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ABSTRACT

INTEGRATIVE NETWORK MODELLING OF DRUG RESPONSES IN CANCER
FOR REVEALING MECHANISM OF ACTION

i NSAL BEYGE, keyma
Ph.D., Department of Health Informatics
Supervisor: Assoc. Prof . Dr . Nur can

September 2021145 pages

Classification of cancer drugs is crucial for drug repurposing since the cost and innovation
deficit make new drug development processes challendieterogeneity of cancer
causes drug classification purely based on knowohanisnof action(MoA) andthelist

of target proteins to be insufficieMflulti-omic data integration is necessary for a systems
biology perspectiveto understand molecular mechanisms and interactions between
cellular entities underlying the disea3éis studyintegratesdrugtarget interaction data

with transcriptomics and phosphoproteomic data of perturbed cell linesdeldrug and
cell-specific subnetworksTotal 250 networks are reconstructed, includit@@ysmall
moleculedrugs orsix cell lines.Similarities of reconsticted networksire quantitatively
calculatedusing a topologybased network comparison measure which scores the
separation of networks using the shortest paths between network DBdteent drugs

with similar omic outcomes on variable cell lines areeeed with the aid of separation
scores Moreover theeffect of drugs owariablecell linesis discovered together with the
impect of target selectivity of drugs within the same MoA group. Functional analysis of
reconstructed networkier their enrichedcellular pathways further indicated that drugs
with different chemical structures and MoAghtinduce common signaling cascades. As
omics data integration coupled network modeling revealdulaed pathways for specific
conditions the methodology of thistudy is applicable to different dridiseaseaesearch
areas. Prediction of drug combinations for a given disease and inference of drug similarity
based on cell line sensitivity are two applications presented in this study.

Keywords:Networkreconstructiopproteinprotein interactions, omics, drug repurposing
data integration
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KANSERDE KLA¢ ETKKLERKNKN VE BENZERLKKLE
AMACL I ¢ OKLU OMKK VERK ENTEGRASYONU KLE
MODELLEME

Unsal Beygek e y ma
Doktora,S a ] Bilxk Balimu
Tez YoneticisiDo¢.DrNur can Tun- baj

Eylul 2021, 145 sayfa

Yeni il a- geliktirme uygul amal arénén pahal
ila-1larénén séneéeflandéreéel masé il a- yeni de
Kanser heterojenlifji de sadece bilinen h
l' i stelerinin kull anél maséneén il a-1ar én S
ol makt adeéer . Hastal éja sebep olan mol ek¢l e
anl akeélabil mesi i -1 n si st-emk vdrii entegrasypnu s i p ¢
gerekl idir. Bu -al ékmada, il a- hedef et ki l
transkriptomik ve fosfoproteomik verisi ile entegre edilerek ilag ve hiicre sppsitdin

et ki bgkemandel | enmi Kt i r . 70 ke¢-¢ek mol ek gl i
toplam 250 protein etkilexkxim ajé opidelukturu
ol arak aj nodl arénén araséndaki en keésa vy
metoduilehesapl anmékt ér. Ayrékma skorlaré yard
omi k sonu-lara sahip ila-1ar ortaya -eékar
et kil eri ve ayné mekanizma grubunda ol an
ortay a Konmuktur . Protein ajlaréenda zengin
ki myasal yapéya ve mekanizmaya sahip il a-
g°stermi ktir. Ombiyblojikaejr i meddlelgaeme e®da dImidckur ul
sinpal yol akl aréenén bul unmaséné -lsaagtlaldéélk éinldia
arakteéerma alanlarénda kullaneéelabilir. Bel
-iftlerinin tahmin edil mesi ve hrakilage hat |
benzerlijinin tahmin edil mesi bu -al ékmad a
Anahtar SozcuklerA] model | eme, protein protein etki

hedeflemebiyolojik veri entegrasyonu
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CHAPTER 1

INTRODUCTION

1.1.Background

Characterization and quantification of a set ofmolecules are classified according to
the target biomolecule class. If the targetgenome, it is called genomics; and if proteins
are targeted, it is called proteomi@$ie entirety of these disciplies that try to measure

all the members of a type of bimolecule (DNA, RNA, Protein, Metabolitestc.) is

col | ect i omitay'? Onaics daw ihtegiiation can be classified into two main
categories namely horizontal metanalysis and vertical integrative analydisin the
horizontal metaanalysis, different samples are aligned horizontally based on features
(genes, proteinsetc.) to okdin their similarities and difference¥hese differences and
similarities can be used to obtain biomarkers and for pathway deteltidiiple samples

are taken from the same specimen in vertical integrative analysis to obtahteyensi of
omics dataData integration/integrative analysis is performed to obtain-ggezimen
interomicsr el ati ons and me chani s momicd Icnltaesgsreast i t
understandnterrelations and systerisvel interpretation o point of interest (function,
subyping, treatmentetc.) is called MultOmics*®. The first review on integratingmics
datasetdwas published more than a decade and, more reviews on hunfamd plant

were also published recently

Multi-Omics is a holistic approach and can be used in personalized and preventive
mediciné® and in the identification of new biomarkers for diseas@omarkers can
increasehesensitivity of diagnosis and treatment by subtyfirig Multi-Omicscan also

be used for spatial or temporal mathematical modeling purptosgain understanding of
mechanisms of diseases or pattogsis and to identify potential candidates or targets for
new therapeutid§'’. In the long termthe mathematical model obtained can answer
guestionghatcannot be investigated experimentally. The need for integrated data analysis
originates fromthe complexity of biological systems. Singlevel data (genome,
transcriptome, metabolometc.) could not fulfill necessary and sufficient conditions to
explaina biological outcome such as phenotype, disease risk, response to treatitnent
By identification and validation afssentiafactors and their interactions, data integration
may improvethe modeling of complex trait§. There are mainly two approaches to data
integration; multistage analysis in which data integration is performed with hierarchical
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stage¥’, and metadimensional analysis in which multivariate model while allowing-non
linear interactions from different biological levels is perfordiéd Analysis of multiple
omics |l ayers in paral-tmiand diec#&gl gmides d ned

Cancer is the generic name for a family of diseases in which rapid growiinegragsible
spread of abnormal cells are observed to threaten millions of°litésterogeneity of
cancer makes it difficult for effective diagnose and treatfiéhtCancercaused nearly
10 million deaths in 2020 with almost 19.3 million new cas¥scanceicaused deaths
3.8% are due to prostate, 4.7% are due to pancreas, and 6.9% due to brea&twhiteer
the global cancer burden is expected to be 28.4 million cases iF2B8i#@e cancer is a
complex disease, a muktage transformation of a normal cell into malignant calls,
network of interacting proteins and genes are involved in disease progi¢¥sBecause
of the high mortality and heterogeneity of cancer, personalized medicine is gaining
attention for targeted treatment and management of patiBné2 In cancey one
dimensionalomicsdata has given limited information regarding diagsgsrogression,
treatmentand prevention. The reastor using onedimensional data by part was the low
availability of multirdimensional data from theame biespecimen. However, tumor
specimens from over 10,000 cancer patients are analifedhe Cancer Genome Atlas
(TCGA) which include tissue exome sequencing, copy memvariation (CNV), DNA
methylation, gene expression, and microRNA (miRNA) expredsi@ther than TCGA,
tons of cancer mukbmics data are generated bgternational Cancer Genome
Consortium [CGC)** andCancer Cell Line Encyclopedi&CLE)*.

As the size of data related to cancer increased, several challenges for data integration and
analysis of multomics datahave emerged. The dé#fentomics dimensions produce
different data types; sequencing gives count data, microarrays give continuous data, and
genetic variations give discrete data, all of which must be handled simultand2aisly.
dimension is much higher than sample siheefore,effective and robust computational
algorithms are also neededvoreover, data normalization and quality control
preprocessing steps have to be perforbefdre data integratiot?=”.

Revealing potential disease netwsr&nd potential drugs for the Networks of Interest
(NOI) becomes the primary step for designing treatment strategies for cancer.
Identification of NOI involved irthe type/subtype of a cancer is still a challenging task
because of the spatial and temparalerage and sampling number of modern high
throughput techniques. Especially to identify the mechanism of action of the drugs and
increase the dimensionality of the hitftroughput data, several small molecules have
been used to treat cancer calisd the highthroughput transcriptomic and proteomic data
have been released in many databases. Treatment with perturbagens not only helps
identification of potential drug targets or drug families for a given type/subtype of cancer
but also givesa spatial resaltion for identification of potential NOI for a given
type/subtype of cancer. An adequate network may metpmize the number of drug
targets and finciew drug targets while studying a specific disease condition.



1.2.Motivation

Recovery of an optimal cancer treatment strategy is challenging due to thandtartra
heterogeneity of tumor samples. Modulations in signaling pathways and interactions
between various bientities are critically important in the mu#ifage tumor de
formation from the normal cellsHence, muliomic data integration is vital for
understanding the molecular interactions in the cancer cell atitefdevelopment of an
optimum treatment strateg$incethe development and approval of new drugs ishbot
expensive and timeonsuming, drug repurposing is pomising strategy in cancer
treatment.Classification of currently available therapeutic agents is impodadta
challenging step necessary to index possible drugs for drug repurposing approaches.
Moreover,the determination of molecular mechanisms of available drugs in different
cancer types deciphers the possibilities in drug repurpogingn the heterogeneity of
cancer.Conventionally, drugs are classified based on their primary targets, thirapeu
actions, target specificity, naturetbkinteraction, molecular typand chemical structure
similarity. The effects of small drug molecules are highly dependent on cellular and
physiological factors. Many drugs have multiple targets. Depending erfetitures
selected, similar drug groups may change. Even though two drugs are present in the same
group, they may modulate different signaling mechanisms within the cell.

Considering all these challenges in cancer drug repurpdbiigglow questions are tried
to be answered in this study:

1 Do chemically and functionally different drugs have similar proepewtein

interaction networks or vice versa?

Do drugs modulate diffent signaling pathways depending on the tumor type?

Is it possible to emphasize signature signaling mechanisms caused by drug

treatment by using a netwebased approach?

71 Is it possible to apply netwoithiased analysis of omic data to different areas of
drug-disease interactions?

T
T

1.3.Contributions of the Study

In this study, the transcriptomic and phosphoproteomic data of cell lines treated with small
molecule drug® are used to reconstruct netwsry integrating the data with drug
targetome and human interactorBata integration is a challenging task since the proper
integration method changes depending on the nature of the data and the network
recongruction principles. In this stugytranscriptomic data is used to back trail the
regulatory elements that act on the experimental hits. Phosphoproteomic hits atlewed t
selecton offunctionally active proteinthat may be closely related to the drug miatbry
effects. Since the drug actions stafter their attackon the target proteins, the drug
targetome includethe firstaffectedcellular molecules. Alsahe human interactome is
referenced by the network reconstruction software, Omics Intetftatmmap the seed
proteins and find the optimum connected subnetwbinke. uman interactome is known

for its incompletenessnd also it has bias to wedtudied proteirf§*% Therefae, it has
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many false negatives and false positives. In this study, human interactome is processed to
eliminatethese drawbacks. Firdtjgh-degree nodeare eliminated For each cell lirie

drug condition, interactome is filtered for very losxpressed genes by the aid of
associated transcriptomic data, makienery interactome tissue specific. After, each
interactome is enriched with a link prediction approach followed by localization filters.
The final processed interactome used for eachlipell drug condition has turned into

both tissue and drugpecific.

Omics Integrator usdake Prize Collecting Steiner ForegPCSF)algorithm with reverse
engineering principles. Thagnificant benefit of using thiapproachis thatit builds a
conneted subnetwork by adding extra nodes where necedsatlyis way, it can find

hidden elements which have relen t he cel |l ul ar processes
experimental methods.

