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EXCUTIVE SUMMARY

Lung cancer is one of the most common cancers in the world whiclecontinue
rising to reacha high rate of deatim the year 2030Thetwo main types are small cell
lung cancer and nesmall cell lung cancefThe information of genetics mechanism
on how genes or protein cause cancer is widely studied nowadsy/slevelopment

of lung cancer is anulti-geneand extrenely complex process that involves several
biological processes such @scogene activation, tumor suppressor gene mutation and
tumor cell apoptosis suppressiorhe cancer diagnostics development relies on the
understanding of cancer mechanisms; thereftaradentify novel cancer associated
protein is an essential first step in cancer research development.

In this study, we identified the novel lung cancer associated proteins bas$eo on

different conceps of network clustering approadbr discovemng protein interaction

dense regions (network motiflrirstly, K-Means clustering approach is adopted to

cluster a group of proteiprotein interaction into sublusters, and therclique
percolation <clustering method (netRadvk i's &
motifo of sim guster fresutteal oyt Heans.&d¢candly, the Molecular

Complex Detection approach (MCODE) is also adopted in this work to be a candidate

of the first algorithm in term of clustering efficiency. Then analyzing biological
processes and KEGG pathways of proteins involved in same cluster was investigated.
Besides, cancer protein types; tumor suppressor protein (TSP) aneproteio

(OCP) are also observed. Finally, the <co
c o mp | emoagt@o different approaches is investigated by referring to known
protein complexes from MIPS.

Our results indicated that associated proteins findings involved in crucial processes in
cancer formation i.e. programmed cell death, apoptosis. Basicadlye tare two
limitations of our methodology i) the caneassociated protein prediction is limited

by the quality of gene ontology and pathway information, and ii) limited by the
number of known lung cancer proteins. This work can be the essential dpsbrst
discovering lung cancer associated proteins based on clustering analysis.

Further study will make more experiments in using different clustering algorithm to
overcome trapping the result in increasing accuracy and precision of the prediction of
lung cancer associated protein.



ABSTRACT

Discovering canceassociated proteins is a major challenge in cancer research.
Recently various techniques have been developed to identify novel -ceasoerated
proteins. Proteuprotein interaction network analso protein clustering approaches
are good predictors for cancer proteins. In this study, we implemented two different
network clustering approaches on lung cancer prgietein interaction network in
order to identify novel lung cancessociated proies. Firstly, we adopted #leans
clustering technique to identify novel lung cancer associated proteins, and secondly,
the Molecular Complex Detection approach (MCODE) was applied in this research
work to detect significant proteins which related to luagaer formation.

Enriched biological functions and KEGG pathways are determined, and results
strongly suggest that most of predicted proteins involve in lung cancer formation.
Also, based on the assumption that cancer proteins tend to interact with cancer
proteins, we have identified several putative lung cancer proteins. It is expected that
the approach developed in this work should be of value for identifying eancer
associated and cancer proteins.
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CHAPTER 1
INTRODUCTION

1.1 Lung Cancer

Lung cancer is one of the most common cancers in the wbhiel.World Health
Organi zati onds GI anblyesl,6B5,000deaths fiorh luig casiaera s e
worldwide in 2015. It predicts that this toll will continue to rise to reach a staggering
2,279,000 deaths in the year 2030 (World Health Organization Web site)

Lung canceforms in tissues of the lung, usuallythre cells lining air passages which

are leading cause of cancer death in human. Cigarette smoking causes most lung
cancers. Common symptoms of lung cancer includeoau g h t h a awaydande s n 6 t
gets worse over time, constant chest pain, coughing up blood, shortness of breath,
wheezing, or hoarseness, repeated problems with pneumonia or bronchitis, loss of
appetite or weight loss and fatiguaing cancer is the leaaj cause of cancer deaths
because 84% of cases are diagnosed at an advanced stage, withearfiservival

rate of less than 15%0Okada M. 2005Jemal A. 2008Kassis ES. 2009 The two

main types are small cell lung cancer and-sorall cdl lung cancer.Treatment
depends on the types, stage, and how advanced it is. Treatments include surgery,
chemotherapy, radiation therapy, and targeted therapy (NIH: National Cancer
Institute).

1.2 GeneticMechanism relatedCancer

The information of genetic mechanisms on how genes cause cancer is widely studied
nowadays. Genes come in pairs and work together to make a protein pRvdteshs

are very important molecules in living cells. They are involved in virtually all cell
funcions. Each protein has a specific role such as some proteins are involved in body
movement, defense against germs, while others are involved in structural support.
Protein are constructed from a set of twenty of amino acids, each amino acid has
different threedimensional shapes. Thewmre many typesof proteins and their
functions; antibodies defend that body from germs, enzymes speed up chemical
reactions and contractile proteins are responsible for movement.

When genes have error in thei rtheyinBlyxotc od e
work properlyin making protein that work in specific function in human hody
accumulation of many mutations in gene can lead to the development of Gdreer.
occurrene and development of lung cancer is a ragdthe, multistage, and
extremely complex process that involves several changes, including oncogene
activation, tumor suppressor gene mutation and deletion, tumor cell apoptosis
suppression, and microsatellite tasility(Plebani M. 1995Vielhaber S. 2006Beane

J. 2007.

1.3 Protein-Protein Interaction

Protein combinations are likely same as instrumental irp#tbeogenesis of human
disease, for instance the defect in fusion of Bcr and Abl can leads to chronic
myelogenous leukemiéRen R. 200por the abnormal interactions acquired by the
huntington pr ostDiseasgli BHh20BQu nt i ngt on o

The protein @inction can be expressed in terms of its interactions with other
molecules. The cancer diagnostics development relies on the understanding of cancer

1
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mechanisms; therefore, to identify novel cancer assogmt#dinis an essential first

step in cancer research developm@&iere are two types of cancer protein which are
Onm-Protein (OCP) and Tumor SuppressootBin (TSP). OCP is the good protein
that normally controls cell growth and it divides. If OCP mutatesedomes a bad
protein that can makes cell grows out of control, which can lead to cancer. TSP is
normal protein that slow down cell division and control apoptosis or programmed cell
death, cells can grow out of control which can also lead to cancer iiWb8& not

properly.

Currently, there are various methods have been developed to accelerat@caaoer
discovery i.e. gene annotation and sequence b@a@zlratzeta C. 2002Turner

F.S. 2003 microarray expression dat@deLichtenberg U. 200/ structural

information (Zhang QC. 201 domain compositioriXia K. 2008 Peng W. 201}

and network analysis base@eorge R.A. 2006Lage K. 200§ which is generally
connect gene networks with phenotype networks to infer-ganeer relationships.

Many biological functions involve the formation of protgirotein complexes.
Protein interactions appear to form a molecular network which usually contains small
circuit patterns callediinetwork motif® which are known to have interesting
dynamical propdies. Motifs reveal the cores of functional modules in molecular
networks.The dynamic modules or suletworks of proteins may have leading roles

in the cancer development and metastasis process. The static modules of protein may
belong to the inherent cgunents in aproteinprotein interactionnetwork; these
modul es tend t o associate wi t h t he fino
modification, and genetic evolution. The static modules of proteins may déeaibu

the variation of the proteiprotein nteraction network, and cells having these
proteins are robugfang X. 201}

1.4 Contribution of This Research Work

Discovering the relationship of proteins in protpmotein interaction network has
been one of the major challenges in today era. In this study, we further explore
proteins relationship, focusing on lung cangeotein in particular. The protein
protein nteraction network was investigatedorder to imply involvement of proteins

in lung cancer. We aim to predict a novel set of lung caassuociategroteins based

on various clusterintechniques.

In this research the novel lung cancer associatgutoteinsare predicted based on
various networkingapproacksto discover network motif or cluster which reveals the
cores of functional modules in molecular networks. Proteins which appear in the same
cluster are likely to have similar molecular functiomberefore, we hypothesized that

the proteinsfound in same cluster as lung cancer protemgyht have a high
probability in forming lung cancer as well.

Initially, we applyK-Meansclustering approach tolustera group of protekprotein

interaction o subclusters, and then analyze the biologitatctions of proteins

involved in same cluster and also their KEEG pathwéiggoto Encyclopedia of

Genes and Genomehttp://www.genome.jp/kegly/ KEGG pathwaysserviceis a

database resource for understanding eyl functions and utilities of the biological

system are observeBesides, clique percolation clustering method (CPM) is adopted

to discover fAsignificant n eNears. The cliquet i f 0

2
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motifs will help in revealing the significant proteins which involve tive core
functional modules related to lung candearthermore, cancer protein types; tumor
suppressor protein (TSP) and ormotein (OCP) are also observed in thisigtu

Secondly, theMolecular Complex Detectionpgroach(MCODE) is also adopted in

this workto be a candidate of the first algorithm in term of clustering efficiembg
sameinput dataset as K-Mean algorithm is submitted intoMCODE algorithm to
cluster proteirprotein interaction network into swddusters Then analyzing
biological processes and KEGG pathways of proteins involved in same cluster was
investigatedBesides, cancer protein types; tumor suppressor protein (TSP) ard onco
protein OCP) are also observed.

The comparison ofliscovering accurat@protein complexes amongK-Mean and
MCODE algorithmis investigated by referring to known protein complexes fiidmne

MIPS Mammalian ProtenfProtein Interaction Database (MIP@agel P. 2005 The

web pages displaying the significant protein modules found from these two
approaches are created. The web service is freely accessible at
http://sit. mfu.ac.th/lungcancerproj/



CHAPTER 2
LITERATURE REVIEW S

ProteinProteinInteraction (PPI) plag/a crucial role in determining the outcome of
cellular processe®rotein networks have been used to further the study of molecular
evolution, robustness of cells to perturbation and for discoeéryew protein
functions. The accuray of interacting proteinidentification and their networks is
important forobviousunderstanding the molecular mechanism within the bhy
complex systems in nature can be described in terms of networks which tinakes
tangle connections among the units to be understandable. A key question is how to
interpret the network®r subnetwork (communit) associated with nre highly
interconnected parts.

Interaction maps of entire genomes are useful for impgothe understanding of
cellular function. There are various attributes to be used in mapping network i.e.
microarray expression dagde-Lichtenberg U. 2005 gene ontologyMukhopadhyay

A. 2012, structural informatiorfZhang QC. 201Rand domain compositiofXia K.

2008 Peng W. 2014

Furthermore, everal computational methods have been developed to evaluate and
predict PPI, such as mRN&o expression based on the assumption that proteins that
are ceexpressed are moh&ely to interact in comparison to proteins that are net co
expressedBrowne F. 201D The Gene Ontology (GO) annotatigwu X. 2006
implies that proteins found within the same biological process are liketg to
interact than proteins from a different biological process. The Interolog approach
involves PPltransferringfrom one organism to another using comparative genomics
(Jansen R. 2003With the protein domain interaction approdbly S.K. 2003, PPI

could be inferred by recognizing protein domains and the ttteratransfers by
known domairdomain interactions (DDI). Also, it was proposed that PPl can be
inferred from protein structural informatioOgmen U. 200b Among those
computationaltechniques the interolog pproach has been broadly used for PPI
prediction(Von-Mering C. 2007. Also, the interolog approach has been justified to
be relidble on exploring interaction stietworks in cancgiRhodes D.R. 2005

Even thouglthere arenowadaysnanytechnques or methodologidselp in capturing

the role of molecular functions but the main drawback is that result datasets are often
incomplete which cause high rate of false positive and false negative atutisiri

V. 2010. The computational methods which are based on gvapbd approaches are
introduced such as CfindéAdamcsek B. 2006 Clique (Spinrin V. 2005, jClust
(Pavlopoulos GA. 2009 MCODE (bader GD. 2008 SCAN (Mete M. 2008, PCP
(Chua HN. 2008 LCMA (Li XL. 2005), DPClust(Alfaf-Ul-Amin M. 200§, CMC

(Liu G. 2009 and GIBA (Moschopoulos CN. 2009 These algorithms used graph
theory to identify highlyconnected subetworks. Otherwise, DMSHEnaraziotis IA.
2007, GFA (Feng J. 2008and MTISSE(Ulitsky I. 2007 are the methods to predict
protein complex based on gene expression data, whereas others likECEOMR.
2007, SWEMODE (Lubovac Z. 200p and DECAFF(Li XL. 2007)adopt graph
annotation information to make a prediction.

