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ABSTRACT 

 

 

INTEGRATIVE NETWORK MODELLING OF DRUG RESPONSES IN CANCER 

FOR REVEALING MECHANISM OF ACTION 

 

 

 

ÜNSAL BEYGE, Şeyma 

Ph.D., Department of Health Informatics 

Supervisor: Assoc. Prof. Dr. Nurcan Tunçbağ 

 

September 2021, 145 pages 

 

 

 

Classification of cancer drugs is crucial for drug repurposing since the cost and innovation 

deficit make new drug development processes challenging. Heterogeneity of cancer 

causes drug classification purely based on known mechanism of action (MoA) and the list 

of target proteins to be insufficient. Multi-omic data integration is necessary for a systems 

biology perspective to understand molecular mechanisms and interactions between 

cellular entities underlying the disease. This study integrates drug-target interaction data 

with transcriptomics and phosphoproteomic data of perturbed cell lines to model drug and 

cell-specific subnetworks. Total 250 networks are reconstructed, including 70 small 

molecule drugs on six cell lines. Similarities of reconstructed networks are quantitatively 

calculated using a topology-based network comparison measure which scores the 

separation of networks using the shortest paths between network nodes. Different drugs 

with similar omic outcomes on variable cell lines are revealed with the aid of separation 

scores. Moreover, the effect of drugs on variable cell lines is discovered together with the 

impact of target selectivity of drugs within the same MoA group. Functional analysis of 

reconstructed networks for their enriched cellular pathways further indicated that drugs 

with different chemical structures and MoA might induce common signaling cascades. As 

omics data integration coupled network modeling reveals modulated pathways for specific 

conditions, the methodology of this study is applicable to different drug-disease research 

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: Network reconstruction, protein-protein interactions, omics, drug repurposing, 

data integration 
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ÖZ 

 

 

KANSERDE İLAÇ ETKİLERİNİN VE BENZERLİKLERİNİN BULUNMASI 

AMAÇLI ÇOKLU OMİK VERİ ENTEGRASYONU İLE BİYOLOJİK AĞ 

MODELLEME 

 

 

 

Ünsal Beyge, Şeyma 

Doktora, Sağlık Bilişimi Bölümü 

Tez Yöneticisi: Doç. Dr. Nurcan Tunçbağ 

 

Eylül 2021, 145 sayfa 

 

 

 

Yeni ilaç geliştirme uygulamalarının pahalı ve zorlu prosedürler olması sebebiyle kanser 

ilaçlarının sınıflandırılması ilaç yeniden hedefleme stratejileri için büyük önem taşır. 

Kanser heterojenliği de sadece bilinen hedef mekanizmaları ya da hedef protein 

listelerinin kullanılmasının ilaçların sınıflandırılmasında yetersiz kalmasına sebep 

olmaktadır. Hastalığa sebep olan moleküler mekanizmaların ve hücresel etkileşimlerin 

anlaşılabilmesi için sistem biyolojisi perspektifinden çoklu-omik veri entegrasyonu 

gereklidir. Bu çalışmada, ilaç hedef etkileşim verisi ilaç uygulanmış hücre hatlarının 

transkriptomik ve fosfoproteomik verisi ile entegre edilerek ilaç ve hücre spesifik protein 

etkileşim ağları modellenmiştir. 70 küçük molekül ilaç ve altı hücre hattını kapsayan 

toplam 250 protein etkileşim ağı oluşturulmuştur. Oluşturulan ağların benzerliği nicel 

olarak ağ nodlarının arasındaki en kısa yolları ölçen topoloji temelli ağ karşılaştırma 

metodu ile hesaplanmıştır. Ayrışma skorları yardımıyla değişik hücre hatlarında benzer 

omik sonuçlara sahip ilaçlar ortaya çıkarılmıştır. Ayrıca, ilaçların farklı hücrelerdeki 

etkileri ve aynı mekanizma grubunda olan ilaçların hedef protein seçiciliğinin etkileri 

ortaya konmuştur. Protein ağlarında zenginleşen sinyal yolaklarının analizi farklı 

kimyasal yapıya ve mekanizmaya sahip ilaçların benzer yolakları etkileyebileceğini 

göstermiştir. Omik veri entegre edilmiş biyolojik ağ modelleme özel durumlarda etkilenen 

sinyal yolaklarının bulunmasını sağladığından, bu metodoloji farklı ilaç-hastalık ilişkisi 

araştırma alanlarında kullanılabilir. Belirli bir hastalık için kombine edilebilecek ilaç 

çiftlerinin tahmin edilmesi ve hücre hatlarının ilaca duyarlılık verisi kullanılarak ilaç 

benzerliğinin tahmin edilmesi bu çalışmada gösterilen iki uygulamadır. 

Anahtar Sözcükler: Ağ modelleme, protein protein etkileşimleri, omik data, ilaç yeniden 

hedefleme, biyolojik veri entegrasyonu   
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CHAPTER 1 

 

 

INTRODUCTION 

 

 

 

1.1. Background 

Characterization and quantification of a set of bio-molecules are classified according to 

the target biomolecule class. If the target is a genome, it is called genomics; and if proteins 

are targeted, it is called proteomics. The entirety of these disciplines that try to measure 

all the members of a type of bio-molecule (DNA, RNA, Protein, Metabolites, etc.) is 

collectively called “omics” 1,2. Omics data integration can be classified into two main 

categories, namely horizontal meta-analysis, and vertical integrative analysis3. In the 

horizontal meta-analysis, different samples are aligned horizontally based on features 

(genes, proteins, etc.) to obtain their similarities and differences. These differences and 

similarities can be used to obtain biomarkers and for pathway detection.  Multiple samples 

are taken from the same specimen in vertical integrative analysis to obtain multi-layers of 

omics data. Data integration/integrative analysis is performed to obtain intra-specimen 

inter-omics relations and mechanisms. Integration of different “omics” classes to 

understand interrelations and systems-level interpretation of a point of interest (function, 

subtyping, treatment, etc.) is called Multi-Omics4,5. The first review on integrating omics 

datasets5 was published more than a decade ago and, more reviews on human6 and plant7 

were also published recently.  