Total 250cell line-drug specificnetworksare reconstructeatovering70 drugs and six

cell lines. A stringent topological and pathway analysis of these reconstructed networks
provided insight into the drug modulations occurring in different cell lines, including
mostly cancer model3 he highlights addressed by these fiigdi are as following:

Chemically and functionally different drugs may modulate overlapping
networks.

The target selectivity of the drug an important factor leading to separate
networks for drugs being functionally similar.

Networkbased analysi€oupled with multi-omic data integratiorhelped to
revealcell line and drugspecific hidden modulated pathways.

Topologicaldistanceand active pathways dfug networks may guide the use of
efficient drug combinations.

The £paration between networks afdrug across cell lines caelp infertheir
resistance or sensitivity or no response to that drug.

1.4.0rganization of the Dissertation

The dissertation consists of six main chapters, namely Introdutitenature Review
Materials and Methods, Rdss, Discussionand Conclusionln Chapter 1, a brief
description of the main concepts included in this study is presented. Also, the motivation
and contributions of the study are included.

Chapter 2 presents the theoretical backgrountbetoncepts addressed in this study are
presented. Definition dfiological networkss provided followed by thefrequenly used
biological networktypes After, the mainnetwork reconstructiomnd data integration
methodsare described. Finally brief information for link prediction methods is given
and examplesf theapplication of link prediction to biological networks are summarized.
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Chapter 3 presents the workflow of this study. Details of the specific methods used in each
step are explained.

In Chapter 4results produced through the drug classification and network reconstruction
procedures are presented. Comparison of reconstructed networks on topology and
pathway level revealed that drugs have variable efiedispendent of their chemical
strudure within the cellMoreover selectivity on target predefines the similarity ratio of
drug action to its MoA counterpart3wo different applications of netwotkased
perturbation analysis aedsoillustrated in this chapter.

Chapter 5 presents the dissions on this thesiand Chapter 6 presents conclusive
remarks, the main findings of the study, limitaticssd future prospects.






CHAPTER 2

LITERATURE REVIEW

This chapter briefly discusses the background and literature related to this study. The
literature review isaddressedh five main sections: (1brief introduction of biological
networks (2) types of biological networks(3) network reconstruction methsid(4)
introduction to data integraticand ) link prediction

2.1.Biological Networks

Biological systems function at several levels,,igenome, transcriptome, proteome,
interactome, metabolomand fluxome levels, and all of these states arelation with

each other. Study of all biological entities as a whole to understand the dynamics of living
syst ems i s def i net Spsems b®lygy termies to bhave law gy 6
understanding of how each batassis functionng and how these classes affect the whole
system. Networks of biological entities constitute catical aspect for a better
understanding of several stages in a livingaorgm. NetworksG(V, E)) represent
relationships between entities in which ndderices(V) refer to each entity of interest
(genes, RNA molecules, proteins, metabolitets.) and edgdaks (E) refer to the
interactionsbetweenthese The d/namic natire of biological networks reflects the
molecular traffic within the biological systénBiological networks can be directed (edges
include directional information) or undirected (edges do not include any directional
information), weighted or unweightebh (weighted networksdges include a quantitative
value such as strengtlepst flow, or experimental reliability. Given a biological
network, the relationships of a set of biological entities leading to a phenotype can be
characterized by mapping them on the network and analyzing the network properties. The
global network preerties includedegreedistribution shortest patldistancesnetwork
centralitiesclustering coefficientetc. The degree of a node is the number of other nodes

it is linked to.The $hortest path between two nodes is the minimal number of edges that
must be traversed to travel from one node to the oflnere are several network centrality
measures such adegree centrality,betweenness centraljtycloseness centrality,
eigenvector catrality, etc, all of which quantiy each node's importancsing different
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aspects. The clustering coefficient can be measured locally or globally for a network
where the former for a node indicates the proportioadgjes between theodes within

its naghborhood divided by the numberedges that could exist between thefine latter

is based on triplets of nodé4*

2.2.Types of Biological Networks

There are several types of biological networks based otypleeof databuilt uponand
the behavior of interactions between biological entities. Belthe most popular
biological network types are listed.

2.2.1. Gene regulatory networks (GRN)

Cells have several processes starting from transcription of a gariartotional product.
Proteins as functional units are regulated by transcription factors, cofaniRMAS,
mMiRNAs, posttranslational modificationsand the interplay between these regulators
Gene regulatory networks (GRN) are biological networks sgmting all of these
interactions betweemegulatorsand genégroteins they regulat®®. GRNs can be
reconstructed for specific tissu€snd conditions such as drug treatnfénmutations',
gene knockouts®, disease condition¥, time-series gene expression levéfsetc >3,
Since they include all types of relationships between biological entities, GRNs can be
reconstructedfrom all kinds of omics data such awanscriptomic, proteomic,
phosphoproteomic, metabolomi@ta. Therefore, GRNs can be thoughtas span all
other types of biological networks.

Databases like JASPAR, TRANSFAC *5, BioGRID %5, and RegulonDB®’ provide
information for gene regulatory network&n example of GRN oEGFRproduced with
BioGRID is shown in Figure 1.



@ CQuery Gene @ Associated Gene from Same Organism

Associated Gene from Different Organism @ Associated Chemical

= Association with Genetic Evidence Association with Physical Evidence
== Association with Genetic and Physical = Association with Chemical
Evidence

** Greater node size represents increased connectivity and thicker edge sizes represent increased
evidence supporting the association.

Figure 1. Example GRN for EGFR gathered from BioGRID.

2.2.2. Proteini Protein interaction networks (PPIN)

As its name implies, proteiprotein interaction networks are the biological networks
representing relationships between protdtneteins are responsilfier several biological
processes in the celuch as catalysis, transportation, signal transduction, growth control,
developmentetc. Protein interactions can be divided into two categories based on their
affinity, obligate and nowbligate, and nowbligate interactions can be transient or
permanenbased on the lifetime of the interactid®ermanent interactions are strong and
irreversible while transient interactionsappen for a limited time and are broken easily.
Transient interactions are involved $several cellular processes such as the transmission
of regulatory signalandpost-translational modification®>°,
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PPINs areby their naturedynamic.As they reflect the cellular processes, all interactions
occur in a timebased, locatioiased or conditionbased marer. Several methods are

used to capture these binary relationships according to the nature of the interaction. For
example, strong permanent interactions are detected-lmroanoprecipitation assays,
functional associations in which two proteins do notessarily interact with direct
physical contact are detected by biochemical assays, condéaged interactions are
detected by gene expression datansient interactions are detected by Higloughput
yeasttwo-hybrid assaysand tandem affinity puri€ation by use of chemical crosslinking
followed by mass spectroscamtc >9°%,

Databases like DI, BIND %3, HPRD®%, HPA %, and STRING®® provide information
for proteinprotein interactionsAn example of PPIN cEGFRproduced with STRING is
shown in Figure 2.

Figure 2. Example PPIN for EGFR gathered from STRING.
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2.2.3. Metabolic networks

Metabolic networks include all chemical reactiasfsmetabolismin the organism of
interest that represents biochemical and physiological processes within the cell. Nodes
usually represent metaboliteshile edges represent catalytic reactions converting one
into the otherMetabolic networks generally incluémzymes, substrates and products of

reactions information about the reaction and enzymes, substrate spec#icdgellular
localization informatiorf”.

Databases like KEGE, Reactomé&®, ENZYME 7°, andBRENDA ! provideinformation

for metabolic networksMetabolic network oEGFRprodwced with Reactome is shown
in Figure 3.

e R

Figure 3. Example metabolic network f&fGFR signalinggathered from Reactome.
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2.2.4. Cellsignaling networks
Cells acquire integrated processes to make decisionshdoneostatic balance,

developmentand survival. In order tonaintaincellular mechanisms necessary foe
current situation of the cell, it responds to differi@bternal and/or externaignals either
chemical, mechanjoor electrical and related sigia pathways are activatetllpon

primary signal response, information flows through several signaling pathways with
molecular interactions as well as biochemical reactions. As cellular processes are
interconnected within the cell, signaling pathways predoemplex network$” To

better understand the response mechanisms of the cells against different conditions such
as perturbation mutaton, and diseas& '8, cell signaling networks are studied using

various network analysis methods.
Reactomé®, KEGG® and TRANSPATH® are examples of databases for cell signaling

information. Cell signaling network forEGFR Tyrosine Kinase inhibitor resistee
pathway (hsa01521) from KEGG database is shown in Figure 4.
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Figure 4. Example cell signaling network for EGFR Tyrosine Kinase inhibitor resistance

pathway (hsa0l152Dathered from KEGG database.
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2.2.5. Geneo-expression networks

Gene ceexpression network€GCNSs) are built from gene expression values in which
genes represent nodemnd those having correlated expression patterns have an edge
between them. Tése kindof biological networks are generally undirected netwgaaksl

they can be either weighted or unweightd® measure the correlation betwettie
transcriptsacross exp@mental conditions or samplethe frequenly used methods are
Pearsonos correlation coefficient, Speart
information and Euclidean distan®e All genes for each condition/sample constitute an
expression vectpand these vectors are scored to construdbtbs GCNs can be used

to detect highly connected hgienes which are candidates as bioreegkor the condition

of interest®'®, On the other hand, genes having similar expression patterns may not
necessarily mean that they are also functionally related. Transcription of a gene may not
directly reflect its corresponding protein levedsd alsptwo genesnay share the same
cis-regulatory DNA motifdeadingto coexpression by chanég

COXPRESdIP® and GeneFriend$’ are some of the databases that can be used to get
information for gene ce@xpression.

2.2.6. Residue interaction networks (RI$)

Residue Interaction Networks (RINS) are biological networks to study protein steucture
in which nodes represent aminoacids and edges represeabvalent interactionsuch

as hydrogen bonds, Van der Waals interactiandg secondary structureSincethe 3D
structure of a protein determines its function, topological analysis of RINsdpsovi
valuable information about folding, functionally important and central residues, interface
regions, allosteric and active sites, effects of mutations on the stretti#>. While
constructing RINs, different thresholds can be specfbedtomic distances such asCC

and GS, distances of Wyr o gen bonds, iTOnisct acigatioagact i c
interactions etc. Also, the decision on whether to use additional features while
reconstructing RINssuch aghepresence of water molecules may provide more detail on
the properties of the proteth

RING %, RIP-MD °7, and ProSNEX® are tireeexamples of toolsand RINspectot®is an
example ofthe Cytoscape® appto study residue interaction networl®IN of EGFR
produced with RING is shown in Figure 5.
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Figure 5. Residue interaction network of EGFR with pdb id 5UG8 generated with RING
web tool

2.3.Network ReconstructionMethods

Recovering interactions within systems using prior bibliomic and experimentanihta
building a graphbasedinfrastructure is known as network reconstruction/modeling.
Network reconstruction is based on the idea of reverse engindérgigometimes called
as 6networ inferencebd

Network reconstruction plays assentialrole in understanding the behavior of several
cellular components #tesystems level. It is used to mimic and take a snapshot of cellular
activities at a given point in timeSometimes networks are modeled in a tigegies
manner to reveal a retime situation such as drug treatment, disease congédtonAt

this point, selectig an appropriate model for network reconstruction according to the data
in hand is both crucial and challenginghe reconstruction of an accurate network
according tolte real data may help investigate network motifs and conservation of cellular
compartments and studgvolutionary relationships between thefif %4 It can also
increase the reliability of cellular component interactions found via experiments and may
lead to new interaction findings that would provide time and cost gaining Hhalwvet
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experiments. Also, an adequate network may halpmize the number of drug targets
and findnew drug targets while studying a specific disease condftdf®

There are several methods used for network reconstruction purposes. These methods can
be divided into iive main categories: (i) Boolean network models, (ii) Bayesian network
models, (iii) Differential equation modelsv) Information theory modejsind (v) Neural

network modelsBelow each of these methaddasically explained

2.3.1.BooleanNetworkModek

Boolean network models are dated back to 1969, firstly proposed by Kauftmahey

are dynamic networks and rely on discrete dtalean networks are built onto a variable
set ( X= {x, X2, X3, én}, Xi X B ), and each variable represents the actual state of its
correspondingoio entity. For state designation, binary variables {0, 1} are usegl,
on/off switches of genes andti@e/inactive state of proteins.