Adamcseket al (Adamcsek B. 200@8levelopedan efficient toolnamesiCfindero for
finding and visualizing the overlap, densknode groupsn undirected graphs. This
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program can be used in discovery novel modules of protein associated network based
on Clique Percolation Metho(Palla G. 200h

JClust (Pavlopoulos GA. 200%n application that provides access to a widely used
set of clustering algorithms and allows the interactive visualization of data. This
toolbox supports a various supervised and unsupervised clustering analysis methods
i.e. kMeans(MacQueen J.B. 196/7Spectral clusterin@Paccanaro A. 2006Affinity
propagation(Frey BJ. 200), Restricted neighborhood search cluster algorithms
RNSC (King AD. 2009, Markov clusteringVICL (Enright AJ. 2002 and MULIC
(Andreopoulos B. 2007

GIBA (Moschopoulos CN. 2009is a clustering tdowhich implements various
method i.e. MCL, RNSC , Cluster Density, haircut operation, best neighbor, and
cutting edge method.

Spinrin et al (Spinrin V. 200% studied protein complexes in moleculatworks.

They presented molecular networks on the mssale level which focused on
multibody interactions and discovered sets of proteins that have many tintgrac
proteins among themselves. They analyzed a yB&tnetwork, then analyzed
functional amotation of these subetworks and found that most of identified sub
networks correspond to either okthwo types of cellular modules which gmetein
complexes or functional moduleBheir work discovered highly connected clusters of
proteins in a netark of protein interactions and also the findings strongly support the
suggested modular architecture of biological networks.

Bader and Hoguébader GD. 200B8developed an automated method for discovering
molecular complexes in large protein interaction networks nanfiétolecular
Complex Detectior{ M C O D.Ehi®method is based on vertex weighting by local
neighborhood density and outward traversal from a locally dense seed protein to
isolate the dense regions.

Strudural Clustering Algorithm for NetworKSCAN) is a new method for finding
clusters or functional modules in complex network which was developed by Mete M.
et al (Mete M. 2008. Their workadopted the buddg yeastPPIfor evaluating the
effective of their algorithm.This method is based on common neighbors. Two
vertices are assigned to a cluster according to how they share neighbors.

Chua et alChua HN. 2008studied the indirect protein interactions between l@vel
interaction. They proposed a method in both direct and indirect interactions and first
weighted using topological weight to estimate the strength of functional association.
Furthermore, they alsor@posed an algorithm for searching cliques in the modified
network, and merge cligues to form clusters using a "partial cliqgue merging" method.
The findings from this work ar€ indirect interactions and topological weight to
augment proteuprotein inteactions improve the precision of clusters predicted by
various clustering algorithms; aimd this algorithm performs very well on interaction
networks modified in this way.

The work of Li et al(Li XL. 2005) purposed aorithm to identify interaction graph
using local clique merging. This algorithm aims to locate local cliques for each graph
member (protein) and then merge the detected local cliques according to their affinity
to form maximal dense regions.

Liu et al(Liu G. 2009 develoged an algorithm callediClusteringbased on maximal
cliques ( C MCfp dind complexes from weighted PPl network. This algorithm
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generates all the maximal cliques from the PPI networks, and then removes or merges
highly overlapped clusters based their interconnectivityTheir findings are (i) the
iterative scoring method improve CMC performance (ii) the iterative scoring method
reduce the impact of random noise on algorithm performance (iii) the iterative scoring
method improve the performance ather protein complex prediction methods and
reduce the impact of random noise on their performance; and (iv) this algorithm is an
effective approach to protein complex prediction from protein interaction network.

The work of Maraziotis et dmaraziotis IA. 200Y presents algorithm that discovers
biologically functional modules oPPI by integrating of two pieces of information
which are protein interactioand microarray data. This approach firstly assigene
expression information as weights onto Rl network The enriched PPI graph is
observed to see their topology. This algorithm aims to reveal the functional module of
the weighted graph by expandima kernel protein set which originates from a given
seed protein.

Feng et al(Feng J. 2008 purposed Graph Fragmentation Algorithm (GFA) for
identifying protein complex. They combin&Pldata and microarray gene expression
profiles and then adapted a classical fflaw algorithm for discovering the densest
subgraphs (weight). This approach sdees for large dense sgjpaphs in a network

of PPI after that breaks each sgkaph into fragments iteratively by weighting its
nodes in term of their corresponding {fdd changes in the microarray data utitié
fragment sulgraphs are sufficientlynsall.

Ulitsky et al(Ulitsky 1. 2007 purposed algorithm for identifying functional modules,
firstly they computed paiwise similarity of gene expression patterns from microarray
data, then created a network of proteins asdigned similarity values between
proteins in network, finally, search for snbtworks that reach high similarity.

Cho et al (Cho YR. 2007 developed semantic similarity and semantic interagtivit
metrics based on Gene Ontology annotation to measure the reliability of the
interaction of proteins. Weighted graph is created by assigning the reliability values to
each interaction as a weight.

SWEMODE (Lubovac Z. 200p This work identify the core modules in protein
interaction network by combining functional information with topological information
of the network. The weight is used to represent the strengths of interactioestetw
proteins, their semantic similarity is calculated which based on the Gene Ontology
term of proteins. This algorithm can identifies dense smaphs containing
functionally similarity proteins based on range of nodes; the highest ranked nodes are
consicered as seeds for candidate modules.

DECAFF (Li XL. 2007) propose a method nani®enseneighborhood Extraction
using Connectivity and confidence Feati(DECAFF) algorithm to discover dense
subgraphs of protein interaction networks. Their experiment result with yeast protein
interaction data indicates that paiise protein interaction networks can be effectively
discovered new protein complexes.

2.1 Protein-Protein Interaction Network in Diseases Research

Wachi (Wachi S. 200pstudied differentially expressed genes in lung cancer tissues
by observing the degree of distribution and ceryratif the set of differentially
expressed genes in human PPl network based on interolog apfvtattinews LR.
2001). Their result supports the notion that topological analysis cancer genes using
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protein interaction data may provide the rationales for therapeutic targets in cancer
treatments.

The work of Jonsson and Bat@®nsson PF. 2006tates that the network topology of
human proteins translated from known cancer genes is different from the network
topology of undocumented proteins as being mutated in cancer. Their work also
indicates that cancer proteins tend to target in central groteins rather than
peripheral proteins, furthermore they tended to reside in larger clusters and tended to
participate in more clusters than undefirgathcer proteins. These evidences also
support the work of Goh et &oh KI. 2007 that disease genes are likely to encode
hub proteins; play a central role in the human interactome and are expressed widely in
most tissues.

Besides, Chuang et &huang HY. 200y used protein network based approach to
identify breast cancer metastasis. A human R&work was created from metastatic
and nonmetastatic pat i e-mdtvwork markers weremrei o n .
than single marker genes.

Efroni et al (Efroni S. 2007 performed a related study, in which they predicted
pathways associated with cancer gene expression data sets. The expression data were
adopted in being score of theamiction of known pathways and the scores were used
as features for make prediction. Their work different with Chuang (&@ralang HY.

2007 in whichthey adopted known pathways in prediction eatthan sulmetworks
dynamically picked up from a protein network.

Furthermore, the work ofi et al (Li BQ. 2012 studied in identifying colorectal
cancer related gene. Their work comdsl two computational methods to identify
colorectal cancerelated genes which based on i) the gene expression profiles and ii)
the shortest path analysis of functional protein association networks. They found that
the genes identified from both methodavé more cancer genes than the genes
identified from the gene expression profiles alone, and this group of genes had greater
functional similarity with the reported colorectal cancer genes than another group of
genes.

In addition, Feizi and BorddFeizi A. 2013 also studied subetworks of metabolic

and protein interaction which controlling the growth rate of cancer cells. They
analyzed gene expression plesi of 60 different cell lines using several geneme
scale biological networks and new algorithms. Their findings are over 100 growth
correlated metabolic sufetworks have been identified which are a key role of
simultaneous lipid synthesis and degradatiorthe energy supply of cancer cells
growth.

The previous research works mentioned above clearly proved that proteins close to
one another in a network cause similar diseases. This idea is becoming an
interestingly and increasingly important factor inctigery of disease genes. Various
approaches to be implemented in order to identify essept@kins different
approaches adopt different kind of data, but allheit involve known disease genes
(proteins)and also candidate gengsoteins) The new aproaches that do not depend

on prior knowledge of diseaggenes (proteinsdre needed to discovery novel disease
related genegoroteins)



2.2K-MeansClustering

K-means(Tapas K. 200Ris one of unsupervised learning algorithms that solve
clustering problem. The procedure follows a simple and easy way to classify a given
data set through a certain number of clusters (assume k clustex)afoxiori. The

main idea is to define k centers, one for each cluster. These centers should be placed
in a cunning way because of different location causes different result. So, the better
choice is to place them as much as possible far away from earhTile next step is

to take each point belonging to a given data set and associate it to the nearest center.
When no point is pending, the first step is completed and an early group age is done.
At this point we need to realculate k new centroids as peenter of the clusters
resulting from the previous step. After we have these k new centroids, a new binding
has to be done between the same data set points and the nearest new center. A loop
has been generated. As a result of this loop we may nadsicththk centers change

their location step by step until no more changes are done or in other words centers
do not move any more. Finally, this algorithm aims at minimizing an objective
function knows as squared error function given by:

€ 2
J@)= 3 % (x—wu))
i=1 j=1

where [|xi- vj||is the Euclidean distance betweerandyvj, ciis the number of data
points inits cluster, ds the number of cluster centers.
Steps for K-Means clustering
Let X = {x1,x2,x3,¢éé..,xn} be the set of
theset of centers.

1) Randomly select 6cd6 cluster centers.

2) Calculate the distance between each data point and cluster centers.

3) Assign the data point to the cluster center whose distance from the cluster

center is minimum of all the cluster centers.
4) Recalculatette new cluster center using:

vi=(1/¢) ‘f X,
J=1

where, ci represents the number of data pointsdtuster.
5) Recalculate the distance between each data point and new obtained cluster
centers.
6) If no data point was reassigned then stop, otherwise repeat from step 3).