Multi-Omics is a holistic approach and can be used in personalized and preventive 

medicine8,9 and in the identification of new biomarkers for diseases. Biomarkers can 

increase the sensitivity of diagnosis and treatment by subtyping10–15. Multi-Omics can also 

be used for spatial or temporal mathematical modeling purposes4 to gain understanding of 

mechanisms of diseases or pathogenesis and to identify potential candidates or targets for 

new therapeutics16,17. In the long term, the mathematical model obtained can answer 

questions that cannot be investigated experimentally. The need for integrated data analysis 

originates from the complexity of biological systems. Single-level data (genome, 

transcriptome, metabolome, etc.) could not fulfill necessary and sufficient conditions to 

explain a biological outcome such as phenotype, disease risk, response to treatment, etc. 

By identification and validation of essential factors and their interactions, data integration 

may improve the modeling of complex traits18.  There are mainly two approaches to data 

integration; multi-stage analysis in which data integration is performed with hierarchical 
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stages19, and meta-dimensional analysis in which multivariate model while allowing non-

linear interactions from different biological levels is performed20,21. Analysis of multiple 

omics layers in parallel is recently defined as ‘trans-omics’ and ‘integromics’22–24. 

Cancer is the generic name for a family of diseases in which rapid growth and the possible 

spread of abnormal cells are observed to threaten millions of lives25. Heterogeneity of 

cancer makes it difficult for effective diagnose and treatment26,27. Cancer caused nearly 

10 million deaths in 2020 with almost 19.3 million new cases. Of cancer-caused deaths, 

3.8% are due to prostate, 4.7% are due to pancreas, and 6.9% due to breast cancer28, while 

the global cancer burden is expected to be 28.4 million cases in 204029. Since cancer is a 

complex disease, a multi-stage transformation of a normal cell into malignant cells, a 

network of interacting proteins and genes are involved in disease progression30,31. Because 

of the high mortality and heterogeneity of cancer, personalized medicine is gaining 

attention for targeted treatment and management of each patient32. In cancer, one-

dimensional omics data has given limited information regarding diagnosis, progression, 

treatment, and prevention. The reason for using one-dimensional data by part was the low 

availability of multi-dimensional data from the same bio-specimen. However, tumor 

specimens from over 10,000 cancer patients are analyzed with The Cancer Genome Atlas 

(TCGA) which include tissue exome sequencing, copy number variation (CNV), DNA 

methylation, gene expression, and microRNA (miRNA) expression33. Other than TCGA, 

tons of cancer multi-omics data are generated by International Cancer Genome 

Consortium (ICGC)34 and Cancer Cell Line Encyclopedia (CCLE)35.   

As the size of data related to cancer increased, several challenges for data integration and 

analysis of multi-omics data have emerged. The different omics 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 simultaneously. Data 

dimension is much higher than sample size; therefore, effective and robust computational 

algorithms are also needed. Moreover, data normalization and quality control 

preprocessing steps have to be performed before data integration 36,37. 

Revealing potential disease networks and potential drugs for the Networks of Interest 

(NOI) becomes the primary step for designing treatment strategies for cancer. 

Identification of NOI involved in the type/subtype of a cancer is still a challenging task 

because of the spatial and temporal coverage and sampling number of modern high-

throughput techniques. Especially to identify the mechanism of action of the drugs and 

increase the dimensionality of the high-throughput data, several small molecules have 

been used to treat cancer cells, and the high-throughput 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 gives a spatial resolution for identification of potential NOI for a given 

type/subtype of cancer. An adequate network may help minimize the number of drug 

targets and find new drug targets while studying a specific disease condition.  
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1.2. Motivation 

Recovery of an optimal cancer treatment strategy is challenging due to the inter- and intra-

heterogeneity of tumor samples. Modulations in signaling pathways and interactions 

between various bio-entities are critically important in the multi-stage tumor cell 

formation from the normal cells. Hence, multi-omic data integration is vital for 

understanding the molecular interactions in the cancer cell and for the development of an 

optimum treatment strategy. Since the development and approval of new drugs is both 

expensive and time-consuming, drug repurposing is a promising strategy in cancer 

treatment. Classification of currently available therapeutic agents is important and a 

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 repurposing, given the heterogeneity of 

cancer. Conventionally, drugs are classified based on their primary targets, therapeutic 

actions, target specificity, nature of the interaction, molecular type, and chemical structure 

similarity. The effects of small drug molecules are highly dependent on cellular and 

physiological factors. Many drugs have multiple targets. Depending on the features 

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 repurposing, the below questions are tried 

to be answered in this study: 

• Do chemically and functionally different drugs have similar protein-protein 

interaction networks or vice versa? 

• Do drugs modulate different signaling pathways depending on the tumor type? 

• Is it possible to emphasize signature signaling mechanisms caused by drug 

treatment by using a network-based approach? 