Boolean networks are known with their ease to implerffefithey are widely used for
network inference from timseriesgene expressiotiata.However, they have limitations
onthediscretization of the dat&or example, if gene expression data is used to reconstruct
a network, it should be transformiedio binary data. Since genes do not always have strict
on/off states and expression levels may lie within a réeagng to different regulatory
conditions, using Boolean network strategy may cause loss of infornfattenTo
overcome his issue, fuzzy operators have been incorporated into the Boolean network
models to reconstruct biological networks with continuous varil5i€€ Also, noise in

data arises as another probleAkutsu et af!® proposed algorithms to reconstruct
Boolean networks with noises. Shmulevich et''alstudied probabilistic Boolean
networks for gene regulatory network reconstructiondhamanage uncertainti.eifeld

et al!'? showed the application of different types of prior knowledge for biological
network inference using Boolean modat&l considexd noisy measurements and missing
data points There are several reviews explaining the concepts for Boolean network
modeling and presenting examples of application to biological#&te.

REVEAL (REVerse Engineering ALgorithitf is one of the algorithms implementing
Boolean network modelsSeveral Boolean network analysis tools developed in
different programming languages such as ChemCHa&inRint!® SimBoolNet!®,
BoolNet?®, CellNetAnalyzet?!, etc!'s,

2.3.2.BayesianNetworkModels

Bayesian networks use Bayes theorem of probability, then combine graph theory to
qualitatively model network properti¢é? Bayesian networks are built onto directed
acyclic graphs (DAGSs). Each interactiortiegraph has a probabilistiedendency. The
algorithm needs to process three essential parts for learning; model s€ke€idG asa
candidate) parameter fittindusing the candidate DAG and data, recover the best fitting
conditional probabilities)and fitness ratingscored netwk models)*>#¢. All models
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produced with the algorithm are scoredid the highest score refers to the best fitting
network (DAG) selected.

Bayesian learning can be performed from both discrete and continuous data. Therefore,
Bayesiametworks are advantageous over their flexibility. Different types of omics data
can be combined as well as prior knowledge to reconstruct Bayesian netMsiks.
Bayesian networks are advantageous with their ability to handle missihf.dédavever,
computational complexity increases with increasing data Gmestraintbased methods

can be used to reduce the search space by using restrictideal with the comyting

load of scorebased Bayesian network modelitdowever, constraints come with their

disadvantage to increase the potential for compoundingéfdrt®

Bayesian Network Webservétis an example of tools for biological network modeling
using the Bayesian algorithm. BNFind& is a pythonlibrary, and bnleartt®is an R
packagelesigned as a tool for learniBgyesian networks

2.3.3.Differential Equation Models

Ordinary Differential Equation (ODE) approaches are widely used in biological network
reconstruction, especially for modelingontinuous dynamicnetworks from gene
expression datalhe current ODEbased methods include mainly three categories: (i)
thelaw of mass actiott>* (ii) Hill function®®!, and (iii) MichaelisMenten Kinetics?

The choice for the correct ODE function depends on the biological question and/or nature
of experimental dat&® According tothelaw of mass actigrthe reaction rate depends on
the probability of the collision of the reactaritbll function relates binding affinities of
ligands toreceptorswith the concentration of the ligandsill functions are mostly used

to model signaling netwossince a protein's activation or inhibition is induced by their
upstream parental nodes which Hill functititan characterizélichelisMenten kinetics
describes reaction rates with enzyme kinetics

When the network scale gets larger, OBdSed models become disadvantageous because
they need to determimaany parametersThe high number of parametdeads toa high
computational burdemwhich in turn causes lower prediction accufdcéy® Also, ODE-
based models generally use linear equations and rarely specific types-lirfieaon
equation®. However, regulary interactions usually include complex riimear
dynamics which need more complex versions of modeleh as Genetic Algithm
(GA)'3 Particle Swarm Optimization (PS®¥) andscatter seardf®. There are several
variationsthat apply ODEs. Some examples daknimum Weight Solution to Linear
Equation (MWSLE), Fourier Transform for Stable Systems (FF5%)nd Evolutionary
Modeling (EM)-38

2.34. Neural Network Models

Neural network models are inspired by real neural structures obsethedrain. Neural
network models are advantageayr their ability to use several inputs/data structures
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and give one output. They are flexible as tibap recognize input pattefd$!*® Other
advantages of neural network models are that they can modelrentiypnal relationships
and data structure, acquire nonlinear and dynamic interactamtbs resist to noise.
However, the learning rate must be defined for different data situatiomaking it
challenging to perform efficient training. Also, it consumgghlcomputing power when
data gets large. As a result, neural networks are most useful for small nétvorks

Neural network models include two main strateg#egificial Neural Network (ANN)
and Recurrent Neural Network (RNN). ANNs conhdt a pure neural approachkhile
RNNs use fuzzy logié®. RNNs can handle feedback mecharssmhich are natural
regulatory processes withithe cell, allowing the modeling of nodinear and dynamic
interactiong39:141.142

New approahes to neural network moddiave beerproposed recentlyThe Extreme
Learning Machine (ELM) method, a supervised neural model, was shown tolngheia
learning rate and better performance in terms of predictive pbivalso, deeplearning
methods mainly includANN models Convolutional neural networks (CNNs) and fully
connected neural networks (FCNNs) are other classes of neural networks. FCNNs have
problems such as overfitting or trapping in the local optimum when the network depth
increasesresultingin a higher numbepf parameters. CNNs take input data in the form

of multidimensional arrays. PyTorch and TensorFlow arewieely usedframeworks

for deep learning which allowuilding neural networké2.

2.3.5. Information Theory Models

Information theorypased network modeling approachesngrally depend on the
dependencies betwedno entities Determination of dependenciesmainly measured

with correlation coefficients such as Pearson, Spearoralkendall. Moreover, mutual
information and euclidean distances are the other methods ul®d network
reconstruction Information theory models are the most common methods betiaise
application isstraightforwardand d@snot need much computing power. They can be
used for very large networks. However, they are static models and cannot infer dynamic
interactions directionality, causalityor the multiple bio entitiesn one regulatory
interactiorf®144

Examples of tools using information theory for network reconstruction iaclud
RELEVANCE®, ARACNE (Algorithm for the Reverse engineering of Accurate Cellular
Network)}*¢, CLR (Context Likelihood of Relatedne¥¥) MRNET (based on the
maximum relevance/minimum redundané§)and FyNE(Fuzzy NEtworksY*,

17



2.4.Data I ntegration

Metadimensional analysis can be classified into four main categories according to data
integration and statisticahpproaches; Multivariate methods, Concatenabased
methods, Transformatiepased methods, Modbhsed methods. Some multivariate
methods$™ are; Partial Least Squares (PE%}°? and Canonical Correlation Analysis
(CCA)%31% |n the literature several approaches to Pb&sed method¥ %310 and
CCA-based method¥1611%%can be found. Some tieconcatenatiorbased integratidh
methods are low rankased approximatidf® latent factor analysi®, Colnertia
Analysis (CIA)%%, Multiple Colnertia Analysis (MCIA}®¢, and also Multiple Factor
Analysis (MFA)®"168 which is based on Principle Commont Analysis (PCA).
Transformatiorbased methods basically use graph or kernel m&h%. An example of
the ransformatiorbasedapproactis Similarity Network Fusion (SNE°. Modetbased
approaches are based on learning strategese(ally Bayesiaapproachesreused’™
179 in which a model is obtained by a training phas®l the mdel is used for data
integration. An example atmodetbased approach tool is ATHENA

Tablo 1. Current summary of datategration tools
(adapted fronHuang et al.,201%"8 detailed version can be found in Appendix

Name Data Type Reference
Joint NMF Multi-data 172179
iCluster EXP, CNV 180
iCluster+ Multi-data 181
JIVE Multi-data 182
Joint Bayes Factor EXP, MET, CNV 183
ssCCA Sequence data 169
CCA sparse Group Two types of data 162
sMBPLS Multi-data 157
SNPLS EXP, drug response, gene network info 184
MDI Multi-data 185
Prob GBM EXP, CNV, miRNA, SNP 186
PSDF EXP, CNV 187
BCC EXP, MET, miRNA, proteomics 188
CONEXIC EXP, CNV 175
PARADIGM Multi-data 189
SNF EXP,MET, miRNA 170
LemonTree EXP, CNV/miRNA/methyl 190
rMKL -LPP Multi-data i
CNAmet EXP, MET, CNV 191
iPAC EXP, CNV 192
ATHENA EXP, CNV, MET, miRNA 21
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Table 1 Current summary of data integration tools (adapted from Huang et al}#017
detailed version can be foundAppendix A)-(cont.)

jActiveModules EXP, PPI, proteirDNA interactions 193
Network Gene expression, mutation, PP 194
Propagation

SDP/SVM EXP, protein sequence, protein interactio %

hydropathy profile

FSMKL EXP, CNV, Clinic feature (ER status) 196
iBAG Multi-data 197
MCD MET, CNV, LoH 198
Anduril EXP,MET, miRNA exon, aCGH,SNP 199
GeneticinterPred EXP, PPI, protein complex data 200
Graphbased EXP, CNV, MET, miRNA 201
Learning

CoxPath EXP, CNV, MET, miRNA 202
MKGI EXP, CNV, MET, miRNA 203

2.5.Link Prediction

Link prediction is the process of scoring the likelihood of a future/missing edge between
two nodes, knowing that there is no edge between those nodes in the current state of the
grapit®. Link prediction strategies are used in several arsash as "friendinder"
features in social networks, recommendation systems features-cosmercé®®, and
identifying hidden groups of criminals in the security dorff&inn bioinformatics, link
prediction approachetiave become populabecausedifferent types of biological
networks are used severabioinformaticsareaslt is known that molecular interactions

are currently incompletevhich is a limiting factor to understand molecular mechanisms
underlying diseases, perturbations, internal and external signakng/%8 213,
Experimental procedures that are used to extract molecular interactions have many
challenges. For example, interactions betweenehidies may be missed due to
localization differences while collecting them during experimental setup or due to the
natureof the interaction (transient interactions). Also, since biological systems are very
complex, interactions between keatities may have difficulties while capturifgy
experiments, and bias for highly studied-bittities may prevent findg out interactbons

of other lowstudied ones. Besides, biological/experimental noise can resulbss of
interactionsLink prediction in bioinformatics providemopportunity to find interactions
between bieentitiesthat are invisible due to missing data, experna errors etc?“.

These techniques take advantage of many network properties such as degree, clustering,
and path lengthd.ink prediction algorithmgenerdly score the likelihood of interaction

of node pairsand these scores are listed in decreasing order.
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Link prediction methods arelassified into two main categories; supervised and
unsupervisedin figure 6,the main methods of each category are illastd. There are
several studies on supervised link prediction methods. For example, Kastame &t
proposed(i) parameterized probabilistic model for supervised link prediction and (i)
ALink Propagationo as an adapt adupervised o f | abel
learning methodThey applied their method to two different biological dat, the
metabolic pathways of the ye&tCerevisiaé the KEGG database and a protpnotein
interaction network dataset constructed by another gr8upjaié!’ performed link
prediction in biological networks usirggpenalzed multimode exponential random graph
model(MP-ERGMs).In 28 they investigated the effect of four neural network models on
the performance of a neural link predictor in biomedical graphs.