2.3Clique Percolation Method (CPM)

The clique Percolation Method (CPM) is one of the earliest overlapping communities
finding methods widely used in several different networks based on the concept of
mapping the connections among unit into a graph. Tée ad representing a complex
system with a network is frequently used in various fields including investigations on
mobile phone network&nnela J.P. 2007.ambiotte R. 2008Seshadri M. 2008 e

mail network¢Ebel H. 2002 online social networkgAiello L.M. 2010) and also
including biology, economy, etc.

Cligue percolation clustering is a well known approach for analyzing the overlapping
community structure of nebrks. This method builds up the communities from k
cligues which is fully connected sub graphs of k nodesy two k-cliques are
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adjacent if they shark-1 common nodes. A-cligue community is constructed by
merging all possible adjacekicliques. Thanain advantage of this approach is that it
allows overlaps between the communities, as a given node can be a member of
several clusters at the same time. This characteristic can be apploiscover
significant proteins that involve in more than one camity.

FigurBllustration ofdinguke communitids at k =

In protein interaction networks, completely connected graphsaléed cliques, have

been found to have a high functional significai®eirin V. 2003 YegerLotem E.

2004. Motifs and cliques reveal the cores of functional modules in molecular
networks. In this study, the lung cancer associated genes are predicted based on a
clique percolation clustering approach to diger network motif or cluster which
reveals the cores of functional modules in molecular networks. Proteins which appear
in the same cluster are likely to have similar molecular functions. Therefore, we
hypothesized that the proteins located in the sanstarl as lung cancer proteins have

a high probability in forming lung cancer as well.

Directed Cligue Percolation Method (CPMd): The k nodes can be ordered such that
between an arbitrary pair of them there exists a directed link pointing from the node
with the higher rank towards the node with the lower rank. The directed Clique
Percolation Method defines directed network communities as the percolation clusters
of directed kcliques.

2.4MCODE (Molecular Complex Detection)

MCODE algorithm (bader GD. 200Bis a weltknown automated method to find
highly interconnected su@raphs asnolecular omplexesor clusters in large protein
protein interaction networkslhis algorithm detects densely connected regions in
proteinprotein interaction networks as protein complexes. Firstly, it weights every
vertex based on their local neighborhood densitied, then selects seed vertices that
high weights and thenubward traversalDepthFirstSearch)from a dense seed
protein with a high weighting value to include neighboring vertices whose weight
satisfied some given thresholthe MCODE algorithm operagein three stages,

9
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vertex weighting, complex prediction and optionally posicessing to filter or add
proteins in the resulting complexes by certain connectivity criteria.

The first stage of MCODE, vertex weighting, weights all vertices based on tbair lo
network density using the highdstore of the vertex neighborhood.kicore is a
graph of minimal degrele(graph G, for alvin G, deg{) >=Kk). The highesk-core of

a graph is the central most densely connected subgraph. We define here twrdéerm
clustering coefficient of a vertex, to be the density of the highdstore of the
immediate neighborhood of(vertices connected directly W includingv (note that
Cidoes not includd. The coreclustering coefficient is used here insteadtlod
clustering coefficient because it amplifies the weighting of heavily interconnected
graph regions while removing the many less connected vertices that are usually part
of a biomolecular interaction network, known to be séede A scalefree network

has a vertex connectivity distribution that follows a power law, with relatively few
highly connected vertices (high degree) and many vertices having a low degree. A
given highly connected vertex,in a dense region of a graph may be connected to
many vetices of degree one (singly linked vertex). These low degree vertices do not
interconnect within the neighborhood woénd thus would reduce the clustering
coefficient, but not the corelustering coefficient. The final weight given to a vertex

is the prodct of the vertex corelustering coefficient and the highdstore
level,kmax, of the immediate neighborhood of the vertex. This weighting scheme
further boosts the weight of densely connected vertices. This specific weighting
function is based on localetwork density. Many other functions are possible and
some may have better performance for this algorithm but these are not evaluated here.

The second stage, molecular complex prediction, takes as input the vertex weighted
graph, seeds a complex with theghest weighted vertex and recursively moves
outward from the seed vertex, including vertices in the complex whose weight is
above a given threshold, which is a given percentage away from the weight of the
seed vertex. This is the vertex weight percemt@dWP) parameter. If a vertex is
included, its neighbours are recursively checked in the same manner to see if they are
part of the complex. A vertex is not checked more than once, since complexes cannot
overlap in this stage of the algorithirhis proces stops once no more vertices can be
added to the complex based on the given threshold and is repeated for the next highest
unseen weighted vertex in the network. In this way, the densest regions of the network
are identified. The vertex weight thresholdrameter defines the density of the
resulting complex. A threshold that is closer to the weight of the seed vertex identifies
a smaller, denser network region around the seed vertex.

The third stage is pogtrocessing. Complexes are filtered if they do omttain at

least a Zcore (graph of minimum degree 2). The algorithm may be run with the 'fluff'
option, which increases the size of the complex according to a given 'fluff' parameter
between 0.0 and 1.0. For every vertex in the compldis neighborsre added to the
complex if they have not yet been seen and if the neighborhood density (inafuding

is higher than the given fluff parameter. Vertices that are added by the fluff parameter

10



are not marked as seen, so there can be overlap among prediof@dxes with the

fluff parameter set. If the algorithm is run using the 'haircut’ option, the resulting
complexes are-2ored, thereby removing the vertices that are singly connected to the
core complex. If both options are specified, fluff is run fitls&n haircut.

Resulting complexes from the algorithm are scored and ranked. The complex score is
defined as the product of the complex subgraph, C = (V,E), density and the number of
vertices in the complex subgraph (BQV|). This ranks larger more densamplexes

higher in the results.

There are two important parameters of MCODE which are node score cutoff and fluff.
Node score cutoff is used to control how new nodes are added to a module. The
default value is set to 0.2, which means the new node swase be at least eighty
percent that of the modules seed node score. A setting of 0.1 makes it harder for new
nodes to join a module, therefore, creating smaller modules. Once a module is found,
fluff parameter is set for adding nodes that have a node stdifty percent of the
original seed node score, and can be used to grow the module. The node score cutoff
is the most important parameter for deciding one the module shape and size. The
higher value of the node score cutoff, coupled with adding flafameter would be

good to identify the pathway interacting modules. Since many proteins need only
interact with just one member of a complex to phosphorylate its target.

Figure 2 shows the effect of adding Fluff to a module, the left module was defined
from the human interactome using a node score threshold of 0.2. The right module is
the same seed module, after applying fluff setting to 0.5, where the white nodes have
been added. In general, the fluff nodes are connected to the seed module via a single
edee. Figure 3 shows the effect of lowering the node score threshold from 0.2 to 0.1.
The central module was defined from the human interactome using a node score
threshold of 0.2. From this network, four tighter, more cohereninstsorks were
identified wren running MCODE with node score threshold is 0.2.

11
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Figui@he effect of lowering node score ratio from 0.2 to 0.1
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CHAPTER 3
METHODOLOGY

3.1 Data Source

A collection of experimentbl confirmedlung cancer proteins was obtained from two
resources i.e. Online  Mendelian Inheritance  in Man  (OMIM:
http://www.ncbi.nim.nih.gov/omim) and Lung Cancer Datab@#éang L. 2010
(HlungDB:  (ttp://www.megabionet.org/bio/hlung/index.)sp A total of
experimentally confirmed human PPIs was obtained from BioGrid (Database of
protein and genetic interactionbttp://www.thebiogrid.ory (Stark C. 200h The
Onco-Protein (OCP) and’'umor SuppressorrBtein (TSP) data are derived from the
following three databases: (1) TumAssociated Gene database of Taiwan national
Cheng KungUniversity (http://www.binfo.ncku.edu.tw/TAG/), (2) Memorial Slean
Kettering Cancer Center and (3) National Yang Ming University. This research
collected 656 O€ and 1,024 TSP

3.2Research OverviewSystem Flowchart

Lung cancer 1) Verify input data by
proteins specialist
(OMIM, HlungDB) l/

.. oo 2) Create a PPIs set of lung
PPIs cancer protein and their
(BioGrid) interacting partners

K-means MCODE
s A
3.1) Create PPIs Metric 4.1) Run MCODE
e \J/ ™ \[/
3.2) Run Kmeans (MathLab)
K=25, distance = correlation 4.2) Filter significant clusters
’ v - )
3.3) Filter significant clusters 4.3) Find PPIs of proteins in
L ) each cluster
| ) !
3.4)Find PF:S :)f ;t)rotelns b 4.4) Find clique communities
S neh of each cluster (cFinder)
s \]/ B
3.5) Find clique communities
of each cluster (cFinder)
\J/ ™
3.6) Observe Biological Process 5.1) Compare protein complex with MIPS
& KEGG Pathway L 5.2) Create webpage displaying results

Figu#eSystem Flowchart
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As a guideline of describing the methodology section, a brief content summarizing
each of the following stegis given. A flowchart depicting a methodologyustture is
presented ifigure 4

Verification andPre-Processingf Input Data

Construct a set of lung cancer protpnotein interaction

K-Means Clustering Process

MCODE Clustering Process

Identification of Protein Complex

Gene Set Enrichment Analysis (GSEA)

Identification ofcancefrelated proteins

NookrwhE

3.3 Verification and Pre-Processing of Input Data

A set of lung cancer proteins (2,683 proteins) was extracted from two different
sources which are OMIM and HLungDBesides, a set of 1830 homesapiens
proteinprotein interactome was gathered from another BioGrilefore clustering
processes, we verified a set of lung cancer proteins whether each identified lung
cancer protein was proved by at least twerature referencesNe focused in this
process to make sure that our @iinput datasetis reliable by literature search and
credible by specialists. This process is able to protect garbage in garbage out problem.

3.4 Construct a set of lung cancer proteirprotein interaction

Lung cancer proteins are merged with their protein interacting partners from
bioGrid, and then a set 0f76,360 lung cancer proteiprotein interactioa was
obtained.Figure5 shows how to merge lung cancer proteins with their interacting
partners.

Lung cancer protein Confirmed PPIs
(3 sources) (BioGrid)
O P
0" | B3 (B0 oo
080/ | g DB 00
. B | | B0 00

Figursl.ung Cancer protein are merged with their interacting par
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3.5K-means ClusteringProcess

Preprocessing Input Data

2,683 Lung cancer

Create a PPIs set of lung

K-MEANs

Create PPIs Metric from

proteins
(OMIM, HlungDB)

T
159,840 PPIs
(BioGrid)

cancer protein and their
interacting partners
(76,360 PPIs)

distinct proteins
(size 9,284%9,284)

[

|y

Run K-Means Algorithm
(MathLab)
K=25, distance = correlation

l

Filter out the cluster that has
lung cancer protein involved
>=50%

J

Find PPIs of proteins in each K-
Means result cluster

\l, foreach cluster

Find clique communities of
PPlsin each cluster
(cFinder)

foreach cluster

Biological Process Enrichment
Analysis , KEGG Pathways
(DAVID)

\l/ foreach cluster

Observe cancer protein types
(TSP, OCG)

Figu@kMEANSs Flowchart

1) Construct Lung PPI Rtric; to call K-means algorithnof MATLAB needs to
re-format PPlinput datain a metic format Java programmindanguage was
adopted to creatthe PPIsmetric. The metric 0f9,284in size was obtained
from theJAVA programming script-igure7 shows the original file format of
Lung cancer PP#lata composing of protein A which interacts to protein B.
Figure 8 indicates the mric format of PPl data. Zero (0) represents Ron
binding between two proteins such row and colummne (1) represents such

pair of protein interact to each other.