• Is it possible to apply network-based analysis of omic data to different areas of 

drug-disease interactions? 

 

1.3. Contributions of the Study 

In this study, the transcriptomic and phosphoproteomic data of cell lines treated with small 

molecule drugs38 are used to reconstruct networks by integrating the data with drug 

targetome and human interactome. Data integration is a challenging task since the proper 

integration method changes depending on the nature of the data and the network 

reconstruction principles. In this study, transcriptomic data is used to back trail the 

regulatory elements that act on the experimental hits. Phosphoproteomic hits allowed the 

selection of functionally active proteins that may be closely related to the drug modulatory 

effects. Since the drug actions start after their attack on the target proteins, the drug 

targetome includes the first affected cellular molecules. Also, the human interactome is 

referenced by the network reconstruction software, Omics Integrator39, to map the seed 

proteins and find the optimum connected subnetwork. The human interactome is known 

for its incompleteness, and also it has bias to well-studied proteins40,41. Therefore, it has 
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many false negatives and false positives. In this study, human interactome is processed to 

eliminate these drawbacks. First, high-degree nodes are eliminated. For each cell line–

drug condition, interactome is filtered for very low expressed genes by the aid of 

associated transcriptomic data, making every interactome tissue specific. After, each 

interactome is enriched with a link prediction approach followed by localization filters. 

The final processed interactome used for each cell line – drug condition has turned into 

both tissue and drug-specific.  

Omics Integrator uses the Prize-Collecting Steiner Forest (PCSF) algorithm with reverse 

engineering principles. The significant benefit of using this approach is that it builds a 

connected subnetwork by adding extra nodes where necessary. In this way, it can find 

hidden elements which have roles in the cellular processes but couldn’t be found via 

experimental methods. 

Total 250 cell line-drug specific networks are reconstructed, covering 70 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 models. The highlights addressed by these findings are as following: 

● Chemically and functionally different drugs may modulate overlapping 

networks. 

● The target selectivity of the drug is an important factor leading to separate 

networks for drugs being functionally similar. 

● Network-based analysis coupled with multi-omic data integration helped to 

reveal cell line and drug-specific hidden modulated pathways.  

● Topological distance and active pathways of drug networks may guide the use of 

efficient drug combinations. 

● The separation between networks of a drug across cell lines can help infer their 

resistance or sensitivity or no response to that drug.  

 

1.4. Organization of the Dissertation 

The dissertation consists of six main chapters, namely Introduction, Literature Review, 

Materials and Methods, Results, Discussion, and Conclusion. In 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 background of the concepts addressed in this study are 

presented. Definition of biological networks is provided, followed by the frequently used 

biological network types. After, the main network reconstruction and data integration 

methods are described. Finally, a brief information for link prediction methods is given 

and examples of the application 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 4, results 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 effects independent of their chemical 

structure within the cell. Moreover, selectivity on target predefines the similarity ratio of 

drug action to its MoA counterparts. Two different applications of network-based 

perturbation analysis are also illustrated in this chapter. 

Chapter 5 presents the discussions on this thesis, and Chapter 6 presents conclusive 

remarks, the main findings of the study, limitations, and future prospects. 
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CHAPTER 2 

 

 

LITERATURE REVIEW 

 

 

 

This chapter briefly discusses the background and literature related to this study. The 

literature review is addressed in five main sections: (1) brief introduction of biological 

networks; (2) types of biological networks; (3) network reconstruction methods; (4) 

introduction to data integration and (5) link prediction.  

 

2.1. Biological Networks 

 

Biological systems function at several levels, i.e., genome, transcriptome, proteome, 

interactome, metabolome, and fluxome levels, and all of these states are in relation with 

each other. Study of all biological entities as a whole to understand the dynamics of living 

systems is defined as ‘systems biology’42. Systems biology enables to have an 

understanding of how each bio-class is functioning and how these classes affect the whole 

system. Networks of biological entities constitute a critical aspect for a better 

understanding of several stages in a living organism. Networks (G(V, E)) represent 

relationships between entities in which nodes/vertices (V) refer to each entity of interest 

(genes, RNA molecules, proteins, metabolites, etc.) and edges/links (E) refer to the 

interactions between these. The dynamic nature of biological networks reflects the 

molecular traffic within the biological system8. Biological networks can be directed (edges 

include directional information) or undirected (edges do not include any directional 

information), weighted or unweighted (In weighted networks, edges include a quantitative 

value such as strength, cost, 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 properties include degree distribution, shortest path distances, network 

centralities, clustering coefficient, etc. The degree of a node is the number of other nodes 

it is linked to. The shortest path between two nodes is the minimal number of edges that 

must be traversed to travel from one node to the other. There are several network centrality 

measures such as degree centrality, betweenness centrality, closeness centrality, 

eigenvector centrality, etc., all of which quantify each node's importance using 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 proportion of edges between the nodes within 

its neighborhood divided by the number of edges that could exist between them. The latter 

is based on triplets of nodes43,44.  

 

2.2. Types of Biological Networks 

 

There are several types of biological networks based on the type of data built upon and 

the behavior of interactions between biological entities. Below, the most popular 

biological network types are listed. 

 

2.2.1. Gene regulatory networks (GRN) 

Cells have several processes starting from transcription of a gene to a functional product. 

Proteins as functional units are regulated by transcription factors, cofactors, mRNAs, 

miRNAs, post-translational modifications, and the interplay between these regulators. 