Unsupervised methods have ndabsed and patbased topologal similarity metrics.

From nodebased topological similarity methods (local metrics), Common Neighbors

illustrates the situation such that two stranger people can be introduced to each other with

a common friendwhi ch has the effect of fdficlosing a ¢tr
Coefficient measures the probability both nodesdv have a neighboy for a randomly

selected neighboy that eitheru or v has. The AdamicAdar method isa frequency

weighted versin of the Common Neighbors method. Adamic/Adar method weights rarer

properties more heavily. For example two noninteracting nodesu andv, have a

common neighboy which is a node witllowdegree i t 6 s mor wandqvara babl e t ha
interacting.The Preferential Attachment method relies on the assumption that nodes with

higher degrees tend to interact with more nodes which increases the possibility of hub

formation.

General formulas for nodeased methods are:
- Common Neighbors:
(1) "YO£E D 0 QUEE a0 QWEE ids

- Adamic/Adar:
(2) "Yoé il B .

- Jaccardbdés Coefficient:

(3) YO ¢ o z : z

- Preferential Attachment:
(4) YOE WD 9 QOEE idisO QWLE 1S
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Pathbased topological similarity methods use global network properties. There are three
widely known methods in this categorgatz, Hitting time and Rooted PageRarkatz

method is proposed by Leo K&t% As a measure ofcere between nodes u andthe

Katz method sums all possible path lengths betwesmdv and penalizes longer paths

by a factor b. Hi tting ti me i sthelgraphlTd upon
measure the score afpredicted edge between the nodeandyv, it countsthe expected

time for a random walk starting fromto reachv. Smaller the score of hitting timet is

more probable thatandvar e connected. Hitting time 1is
why the commute time is used in undirected graphsch is Gy = -(Hxy+ Hyx). Rooted

PageRink is an alternative to hittinggme. It is designed to escape from the problem of
walking to a node that has high stationary probability and is far away ftoamdv.

General formulas for patbhased methods are:

- Katz: 3
(5) YOEo® B f 3@ s

- Hitting Time: }
(6) Yw ¢ o Op

- Rooted PageRank:
(7) YoeEW® p f o p 10

(whereD is a diagonal degree matrix with " @Q B & "@Qand let(

O 0be the adjacency matrix with row
probability of walkingto a random neighbqr.
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Figure 6. Classification of link prediction methods

There are several studies involvingde and pathasedink prediction applications on
biological networksCannistraci et a013introducedthe CAR index and applied it to

adapt widelyknown nodesimilarity-basedlink prediction methods, namely Common
Neighbors, AdamiAdar, Jaccard index, and Preferential AttachmeéAR index
assembles nodeased and linbased prospectét is defined as the possibilityf being

linked for two nodes is higher when their comrfost-neighbors are includedan 6+ oc a l
communtheyobéinks within | ocal -cooomumiyhi hkeé. are n
Localcommunity is a collection of robustly linked nodes. They demonstrated the power
of CAR index appliechodebased link prediction methods in brain connectomes. They
randomly destrp a certain percentage of synapses and measured the correct prediction
rates of these methods. They observed that up to 50% of original connectome synapses
could be predicted backndthe CAR-index variant of Preferential Attachme{@PA)
performed bettethan others. They also tested CAR index variants on protein interactomes
and concluded that CARdex increases the overall prediction performaticd=or
example, Lu et al., 2017 used bipartite networks in which drugs and targets constitute two
disjoint sets of node3 heyapplied modified versions of four unsupervised link prediction
methods Common Neighbors, Jaccard index, Preferential Attachnaewt Katz index)

to predict drugtarget interactiorfé®. Kovacs et al., 2019 propostia L3 method for link
prediction in protein interactomes based on the idea that two proteins interact when one is
similar totheo t h e r 6 s Acpoeding tothe L3smethod, which relies on path lengths

of three, if two proteins have interacting partnéngn it is probable for them to interact,
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too. They compared L3 prediction against other node simiaaged methods ai@AR-

index \ariantof Resource AllocatiofCRA) and showed thathe L3 method performs
better than other methdd$ Pech et al.,2019 proposed an optimization to L3 prediction,
consideringthat the probability of two nodesbeing linked is relatedto a linear
combination of similarities between the neighbors of each of them. They performed a
linear optimization(LO) method to produce a link likelihood matf%. Chen et al2020
used the information gathered from prote
duplication and proposed Sim as a link prediction method for PPI netvwidrky. used
Jaccard Similarity in Sim for sequence alignment. Séwdnpredictorsi L3, LO, Sim
SIMCN, SimPA, SImRA, and L3 + Sim (integration of Sim with L3re compared in

the study and Sim+L3 performed better on prediction and robustnigsonly PPI
networkg?4 Yuen & Jannson, 2020 proposte ExactL3 link prediction method for PPI
networks and tested its performance on four PPIs of STRING, BioGRID, IntAct/HuRl,
and MINT. They suggest that ExactL3 infers undiscové&®ts better and characterizes
protein interactions biologically by using only network topology. They measured the
biological relevance of edge predictions found by ExactL3 in terms of Gene Ontology
(GO) Semantic Similarity (GOSemSim), STRING Confidence r&0 and Gene
Essentiality Theyshowed its superiority over other methods such as L3, CRA,aBith
CN225.

Overall, dl link prediction methods have their properties to predict edges accurately,
depending on the mechanism for how the biological network gféwslolecular
interactions may evolve based on different properties according to the interaction types
and data typé$’. Therefore, it is very important to understand the growing nature
underlying the biological network and select the link prediction method accortffhgly
Also, thedensity of the referenagaph issignificant for the necessary computing power.
When the graph is dense, tharenot many edges left to predict, e probability of
randomly choosing the correct edge from this remaining possible edge list is high.
However, when the graphsspar se such t hat 2&legnoretiskeér e ar
in the current graphandthe possibility of selecing the correct edge out of2\édges is

lower.

Linkprecf?® and LPmad&®? are two of the computational tools for link prediction on
biological networks. Moreovethe network«?3! modulein python has its own functions
for some of the link prediction methods.
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CHAPTER 3

MATERIALS AND METHODS

The main workflow of this study for the integrative network modeling of drug responses
to reveal drug modulation based on drug amdortype is illustrated in Figure Firstly,
thetranscriptomic and phosphoproteomic dataset for small molecule perturbation on six
different cell lines (CMap) is retrieved and statistically preprocessed for significant
treatment conditions acrosssociated control treatment. Secondly, drugs are classified
according to two traditional methadse., chemical similaritybased classification and
literature curated mechanism of action (Md#gsed classification. After, network
reconstruction studieg/luse of Omics Integrator software are perfornieudo input files

are neededbr network reconstructiorseed proteins and a reference interactome. These
two inputs are prepared blye application of several approachédl. cell line and drug
specific netvarks are modeled and used for further classification procedures. Finally, drug
groups produced by different methodologies are compared to understand the advantages
of networkbased studie\ll methods used for these steps are detailitkin the below
sedions.
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Figure 7. Workflow of thesis study. After data retrieval and preprocessing for collecting
significant dataset and excludingmissing information drugs are classifiedising
traditional classification methods to later compare with netvbaided classification.
Meanwhile, two input files necessary for network reconstruction studies are prepared by
integrating different data types to collect terminal set and application |edigion
strategies on the human interactoamelother filtering protocols.

3.1. Data

The 6édomicd data i s Mdp(CMappwhichcdntaiosh.3Kblo0®ect i vi ty
data forninedifferent core cell types, treated with 27927 perturbagen. WithingCtla

Touchstone V1.1 dataset contains 8388 perturbagensdmmditated genetic and small

molecular perturbagens) fame cell lines forthreetime points andhreereplicates; and

P100 dataset contains proteomic datasigrdifferent core cell types, treated with 90

26



perturbagen$232233 |n addition to transcriptional data (L1000), proteomic and
phosphoproteomic data for a subset of these perturbagens (Rtéf)leased on 4/13/18
with the accession number GSE101406

P100 dataset was ubén this study which contains already filtered transcriptional and
phosphoproteomic data for the same BreP100 dataset represents three different-read
outs (phosphosignaling (P100), chromatin modifications (GCP), and transcriptional
changes(L1000))fahe same 90 smaitholecule perturbations in six cell line&.list of

these small molecules and cell lineprovided below in Table &nd Table 2The duration

of treatment was 3 hours for P100, 24 hours for GCP, and 6 hours for L1000. These data
are aailable at multiple levels of processing: level 1 is fluorescence intensity (for L1000)
or mass spectrometry extracted ion chromatogram traces (for P100, GCP); level 2 is gene
expression or proteomic values without normalization; level 3 is normalizddeasl 4

is differential (i.e., each sample is compared to all other samples on a plate). Normalized
(level3) data oftranscriptomics(L1000and phosphoproteomics(P10@ye used in this

study.

L1000 assay measures transcription levels of 978 genes drkferas Landmark genes)

and 80 control transcripts directlit then infers the expression levels of the remaining
11350 genes via Ordinary Least Square (OLS) regression. From 11350 inferred genes,
9196 genes are considered well inferred and called afs IBesred Genes (BING).
Landmark genes are used in the terminal set preparation procedure (section 3.4.1).
Phosphoproteomic data generatedh®P 100 assay consists of 96 phosphosites and is a
reducedepresentation of phosphoproteomics, targeting consigmaling pathways.

The drugtarget interactions are retrieved mainly from CLUE Drug Repurposing*tool
which curates information from several databases such as Dru§B&nRPubChen?®®
(https://clue.io/repurposingpp. This tool providesan opportunity to browse drugand
gives various information about drugs, including the target molectiesreconstructed
networks have been oriented through these targets for each drug.

The primary reference human interactome usethésedgeweighted proteirprotein
interaction network retrieved from iRefWeb, v13.0, which has 15,404 nodes (proteins)
and 175,820 weighted edges (protein interactions) withouticsmds. The weights of
edges represdng how real an interaction is based on the MIScore functibms
downloaded fromOmics Integrator GitHub repositor{https://github.com/fraenkel
lab/Omicsintegrator/tree/master/data
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Tablo 2. List of SmaltMolecule Perturbagens

127173862-5

bafilomycin al

bms906024

BRD-
K68548958
BRD-
K73261812

calpain inhibitor

i
compound e

cpi-169
CYT387
epz5676
Gossypetin
gsk126
GSK-2110183
NVP-BEZ235
okadaic acid
sch 900776
smer3
unc-0646

vu0155056
4,5,6,#

tetrabromobenzotriazole

alpelisib
alvocidib

AR-A014418
belinostat

BIX-01294
BIX-01338
BMS-345541
CC401
CHIR-99021
curcumin
decitabine
dexamethasone
dinaciclib
entinostat
epz004777
EPZ-005687

Tablo 3. List of Cell Lines

etoposide

everolimus

EX-527
exifone

geldanamycin
ginkgetin

GSK-J4
I-BET-151
I-BET-762
IKK -inhibitor-X
IP1-145
JQL(+)
KN-62
KN-93
KU-55933
lenalidomide
losmapimod
LY-294002

methylstat

niclosamide

nilotinib
olaparib

OSI027
palbociclib

pazopanib
PD-0325901
pravastatin
pyrazolanthrone
resveratrol
RG-4733
RGFR966
rolipram
roscovitine
ruxolitinib
salermide
selumetinib

semagacestat

sirolimus

sotrastaurin
staurosporine

tacedinaline
tacrolimus

TG-101348
tofacitinib
tretinoin
trichostatina
UNC-0321
UNC-1215
VE-822
vemurafenib
verteporfin
vorinostat
zebularine
DMSO

Cell Line Description

A375 human malignant melanomesolid tumor from a 54/earold female

A549 human Caucasian lung carcinoma, isolated in 1972 fromya&®ld Caucasian male
MCF7 human breast carcinoma, isolated in 1970 from-ge&8old Caucasian woman

PC3 human prostatadenocarcinoma, isolated in 1979 from ayéarold Caucasian male
YAPC human pancreatic carcinoma, isolated in 1993 fa@t®yearold Japanese man

NPC neural progenitor cells

3.2. Statistical Analyses and Data Processing

All statistical analyses were performed with pyti8miPy modulé®’.