A2M ADAMTS1
A2M APOE
A2M IL10
A2M L4
A2M LCAT
A2M LEP
A2M NGF
A2M PAEP
ABCB1 DHX9
ABCB1 PIM1
ABCB1 uBC
ABCB7 FECH
ABCE1 RNASEL
ABCE1 UBASH3A
ABL1 ABI1
ABL1 ABI2
ABL1 ABL1
ABL1 ABL2

Figie7the original file formatywbpeotenteraction data
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Figuigthe metric file formatjofqieiteimeraction data

(

o

2) Run K-Means algorithm K-Means algorithm was adopted for
clustering Lung cancer PHhto subclustes, measurement for
clustering is set to correlation distanc&Ve set distance
measurement tde ficorrelatio® which consist to the work of
Goele HollandergHollanders 200b This workdid an experiment
on comparison of clustering performance of thenEans algorithm
run with two dfferent distance measuremsnthich are squared
Euclidean distance and correlation distance on microarray data of
gene interaction. Their result indicates that the centroids obtained
from the correlation distance give good indications of the different
type of influences in a genetic regulatory systehhis evidence
support our goal in which we aimed to distinguish a set of proteins
associatedio lung cancefrom other proteins.

The value of K or the number of output stlbsterwas set to 25
which is the maimum number of cluster based on our input data.
We alsofurtherdid an experiment to prove whether the correlation
distance give the best clustering performance on the assumption
that balancingthe number of member in each clustehich is
indicaing efficiency in clustering more than imbalanceof such
number By doing this, the number of output cluster was fiXL@®
then various type of distance method; citglock, Euclidian,
correlation, hamming, andosine wereset for running on input
data To awid bias, we run each method for ten times, and then
take an average of the number of each cluft@m our evidence

as table 1 indicates that correlation distance give the best variance
value.
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Tabl&Variation in the number of member in various methods

method | clustg clustg clustg clustg clustg clustg clustg clustg clustg cluste sum| variand

1 2 3 4 5 6 7 8 9 10 %
Cityblock | 725 1 89 | 1642 37 | 204| 35 5 13 2 | 928| 46.78
EU 6607 3 165| 49 | 1091 102 304| 1 1 37 | 928 | 37.40
correlation| 839| 836| 1520 836| 622| 803| 814| 862| 734| 148 | 928 | 0.77
Hamming | 7152 42 1 137| 19 34 | 289| 14 16 | 180| 928 | 45.13
Cosine 1934 1174 1311 412| 173| 716| 1245 547| 991| 78 | 928 | 2.37

3) Filter out theoutput clusters which have the involvementlafng cancer
protein more than 50% of the proteins in a cluster.
Find PPIs of proteins in each clusterotein members in each cluster were
merged with their proteimnteracting partnes that present in same cluster.

4)

Ideally, proteins which are grouped in same cluster might not have the

l inkages to
Thus to find significant set of protehprotein interactionin a cluster, we

filtered out only the proteins that have their interacting partners present in
same cluster-igure 9 shows proteiprotein interaction in same cluster.

proteins

cluster

Figui@proteprotien interaction in same cluster
(blusqueendicaproteins with their interacting partnergigatwosguntesanting proteins)

n

cluster

a

c |

uster

5) Find Cligue community in result clustenve adopted cFinder software to
discover the community of protein in cluster. cFindeftware applies the

6)

7)

concept of Clique Percolation Clustering Method (CPM) to find dense region

in a proteinprotein interaction networkA set of PPl of each cluster was

submitted to cFinder software to search for cligue communities.

Observeenriched bitogical process by DAVID a list of protein of each
cluster was submitted t®AVID for identifying their enriched biological

processes and also KEGG Pathways.

Observe cancer protein types (tumor suppressor protein oOr-poat=n)
involved in a cluster.
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3.6 MCODE Clustering Process

cancer protein and their

2,683 Lung Efeds interacting partners
SEUEhE (76,360 PPIs)

(OMIM, HlungDB)

Create a PPIs set of lung J

MCODE

159,840 PPIs
(BioGrid) Run MCODE algorithm (Cytoscape)

\

Filter out clusters that cluster score
>15

Filter out clusters which have lung
cancer protein involved
>50%

\l, foreach cluster
Biological Process Enrichment
Analysis , KEGG Pathways
(by DAVID)
\L foreach cluster
i N\
Filter out Biological Processes that
related to apoptosis, cell death, or
cancer diseases

s,
\L foreach enriched BP

Observe cancer protein (TSP, OCG)

FigurEOMCODE Flowchart

1) Initially, a list of 76, 360 PPIdung cancer protehprotein interaction was
adopted in this calculatignthis data set wasubmittedto allegreMCODE
plugin of Cytoscapesoftware(bader GD. 2008to find highly interconnected
regions orclusterin a network.

2) Resulting complexes froMCODE are scored and ranked. The complex score
of each cluster is the product of the complex subgrapiMCE), density and
the number of nodes in the complex grbph.Figure11 shows list of clusters
resulted by MCODE algorithm.

Cluster 1 ‘ Cluster 2 Cluster 3 Cluster 4 Cluster 5 Cluster 6 Cluster 7 Cluster 8
(Score: 11.626) L) | (score: 10818 (Score: 8.897) Score: 6.791) (Score: 5.765) o (Score: 3.085) (Score: 3,048
* . S * i i
" "
Cluster9 Cluster 10 Cluster 11 Cluster 12 Cluster 13 Cluster 14 Cluster 15 Cluster 16
(Score: 2.965) (Score: 2,526 (Score: 2526 (Score: 25) (Score: 2.462) (Score: 2.167) (Score: 2.152) (Score: 2111

FigurElcluster list resulted from MCODE algorithm
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3) Clusters with their score greater than 1.5 fléey out to be determined in our
experiment.

4) Clusters with asxciated by greater than 50% of involving lung cancer proteins
was filter out to be determined in our experiment.

5) Enrichment biological process and KEGG pathway analysis by DAVID
software wasevaluated for protedprotein interaction in each cluster. By
doing this, the experimentally confirmed protein partners of each piat@n
cluster was mapped to their partners, then submitted all pyoteiein
interaction pairs of a cluster into DAVI® identify their enriched biological
process and KEGG pathways wittvalue set to 0.005.

6) After we got a list of biological process or KEGG pathway of each cluster that
satisfy 0.005 of gralue, only the biological processes or KEGG pathways that
relatedto apoptosis, cell death, or any proessseported related to cancer
were extracted to be determined in our experiment.

7) Undefined lung cancer proteins in cluster were observed their linkage to
cancer protein.

8) For each biological process (or KEGG pathwayd observegrotein type of
involving proteins (tumor suppressor protein or gpootein).

3.7Identification of Protein Complexes

In this study, we compared thausteringresults with known protein complexes
obtained from The MIPS Mammalian Protétnotein Interaction Database (MIPS)
(Pagel P. 2005which is a database of higjuality published experimental evidenc

of protein interaction data in mammals in order to identify realistic caetased
protein modules. Subunits fromdommunity are compared with the MIPS protein
complexes. The Jaccard Index (JI) is a quantity which is used to quantify the
similarity bedween two sets, hence, given two modules A and B the Jl is given by:

- 228

where!A%Bl and | AG Bl denote the cardinality df*B| and | AG Bl respectively. It
is noted that JI lies between 0% and 100%.

3.8Gene Set Enrichment Analysis (GSEA)

The functional annotation of the lung cancer PPIs is given by implementing The
Database for Annotation, Visualization and Integrated Discovery, i.e. DAMIBNg
W.da 2009. DAVID provides functional annotation tools which mainly provide
typical batch annotation and gene ontology (GO) term enrichment analysis to
highlight the most relevant GO terms asated with a given gene list.

In order to investigate the enriched biological processes of prateidisisters the
proteins of each cluster was submitted into DAVID, and then the tool clustered
redundant annotation terms of the protein list. The protaite an enriched
biological processesalue less than or equal to 0.05 of each were examined in this
work.
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3.91dentification of cancer-related proteins

The oncoprotein (OCP) and tumor suppressor protein (TSP) data are derived from the
following three étabases: (1) Tumor Associated Gene database of Taiwan national
Cheng Kung University (http://www.binfo.ncku.edu.tw/TAG/), (2) Memorial Stoan
Kettering Cancer Center and (3) National Yang Ming University.
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CHAPTER 4
RESULTS

4.1 K-Means

There are 25 output clusters fromNkeans algorithm, but there is only one cluster
that has lung cancer protein involved more than fifty percent. This cluster involves
1,056 proteins in total, 983 proteins are lung cancer proteins (93% involvement of
lung cancer protein)Therefore, we focused this cluster for further study.

4.1.1Cligue Percolation Clustering Network Analysis

There are 18 clique communities from aMéan clusteng processA list of non

Lung cancer protein involved those communities are UBC, COPS6, CUL2, NRP1,
and SH3GL3See detail in table2.

UBC was recorded in uniProt that it involves in DNA damage response, by inducing
the cell cycle regulator phosphoprotein p53 in response to the datexdtiDNA
damage and resulting in the stopping or reduction of cell cycle rate.

The work of Park et a{Park SW. 200pindicates that somatic mutation of CUL2
occurs in a fraction of colectal cancers and this protein may play a central role in
HIFlalph activation in gastric, colorectal, breast, lung and hepatocellular carcinomas,
and acute leukemias.

SH3GL3 was reporteth the work of Fang et a(Fang WJ. 201Pthat it exhibited
hypermethylationin its promoter region; this evidence support previous studies that
SH3GL3 is significantly associated with colorectal cancer.