Gene regulatory networks (GRN) are biological networks representing all of these 

interactions between regulators and genes/proteins they regulate45,46. GRNs can be 

reconstructed for specific tissues 47 and conditions such as drug treatment 48, mutations 49, 

gene knockouts 50, disease conditions 51, time-series gene expression levels 52, etc. 53. 

Since they include all types of relationships between biological entities, GRNs can be 

reconstructed from all kinds of omics data such as transcriptomic, proteomic, 

phosphoproteomic, metabolomic data. Therefore, GRNs can be thought of as span all 

other types of biological networks.  

Databases like JASPAR 54, TRANSFAC 55, BioGRID 56, and RegulonDB 57 provide 

information for gene regulatory networks. An example of GRN of EGFR produced with 

BioGRID is shown in Figure 1. 
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Figure 1. Example GRN for EGFR gathered from BioGRID. 

 

2.2.2. Protein – Protein interaction networks (PPINs) 

As its name implies, protein-protein interaction networks are the biological networks 

representing relationships between proteins. Proteins are responsible for several biological 

processes in the cell, such as catalysis, transportation, signal transduction, growth control, 

development, etc. Protein interactions can be divided into two categories based on their 

affinity, obligate and non-obligate, and non-obligate interactions can be transient or 

permanent based on the lifetime of the interaction. Permanent interactions are strong and 

irreversible, while transient interactions happen for a limited time and are broken easily. 

Transient interactions are involved in several cellular processes such as the transmission 

of regulatory signals and post-translational modifications 58,59.  
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PPINs are, by their nature, dynamic. As they reflect the cellular processes, all interactions 

occur in a time-based, location-based, or condition-based manner. Several methods are 

used to capture these binary relationships according to the nature of the interaction. For 

example, strong permanent interactions are detected by co-immunoprecipitation assays, 

functional associations in which two proteins do not necessarily interact with direct 

physical contact are detected by biochemical assays, condition-based interactions are 

detected by gene expression data, transient interactions are detected by high-throughput 

yeast-two-hybrid assays, and tandem affinity purification by use of chemical crosslinking 

followed by mass spectroscopy, etc. 59–61.  

Databases like DIP 62, BIND 63, HPRD 64, HPA 65, and STRING 66 provide information 

for protein-protein interactions. An example of PPIN of EGFR produced 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 reactions of metabolism in the organism of 

interest that represents biochemical and physiological processes within the cell. Nodes 

usually represent metabolites, while edges represent catalytic reactions converting one 

into the other. Metabolic networks generally include enzymes, substrates and products of 

reactions, information about the reaction and enzymes, substrate specificity, and cellular 

localization information 67.  

Databases like KEGG 68, Reactome 69, ENZYME 70, and BRENDA 71 provide information 

for metabolic networks. Metabolic network of EGFR produced with Reactome is shown 

in Figure 3. 

 

 

Figure 3. Example metabolic network for EGFR signaling gathered from Reactome. 
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2.2.4. Cell signaling networks 

Cells acquire integrated processes to make decisions for homeostatic balance, 

development, and survival. In order to maintain cellular mechanisms necessary for the 

current situation of the cell, it responds to different internal and/or external signals; either 

chemical, mechanic, or electrical and related signaling pathways are activated. Upon 

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 produce complex networks72,73. To 

better understand the response mechanisms of the cells against different conditions such 

as perturbation, mutation, and disease74–78, cell signaling networks are studied using 

various network analysis methods.  

Reactome 69, KEGG 68, and TRANSPATH 79 are examples of databases for cell signaling 

information. Cell signaling network for EGFR Tyrosine Kinase inhibitor resistance 

pathway (hsa01521) from KEGG database is shown in Figure 4. 

 

 

Figure 4. Example cell signaling network for EGFR Tyrosine Kinase inhibitor resistance 

pathway (hsa01521) gathered from KEGG database. 
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2.2.5. Gene co-expression networks 

Gene co-expression networks (GCNs) are built from gene expression values in which 

genes represent nodes, and those having correlated expression patterns have an edge 

between them. These kinds of biological networks are generally undirected networks, and 

they can be either weighted or unweighted. To measure the correlation between the 

transcripts across experimental conditions or samples, the frequently used methods are 

Pearson’s correlation coefficient, Spearman’s rank correlation coefficient, Mutual 

information, and Euclidean distance80. All genes for each condition/sample constitute an 

expression vector, and these vectors are scored to construct the GCNs. GCNs can be used 

to detect highly connected hub-genes which are candidates as biomarkers for the condition 

of interest 81–84. 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 levels, and also, two genes may share the same 

cis-regulatory DNA motifs leading to co-expression by chance 85.  

COXPRESdb 86 and GeneFriends 87 are some of the databases that can be used to get 

information for gene co-expression. 

 

2.2.6. Residue interaction networks (RINs)  

Residue Interaction Networks (RINs) are biological networks to study protein structures 

in which nodes represent aminoacids and edges represent non-covalent interactions such 

as hydrogen bonds, Van der Waals interactions, and secondary structures. Since the 3D 

structure of a protein determines its function, topological analysis of RINs provides 

valuable information about folding, functionally important and central residues, interface 

regions, allosteric and active sites, effects of mutations on the structure etc.88–95. While 

constructing RINs, different thresholds can be specified for atomic distances such as C-C 

and C-S, distances of hydrogen bonds, ionic interactions, π–π stacking, π–cation 

interactions, etc. Also, the decision on whether to use additional features while 

reconstructing RINs, such as the presence of water molecules may provide more detail on 

the properties of the protein 96.  