In thenetwork reconstruction protocglrocessing of L1000 and P100 data is performed.
L1000 data includes fluorescence values of several replicas for transcriptional
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measurements of both driggated samplesand DMSO treated samples to be used as
control. These two conditions for each landmark (genes that are directly measured by
L1000 assay) gene were compared with one-Magva method after verifying the
assumptiongscipy.stats.f_onewdynction) The datdor p-values for each gene as drug

treated condition compared against control condition is genefa¢e@swith alower p-

value than the selected threshold were col
genes6. These O0significantly tdrugpas Alsoj bed ¢
log2 fold changes of average transcription values of each gene relative to the control
condition are calculated and stored to be later usétkiprize design@gon of terminals.

Theame procedure is performed for P100 da
phosphor yl afored05and catcdatertheid log2 fold changes against the

control treatment.

Regression analysis performed in this study also performed by use of
scipy.stats.pearsoriunction of python SciPy module.

Clustering of matricess performed by use of scipy.cluster.hierarchy function of python
SciPy module where necessary.

3.3. Chemical Structure-Based DrugClassification

Two different metricavereused for the investigation of chemical structure similaii6y.
drugs out of 90 are listed aftitve Anova significanetest. SMILES signatures of 70 drugs
are curated from chemical databases such as DrugBanki PubCheri®.

3.3.1. Tanimoto Similarity Calculation

Tanimoto similarity®® of two compounds are calculated with their SMILES signatures. It
calcul ates the Jaccardobés coefficient betwe

Rdkit?3®, an opersource pythoribrary, is usedfor the construction of the Tanimoto
similarity distance matrix

Hierarchical clustering othe matrixis performedusing python scipy.cluster.hierarchy
function of SciPy modufé’.

3.3.2. MACCS key distances

MACCS (Molecular ACCess System) keys (162D structural fingerprints) distance
is a SMARTS (SMILES arbitrary target specificatidigsed implementation of the 166
public MACCS keyswhich are sometimes referred to asMigL keys?*C.

Rdkit**°, an opersource python library, is usedrfthe construction ahe MACCS key
distance matrix.
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Hierarchical clustering on the matrix is performed uggthon scipy.cluster.hierarchy
function of SciPy modufé’.

34. Network Reconstruction

Network reconstruction is performed by usk @mics Integrator softwaf® Omics
Integrator searchdsr a solution to therize-collecting Steiner tree problem to find a
optimum tree. Nodes obtained from the experiments (terminal nodes) and nodes not
detected in experiments and obtained by the algorithm (Steiner ravdds}ermined by

this process.

Let G = (V, E, c, p) be an undirected graph, with the vertices/nodssdciated with nen
negative prizes p(v), and with the edges E associated witimegative costs c(e). The
PrizeCollecting Steiner Tree problem (PCST) consists of finding a connected subgraph
T=(V',E") of G, that maximizes profit(T) which is defthas the sum of all nogwizes

taken into the solution minus the costs of the edges needed to establish the (freguwozk

8). It can also be defined #se minimization ofthe weight of T, which is the sum of its
edge costs plus the sum of the penalties of the vertices of G outside of the sbheren.

are both theooted and unrootedvariantsfor each problemvhere T must containgun

rooted variantand T can be any subtree in unrootadang*™.

Prize-Collecting Steiner Tree (PCST) problem
Graph G

Nodeswith T2
their prizes o {

5 Q 7 Edgeswith

theircost

o P -
~2 [+ TreeT: Q4 0 TreeT:
[ - 7
3 @

profit{Ti)=(4+6+2+3)—(3+2+4+6)=5 profitTz)=(6+2+9+3)-(2+4+T7+6)=1
cost(Ti)=(3+2+4 +6)+(1+9) =20 cost(Tz)= (2+4+7 +6) = (1+4)=24

Figure 8. lllustration of PCST problem
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Omics Integrator is a software packagat applies thePrize-Collecting Steiner Forest
(PCSF) approach to construct the most biologically relevant pfptetein interaction
network. This tool is efficient in the integratiof different omics data usirareference
interactome.

There are two distinct tools within the Omics Integrator package: Garnet and Forest.
Garnet and Forest complement each other to integrate different experimental results
derived from measurements oRNA, proteins, metabolites, etc. Thage omics data
either gathered from experiments or derived from several datalbagese 9)

Garnet tool allows usserto estimate transcription factors that possibly affect gene
expression levels. It can use epigenefata such as phosphoproteomic data. Garnet is
important while integrating different omics data. This towludes two steps. First, it
computationally predicts transcription facldNA interactions from epigenetic data and

a set of DNA binding motifsThen it estimates regulator activities by correlating these
predictions with mRNA expression changes in genes neighboring the predicted binding
sites.

The forest tool constructs the interaction network using-detned omic data, the seed

protein listcontainingtheir importance (prizes), and interactome datac | udi ng edg
significance levels. Forest combines udefined hits with the output of Garnet. Each

protein given as inputttheFor est t ool is defined as Oter
add extra nodes from the interactome datechi ch are call ed &6Stei
constructing the networlkhe algorithm optimizes the score by calculating the suthef

costs of edges included and thezes of nodesot included.The dgorithm seeks to

minimize the score to find the most optimum and biologically relevant prgietein

i nteraction network. There is aloooangcteda pos
nodes, but this can be avoided by applying negataheed prizes tohem. Forest uses a
generalized prize function to dssantiadnd whet |

should be included in the network or not. This generalized prize function assigns negative
weights to nodes according to the number of connectlugs have in the interactome.
Theprizefunction is:

(8) nov 1 xQHo CNQQIUQQ

whereb andy are scaling parameters and degvgég the number of connections of node
U in the interactomeb is used to calibratthe effect of terminal nodeandp is used to
calibrate thempact of hub nodesu is 0 in the default parameters where hub correction is
disabled; if it ncreases, the algorithm excludbese hub nodeé.enables the algorithm

to include terminal nodeand increasing facilitates more terminal nodes to be included
in the final network.

Given a directed, partially directed, or u
to find a forest F(Y, Er) that minimizes the objective function:
(9) MO B, nu B, oQ 1 J
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wherery U isdefinedinEq.1pQi s costs of each edge, o
forest and ¥ is another scaling parameter which is a uniform edge cost of each node
connected t@a dummy node (explained below).

The Forest tool has six PCSF parameters; howeweh andD are the ones that at least
need to be defined liieuser D is the depth pameter which is the maximum paémgth
from Vo to terminal nodesThe dher three optional parameters areg (reinforcement
parameter, default is 43, andgarnetBetascales the Garnet output prizes relative to the
provided protein prizes, default@s01).

Dummy node is an artificial node,\a starter node connected to a subset of nodes N.
Forest tool builds F to be a tree rootedcatAfter the network optimization is performed,

the root node @) and all its edges are removed. Dummy node by dafasét to connect

to all of the input terminals. However, one can also define a subset of terminals to link the
dummy node by using thedummyMode option.

Garnet Forest Result

Map epi ic regions to exp! 1 transcripts

Define terminal node set from experimental

Hypersensitive _Epigenetic marks > data and determine node prizes

region OR (ChiP-Seq) TSS |
(DNAse-Seq) g a

ag" “‘)“‘4)“ I L P, @& \
Hype:sensitive Marl:éd Exp;ssed Collect weighted interactome from literature
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v £ i 990, PN P ~
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N \\\
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shoran] o oATGCMT +. TMTTA. . | ' )
v iV 21 Y ot el
‘/T//\\" \/\/\ /\/,\" I\ 1 ~ VYfalght nodes in graph by experimental cia\ta .
S~ e —~ L // "\\ /
Regress transcription factor affinities to transcript changes 1 o
/~ Epigenetic Regions R s
. . p—"
|
L TF Affinity Score |
= g

Select transcription factors as terminal nodes and assign prizes
' N

~

Figure 9. Representation of Forest and Garnet tools found in Omics Intedtator

For each cell line and drug conditiadhg Forest tool is used with the seed proteins and
interactome produced by the associated date. The algorithm is run for all combinations of
b=10, w=[1,2,3], b=[2,3,4,5,6, 7,08959110],
After all networks of each parameter combinatoecollected, the ones with the highest
number of terminal nodes and lowest number of hub proteins(degreesr&0§glected
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and their union network is defined as the networkhefcorrespoding cell linei drug
pair. The retwork reconstruction protocol is illustrated in Figure 10.

34.1. Collection of Seed Proteins

Using the o6significantly transcribed gene:
factor regulatory netwo®% t r anscri ption factors regul at.
transcribed genesd6 are collected. Then, i
06significantl y tr anatecmingllare deag leg? éokl hangasof i s L
its interactos are designated as its prize.

Also,6si gni ficantly phosphor vyl atare dolleptedantd ei ns 6
their associated log2 fold changee used as their prizes.

Finally, the target(s) of the drug of interest appended to the segulotein list with a
uniform prize inferred fronthe overall prize distribution of all proteins.

The seed protein list preparation procedure for each cellding conditions performed
with its associated data.

3.4.2. Preparation of ConditiorSpecific Reference Human Interactome

As a primary reference interactome, iRefWeb (version 13.0) is used. It is a human protein
protein interactome with edge weights representing their confidence values bdised on
MIScorefunction. After removing selfoops, it consists 015,404 nodes (proteins) and
175,820 weighted edges.

First, interactome is finetuned for highly connected proteins, hubs. As defined in Hristov
& Singh, 2017, proteins that have degrees higher than ©9@0mare tharten standard
deviations awa YBCH jABPR ,ELAYIED ,SUMOD ,CULBO S are
excluded.These hub proteins constitute 13,738 interactions in the reference interactome.
All edges that include at least one of these hub proteires exatuded.

After, theinteractome is processed for low expressed genhave hubree, tissue and
drugspecific versionsFor this purpose, transcriptomic data (L1000) is used. L1000
includes fluorescence measurements ranging between 0.0 and 15&diffem direct
measurements of landmark genes. iRefWeb interactome and L1000 genes share 11,002
genes in commarAmongthose common genes,ade with expression level below 2.0
andrelated edges are excluded from the interactgkhéhis step, hudree, tssue and
drugspecific human interactomes included ~160,800 interactions.

Next, the link prediction approach is applidthreecase studies are performed for the
selection of link prediction algorithm from the neldased topological similarity (local)
methodsi.e, Jaccar dds i nd @&referentimldAdtanhmestaAdd Resource
Allocation (section 3.4.2.1)For the applicatin of these methods, built methods of
python networkx modufé are used.
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The selected link prediction agthm is applied on the heiibee, tissugand drugspecific
interactome. Predictions are sorted descending thesame number obest scoring
predicted edgeas the number of edges in the original interactome are selected. These
predictions are furthefiltered based ontheir subcellularlocalization information.
Localization information was gathered from the Human Protein ®Rtlassing this
information, predictions in which two proteins that do not have any common location were
fillered out. The predictions in which at least one of the proteins do not have any
localization information were collected since it is currently unkncama it has a
possibility to be found in the same location with other protein and the predictions in which
two proteins having at least one common location were also included in the predicted edge
list. The final list of predicted edges appended to theriginal interactome by scaling

their scores between 0.0 and @ssedge weight

For each cell linedrug conditiontheinteractome preparation procedureapea¢d with
its associated data.