Tabl2Clique Community List

commun involveq lung commun| involve| lung commun| involvel lung
ID protein| cance ID proteir] cancel ID proteir] cancer
protei| protein protein

1 UBC No 7 UBC No 14 UBC No
CD74 | Yes MVP | Yes HLAMA | Yes

MIF Yes PARP{ Yes HLORBl  Yes

2 UBC No 8 VEGF/ Yes 15 UBC No
CSTB| Yes PGF Yes CIT Yes

CTSH| Yes NRP1| No RHOC Yes

3 uUBC No 9 uUBC No 16 UBC No
ADAMTY{ Yes SPINT| Yes FABPY Yes
VEGFA Yes ST14| Yes S100A| Yes

CTGF| Yes 10 UBC No 17 UBC No

4 UBC No BCL2| Yes LAMP] Yes
FGF2 | Yes ITM2B Yes LAPTV Yes

GPC3| Yes 11 UBC No 18 UBC No
RPS19| Yes DNAJB Yes AKAP1l Yes
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SDC4 | Yes PABPN Yes \ FHLl‘ Yes|
5 UBC | No 12 SH3GL No

GSTM1 Yes DPYSL Yes

GSTMZ Yes PTPR( Yes
6 UBC | No SH3GL No

COPS6 No 13 UBC| No

IFI27 | Yes FAS | Yes

SKP2 | Yes PDCD{ Yes

CUL2 | No HEBP] Yes

TCEB1| Yes

Biological Process Enrichment Analysis and KEGG Pathway Analysis
There are 1,193 PPis observing clustefcluster number20); the list of distinct
proteins was submitted to DAVIBoftwarefor investigatingthe enriched biological
processe®f this protein list From our evidence as tab&indicates that most of
biological process that related to cancergolved almost 100% of lung cancer
proteins

Tabl@List of enriched biological Process of clique protein community

Categor Term Coun| % PValug Involved proteins
GOTERN GO:0010941~regulatiof 70 | 13.11 6.68E2| XRCC4, HRAS, TP63, PAWR, 1
BP_FAT| death ACVRI1B, PCGF2, CASP3, NOAZR

CD44, PCBP4, APOE, HMOX1, |
NOS3, FAS, FGF2, API5, TERT,
PRAME, CYCS, PRKCI, SKP2, FA
ARHGEF11, TNFRSF10A, TNFHR
RASGRF1, UNC13B, NMNAT1, M
CD74, MIF, PEA15, ERCC5, PH
NEFL, BMP4, TXNIP, PTPRC, S
LGALS1, BIRCG6, BIRC5, MALT], {
SOD2, ATF5, NRAS, CASP10,
PLCGZ2, ID3, BMP7, PDCD6

GOTERN GO:0043067~regulatio 69 | 12.92 1.57El| XRCC4, HRAS, TP63, PAWR, 1
BP_FAT| programmed cell death ACVRI1B, PCGF2, CASP3, NOD2,
CD44, PCBP4, APOE, HMOX1, |
NOS3, FAS, FGF2, API5, TERT,
PRAME, CYCS, PRKCI, SKP2, FA
ARHGEF11, TNFRSF10A, TNFH
RASGRBNC13B, NMNAT1, MCL1,
CD74, MIF, PEA15, ERCC5, PF
NEFL, TXNIP, PTPRC, SMADSG,

BIRC6, BIRC5, MALT1, SOD1, T
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ATF5, NRAS, CASP10, DUSP1, B
BMP7, PDCD6

GOTERI
BP_FAT

G0:0042981~regulatior
apptosis

67

12.54

7.84E1

XRCC4, HRAS, TP63, PAWR, 1
ACVRI1B, PCGF2, CASP3, NOD2,
CD44, PCBP4, APOE, HMOX1, ¥
NOS3, FAS, API5, TERT, PRKCA
CYCS, PRKCI, SKP2, FADD,

ARHGEF11, TNFRSF10AB, THIFE
RASGRF1, UNC13B, NMNAT1, M
CD74, MIF, PEA15, ERCCS5, PH
NEFL, TXNIP, PTPRC, SMADG,

BIRC6, BIRC5, MALT1, SOD1, T
ATF5, NRAS, CASP10, DUSP1, E
PDCD6

GOTERI
BP_FAT

G0:0043069wreegegulat
of programmed cell dea

39

7.30

1.2789

XRCC4, HRAS, MCL1, CLU, TP
PEA15, PCGF2, ERCCS5, CASP3,
PPP2CB, RHOA, PIK3CA, NOSS3
NEFL, API5, TERT, IRAK1, PR
PRKCI, SKP2, BIRC6, MARILVIZ, BIB
TAX1BP1, SOD2, ATF5, NRAS, BT

GOTERI
BP_FAT

G0:0060548~negative
of cell death

39

7.30

1.340

XRCC4, HRAS, MCL1, CLU, TP
PEA15, PCGF2, ERCCS5, CASP3,
PPP2CB, RHOA, PIK3CA, NOSS3
NEFL, API5, TERT, IRAK1, PR
PRKCI, SKP2, BIRC6, MALT1, BIR
TAX1BP1, SOD2, ATF5, NRAS, BT

GOTERI
BP_FAT

G0:0043066~negative
of apoptosis

38

7.11

3.0089

XRCC4, HRAS, MCL1, CLU, TP
PEA1BCGF2, CASP3, ERCCS5, Al
PPP2CB, RHOA, PIK3CA, NOS3
NEFL, API5, TERT, IRAK1, PR
PRKCI, SKP2, BIRC6, MALT1, BIR
TAX1BP1, SOD2, ATF5, NRAS, BT

GOTERI
BP_FAT

G0O:0006916&mpgtosis

24

4.49

9.88&7

IRAK1, MCL1, CLU, PRKCI, SKP
MALT1, BIRC5, PIM2, SOD1, TA
ATF5, PEA15, APOE, HMOX1,
NOS3, FAS, THBS1, API5, TERT

GOTERI
BP_FAT

G0:0010942~positive ri
of cell death

33

6.17

6.7665

TP63, PAWR, TGFBACMERABZ,C/
CD44, CASP9, DYNLL1, APOE,
FAS, TXNIP, BMP4, PRKCA, PTP
FADD, SOD1, ECT2, ARHGEF1
CASP10, TNFRSF10B, DUSP1,
ID3, BMP7, UNC13B, PDCD6

GOTERI

G0:0043065~positive rq

32

5.99

1.2764

TP63, PAWR, TGFB1, TGFB2, A
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BP_FAT

ofapoptosis

CD44, CASP9, DYNLL1, APOE, H
FAS, TXNIP, PRKCA, PTPRC, KL
SOD1, ECT2, ARHGEF11, TNFR
TNFRSF10B, DUSP1, RASGRF1,
UNC13B, PDCD6

GOHRM|
BP_FAT

G0:0043068~positive ri
of programmed cell dea

32

5.99

1.43e4

TP63, PAWR, TGFB1, TGFB2, A
CD44, CASP9, DYNLL1, APOE, H
FAS, TXNIP, PRKCA, PTPRC, KL
SOD1, ECT2, ARHGEF11, TNFR
TNFE10B, DUSP1, RASGRF1, B
UNC13B, PDCD6

GOTERI
BP_FAT

G0:0008219~cell deatHh

54

10.11

2.43@&7

HRAS, TP63, GJAl, PAWR, PI
TGFB2, CASP3, CASP9, DYNLL]
HMOX1, RHOB, FAS, FGF2, API
FADD, IL24, PIM2BERHZ], ARH(
TNFRSF10A, TNFRSF10B, RAS
CTSD, SIAH2, GADD45B, MCL1,
ITGB2, ARF6, PEA15, PEG10, T
GARS, BIRC6, BIRC5, SOD1, IT]
SOD2, ATXN1, NRAS, CASP10,
PDCD6

GOTERI
BP_FAT

G0:0016265~death

54

10.11

2.996&7

HRAS, TP63, GJAl, PAWR, PI
TGFB2, CASP3, CASP9, DYNLL]
HMOX1, RHOB, FAS, FGF2, API
FADD, IL24, PIM2, ECT2, BCAP
TNFRSF10A, TNFRSF10B, RAS
CTSD, SIAH2, GADD45B, MCLU,
ITGB2, ARF6, PEA15, PEG10, T
GARS, BIRCG6, BIRCS, SOD1, IT|
SOD2, ATXN1, NRAS, CASP10,
PDCD6

GOTERI
BP_FAT

G0:0006915~apoptosig

46

8.61

1.44686

HRAS, MCL1, ALDOC, CLU, GJA
ITGB2, PAWR, PDCDZABEA1PE
CASP9, DYNLL1, CXCR4, GSN
THBS1, FGF2, API5, YARS, L(
BIRC6, BIRCS5, FADD, IL24, PIMZ
TAX1BP1, BCAP31l, ARHGEH
TNFRSF10A, CASP10, NRAS,
RASGRF1, BAX, BUBI1B, SIAH
PDCD6

GOTERI
BP_FAT

G0:0012501~programr]
death

46

8.61

2.1666

HRAS, MCL1, ALDOC, CLU, GJA
ITGB2, PAWR, PDCD4, PEAL15,
CASP9, DYNLL1, CXCR4, GSN
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THBS1, FGF2, API5, YARS, L(
BIRC6, BIRCS, FADD, IL24, PI\;
TAX1BP1, BCAP31l, ARHGEF
TNFRSF10A, CASP10, NRAS,
RASGRF1, BAX, BUB1B, SIAH
PDCD6

GOTERI
BP_FAT

G0:0060284~regulatior
development

20

3.74

1.1564

BMP4, XRCC4, CDH2, CALR, ]
TGFB2, THY1, ACTRGNB-APOE
NTRK2, RHOA, AGRN, BMP7, FG
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4.1.2ldentification of proteins interacting to OCP and TSP

The cause of cancer is closely related to the gain of OCP function or the lost of TSP
function. The cause of disease is associated with many proteins and there are great
chances that these proteins are regulated in biological processes or fuRcBgiTaIS
researches have suggested that if two proteins involving in the same PPI have highly
similarity in their biological function, therefore, if a protein is associated to Lung
cancer forming, then its partners in PPI are alsoylikehnected to the lung cancer.

From aur evidence, we found that somenlung cancer proteins interact@CP and

TSP, herefore, those non lung cancer proteins might have significant role in
associating in causing disease as well. Table 4 lists some -dfimprcancer proteins

that are interacting partners of OCP and TSP.

Interestingly, our result shows that UBC, COPS6 8RBGL3 interact to set of OCP

and TSP, this evidence supports these proteins might have importance role in lung
cancer formationBesides, it was found that CUL2 is defined as TSP and NRP1 is
defined as TSP and OCP, this evidence also supports thatttvegeroteins have
highly possibility to associate in lung cancer as well.

TabkProtein Type of Interacting Proteins

Notung Interacting protei Interacting protein ty
canceroteil OCP (Ofcotein)
TSP (Tumor Suinaseso)
UBC VEGFA OCP
CTGF TSP/OCP
FGF2 OCP
GPC3 TSP
GSTM1 TSP
TCEB1 TSP
MVP TSP
ST14 TSP
BCL2 TSP/OCP
DNAJB4 TSP
FAS TSP
RHOC OCP
AKAP12 TSP
ADAMTS] VEGFA OCP
FHL1 AKAP12 TSP
ITM2B BCL2 TSP/OCP
CIT RHOC OCP
COPS6 TCEB1 TSP
PABPN1 DNAJB4 TSP
DPYSL4 PTPRO TSP
PDCD6 FAS TSP
RPS19 FGF2 OCP
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SDC4 FGF2 OCP
GSTM2 GSTM1 TSP
PARP4 MVP TSP
PGF NRP1 TSP/OCP
SH3GL3 PTPRO TSP
SH3GL1 PTPRO TSP
SKP2 CuL2 TSP
SKP2 TCEB1 TSP
SPINT1 ST14 TSP
PGF VEGFA OCP
VEGFA NRP1 TSP/OCP

4.2MCODE

There are 383 output clusters from MCODE algorithm, out of 127 clusters satisfy 1.5
of cluster score, out of 32 clusters satisfy 50% of the involvement of lung cancer
proteins. Among these 32 clusters, there are oRlglusters whictsatisfy 0.@5 of p

value in enriched biological processes predicted by DAVID.