RING 90, RIP-MD 97, and ProSNEx 98 are three examples of tools, and RINspector 99 is an 

example of the Cytoscape 100 app to study residue interaction networks. RIN 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 Reconstruction Methods 

 

Recovering interactions within systems using prior bibliomic and experimental data and 

building a graph-based infrastructure is known as network reconstruction/modeling. 

Network reconstruction is based on the idea of reverse engineering. It is sometimes called 

as ‘network inference’ 101. 

Network reconstruction plays an essential role in understanding the behavior of several 

cellular components at the systems level. It is used to mimic and take a snapshot of cellular 

activities at a given point in time. Sometimes networks are modeled in a time-series 

manner to reveal a real-time situation such as drug treatment, disease condition, etc. At 

this point, selecting an appropriate model for network reconstruction according to the data 

in hand is both crucial and challenging. The reconstruction of an accurate network 

according to the real data may help investigate network motifs and conservation of cellular 

compartments and study evolutionary relationships between them 102–104. 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 in wet-lab 
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experiments. Also, an adequate network may help minimize the number of drug targets 

and find new drug targets while studying a specific disease condition 105,106.  

There are several methods used for network reconstruction purposes. These methods can 

be divided into five main categories: (i) Boolean network models, (ii) Bayesian network 

models, (iii) Differential equation models, (iv) Information theory models, and (v) Neural 

network models. Below each of these methods is basically explained. 

 

2.3.1. Boolean Network Models 

Boolean network models are dated back to 1969, firstly proposed by Kauffman 107. They 

are dynamic networks and rely on discrete data. Boolean networks are built onto a variable 

set ( X= {x1, x2, x3, …, xn}, xi ∈ B ), and each variable represents the actual state of its 

corresponding bio entity. For state designation, binary variables {0, 1} are used, e.g., 

on/off switches of genes and active/inactive state of proteins. 

Boolean networks are known with their ease to implement 46. They are widely used for 

network inference from time-series gene expression data. However, they have limitations 

on the discretization of the data. For example, if gene expression data is used to reconstruct 

a network, it should be transformed into binary data. Since genes do not always have strict 

on/off states and expression levels may lie within a range leading to different regulatory 

conditions, using Boolean network strategy may cause loss of information 45,46. To 

overcome this issue, fuzzy operators have been incorporated into the Boolean network 

models to reconstruct biological networks with continuous variables108,109. Also, noise in 

data arises as another problem. Akutsu et al.110 proposed algorithms to reconstruct 

Boolean networks with noises. Shmulevich et al.111 studied probabilistic Boolean 

networks for gene regulatory network reconstruction that can manage uncertainty. Leifeld 

et al.112 showed the application of different types of prior knowledge for biological 

network inference using Boolean models and considered noisy measurements and missing 

data points. There are several reviews explaining the concepts for Boolean network 

modeling and presenting examples of application to biological data 113–115.  

REVEAL (REVerse Engineering ALgorithm)116 is one of the algorithms implementing 

Boolean network models. Several Boolean network analysis tools are developed in 

different programming languages such as ChemChains117, Pint118, SimBoolNet119, 

BoolNet120, CellNetAnalyzer121, etc.113.  

 

2.3.2. Bayesian Network Models 

Bayesian networks use Bayes theorem of probability, then combine graph theory to 

qualitatively model network properties 122. Bayesian networks are built onto directed 

acyclic graphs (DAGs). Each interaction in the graph has a probabilistic dependency. The 

algorithm needs to process three essential parts for learning; model selection (a DAG as a 

candidate), parameter fitting (using the candidate DAG and data, recover the best fitting 

conditional probabilities), and fitness rating (scored network models) 45,46. All models 
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produced with the algorithm are scored, and the highest score refers to the best fitting 

network (DAG) selected.  

Bayesian learning can be performed from both discrete and continuous data. Therefore, 

Bayesian networks are advantageous over their flexibility. Different types of omics data 

can be combined as well as prior knowledge to reconstruct Bayesian networks. Also, 

Bayesian networks are advantageous with their ability to handle missing data123. However, 

computational complexity increases with increasing data size. Constraint-based methods 

can be used to reduce the search space by using restrictions to deal with the computing 

load of score-based Bayesian network modeling. However, constraints come with their 

disadvantage to increase the potential for compounding error 46,124,125.  

Bayesian Network Webserver126 is an example of tools for biological network modeling 

using the Bayesian algorithm. BNFinder127 is a python library, and bnlearn128 is an R 

package designed as a tool for learning Bayesian networks.  

 

2.3.3. Differential Equation Models 

Ordinary Differential Equation (ODE) approaches are widely used in biological network 

reconstruction, especially for modeling continuous dynamic networks from gene 

expression data. The current ODE-based methods include mainly three categories: (i) 

the law of mass action129,130, (ii) Hill function131, and (iii) Michaelis-Menten Kinetics132. 

The choice for the correct ODE function depends on the biological question and/or nature 

of experimental data133. According to the law of mass action, the reaction rate depends on 

the probability of the collision of the reactants. Hill function relates binding affinities of 

ligands to receptors with the concentration of the ligands. Hill functions are mostly used 

to model signaling networks since a protein's activation or inhibition is induced by their 

upstream parental nodes which Hill function133 can characterize. Michelis-Menten kinetics 

describes reaction rates with enzyme kinetics. 