3.4.2.1. Case Studies for the Selection of Link Prediction Aiton

Two different case studies for notd@sed topological similarity metho@®ur built-in
methods found innetworkx modulé®® in python: Adamic/Adar, Jaccdsd index,
Preferential Attachment, Resource Allocati@ang¢ performed to select the most suitable
link prediction approach for this study. Since the reference iRefWeb (v13.0) interactome
is very large, smaidized networks arehosenfor each. Thesewio case studies are
performed as explained below.

GBM Data Trial . Omics Integrator has been released with several example network data.
One of them is the GBM case (one can download from the link:
https://github.com/fraenkébb/Omicsintegrator/tree/master/example/GBM This
example data comes with its script to thaForest tool with a preefined parameter set.
Using the script and prize file provided with the original iRefWeb (v.13.0) human
interactome, its network is recdangcted to be useas a reference networkhis reference
network has 81 nodes. For the preparatiora okew interactome with link prediction
application, thre@rotocols are followedbr four link prediction methodsuch that:

U Protocol 1 Four linkprediction algorithms are appligahd exactly 100,000 predicted
edges from the descending score list of predicted edges foreachversions are
used for these top 100,000 edgesUB@ i nc | WB@d naond idhcl uded.
U Protocol 2 Same procedure asd®ocol lis performedhowever175,853the number
of edges in theriginal interactomepredicted edges are appended (two versions of
ABCO6 i ncl Waed naond idhcl uded)
U Protocol 3 The original interactome is revised such that edges with weigivey lo
than 0.5 are excludedsulting in39,803 edges remaininghe same number of edges
are appended after predicted edges are produced with descendingtamvessions
ofuUB@ i ncl Wae@d naorntd ihcl uded) .
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For each trial, predicted edges are appended to the original interactome with constant
weights i.e, 0 . 1, 0. 2, OAll Interactomed ar@ usedlseparately for new
network reconstructigrand they are compared against the reference network.

PIBK/AKT/mTOR Data Trial . In this trial,theperformances of link prediction methods
are measured by dividing edges randomly into parts as 90% training and 10% test
sets. PISK/AKT/mTOR pathway network has 1578 edges in toi@king1420 edges in
the training set and 158 edges in the test set. For this punbesieelow steps are
performedfor each link prediction method

All edges are assigned to random probability values differing in each trial.
According to these probabilities, edges are sorted in decreasing order to separate
the training and test sets by 90%.

The first 90% of the edges are selected to be the training sé,tivairemaining
are the test set.

All nodes are extracted from both training and test sets.

LP algorithm is used to score the possible edged predictions are sorted in
decreasing order.

From the sorted list of predictions, the first 158 artificiajesl (since 158 is the
length ofthetest set) are selected.

The intersection oftie highest scoring 158 predictions dhdtest set foundand
thelength of intersecting list is recorded.

The potocol is repeateténtimes.

>O> > B> > >

3.5. Robustness Test of Recomscted Networks

In order to understand the robustness of reconstructed networks, a kind of noisy edge
application to the interactome is performadd each network is tested with the same
parameter set chosen in findial network reconstructiostep

For a given cell lind drug condition, its own interactome is processed such that the
weights of randomly chosen 10% of the edges are increase@warid a network is
reconstructed by use of the noisy interactome and original terminal set with the parameters
used ininitial network reconstruction stephis random noise addition is performed 100
times for each parameter set. For example, given agike line'drug network is
reconstructed with merging six parametessebise addition to the weights of random
10% of the edges will be performed for 6 x 100 = 600 tjmesulting in600 networks.

By uang edges found in these 600 networks, the frequeheach edge is calculated and
used to assess the reliabilities of the edges in the original netwibri.dlgorithm mostly
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selects an interactiotiespite the noisy edges; that is, the edge frequency is closer to 1,
then that interaction can be consetbreliable.

3.6. Comparison of Reconstructed Networks

For comparison purposes, two approaches are used: togmsgyl and pathweyased.

3.6.1. Topologybased Comparison

A pairwise network similarity method called separation score proposed by Menche et al.
2015 is used in this studyhe ®paration score is based on mapping the network on the
reference interactome and scoring their overlap by measuring the mean shortest
distance¥“. The formula is:
(10) i ke O 22 °

where gg is the separation score of the networks A and\Bjgithe shortest distances
between AB proteins, and £k and @g are the shortest distances between proteins within
A and B, respectively. For the calculation gidif a protein issharedbetween both
networks (A and B), the distancegdof that protein is 0. The scoring method is also
illustrated in Figure 10.

For comparison purposes, all pairwise network separation scores are calculated. Several
separation score matrices are prepared for all ttypes,drugs across different cell lines,

and cell line-drug networks. All matrices are subjected to hierarchical cingteising

python scipy.cluster.hierarchy function of SciPy moétile

3.6.2. Pathwaybased Comparison

Functional analysis for network nodes based on KEGG pathways is perfrcwdpare
reconstructed networks on pathwlayel for each network using DAVID source
code?>2%8  After collecting union of allsignificant pathways (p<.05) enriched in
networls, cell ling drugpair versus KEGG term matrix was produced such that it contains
values of eitherlog10(pvalue) of the KEGG term if that network is enriched in or 0.0 if
that network is not enriched inMNF Consensus clustering wienapplied on the KEGG
term matrix using NMFConsensus module on GenePattern of Broad Iféfitdiee
clustering was computed for k = 2 to k 5 &8d he cophenetic coefficient was considered
to decide the best number of k in the clustering process.
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Figure 10. General overview of the methods used in the network reconstruction and
network comparison parts of this study

3.7. Data and Code Availability

All datasets used in this work are publicly available from the following sources: The
CMap data was downloaded using accession code GSE101406. Installation details and
documentation for Omics Integrator software can be douon this link:
https://github.com/fraenkéhb/Omicsintegrator The PPl network used in network
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reconstruction IS downloaded from  https://github.com/fraenkel
lab/Omicsintegrator/tree/master/dqiRefIndex Version 13.0) and driugarget data is
curated from Cmap Drug Repurposing Tddlis://clue.io/repurposingpp). The script

for parameter tuning performed for network reconstruction can be downloaded from
https://github.com/gungorbudak/forésiner Separation score method is adapted from
the source codergpvided in the supplementary material of the study of Menche et
al, 20154
(http://science.sciencemag.org/content/suppl/2015/02/18/347.6224.125760).. DL

data and code used to conduct this study can be found from the GitHub repositosy on
link: https://github.com/metunetlab/IntegrativeNetworkModeling
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CHAPTER 4

RESULTS

This chapter briefly presents the results acquired throughstihity. These results are
divided into hreemain categories: (i) classification of drugs based on pnomwledge,

i.e., chemical structures and mechanism of action, (ii) selection of link prediction method
that is later used in network reconstruction pore, and (iiijanalysisof networks to
reveal the drug modulations

4.1. Classification of Drugs based oRrior Knowledge

There are 70 drugs that are statistically significahey are all small molecules targeting
proteins.The list of these drugs is given in Table 4 bel@lese 70 drugs are clustered
based on their chemical structures usihgeé metrics: (i) Tanimoto similarities(ii)
MACCS key distancesnd (iii) Mecharsm of Action (MoA)

4.1.1. Tanimoto Similaritypbased Classification

Pairwise Tanimoto similarity scorescalculated with SMILES signaturesf drugs are
transformed to a matrix and clustered to observe the chemically similar drug groups. This
analysis revealed that 70 drugsutd not be efficiently classified bysingthe Tanimoto
similarity metric. There are small groups of drugs contair@ag members. For example,
decitabine and zebularine constitute one drug gradnle everolimus, sirolimysand
tacrolimus constitutanother.The diemical structures of BK01294 and UN&321 are

also similar. The heatmap of pairwisanimoto similaritie®f 70 drugs is given in Figure

1la
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Tablo 4. Drugs that are statistically significant

45,6,7
tetrabromobenzotriazole
alpelisib
alvocidib
AR-A014418
belinostat
BIX-01294
BIX-01338
BMS-345541
CC401
CHIR-99021
curcumin
decitabine
dexamethasone
dinaciclib
entinostat
epz004777
EPZ005687
etoposide

everolimus

EX-527
exifone
geldanamycin
ginkgetin
GSK-J4
[-BET-151
[-BET-762
IKK -inhibitor-X
IPI-145
JQXE(+)
KN-62

KN-93
KU-55933
lenalidomide
losmapimod
LY -294002
methylstat

Ll

Figure 11. Chemical similarity matrices of 70 drug$ Heatmap of pairwis@animoto
similaritiesb) Heatmap of pairwise MACCS key distangesarger figures can be found

in Appendix EFigure 1&2)
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niclosamide

nilotinib
olaparib
OSI027
palbociclib
pazopanib
PD-0325901
pravastatin
pyrazolanthrone
resveratrol
RG-4733
RGFR966
rolipram
roscovitine
ruxolitinib
salermide
selumetinib

semagacestat

sirolimus
sotrastaurin
staurosporine
tacedinaline
tacrolimus
TG-101348
tofacitinib
tretinoin
trichostatina
UNC-0321
UNC-1215
VE-822
vemurafenib
verteporfin
vorinostat
zebularine




4.1.2. MACCS key distaneleased Classification

MACCS key distances aallated by 16%it 2D structural fingerprints are transformed to

a matrix and clustered as Tranimoto similarities. MACCS keys providedmore clear
clustering pattern such that 70 drugs are classifiedfiveomain groupsone of which

only contains Trenoin. The other drug groumcludes 47 out of 70 drugswhile the
numbes of drugs included in the remaining three groups a& and 9.The compound
groups in size two to three from Tanimoto similarities are also present together in the
MACCS key distance groups.The heatmap of pairwisRlACCS key distancesf 70

drugs is given in Figure 11bnd the drugs in each groapelisted in Tabé 5

MACCS keybased classification performed better thre classification of the drug
analogs.In this study, opersource MACCS key fingerprints are useubting thatthe
larger dataset may have more capatutglassifydrugs.

However, it should be notatlat many drug analogs are developaded on the biological
activity of the drug of interest. Thatoés
dissimilar structures while they change conformation in their active forms and show
similarity. The oher important aspect of drug development is water or lipid solubility.
Some drugs are developed to preserve desired solubility atespite keeping the same
pharmacophoreand modifications made for solubility concerns may affect the chemical
similarities between drugsTherefore, considering only chemical structures thoe
classification of drugs would be insufficient and not reflect the biological relevance or
similarity in their mechanisms of action.

Tablo 5. Drug groups produced by MACCS keys distances

Groupl Group?2 Group3 Group4 |Group5

Etoposide |Tretinoin|CC-401 Lenalidomide Losmapimod 4,5,6,7-tetrabromobenzotriazol¢Dexamethasonq

Ginkgetin Dinaciclib Palbociclib RG-4733 Pyrazolanthrone Pravastatin

Curcumin BIX-01294 Decitabine EX-527 Belinostat Geldanamycin

Exifone BIX-01338 Zebularine  IKK-inhibitor-XTrichostatin-a Verteporfin

Resveratro I-BET-151  Alpelisib IPI-145 Vorinostat Methylstat
I-BET-762  Olaparib Nilotinib Niclosamide Everolimus
UNC-0321 Alvocidib RGFP-966 |PD-0325901 Sirolimus
UNC-1215 KU-55993  AR-A014418 |Salermide Tacrolimus
GSK-J4 LY-294002 JQ1 Tacedinaline

Tofacitinib  Rolipram KN-62
OSI-027 SemagacestakKN-93
Selumetinib CHIR-99021 TG-101348
StaurosporineBMS-345541 Pazopanib
Sotrastaurin Roscovitine VE-822
epz004777 Ruxolitinib  Vemurafenib
EPZ-005687 Entinostat
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4.1.3. MoAbased Classification

MoAs of 70 drugsare curatedo understand whether knowledge of MoA is sufficient to
classify drugs efficiently and whether thiA clusters are consistent with the omic data.
Seventy drugs are classified into three main graupgase inhibitors, epigenetic
modulators, angtariable MoA categoriesamed othersThese three grou@se namea@s
main category class, and their specific sugroups arelesignatd as sultategoies For
example, the main category of kinase inhibitors has threeaelgoriesserine/threonine
kinases, tyrosine kinases, displecificity kinasesand other type kinaseé\n abstract
view on70 compounds in our analysis is illustrated in Fididased on their maiand
subcategories and MoA.

