g., CTNNB1 and CCND1) have been found to be
associated with many diseases showing inter-linkage among genes and dis-
eases of a signal transduction pathway. A disease network has been inferred
from the gene-disease network. The disease network has indicated disease
comorbidity among Wnt STP associated diseases. When divided into cancer-
ous, non-cancerous and link (between cancerous and non-cancerous disease)
networks, they have showcased their individual network properties. The can-
cerous network has been found to be denser than the non-cancerous disease
network. Hence, cancers are more co-morbid than the non-cancerous dis-
eases. In addition, we have found out some independent co-morbid disease
modules in both the cancerous and non-cancerous disease networks. Some of
these modules have clustered diseases known to co-exist in a single patient
(e.g., module 6 of the non-cancerous disease network that links obesity and

lifestyle related disorders with brain disorders). Thus presence of one disease
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influences occurrence or risk of the other disease(s). Such cases definitely
indicate towards personalized systems medicine rather than targeting one
gene or one disease at a time for therapeutic purposes. With this inference I

conclude the present thesis.

7.2 Scopes for further research

Here we briefly mention some of the scopes for future work. Modularization
algorithm described in Chapter 3, works on undirected networks. Designing
it to work on directed as well as weighted directed networks will be of value.
At present state of the modularization, the user must create multiple sets
of modules from a data network for varied c-values and then analyze these
sets to choose the optimum set of modules. Such a process can lead to am-
biguity as sometimes the user is not well acquainted with the data network
to analyze the obtained modules. The process becomes more cumbersome
with large networks, where manual analysis of the modules is almost impos-
sible. For such cases, developing a decision process for automatic selection
of the optimum c-value forms an integral part of future development of the
algorithm.

In Chapter 4, we have done a comparison among a five partitioning al-
gorithms to showcase the major loop-holes in traditional partitioning ap-
proaches, when it came to their application to biological pathways, specifi-
cally STPs. However, there have been many recent developments in module
detection techniques as described in Chapter 1. Including some of them
in the comparison will form a strong case for more exhaustive comparison.
Moreover, the algorithms have been tested only on human Wnt STP. Extend-
ing the data range to some more STPs as well as other kind of biochemical
pathways will be of interest to the authors.

In Chapter 5, we have compared a pathway tree constructed with topology
dissimilarities with a module tree derived from module dissimilarities. Inclu-
sion of another tree, namely, species tree constructed from gene sequences

would have bettered the comparison. Deriving species trees from multiple
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gene trees is another major area of work [419]. Concatenation® [420] and ma-
jority voting? approaches have been used earlier for creating a species tree
from multiple gene trees [421]. But poor results of these approaches have gen-
erated a demand for more smarter methods. In this context, ‘Global LAteSt
Split (GLASS)’ [422] is a simple algorithm for reconstructing phylogenies
from multiple gene trees in the presence of incomplete lineage sorting, i.e.,
when the topology of the gene trees may differ from that of the species tree.
Given sufficient genes, it returns the correct topology. However, it systemat-
ically overestimates divergence times, leading to biased estimates of species
tree branch lengths. This drawback has been overcome in iGLASS [423].
Using these methods one can derive a consensus species tree. The species
tree then can be compared with module tree and pathway tree to show case
the better tree for representing pathway phylogeny. But, some of the species-
specific pathways are not completely discovered yet and some gene sequences
are not available. Completion of this task is dependant on availability of data
in future.

Work done in Chapter 6 can be advanced with the help of automated
literature-mining approaches. Goal of such approaches is to allow researchers
to identify necessary information more efficiently, uncover relationships ob-
scured by the sheer volume of available information, and in general to shift
the burden of information overload from the researcher to the computer by
applying algorithmic, statistical and data management methods to the vast
amount of biomedical knowledge that exists in the literature as well as the

free text fields of biomedical databases.

!Concatenation of the sequences originating from several genes that in turn is used to
infer a species tree from the combined data.

2Inferring multiple gene trees and taking the most common reconstruction (i.e., take a
majority vote) as a species tree.
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Appendix

This section lists additional tables in support of valid attribute and functional

enrichment score based results given in Chapter 4.

Table Al: Valid attribute score of the individual partitions of algorithms.
BP - Biological Process, CC - Cellular Component and GF - Go Full.

Number of
valid attributes
Algorithm Partition BP CcC GF
number
1

w
oo

Farhat’s

=]

ot
at| =

Greedy

(=]
w

Modularization

CONLIOON AU A BN H OSSR RIE®O R W= e

CONNOCOFRWANFNWRNORERKFEEONORNRFORFWO

Newman’s
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89 0 129
70 101
62 0 89
11 12
. e 13 15
Kernighan-Lin’s 52 2 91
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Table A2: Valid attribute score of the algorithms

Sum total number
of valid attributes

Algorithm BP | CC | GF
Farhat’s 31 |2 47
Greedy 25 |3 39
Modularization | 37 |9 60
Newman’s 241 | 25 | 343
Kernighan-Lin’s | 65 | 12 | 106

Valid attribute score of an algorithm for partitioning a network is the sum total of number of valid
attributes associated with each of the partitions. Newman’s community finding algorithm is associated
with maximum number of attributes. BP - Biological Process, CC - Cellular Component and GF - Go
Full
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Table A4: FE_score of different sets of partitions obtained by Greedy algo-

rithm
5 6 7 8 9 10 11
191.4548534 230.7742959 168.4048013 150.6208458 935.2898352 341.3357118 239.4433579
17.92163291 70.94230769 88.67788462 173.7291378 118.224359 118.224359 141.8692308

41.04072262
70.57432941
28.44535928

50.07378745
8.949130863
45.98235794

305.9965904
17.98254142
126.4293497
32.42871949
21.48943789

126.6826923
35.23515664
16.26769466
132.0469101
75.52458474
53.31782466

88.67307692
89.53398058
256.1666667
0

333.0166667
118.2371795
6.654730102

88.67307692
89.53398058
256.1666667
0

333.0166667
118.2371795
55.54191025
180.8235294

94.14468959
106.4134615
117.7354802
107.4407767
154.3738832
0

0
249.443973
6.406716454

69.88737952

67.78697997

108.7727607

95.4281058]

216.1996105

158.1558081

110.6610518

FE_score - Functional Enrichment Score. For 9 partitions, Greedy algorithm is yielding maximum average
FE_score of 216.1996105. Hence these 9 partitions have been chosen for comparative analysis of algorithms
in Chapter 4.

Table A5: FE_score of different sets of partitions obtained by Farhat’s algo-

rithm

5 6 7 8 9 10 11
118.2602669 178.1565851 167.9952778 343.3079372 61.37506607 190.4704813 558.9090909
10.2556992 37.920601 190.8291597 45.78071542 86.97489613 86.97489613 771.6973448
39.00514532 46.4217363 32.33948143 46.66365363 0 0 141.8846154
22.83760227 15.16368983 0 44.13840736 0 0 109.6464339
17.42439328 53.20673077 30.01673833 0 32.4743943 35.61255062 614.8

- 53.20384615 4.671128666 0 697.669927 697.669927 307.4

- - 88.67788462 0 42.75106659 42.75106659 75.58438193
- - - 27.33607946 0 106.4076923

0
101.3461538

108.3840812
88.67788462

0
18.13576221
156.2484099

41.55662139

64.01219819

73.50423865

63.40334913

113.6212782

125.0540887

260.0648847

FE_score - Functional Enrichment Score.

algorithms in Chapter 4.

For 11 partitions, Farhat’s algorithm is yielding maximum
average FE_score of 260.0648847. Hence these 11 partitions have been chosen for comparative analysis of
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