When the network scale gets larger, ODE-based models become disadvantageous because 

they need to determine many parameters. The high number of parameters leads to a high 

computational burden, which in turn causes lower prediction accuracy46,133. Also, ODE-

based models generally use linear equations and rarely specific types of non-linear 

equations45. However, regulatory interactions usually include complex non-linear 

dynamics, which need more complex versions of models such as Genetic Algorithm 

(GA)134, Particle Swarm Optimization (PSO)135, and scatter search136. There are several 

variations that apply ODEs. Some examples are Minimum Weight Solution to Linear 

Equation (MWSLE), Fourier Transform for Stable Systems (FTSS)137, and Evolutionary 

Modeling (EM)138. 

 

2.3.4. Neural Network Models 

Neural network models are inspired by real neural structures observed in the brain. Neural 

network models are advantageous over their ability to use several inputs/data structures 
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and give one output. They are flexible as they can recognize input patterns122,139. Other 

advantages of neural network models are that they can model any functional relationships 

and data structure, acquire nonlinear and dynamic interactions, and resist to noise. 

However, the learning rate must be defined for different data situations, making it 

challenging to perform efficient training. Also, it consumes high computing power when 

data gets large. As a result, neural networks are most useful for small networks122.  

Neural network models include two main strategies: Artificial Neural Network (ANN) 

and Recurrent Neural Network (RNN). ANNs constitute a pure neural approach, while 

RNNs use fuzzy logic140. RNNs can handle feedback mechanisms which are natural 

regulatory processes within the cell, allowing the modeling of non-linear and dynamic 

interactions139,141,142. 

New approaches to neural network models have been proposed recently. The Extreme 

Learning Machine (ELM) method, a supervised neural model, was shown to have a higher 

learning rate and better performance in terms of predictive power143. Also, deep-learning 

methods mainly include ANN 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 

increases, resulting in a higher number of parameters. CNNs take input data in the form 

of multidimensional arrays. PyTorch and TensorFlow are two widely used frameworks 

for deep learning which allow building neural networks 43. 

 

2.3.5. Information Theory Models 

Information theory-based network modeling approaches generally depend on the 

dependencies between bio entities. Determination of dependencies is mainly measured 

with correlation coefficients such as Pearson, Spearman, or Kendall. Moreover, mutual 

information and euclidean distances are the other methods used for network 

reconstruction. Information theory models are the most common methods because the 

application is straightforward and does not need much computing power. They can be 

used for very large networks. However, they are static models and cannot infer dynamic 

interactions, directionality, causality, or the multiple bio entities in one regulatory 

interaction46,144. 

Examples of tools using information theory for network reconstruction include 

RELEVANCE145, ARACNE (Algorithm for the Reverse engineering of Accurate Cellular 

Network)146, CLR (Context Likelihood of Relatedness)147, MRNET (based on the 

maximum relevance/minimum redundancy)148, and FyNE (Fuzzy NEtworks)149.  
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2.4. Data Integration 

 

Meta-dimensional analysis can be classified into four main categories according to data 

integration and statistical approaches; Multivariate methods, Concatenation-based 

methods, Transformation-based methods, Model-based methods. Some multivariate 

methods150 are; Partial Least Squares (PLS)151,152  and Canonical Correlation Analysis 

(CCA)153,154. In the literature, several approaches to PLS-based methods152,155–160 and 

CCA-based methods154,161,162 can be found. Some of the concatenation-based integration6 

methods are low rank-based approximation163, latent factor analysis164, Co-Inertia 

Analysis (CIA)165, Multiple Co-Inertia Analysis (MCIA)166, and also Multiple Factor 

Analysis (MFA)167,168, which is based on Principle Component Analysis (PCA).  

Transformation-based methods basically use graph or kernel matrix169–174. An example of 

the transformation-based approach is Similarity Network Fusion (SNF)170. Model-based 

approaches are based on learning strategies (generally Bayesian approaches are used175–

177), in which a model is obtained by a training phase, and the model is used for data 

integration. An example of a model-based approach tool is ATHENA21.  

 

Tablo 1. Current summary of data integration tools  

(adapted from Huang et al.,2017 178, detailed version can be found in Appendix A) 

Name Data Type Reference 

Joint NMF Multi-data 172,179 

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 

Lemon-Tree EXP, CNV/miRNA/methyl  190 

rMKL-LPP Multi-data 171 

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.,2017 178, 

detailed version can be found in Appendix A)-(cont.) 

jActiveModules EXP, PPI, protein-DNA interactions 193 

Network 

Propagation 

Gene expression, mutation, PPI 194 

SDP/SVM EXP, protein sequence, protein interactions, 

hydropathy profile 

195 

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 

Graph-based 

Learning 

EXP, CNV, MET, miRNA 201 

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 

graph204. Link prediction strategies are used in several areas, such as "friend-finder" 

features in social networks205, recommendation systems features in e-commerce206, and 

identifying hidden groups of criminals in the security domain207. In bioinformatics, link 

prediction approaches have become popular because different types of biological 

networks are used in several bioinformatics areas. It is known that molecular interactions 

are currently incomplete, which is a limiting factor to understand molecular mechanisms 

underlying diseases, perturbations, internal and external signaling, etc.208–213. 