Drugs are distributed in a balanced manner to all MoAs such that each Mo/ laasds.
However, HDAC inhibitors, histone lysine methylase inhitsitaCDK inhibitors have
more drugs while MoAs in the other categorysually haveonly one drug. When
compared to MACCS clustetthie MoA of drugsis variable. For examp)everolimusand
tacrolimus have different MoAs, mTOR inhibitor and calcineurin inbibrespectively
However they are included in the same MACCS cluster with dexamethasone, verteporfin,
pravastatin and geldanamycin. Moreover, HDAC inhibitors are separated into two
different clusters based on their MACCS key distances.

Protein
Inhibitors =
\
Serine/threon \ — T
rotein. T\{rosme Dual-specificity ~— Olhe_r
dhases. Kinases F'rm‘eln
\ | Kinases
\ N MEK: PI3K
mTOR o — ase B L9 bt Kinases
‘m‘l?‘m"ﬁ OHSTS  igors  iohigjors R Pibllers "‘?’WS inibfors i Innbitors
/ \ mhm I | | / Int h(htbrs \ 7\
uuuuuuuuuu *Vemurafenib ‘ ! it x | \ Dir B\ | N I\
Vi inhibitor- | Ivocidit \
S\mllii‘s 0274, 5e'{(elrabmmubenzolnazu\s E822 Sowastautn  Brea455L1 cc s | KN B%m - Pamwg: it | \ Ruxd hTofacmnm - ) Ly20d002
CHIR- 99021 LosmapimodStaurasporine KU-55033 . N Pazopamu Nilotinib TG-101348 | Alpelisib
AR-AQI418 Pyrazolanthrane oscovitine Selumetinia |PI-1d5
Epi tic
_—Maed cr\f's‘-'a::- —
— . - .
— ';”s‘one - quﬁe ‘Hlslnne T Cmgmgﬁr_vi\'hiér’acﬁng DNA
Histone— Aoetylaﬁc’ﬂ Lysme Ly5|ne trans@fiptional . Meflhw
L ransferases
Dea}myh\ses Readers Melhynransferases Demelhylases factors @ Main category
| Jumonji e
\ B Ly Chirc r b -
HDAC HDAC. " ety fase o HaK2Tmo3) rﬁg2 daronyases g 111 M[;'!‘rf\ @ Sub-category
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Figure 12. Drug groups classified based on mechanisms of adtemger figure can be
found in Appendix EFigure 3)
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4.2. Selection of Link Prediction Method

Three different tests with different network data are perfortoeglect the most suitable
nodebased link prediction algorithm

GBM data trial . Three interactome preparation procedure was sgel thadifferent
numbes of predictedartificial) edgesvere appendetb the original iRef\Vébinteractome

with two options UBCS included anddJBCH not included). Eighty networks are
reconstructed (4 link prediction (LP) methotts) different weights for predicted edges
andtwo w parameter values provided in the original example fde)eachprocedure

Each network is compared against its associated reference network reconstructed with the
same parameters and the original interactdrhe.nodes and the number of predicted and
original edges found in the networks are used for comparison perpAso,
commonalities of predicted edges found by four LP algorithms are compared/esing
diagrams.

Table 6 summarizes the number of predicted/artificial edges and real edges found in the
reconstructed networks. Weights column refers to the edge waightl for predicted
edgesparameter column refers to the w parameter used in the network reconstruction step
(other parameters are defined constant in the given GBM exarAgley Adamic/Adar
methodJ C i s J ac c a;/PA B BrefaCemtaalf Aftdoreemt end RA is Resource
Allocation. According to their equation8A and RA are very similar ake equation of

RA is a version of AA such that logarithm is not used in the calculafio®.rumber of
predicted edges found in the final network is higimeRA when compared to AA. PA
method adds more predicted edges, however by its definitionay encourage hub
formation. The JC method surprisingly does not prefer to use predicted .efigesrding

to the results shown in Table 6, AA and PA methods wene rapplicable.

Afterward, the commonalities of prUBdiéct ed/
not included) for three LP methods are investigated. In Figure 13, the number of edges
appended with each method represents the number in the protocol minus the number of
edges, UBCEFBrondthe differedce between AA edges in protocol 1 andgwbto

2, it can be concluded thatthetepc or ed 100, 000 dJB@e svhdd en d th
remaining 75,853 edges constituting the additional edges protocol 2 includes 70,335 edges

wi tUBCoa Based on the results showammom t he
edges is proportionally similar to each other, which means that the user can define the
number of predicted edges to append to the original interactome.
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Tablo 6. The rumber of artificial and original edges found in teeonstructed networks
for each LP algorithm using protocol 2 in whittte same number of artificial edges are
appended to the original interactome.

AA JC PA RA
Weights |Parameter — — — —

Artificial Real |Artificial| Real Artificial Real Artificial Real

w=2 0 67 0 76 1 62 0 65

0.1 w=3 0 67 0 76 1 62 0 66
w=2 0 b8 0 76 3 60 2 63

0.2 w=3 0 67 0 76 3 e0 3 6l
w=2 0 65 0 76 0 62 0 61

0.3 w=3 0 09 0 76 0 6l 0 6l
w=2 3 b1 0 76 6 56 6 57

0.4 w=3 3 03 0 76 9 53 5 57
w=2 ] 57 0 76 16 48 26 45

0.5 w=3 10 55 0 78 16 48 20 41
w=2 17 52 0 76 21 40 29 33

0.6 w=3 21 45 0 76 20 41 29 33
w=2 0 69 0 77 0 62 0 64

0.7 w=3 0 71 0 76 0 62 0 64
w=2 34 38 0 76 27 36 48 23

0.8 w=3 33 37 0 76 27 36 48 22
- w=2 41 31 0 76 30 37 62 15
w=3 40 32 0 75 30 37 63 15

1 w=2 53 22 2 74 37 31 88 6
w=3 59 22 1 75 37 31 84 5

Protocal 1: Protocol 2: Protocol 3:

100,000 artificial edges

AA

13309

31698

50712

175,853 artificial edges

AA

18432

9982

83930

AA

14238

4395

39,803 artificial edges

20949

RA RA RA

Figure 13. Commonalities of appended edges found with three LP methads 6 UB C 6

excluded

PISK/AKT/mTOR Data Trial . In this trial, recovery rates of LP methods were tested
using 90% of the network edgesthstraining set and the remaining 10% of the network
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edges as the test set. Out of the 158siring predicted edges, the nungxarthe true

positives are givemiTable 7. Average values remain arogegieneven though the trial
number is increased. From these results, none of the three methods, fahdFBA, are
superior while JC could not predict correctly

Tablo 7. Number of correcpredictions in 10 trials with 4 LP methods

(Total number of edges in the network: 1578, Number of edges in the training set: 1420,
Number of edges in the test set: 158, Number of predictions with highest scores: 158.)

#TestSet:| LP Methods

158

Trials Adamic/Adar | Jaccard's Preferential | Resource
Coefficient Attachment | Allocation

1 7 0 3 7

2 10 0 10 9

3 10 0 12 10

4 8 0 4 7

5 8 0 7 9

6 7 0 6 7

7 4 0 8 3

8 2 0 5 3

9 7 0 7 8

10 8 0 8 7

Average | 7,1 0 7 7

Based on the results of theseo case studies Adamic/Adar link prediction method is
selected. While tests could not reveal a clear distinction between three mapB#,

and RA, by its definitionAA is more suitable for this study. AA is known for its ability
to weigh rarer feates more heavily and exclude hubs. The scoring formula of
Adamic/Adar is given in Eq.2. Since the prediction capacity is no worse than oftigers,
study is carried outsingAA in the interactome preparation protocol.
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4.3. Analysis of Reconstructed Netark

The aim of this study is to reveal netwdevel commonalities and differences of drugs
across several tumor types and demonstrate the advantages of Asseuistudies over

the listed traditional chemical and functional comparisbaga, networkeconstruction

and topological comparison protocols used in this study are represented in Figure 10 (see
in section 3.6).

Although data includes 89 drugs and five cell lines, statistical analyses resuitéd
significantly affecting drugs. Also, the niner of proteins in the seed protein lists (section
3.4.1) is very limited for some cell lindrug conditions leading to insufficient input data
for network modelingln order to increase experimental hits, less stringent thresholds are
tested however, stl networks of some cell linelrug conditions could not be modeled.
A549-decitabine, YAP@&inkgetin and MCF&emurafenib are examples that do not have
areconstructed networlExperimental hits (seed proteimghged from 6 to 214 for each

cell linei drug condition and within these seed protejtise number of phosphoproteins
(p<.05)waslimited with amaximum of 20 hitsAll drugs were forced to reconstruct their
associated network&hile modeling networks for the A375 cell linelowever, it is
obseved that reconstructed networks are very sisiakd and do not reveal sufficient
knowledge about drug modulation when the input terminal number is below ~15.
Thresholds used to collect transcriptomic hits #retotal number of seed proteins are
providedin Appendix A.Figure 14 summarizes the conditions that do or do not have
reconstructed network®verall, we constructed 250 subnetworks for each pair of 70
drugs and six cell line combinations. However, not all cell lines have the same number of
subnetvarks. Out of 250 networks, cell line A375 has 70, A549 has 46, MCF7 has 43,
PC3 has 59, YAPC has Jd&hd NPC has 14 dregpecific subnetwork$\ summary ofthe
topological properties of these 250 networks is givepgpendixB.

s
in
418

vemurafenib
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jjjjj

4,5,6,7-tetrabromobenzotriazole

dexamethasone
alvocidib

epz004777
entinostat
belinostat
curcumin
sirolimus
salermide
0Ss1-027
methylstat
LY-294002
alpelisib
BMS-345541
VE-822
niclosamide
lenalidomide
etoposide
EX-527
geldanamycin
I-BET-151
|-BET-762
JQ1-(+)
KN-62
dinaciclib
BIX-01294
BIX-01338
UNC-1215
trichostatin-a
tretinoin
sotrastaurin
semagacestat
rolipram
resveratrol
EPZ-005687
ginkgetin
GSK-J4
KN-93
CHIR-99021
decitabine
ruxolitinib
RGFP-966
olaparib
tacedinaline
UNC-0321
zebularine
CC-401
IPI-145
everolimi
pravastal
AR-A01
tacrolim
selumetinib
nilotinib
pazopanib
tofacitinib
verteporfin
staurosporine
TG-101348

A375
A549
MCF7
PC3
YAPC
NPC

Figure 14. Heatmap for drugs if its PPl network could be modeled for each cell line. Blue
means thathedrug has network information for that cell line.
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4.3.1. Analysis of most frequently found 100 proteins observed in all cell line
drug pair networks

The initial analysis performed for networks & general nodbased commonality
investigation. 98.4% of network pairs share at least one prat@insome of the proteins

are found irehigh number of networks. Out of 1908 proteins across alh28@orks, the

most frequent 100 proteins (Figure 15) are used for functional annotation. The most
frequently present 100 proteins are enriched in MAPK signaling pathway, AMPK
signaling pathway, mTOR signaling pathway, PPAR signaling pathwsylinsignaling
pathway, cell cycle, and some other carredsited pathways. These results are consistent
with the known active signaling pathways in cancer cells. For exan@é?PAR
signaling pathway is related to fatty acid metabolism. Cancer cells neeadiace more
energy, so the fatty acid degradation process is activated. Insulin signaling is also related
to the energy needs of the cells. Additionally, we observed that transcription regulation,
DNA-binding, and protein heterodimerization activity amgostly active functions.
Molecular function, biological process, cellular compartmemtd KEGG pathway
enrichments of these most frequent 100 proteins can be seen in Figure 16.