There arer significant clusters out df2 clusters whicthave related cancer biological
processes. Herefore, wefocused on those clusters to insight observe proteins
involved in relateadtancer biological processes

4.2.1MCODE Clustering Network

In a proteinprotein interaction network, proteins are represented as nodes, some
nodes interact with many more partners than average; these proteins are called hubs
(Albert R. 2005. The work of Sun and Zha&un J. 201Pstates that canceelated
protein tended to have higher degree of connecting to other proteins, and also higher
in betweeness, shortgsaith distance. Their result imply that hub proternprotein

which has highly interconnection help in identification of cancer candidate protein
prioritization and verification, biomarker discovery and to reveal insight system
biological system of cancer protein.

MCODE algorithm identified the seed of &acluster which the node that dety
connecting to other nodeBable4 lists all seed of result clusters.

PTPN11protein (tyrosine phosphatase) encoding SHP2 was reported by that SHP2 is
a drugable target for the treatments of PTPId44ociatedliseaseqXu D. 2013.
Besides, the work ofartaqglia et a[Tartaglia M. 200} also reports that the mutation

of PTPN11 cause Noonan syndrome which is an autosomal dominant disorder
characterized by dysomorphiccfal features, proportionate short stature and heart
disease.

The work of Giri et aGiri K. 2014 reported that silencing of PPA1 by the siRNA
approach significantly inhibited proliferation of ovarian cancer cells.

RICTOR was studied by Dao et &ao D. 201) this work found that the
Rictor/Cullin-1 E3 ligase activity is regulated by a signal that relay cascade and the
errorregulation of this mechanism may contribute the overexpressi@G#fl in
various human cancers.
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NOTCH2was studied byBaumgart et alBaumgart A.2014) , their result highlight
the role of this protein in lung cancer.
USP8 was studied bfByun S. 2013 their result show that the inhibitor of USP8
activity or reduction in USP8 expression can kiBCLC (non small cell lung cancer)
cells and their suggest USP8 as a potential therapeutic target for geésrgtant and

sensitive NSCLC cells.

TableSeed protein in clusters

Cluste Seed protein | Cancer Pro Node Dens| Node Score | Node Scor
No.
1 PTPN11 No 0.21972318 0.52315202 13.5625
4 HIF1A Yes 0.12337105 0.65624016 17.012755]
8 PPAl No 0.59 0.29894401 7.75
10 KRT6B No 0.53061224 0.18804542 4.875
12 B2M Yes 0.22666666 0.15737955 4.08
17 RICTOR No 0.35416666 0.19501007, 5.05555555
21 BAZ1A Yes 0.3075 0.28572904f 7.40740740
22 FLT4 Yes 0.34567901 0.21697549 5.625
23 USP50 No 0.32 0.1758948 4.56
25 BAMBI Yes 0.29861111f 0.15429368 4
26 ZNF579 No 0.2469135§ 0.12000619 3.11111111%1
27 UNC13B Yes 0.17751479 0.08640446 2.24
32 METTL18 No 0.19444444 0.24686989 6.4
43 NOTCH2 No 0.28125 0.12000619 3.11111111%
46 USP8 No 0.23111111 0.22681171 5.88
49 IPOS8 Yes 0.20888888 0.16072258 4.16666666
60 CAV2 Yes 0.378698220 0.23144052 6
63 F13A1 Yes 0.2644628] 0.16875871 4.375

4.2.2 Biological Process Enrichment Analysisand KEGG Pathway
Analysis

Clustering proteifprotein interaction networks can be useful for discovering groups
of interacting proteins that participate in the same biological processes or perform
together in specific biological functions. The functional annotation of our protein
protein interaction was given by the DAVI(buang W.da 20Q9vhich accepts batch
annotation and conducts GO term enrichment analysis. Sets of proteins involved in
the network were submitted to DAVID for clustagi of the annotation terms. With
such the enriched biological processes related to protein list were obfbaidel5

lists the enriched biological process of proteins involved in our significant clusters.
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TableCluster 1: PRitaiein Interaction Clustering Networks

Cluster 1

Catego|

Term

Coun

%

PValug

Involved proteins

GOTER
_BP_FA

G0:0042981~regul
apoptosis

34

18.99

1.9960

Lung Cancer PPREDC, HSPALA, HS
HSPA5, MYC, RASA1, CFLAR, CERB
CREB1, ACTN1, YWHAE, TP73, TN
TNFSF10, HDAC1, JUN, HSPD1

Predicted Lung CancedPrateiiRBB2,
NR3C1, DAXX, SART1, RPS3, VDR
BAG3, RXRA, VAV1, CUL4A, HIBK?Z

GOTER
_BP_F/

G0:0043067~regul
programmed cell d¢

34

18.99

2.5589

Lung Cancer PPREIDC, HSPALA, HS
HSPA5, MYC, RASA1, CFLAR, CERB
CREB1, ACTN1, YWHAE, TP73, TN
TNFSF10, HDAC1, JUN, HSPD1

Predicted Lung CancedPrateiiRBB2,
NR3C1, DAXX, SART1, RPS3, VDR
BAG3, RXRA, VAV1, , CUL4A, , HIP

GOTER
_BP_FA

G0:0010941~regul
cell death

34

18.99

2.8060

Lung Cancer PPR&DC, HSPA1A HS
HSPA5, MYC, RASA1, CFLAR, CER
CREB1 ACTN1 YWHAE, TP73, TNF
TNFSF10, HDAC1 JUN

Predicted Lung Cancé&)irateiRBB2,
NR3C1, DAXX, SART1, RPS3, VDR
BAG3, RXRA, , VAV1, , CUL4A, , HI
PSMESSPD1

GOTER
_BP_F£

G0:0010628~posit
regulation of gene
expression

33

18.43

1.96R2

Lung Cancer P&t THRB, PPARG
MYC CEBPA, CEBPB, CREB1 HMG
RB1 YWHAH, HDAC2 HDAC1, JUN
Predicted Lung CancSNRAREIAIRE,
SMARCD], , RUNX2, , RXRA, MTA]
TOPORS, ARID1B, DDX5, HDAC4,
HIPK2, UBC, PIAS2

GOTER
_BP_FA

G0:0008219~cell ¢

28

15.64

4.30&7

Lung Cancer Frti8iiePRKDC TOP1, T
MYC, CFLAR, MSH2 HSPE1 YWHA
TNFRSF10A, TRIKEER10UN HSPD1,
GADD45A

Predicted Lung Canc®maieiBP, DA
RPS3, SOS1, BAG3, TOPORS, VA\
UBC, PSME3

GOTER
_BP_FA

G0:0016265~deatt

28

15.64

4.93&/

Lung Cancer Prat8iePRKDC TOP1 T
HSPE1 MYC CFLAR, MSH2 YWHALE
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TNFRSF10A, TNFSF10 PKM2, JUN
GADDA45A

Predicted Lung Canc@®maielBP, DA
RPS3, SOS1, BM3E3RS, VAV1, EP3(
UBC, PSMES3

GOTER
_BP_FA

G0O:0012501~progl
cell death

26

14.52

2.48&7

Lung Cancer PPREDC TOP1, TSC2]
HSPE1, MYC, CFLAR, MSH2 YWHA
TNFRSF10A PKM2, JUN HSPD1, G
Predicted Lung Cancd&PatddAXX, F
SOS1, BAG3, TOPORS, VAV1, TNH
HIPK2, UBC, PSME3

GOTER
_BP_F£

G0:0043065~posit
regulation of apoptt

23

12.84

2.9968

Lung Cancer P@sieiR, CEBPB PRK
YWHAE, TP73, TNFRSF10A, TNFS
MYC

Predicted Lung Canc&PFateRXRA,
NR3C1, VAV1, DAXX, SART1, RPS
PPP2CA, SOS]|HiEK?2

GOTER
_BP_F/

G0:0043068~posit
regulation of progre
cell death

23

12.84

3.3968

Lung Cancer P@ikeR, CEBPB PRK
YWHAE, TP73 TNFRSF10A TNFSF
MYC

Predicted Lung CancE&HFaRARA,
NR3C1, VAV1, DAXX, SNRRI], BB
PPP2CA, SOS1, HIPK2, UBC

GOTER
_BP_FA

G0:0010942~posit
regulation of cell de

23

12.84

3.68E8

Lung Cancer P@#keiR, CEBPB PRK
YWHAE, TP73, TNFRSF10A TNFSH
MYC

Predicted Lung Canc&MFataRXRA,
NR3C1, ¥VAAXX, SART1, RPS3, , V
PPP2CA, SOS1, HIPK2, UBC

GOTER
_BP_FA

G0:0006915~apop

23

12.84

8.6886

Lung Cancer P@siehR, MSH2 YWHA
TNFRSF10A, TNFSF10, TSC22D3 J
HSPD1, MYC, GADD45A

Predicted Lung Canc®Maieli©POR
VAV1, DAXX, RPS3, EP300, SOS1,
UBC, PSME3

GOTER
_BP_FA

G0:0006917~induc
apoptosis

18

10.05

7.35&7

Lung Cancer PabieiR, CEBPB YWH
TNFRSF10A TNFSF10 MYC
Predicted Lung Canc®maieiAVl, [
SRT1, RPS3, VDR, CUL4A, PPP2C
UBC