Experimental procedures that are used to extract molecular interactions have many 

challenges. For example, interactions between bio-entities may be missed due to 

localization differences while collecting them during experimental setup or due to the 

nature of the interaction (transient interactions). Also, since biological systems are very 

complex, interactions between bio-entities may have difficulties while capturing by 

experiments, and bias for highly studied bio-entities may prevent finding out interactions 

of other low-studied ones. Besides, biological/experimental noise can result in a loss of 

interactions. Link prediction in bioinformatics provides an opportunity to find interactions 

between bio-entities that are invisible due to missing data, experimental errors, etc.214. 

These techniques take advantage of many network properties such as degree, clustering, 

and path lengths. Link prediction algorithms generally score the likelihood of interaction 

of node pairs, and these scores are listed in decreasing order.  
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Link prediction methods are classified into two main categories; supervised and 

unsupervised. In figure 6, the main methods of each category are illustrated. There are 

several studies on supervised link prediction methods. For example, Kashima et al.215,216 

proposed (i) parameterized probabilistic model for supervised link prediction and (ii) 

“Link Propagation” as an adaptation of label propagation which is a semi-supervised 

learning method. They applied their method to two different biological data, i.e., the 

metabolic pathways of the yeast S. Cerevisiae in the KEGG database and a protein-protein 

interaction network dataset constructed by another group. Shojaie217 performed link 

prediction in biological networks using a penalized multimode exponential random graph 

model (MP-ERGMs). In 218, they investigated the effect of four neural network models on 

the performance of a neural link predictor in biomedical graphs. 

Unsupervised methods have node-based and path-based topological similarity metrics. 

From node-based topological similarity methods (local metrics), Common Neighbors 

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

a common friend, which has the effect of “closing a triangle” in the graph. Jaccard’s 

Coefficient measures the probability both nodes u and v have a neighbor y for a randomly 

selected neighbor y that either u or v has. The Adamic-Adar method is a frequency-

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

properties more heavily. For example, if two non-interacting nodes, u and v, have a 

common neighbor y which is a node with a low degree, it’s more probable that u and v are 

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 node-based methods are: 

- Common Neighbors:  

(1)       𝑆𝑐𝑜𝑟𝑒(𝑥, 𝑦) =  |𝑁𝑒𝑖𝑔ℎ𝑏𝑜𝑟𝑠(𝑥) ∩ 𝑁𝑒𝑖𝑔ℎ𝑏𝑜𝑟𝑠(𝑦)| 

 

- Adamic/Adar:  

(2)        𝑆𝑐𝑜𝑟𝑒(𝑥, 𝑦) =  ∑
1

log|𝑁𝑒𝑖𝑔ℎ𝑏𝑜𝑟𝑠(𝑤)|𝑤 ∈ 𝑁𝑒𝑖𝑔ℎ𝑏𝑜𝑟𝑠(𝑥)∩𝑁𝑒𝑖𝑔ℎ𝑏𝑜𝑟𝑠(𝑦)  

 

- Jaccard’s Coefficient: 

(3)      𝑆𝑐𝑜𝑟𝑒(𝑥, 𝑦) =  
|𝑁𝑒𝑖𝑔ℎ𝑏𝑜𝑟𝑠(𝑥)∩𝑁𝑒𝑖𝑔ℎ𝑏𝑜𝑟𝑠(𝑦)|

|𝑁𝑒𝑖𝑔ℎ𝑏𝑜𝑟𝑠(𝑥)∪𝑁𝑒𝑖𝑔ℎ𝑏𝑜𝑟𝑠(𝑦)|
 

 

- Preferential Attachment: 

(4)      𝑆𝑐𝑜𝑟𝑒(𝑥, 𝑦) =  |𝑁𝑒𝑖𝑔ℎ𝑏𝑜𝑟𝑠(𝑥)|  ∙  |𝑁𝑒𝑖𝑔ℎ𝑏𝑜𝑟𝑠(𝑦)| 
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Path-based topological similarity methods use global network properties. There are three 

widely known methods in this category: Katz, Hitting time, and Rooted PageRank. Katz 

method is proposed by Leo Katz219. As a measure of score between nodes u and v, the 

Katz method sums all possible path lengths between u and v and penalizes longer paths 

by a factor β. Hitting time is built upon the concept of random walks on the graph. To 

measure the score of a predicted edge between the nodes u and v, it counts the expected 

time for a random walk starting from u to reach v. Smaller the score of hitting time; it is 

more probable that u and v are connected. Hitting time is not a symmetric metric. That’s 

why the commute time is used in undirected graphs, which is Cx,y = -(Hx,y + Hy,x). Rooted 

PageRank is an alternative to hitting time. It is designed to escape from the problem of 

walking to a node z that has high stationary probability and is far away from u and v. 

General formulas for path-based methods are: 

- Katz: 

(5)     𝑆𝑐𝑜𝑟𝑒(𝑥, 𝑦) = ∑ 𝛽𝑙 ∙ |𝑝𝑎𝑡ℎ𝑠𝑥,𝑦
<𝑙>|∞

𝑙=1   

 

 

- Hitting Time: 

(6)     𝑆𝑐𝑜𝑟𝑒(𝑥, 𝑦) =  −𝐻𝑥,𝑦 

 

 

- Rooted PageRank: 

(7)       𝑆𝑐𝑜𝑟𝑒(𝑥, 𝑦) = (1 − 𝛽)(1 − 𝛽𝑁)−1   

(where D is a diagonal degree matrix with 𝐷[𝑖, 𝑗] =  ∑ 𝐴[𝑖, 𝑗]𝑗  and let 𝑁 =

 𝐷−1𝐴 be the adjacency matrix with row sums normalized to 1, β is the 

probability of walking to a random neighbor.)   