4.3.2. Analysis of networkbased onseparation score method thaises node
similarity
Sincetheanalysis of networks solely based on total node frequencies provides only a weak
explanation of canceelated activitiespairwise network similarities are searchedthim
separation score method proposed by Menche %t @ection 3.6.2). Ithe separation
score is negative, then two networks steeemmon set of nodes, meaning they overlap
The magnitude of the negative scaedlects the overlap ratiovhich means the closer to
-1, the larger the overlap between two networks. Topological similarity also leads to
pathwaylevel similarity, which lesto understanthe similarities of drug modulations.

Transforming the networksnto a matrix of separation scores provides a better
understanding of both pairwise similarities between drugs across different tumor types
After calculating all pairwise separation scores, matrices for all 250 networksefind
line-specific networks arproduced, then hierarchically clustered to easily detect similarly
acting cell linédrug conditions (Figure$¥7 and 18)Four typesT1, T2, T3 and T4, are
defined to illustrate the tumor types and MoA typesrdigrs to the same cell line and
same MoA,T2 refers to the same cell line and different MoA, T3 refers to different cell
linesand the same MoA, T4 refers to both different celldimed MoA.

Cell line-specific separation score matriqgésgure 17)revealed that some drugs have a
high overlap fo the cell lines A375, MCF7and PC3although the chemical similaies

of those drugs are limiteBrugs in A549 generally modulate different mechanisms within
the cell as the networks are separatét positive separation scores. That means 46 drugs
have more specific actions dhe A549 cell line even though they have similar Mo#s
chemical structuresThe number of drug networks in YAPC and NBGrery limited

t h at Otlseinwestigation of drug effects on these cell lines is not feasille.list of
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drugs with topologically similar networks according to the separation score matrix of 250
networks is given in Table &s A375 has the most coverage in termshefnumber of

drug networks analysis for drug modulation withithe same tumor fye is mainly
performed for A375For example, Tacedinaline and geldanamycin are two drugs that have
different targetsHowever, they have very similar omic output (separation seOIexE)
leadingto several common signaling pathways modulated.
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Figure 15. Mostly found 100 proteins observed in all cell fideug networks.
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Figure 18. Separation score matrix of 250 cell linerug network

Tacedinaline is@HDAC inhibitor thatselectively targets HDAGIwhile geldanamycin

is a heatshock protein (HSP) inhibitahattargets HSP90AA1 and HSP90AAL. HDACs
and HSPs are shown to have ateiplay within cellular processes to &ftected by both
HDAC and HSP90 inhibitor dru@® 2% With overlapping networks dacedinaline and
geldanamycin, common proteins are analyzedtercellular phenotypesith the aid of
CancerGeneNé&P. CancerGeneNet measuréise shortest paths between genes and
phenotypes. Proteins shared tagedinaline and geldanamycin networks on A375 are
downstreamranscription factors of both HDAC1 and HSP9@sich are on the path
toward cell death and cell differentiation pathways (Figure 19A). Pathways commonly
enriched in these networks are MAPK, AMPK, -D&ta signaling pathways and their
transcriptomic data sk a highly positive correlatiorPéarsons R=.94,-palue=0.0).
Thus, these two drugs with different MoA cause several common modulations within the
A375 cell line At the same time,Tacedinaline differs from geldanamycin with
chemokine, neurotrophin, ErbBINF, FoxO, PPAR, prolactinand thyroid hormone
signaling pathways (Figure 19B).
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Tablo 8. Drugs that have topologically similar networks

A375

MCF7

PC3

Other cells

MCF7_alvocidib

YAPC_alvocidib

A375_belinostat

MCF7_belinostat

PC3_belinostat

YAPC_belinostat

A375_BIX-01294

MCF7_BIX-01294

PC3_BIX-01294

YAPC_dinaciclib

A375_BIX-01338

MCF7_BIX-01338

PC3_BIX-01338

NPC_dinaciclib

A375_decitabine

MCF7_decitabine

PC3_decitabine

YAPC_methylstat

A375_etoposide

MCF7_dinaciclib

YAPC_PD0325901

A375_entinostat

MCF7_entinostat

PC3_entinostat

YAPC_selumetinib

A375_epz004777

MCF7_epz004777

PC3_epz004777

A549 staurosporine

A375_EPZ005687

MCF7_EPZ005687

PC3_EPZ005687

A375_EX527 MCF7_EX527 PC3_EX527
A375_geldanamycin| MCF7_geldanamycin| PC3_geldanamycin
A375_GSkJ4 MCF7_GSkJ4 PC3_GSkKJ4

A375_FBET-151

MCF7_FBET-151

PC3_IBET-151

A375_FBET-762

MCF7_IFBET-762

PC3_IBET-762

A375_JQ1

MCF7_JQ1

PC3_JQ1

A375_LY-294002

MCF7_LY-294002

PC3_LY-294002

A375_methylstat

MCF7_methylstat

PC3_methylstat

A375_0S1027

MCF7_0St027

PC3_0SI027

A375_resveratrol

MCF7_resveratrol

PC3_resveratrol

A375_salermide

MCF7_salermide

PC3_salermide

A375_sirolimus

MCF7_sirolimus

PC3_sirolimus

A375_tacedinaline

MCF7_tacedinaline

PC3_tacedinaline

A375_trichostatira

MCF7_trichostatira

PC3_trichostatira

A375_UNGO0321

MCF7_UNGO0321

PC3_UNC0321

A375_UNG1215

MCF7_UNG1215

PC3_UNG1215

A375_zebularine

MCF7_zebularine

PC3_zebularine

The networklevel overlap between drug pairs in the same cell line still exists across
different cell lines but their overlap ratio is relatively lower. Resveratrol is another
example of drgs havingoverlapping networks with geldanamycin (in A375, separation
score=0.60; in MCF7, separation scor€47; in PC3, separation scor854). However,
theseparation between resveratrol and geldanamycin across different cell lines gets higher
such hattheseparation score between A3i&sveratrol and MCFgeldanamycin is0.40
separation score between A3i&sveratrol and PC8eldanamycin is0.43.
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Figure 19. lllustration of the comparison of A37bacedinaline and A37#&eldanamycin
a) Representation of the union of two networks with a focus on common transcription
factors leading to cellular phenotyp@sPathways enriched in two networks.

Moreover,drugs wih thesame MoAs may have different outcomegarget selectivity is

an important aspect leading to separate networks within the same MoATDroup.t 6 s why
the comparison strategy for the remaining conditions turned out to the analysis of MoA
groups both wiin the same cell lines and across all cell lirldee selected MoAs are

below explored for comparison of drugs both within the individual cell lines and across

all cell lines.

4.3.2.1. Analysis of Mechanism of Action: HDAC inhibitors

There are i& HDAC inhibitor (HDACI) drugs entinostat, belinostat, vorinostat,
trichostatina, tacedinaline and RGFPI66. Within thesgtacedinaline isa selective
HDAC1 inhibitor, and RGFP66 isa selective HDAC3 inhibitarwhile others are broad
HDACI drugs Netwak separation scores between these drugs are predominantly
determined by target selectivity. Networks of broad HDACi dhayg high overlap both
within the same cell line and between different cell lines. Tacedinaline also has similar
networks with othergh A375, MCF7 and PC3 cell lines.

Tacedinaline treatment resultedsimilar modulated mechanisms on A375, MC&iid

PC3, butheYAPC-Tacedinaline network is more distant to others with a separation score
of 0.38across A375Tacedinaline treatment &fAPC cellsaffected a small subnetwork
that is only enriched forthe Osteoclast differentiation pathway. Recently, osteoclast
differentiationhas beershown to be induced in pancreatic carderved exosomé¥,

On the contrarythe A375-Tacedinaline network is enriched in several pathways such as
MAPK, ErbB, FoxO, TGFoetg and TNF signaling pathwayigure20)

RGFR966 isa slow-on/slowoff, competitive tightbinding HDAC3 inhibitor with an
| C50 of 0.08 €M and shows no effective inhibi
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up t o ?"15is Mdported to inhibithe EGFR signaling pathway and suppress
proliferation and migration of HCC cetf§ It has networks in A375, MCE#nd PC3 cell

lines. All three networks are separat@dh a very small number oSharedproteins
(separation score between A3VECF7 is 0.45, A378°C3 is 0.28and MCF7PC3 is

0.42). RGFPI66 treatment also results different omic outputs than the other HDACi
drugs. When it is pairwisely compared to broad HDACI drugs, separation scores vary
around 0.4. The most distant pairs uBudlelong to A375 and PC3 cell lines. As an
example, PCRGFR966 and A375Trichostatina networks hava separation score of
0.46. They share no common pathway enrichments:RGBR966 is only enriched in
thecell cycle pathway, while A37#%richostatinrais enriched in several pathways such as
estrogen, neurotrophiand TNF signaling pathways (Figure 2B). When Tacedinaline

and RGFFI66 networks are compared as two selective drugs, more distant networks are
obtained with separation scores up to 0.6€3-RGFR966 and A375Tacedinaline
networks only share 3 proteins and thareno commonly enriched pathways (Figure
21GD).
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Figure 20. Merged network of Tacedinaline networks in A375 and YAPC and their
associated pathway enrichments
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Figure 21. Merged network of two cell liné drug conditions and their associated
pathway enrichmen&sb) PC3RGFR966 and A275Trichostatinac-d) PC3RGFR966
and A375TacedinalingLarger figures can be found in Appendigure 1516)

4.3.2.2. Analysis of Mechanism of ActiodAK inhibitors

There are three JAK inhibitor drugs; ruxolitintbfacitinib, and TG101348 (fedratinib).
Tofacitinib is amarketeddrug used to treat rheumatoid arthrifixolitinib is marketed
for the treatment of intermediate or higkk myelofibrosisTG-101348 is also a marketed
drug used to treat myeloproliferative diseasesluding myelofibrosisThey all target
JAK1, JAK2, JAK3and TYK2 proteins with varying affinities; however, T801348 is
knownfor its selectivity on JAK2 protefi® 264 These three JAK inhibitors generally have
distant networks both within the same cell line and across cell Miesnetwork pair
which has the lowest separation scefe15) is A549TG-101348 and A54%ofacitinib.
TG-101348 and tofacitinimetworksin A549 have 23 proteins in common besides the
drug targetsand they are commonly enriched in BBKAT and Notch signaling pathways.
Those in A375 are more separated (separation scoredy Gt the only commonly
enriched pthway isheJak STAT signaling pathwayvhile the A375-tofacitinib network
differs with ErbB, mTOR, PI3KAkt signaling pathways.

The most distant networks are A3#Bacitinib and MCF#ruxolitinib, with a separation
score of 0.70. Ruxolitinib and tofaiciib modulate different cellular mechanisras it can

be understood frorthatpairwise separation scores are always higher than Dhey. are
separated with a score of 0.68 in A375 and only share target proteins, JAK1 and JAK2.
A375Tofaticinib is diffeently enriched in JalSTAT, ErbB, PI3KAkt signaling
pathways
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