GOTER
_BP_FA

G0:0012502~indu(
programmed cell d¢

18

10.05

7.68&7

Lung Cancer PadeiR, CEBPB YWH
TNFRSF10A TNFSF10, MYC
Predicted Lung Canc&MateiiV1, [
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SART1, RPBR, CUL4A, PPP2CA, S(
UBC
GOTER GO:0043066~nega 14 7.82| 6.30&4 | Lung Cancer PastkR, CEBPB, MSH
_BP_FA regulation of apopt( ERBB2, HSPAlA, TPFSPIDRCEISPA
MYC, RASA1
Predicted Lung Canc@BAGReiiPK2,
GOTER GO:0043069~nega 14 7.82| 7.1784 | Lung Cancer PedtbkR, CEBPB, MSH
_BP_FA regulation of progrg ERBB2, HSPAlA, TPFSPIDRCEISPA
cell death MYC, RASA1
Predicted Lung Canc@BAGReiiPK2,
GOTER GO:0060548~nega 14 7.82| 7.3684 | Lung Cancer P@#ehR, CEBPB, MSH
_BP_FA regulation of cell d¢ ERBB2, HSPA1A, TP73, HDAC1, HS
MYC, RASA1
Predicted Lung Canc@8AGRtePK2,
KEGG_| hsa05200:Pathway, 25 | 13.96 9.06@3| Lung Cancer PHEE80AB1, GRB2, E
THWAY| cancer PPARG PIK3R3, MYC, PIK3R2, CEl
RB1, STAT3 HDAC2, , HDAC1, JUN
Predicted Lung CancSPSAeRARA,
RXRA, CBL, SMAD2, EP300, PIAS4
KEGG_| hsa052233vaatiell 9 5.027 1.8185| Lung Cancer PGR&R; ERBB2, CDK6
THWAY, lung cancer PIK3R3, PIK3R2
Predicted Lung Canc&® LGRS,
RXRA
KEGG_| hsa05222:Small ce] 9 5.02| 4.40&4 | Lung Cancer Paid&i6:RB1, PIK3R3, |
THWAY| cancer PIK3R2
Predicted Lung Canc&®IR&teiRXRA,
PIAS2, NOS2
KEGG_| hsa05215:Prostate| 9 5.02| 6.5184 | Lung Cancer PHE880AB1, GRB2, E
THWAY CREB1, RB1, PIK3R3, PIK3R2
Predicted Lung Cancé&H30kiS0S1
KEGG_| hsa05210:Colorect| 8 4.46| 0.0022] Lung Cancer PER#&2; MSH2PIKBR3,
THWAY, cancer MYC, PIK3R2
Predicted Lung CancS®8dte8MAD?2
KEGG_| hsa05214:Glioma 7 3.91| 0.0023] Lung Cancer PG&R&R2:CDK6, RB1, PI
THWAY PIK3R2
Predictedng Cancer PP0€BE1, SOS1
KEGG_| hsa05211:Renalceg 7 3.91| 0.0039¢ Lung Cancer PG&R&2; JUN PIK3R3, |
THWAY carcinoma Predicted Lung Cancé&F30ki80S1,
PTPN11
Cluster 4
Categor Term Count| % PValue| Involved proteins
GOTER GO0:0010629~negative | 13 | 19.40 4.18&5| Lung Cancer PEEIN:SOX2, TPS
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_BP_F4 of gene expression UBEZ2I, ILF3, RBBP7, RPS14, M
SMARCA2, NCOR2, SMARCA4
Predicted Lung Cancek Phoidin
SIN3A
GOTEHR GO0:0010628~pesjtilatio 13 19.40 1.76685| Lung Cancer PEQieinCREBBP, S
_BP_F4 of gene expression TP53, ILF3, HIEBMARCAZ, ING
SMARCA4
Predicted Lung Canc&Fréiein:
SMARCB1, SMARCC1
GOTER GO:0042127~regulatio 14 289 | 7.7M5| Lung Cancer PE®GHIR, ERBB3, S
_BP_F/ proliferation STAT1 HIF1A, MDM2,SMARCA
Predicted Lung CancétFB&4jn
RELA, TP53, RPIIF2BKR,
GOTER GO0:0008284~positive r{ 8 11.94 0.003€ Lung CarfemteiBGFR, HIF1A, S¢
_BP_F4 of cell proliferation MDM2, STAT1
Predicted Lung CanceERBRB4INR
, RPS9
GOTEHR G0:0008284~positiverf 8 11.94 0.0036 Lung Cancer PEBHR, HIF1A, S(
_BP_F4 of cell proliferation MDM2, STAT1
Predicted Lung Cancd&rFB&é|riR
RPS9
KEGG_| hsa05200:Pathwaysin{ 12 | 17.91 5.0885| Lung Cancer PiggHid, EGFR, HI
THWA] HSP90AA1, CREBBP, TP53, Ml
CRK
Predicted Lung CanceCBLd&edR
RELA
hsa05215:Prostate can{ 7 10.44 2.2085| Lung Cancer PE2ein:EGFR,
KEGG | HSP90AA1, CREBBP, TP53, Ml
THWAY Predicted Lung Canc&Erétein:
hsa04012:ErbB signalin 6 8.95| 2.46@4 | Lung Cancer PEGER, ERBB3, G
KEGG_| pathway Predicted Lung CanceZBIBteGR
THWAY ERBB4
hsa05212:Pancreaticcqg 5 7.46| 0.001Z Lung Cancer PE2tEIN:EGFR, TP!
KEGG_ STAT1
THWAY, Predicted Lung Canc&Flrétein:
Cluster 8
Catego| Term Coun| % PValug Involved proteins
GOTER GO:0042981~regulatio 29 | 17.68 4.6683| Lung Cancer PHIW¥GB1, TP63,
_BP_FA apoptosis SFN, HSPA1B, PTEN, AKT!
MAP3K1, TPT1, TERT, WWOX
ESR2, BIRC2, EEF1E1, TNFAIF
Predicted Lung Cancer [Iqu
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BCARBAGI1ARHGEF2, AARS,
MAPKRAFL, , BARIOL

GOTER
_BP_FA

G0:0043067~regulatior
programmed cell death

29

17.68

5.7468

Lung Cancer PHW@GB1, TP63,
SFN, HSPA1B, PTEN, AKT!
MAP3K1 TPT1, TERT, WWOX
ESR2, BIRC2, EEF1E1, TNFAIF
Predictedung Cancer Pr8#@&RE
DEDD, BCAR1, BAG1, , RAC
AARS, ADNP, MAPK9, FAF1

GOTER
_BP_FA

G0:0010941~regulatior
death

29

17.68

6.2168

Lung Cancer PHW@GB1, TP63,
SFN, HSPA1B, PTEN, AKT!
MAP3K1, TPT1, TERSKMAVBIR
ESR2, BIRC2, EEF1E1, TNFAIR
Predicted Lung Cancer DHtDIf
BCAR1, BAG1l, ARHGEF2, A
MAPK9, FAF1, BXRD1

GOTER
_BP_FA

G0:0043065~positive r
of apoptosis

17

10.36

2.0965

Lung Cancer Piskdn2, TP63,
SFN, PTEN, AKT1, MAGEL
MAP3K1, ABL1, WWOX
Predicted Lung CancerARd¢k]
DEDBAC1, MAPK9BRREL,

GOTER
_BP_FA

G0:0043068~positive r
of programmed cell dea

17

10.36

2.2865

Lung Cancer Piskdn2, TP63,
SFN, PTEN, AKT1, MAGEL
MAP3K1, ABL1, WWOX
Predicted Lung CancerARdH!|
DEDD, RAC1, MAPK9, FAF1, B

GOTER
_BP_F£

G0:0010942~positive r
of cell death

17

10.36

2.4185

Lung Cancer Piokdn2, TPGHA
SFN, PTEN, AKT1, MAGEL
MAP3K1, ABL1, WWOX

Predicted Lung CancerARK&H|
DEDD, RAC1, MAPK9, FAF1, B

GOTER
_BP_FA

G0:0043066~negative
of apoptosis

15

9.14

3.6485

Lung Cancer Pré@Bl, SKP2,
BIRCHSPA1B, ESR2, PTEN, 4
TNFAIP3, TERT

Predicted Lung Cancer BARI(2
AARS, ADNP, BAG1

GOTER
_BP_FA

G0:0043069~negative
of programmed cell dea

15

9.14

4.2485

Lung Cancer Pré@Bl, SKP2,
BIRC5, HSPA1B, ESRKTRTHR
TNFAIP3, TERT
Predicted Lung Cancer RIRS
ADNPBABARD1

GOTER

_BP_FA

G0:0060548~negative
of cell death

15

9.14

4.3185

Lung Cancer PHt&@B1, SKP2,
BIRC5, HSPA1B, ESR2, PTEN
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TNFAIP3, TERT
Predicted Lung Cancer BARE
AARS, ADNP, BAG1
GOTER GO:0008219~cell death 19 | 11.58 9.35@4| Lung Cancer Pide&8; BIRCS,
_BP_FA SFN, PTEN, BIRC2, MAGED1,
CYFIP2 , TNFAIP3
Predicted Lung CancerARdH|
DEDI3MNL1, BAG1, PAK2, ATX
FAF1
GOTER GO:0006915~apoptosis 17 | 10.3 9.7684| Lung Cancer Piid&€a; BIRCS,
_BP_FA SFN, PTEN, BIRC2, AKT1, MA(
CYFIP2, TNFAIP3
Predicted Lung CancerARdH|
DEDD, , BAG1, PAKARACL,
GOTER GO0:0016265~death 19 | 11.58 0.001(¢ Lung Cancer PiR&8; BIRCS,
_BP_FA SFN, PTEN, BIRC2, , MAG
MAP3K1, CYFIP2, TNFAIP3
Predicted Lung CancerARdH|
DEDD, SMN1, BAG1, PAK2, A
FAF1
GOTER GO0:0012501~programn 17 | 10.36 0.0011 Lung Cancer Pidd&8; BIRCS5,
_BP_FA death SFN, PTEN, BIRC2, AKT1, MA(
TNFAIP3, CYFIP2
Predicted Lung CancerARd@H!|
DEDBAG1, PAK2RAEL
GOTER GO:0051301~cell divisif 11 6.70| 0.0015 Lung Cancer Preit&ih; BIRCS,
_BP_FA WEE1
Predicted Lung CancerAR&H|
BCAR1, PPP1CC, CDK2, STAG
KEGG_| hsa05212:Pancreatic cg 8 4.87| 1.8784 | Lung Cancer PAKEBMAD4, MA
THWAY CDK4
Predicted L@ancer ProfdidP2K
RACWMAPK10, RAD51
KEGG_| hsa04012:ErbB signalin 7 4.26| 0.0033 Lung Cancer PAKAIH;, PAK2, M
THWAY| pathway ABL1
Predicted Lung Cancer HAHBY
MAPK9, MAPK10
Cluster 12
Catego| Term Coun| % PValug Involvedbteins
GOTER GO:0006955~immunen 6 85.71 1.9686| Lung Cancer PGid8iA; TARR/
_BP_F£ Predicted Lung CancarAR hie+#;/
TAPBP
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Cluster 17
Catego| Term Coun| % PValug Involved proteins
GOTER GO0:0010627~regulationf 6 15.00 3.16@4| Lung Cancer PR&&R;: GJAL
_BP_FA protein kinase cascade Predicted Lung CancéRRRKmH;
GRIN2B, RICTOR, TAB2
Cluster 22
Catego| Term Coun| % PValug Involved proteins
GOTER GO:0006952~defensen 5 45.45 7.13684 | Lun@ancer Prai@d4, CO#BS1
_BP_F£ Predicted Lung CancérRioteiBl
GOTER GO0:0042981~regulatiof 5 45.45 0.0019 Lung Cancer Paindih: TIAMBS1
_BP_FA apoptosis Predicted Lung CancérR iit€n:
GOTER GO:0043067~regfilatio 5 45.45 0.0020 Lung Cancer Paindih: TIAMBS1
_BP_FA programmed cell death Predicted Lung CancérR iit€n:
GOTER GO0:0010941~regulatiof 5 45.45 0.0020 Lung Cancer Paindih,: TIAMBS1
_BP_FA death Predicted Lung CancérR iite€n:
Cluster 23
Catego| Term Coun| % PValug Involved proteins
GOTER GO:0009967~positiverf 5 20 | 0.0011§ Lung Cancer PENGNPEBP1
_BP_FA of signal transduction Predicted Lung Cancé&x@®v&aB,
MYDS8BRAF6

4.2.3 Protein-Protein Interaction Network in cancer related biological

proces®s and pathways

Figure12 and13indicatesthatthere is a group of proteinisdt involved in the process

of regulation of apoptosiand requlation of programmed cell deattwve found non

lung cancer proteins i.e. UBC, NR3CR1, DAXX, CUL4A, and BAG3 have high
degree of the link to cancer proteinsboth subnetwork This evidenceandicatesthat

those proteins may be significant proteins induced lung cabDeetX was reported

in UniProtthatit involves in programmed cell deathand alsoour evidence indicates
thatthis type of proteinnteracts tdive lung cancer proteing;P73, CREB1, CFLAR,
CEBPB and HDACL1 It is highly possiblethat DAXX involves inlung cancer
forming.

Interestingly, UBC (Ubiquitin) has highest dense of connection to lung cancer
proteins, UBC was recorded in uniProt that it involves in DNA damage response, by
inducing the cell cycle regulator phosphoprotein p53 in response to the detection of
DNA damage ad resulting in the stopping or reduction of cell cycle raiR3C1
(Nuclear receptor subfamily 3 group C member 1) is another protein with high
number of lung cancer protein found in our evidence as fit@ed11. Thisprotein
encodes a receptor for glucocorticoids that can act as both a transcriptionfactor and as
a regulator of other transcription factors. It can also found in heteromeric cytoplasmic
complexes along with heat shock factors and immunophilins.
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EP300, SP1 an&MAD?2 proteins are found highly connected link to lung cancer
proteins as figurd4. There are many previous evidences supported our result that
SMAD family are components of the transforming growth T F s i gnal i ng pa
that is deregulated in a variety ofncar typeqXu J. 2000 Singh P. 2011Fleming
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NI. 2013. The work of Hsu eal (Hsu TI. 2012 studied the role of SP1 expression in
lung cancer, their work shows that the SP1 protein was highly increased and required
for lung tumor growth in transgenic mice bearing Kireduced lung tumorsnder to
control of doxycycline and also this protein was highly-regulated in lung
ademoncarcinoma cells with low invasiveness and in patients with stage | lung
cancer.Furthermorethe work of Szalad et §5zalad A. 200pinvestigated function

of SP1 in tumor invasiveness under normoxic and hypoxic conditions. They found
that SP1 binds to the ADAM17 promoter and it retgga ADAM17 protein
expression under hypoxia, regulates glioma invasiveness.

Besides, the work of Roelfsema et (Roelfsema JH. 200Q5studied the effect of
EP300 mutation, they found that the mutation of EP300 cause congenital disorder.
Furthermoreresult from the work of Gayther et @Bayther SA. 2000shows that
EP300 is mutated in epithelial cancers and provide the firderge that it behaves as

a classical tumesuppressor gene.

(MTA2|  SMARCAD1

(HIPK2)

Figurkda group of prurieiein interaction involved in biological process c¢

regulation of gene expression
(diamoakkment indicate lung cancer protein, circle element indicate non lung ce

TNFSF10 and BAG3 protein havetwo degreeof cancer linkageas figure 15
TNFSF10 proteinis reported by NCBI that induces apoptosis in transformed and
tumor cells, buhot appear to kill normal cells although it is expressed at a significant
level in most normal tissuesAlso it is reported from the work dfuribayashi et al
(Kuribayashi K. 2008that it is a a53 target gene that mediates-g&@endent cell
death.Beside, Rosati et alRosati A. 201) studied various functions of BAG3
protein in major cell pathway, they reported that this protein involved in apoptosis and
leukemias.
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From our evidence as the figuré, it is found that CUL4A and VDRnvolve in
positive regulation of apoptotic process which is any process that activates or
increases the frequency, rate or extent of cell death by apoptotic plOtkskA was
reported in the work dPuneet and AlgPuneet S 20)4hat it is attacked by several
viral proteins and it overexpresses in a common feature of many human cancers. This
research work presents that CUL4A is an attractive target for drug discovery, efforts
especially, for further studies of a drug target farious types of cancer disease.
Furthermore, the work oRen et al(Ren S. 201 which is about the relation of
CUL4A and thalidomide treatment iprostate cancealso spportsthe work that
mentioned abovelhey reported that sensitivity to thalidomide is positively correlated
with the expression of CUL4Ahe ectopic expression of CUL4A greatly increased
sensitivity to thalidomide, while its dowregulation implies resistance to this drug.

Data suggest thatalcidiol or 25(OH)Dinteracts withVDR (vitamin D receptorto
decrease proliferation and increaspoptotic, the work of Hendrickson et al
(Hendrickson WK. 20111 reported that high VDR protein expression in prostate
tumors has significant relation with a reduced risk of lethal cancer, vidernee
implies that vitamin D has crucial role in cancer progression.
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Figure I7 shows the interaction of proteins that involved in KEGG cancer pathway.
CBL (E3 ubiquitinprotein ligase CBL) is reported by Paolino efRdolino M. 2013

that CBL-b and TAM receptor regulates cancer metastasis via natural killer cells.
PIAS2 is a protein inhibtor of activated STAT2, STAT2 increase appears to be an
early detectable delar event in cervical cancer progress(arang Z. 2012

Data suggests th&® ARA (Retinoic acid receptor alph@ a marker of tanoxifen
resistance in breast cancer, anthdy be a target and predictive factor for oestrogen
receptor alphapositive breast cancer patients treated with adjuvant tamoxifen
(Hentrik J. 2013

HSPO0AE1 ]‘5081}

ERsB2— 41 oo
FigurE/a group of pymtatein interaction involved in KEGG Pathways in

(diamond element indicates lung cancer protein, circle element indicates non lung cancer pre

39



4.2 .41dentification of proteins interacting to OCP and TSP

The cause of cancer is closely related to the gain of OCP function or the lost of TSP
function. The cause of disease is associated with many proteins and there are great
chances that these proteins are regulated in biological processestionirerevious
researches have suggested that if two proteins involving in the same PPI have highly
similarity in their biological function, therefore, if a protein is associated to Lung
cancer forming, then its partners in PPI are also likely conneztibe@ fung cancer.

From our evidence, we found that some proteins interact to OCP arasTe®iRe7.

Tabl@A list of protein interacting to OCP, TSP

Protein Interacting prote Interacting protei
AP2A1 ABL1 TSP/OCP
AP2B1 ABL1 TSP/OCP
BCARL(TSP) ABL1 TSP/OCP
CBL(OCP) ABL1 TSP/OCP
CBLB(OCP) ABL1 TSP/OCP
CREBL(TSP) ABL1 TSP/OCP
CRK(TSP/OCP ABL1 TSP/OCP
CRKL(OCP) ABL1 TSP/OCP
EGFR(TSP/OC ABL1 TSP/OCP
ERBB2(TSP/OC ABL1 TSP/OCP
ERBB3(TSP/OC ABL1 TSP/OCP
ERBB4(OCP) ABL1 TSP/OCP
GRB2 ABL1 TSP/OCP
HSP90AA1(OC ABL1 TSP/OCP
HSPD1 ABL1 TSP/OCP
INPPL1 ABL1 TSP/OCP
MAPT ABL1 TSP/OCP
MDM2(TSP/OC ABL1 TSP/OCP
MUC1 ABL1 TSP/OCP
NCK1 ABL1 TSP/OCP
PIK3R2 ABL1 TSP/OCP
PLCG1 ABL1 TSP/OCP
PRKDC ABL1 TSP/OCP
RAD51 ABL1 TSP/OCP
RB1(TSP/OCP ABL1 TSP/OCP
TP53(TSP/OCH ABL1 TSP/OCP
TP73(TSP/OCFH ABL1 TSP/OCP
UBC ABL1 TSP/OCP
VAV1 ABL1 TSP/OCP
ACTAl DHX9 TSP
ACTL6A EWSR1 OoCP
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ACTL6A SMARCA2 TSP
ACTL6A SMARCA4 TSP
ACTL6A SMARCE1 TSP
ACTL6A TPS3 TSP/OCP
ACTL6A TRRAP TSP
ACVR2B PEG10 OCP
ACVR2B SMAD2 TSP
ADNP SMARCA4 TSP
AIP(TSP) HSP90AA1 OCP
STIP1 AIP TSP
GAG ANXA2 OCP
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4.3 Clustering Performance Comparisonamongtwo Algorithms

4.3.1ldentification of protein complexes

A major problemin dealing with proteifprotein interaction network is the high false
positive rate in high throughput experiments, false positive in a network are error
interaction, while false negatives are missing interactions. To evaluate the reliability
of our proten-protein interaction network, we adopted known complexes from MIPS
databas€Mewes HW. 2008 The compassion of the overlaps of our profaiotein
interaction with the MIPS protein complexes datavea$ evaluatedTable 8 shows
results for the overlaps of our protgirotein interactiometworks with the MIPS
protein complexes data séthe eidgiteen cliqgue communities of-Kleans protein
compl exes and twelve of MCODE protein
1818 protein complexes records and their maximum JI values were comfmiey

the protein communities clustered by-Means, there are 14ut of 18 protein
complexeq77%)have norzero Jl values but not fully covereour communities do

not correspond to any real protein compleXas.the protein complexes identified by
MCODE, there are 10 out of 12 protein complexes (83%) havezeom J values but

not fully covered. Only two protein complexes do not correspond to any real protein
complexes from MIPSrotein complexes identified by-Kleans ranges from 0.03 to
0.71, while protein complexes identified by MCODE ranges from 0.34 to 0.#5eTh
results indicated that the clusters predicted by MCODE have high coveragiaatio
K-Means

Tabl@The results of JI value for protein complexes

Method JI (%)
KMeans 3.141.4%
MCODE 34.505.5%

4.3.2ldentification of predicted novel lung cancer associated protein

From our experiment, #leans is able to extract only one big cluster of proteins
(1,056 proteins) which has involvement of lung cancer protein more than 50%. This
cluster involves 93% of lung cancer proteindile MCODE is able to extract seven
differently significant clustergn same condition.

In term of identifying novel lung cancer associated proteuMdans identified five
predicted lung cancer associated protein in total (UBC, COPS6, CUL2, ,NiRE'1
SH3GL3), however, there were nine proteins are identified as seed node (PTN11,
PPA1, KRT6B, RICTOR, USP50, ZNF579, METTL18, NOTCH2, and USP8) and
many proteins are predictéy MCODE as novellung cancer associated proteivat
involving in cancer biologicgbrocesses or cancer KEGG pathways
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CHAPTER 5
CONCLUSION

In this study, we identified the novel lung cancer associated proteins based on the
concept of network clustering approach to discover protein interaction dense regions
(network motif). The proteins which located in the same motif as lung cancer proteins

have a high probability in forming lung canc®Ve first adopted-Means clustering
approachto cluster a group of protejorotein interaction into sublusters,and then
clique percolation <clustering met hod ( CH
networkmot i f 6 of signi ficant -MeansoSesndly, thel ust e
Molecular Complex Detection approach (MCODE) is also adopted in this work to be

a candidate of the first algorithm in term of clustering efficiency. The same input data

set as the fst algorithm is submitted into MCODE algorithm to cluster pretein

protein interaction network into stdbusters. Then analyzing biological processes and

KEGG pathways of proteins involved in same cluster was investigated. Besides,
cancer protein types; mor suppressor protein (TSP) and ompeotein (OCP) are also
observed.Finally, th e compari son of di scovering ac
among two different approaches is investigated by referring to hknpretein

complexes from MIPS.

Our results indiced that associated proteins findings involved in crucial processes in
cancer formation i.e. programmed cell death, apoptosis. Basically, there are two
limitations of our methodology i) the caneassociated protein prediction is limited

by the quality ofgene ontology and pathway information, and ii) limited by the
number of known lung cancer proteins. This work can be the essential first step on
discovering lung cancer associated proteins based on clustering analysis.

Further study will make more experimentsusing different clustering algorithm to
overcome trapping the result in incrispaccuracy and precision tfe prediction of
lung cancer associated protein
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