22 

 

 

Figure 6. Classification of link prediction methods 

 

There are several studies involving node and path-based link prediction applications on 

biological networks. Cannistraci et al.,2013 introduced the CAR index and applied it to 

adapt widely known node similarity-based link prediction methods, namely Common 

Neighbors, Adamic-Adar, Jaccard index, and Preferential Attachment. CAR index 

assembles node-based and link-based prospects. It is defined as the possibility of being 

linked for two nodes is higher when their common-first-neighbors are included in a ‘local-

community’. The links within local communities are named as ‘local-community-links’. 

Local-community is a collection of robustly linked nodes. They demonstrated the power 

of CAR index applied node-based link prediction methods in brain connectomes. They 

randomly destroy 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 back, and the CAR-index variant of Preferential Attachment (CPA) 

performed better than others. They also tested CAR index variants on protein interactomes 

and concluded that CAR-index increases the overall prediction performance220. For 

example, Lu et al., 2017 used bipartite networks in which drugs and targets constitute two 

disjoint sets of nodes. They applied modified versions of four unsupervised link prediction 

methods (Common Neighbors, Jaccard index, Preferential Attachment, and Katz index) 

to predict drug-target interactions221. Kovacs et al., 2019 proposed the L3 method for link 

prediction in protein interactomes based on the idea that two proteins interact when one is 

similar to the other’s partners. According to the L3 method, which relies on path lengths 

of three, if two proteins have interacting partners, then it is probable for them to interact, 
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too. They compared L3 prediction against other node similarity-based methods and CAR-

index variant of Resource Allocation (CRA) and showed that the L3 method performs 

better than other methods222. Pech et al.,2019 proposed an optimization to L3 prediction, 

considering that the probability of two nodes being linked is related to a linear 

combination of similarities between the neighbors of each of them. They performed a 

linear optimization (LO) method to produce a link likelihood matrix 223. Chen et al.,2020 

used the information gathered from proteins’ complementary interfaces and gene 

duplication and proposed Sim as a link prediction method for PPI networks. They used 

Jaccard Similarity in Sim for sequence alignment. Seven link predictors – L3, LO, Sim, 

SimCN, SimPA, SimRA, and L3 + Sim (integration of Sim with L3) – are compared in 

the study, and Sim+L3 performed better on prediction and robustness for only PPI 

networks224. Yuen & Jannson, 2020 proposed the ExactL3 link prediction method for PPI 

networks and tested its performance on four PPIs of STRING, BioGRID, IntAct/HuRI, 

and MINT. They suggest that ExactL3 infers undiscovered PPIs 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 Scores, and Gene 

Essentiality. They showed its superiority over other methods such as L3, CRA, Sim, and 

CN225. 

Overall, all link prediction methods have their properties to predict edges accurately, 

depending on the mechanism for how the biological network grows226. Molecular 

interactions may evolve based on different properties according to the interaction types 

and data types227. Therefore, it is very important to understand the growing nature 

underlying the biological network and select the link prediction method accordingly228. 

Also, the density of the reference graph is significant for the necessary computing power. 

When the graph is dense, there are not many edges left to predict, so the probability of 

randomly choosing the correct edge from this remaining possible edge list is high. 

However, when the graph is sparse such that E≈V, there are almost V2 edges non-existed 

in the current graph, and the possibility of selecting the correct edge out of V2 edges is 

lower. 

Linkpred229 and LPmade230 are two of the computational tools for link prediction on 

biological networks. Moreover, the networkx231 module in 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 and tumor type is illustrated in Figure 7. Firstly, 

the transcriptomic and phosphoproteomic dataset for small molecule perturbation on six 

different cell lines (CMap) is retrieved and statistically preprocessed for significant 

treatment conditions across associated control treatment. Secondly, drugs are classified 

according to two traditional methods, i.e., chemical similarity-based classification and 

literature curated mechanism of action (MoA)-based classification. After, network 

reconstruction studies by use of Omics Integrator software are performed. Two input files 

are needed for network reconstruction: seed proteins and a reference interactome. These 

two inputs are prepared by the application of several approaches. All cell line and drug-

specific networks are modeled and used for further classification procedures. Finally, drug 

groups produced by different methodologies are compared to understand the advantages 

of network-based studies. All methods used for these steps are detailed within the below 

sections. 
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Figure 7. Workflow of thesis study. After data retrieval and preprocessing for collecting 

significant datasets and excluding missing information, drugs are classified using 

traditional classification methods to later compare with network-based classification. 

Meanwhile, two input files necessary for network reconstruction studies are prepared by 

integrating different data types to collect terminal set and application link prediction 

strategies on the human interactome and other filtering protocols. 

 

3.1. Data 

 

The ‘omic’ data is obtained from Connectivity Map (CMap), which contains 1.3 M L1000 

data for nine different core cell types, treated with 27927 perturbagen. Within CMap, the 

Touchstone V1.1 dataset contains 8388 perturbagens (well-annotated genetic and small-

molecular perturbagens) for nine cell lines for three time points and three replicates; and 

P100 dataset contains proteomic data for six different core cell types, treated with 90 
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perturbagens38,232,233. In addition to transcriptional data (L1000), proteomic and 

phosphoproteomic data for a subset of these perturbagens (P100) were released on 4/13/18 

with the accession number GSE101406.  

P100 dataset was used in this study which contains already filtered transcriptional and 

phosphoproteomic data for the same set. The P100 dataset represents three different read-

outs (phosphosignaling (P100), chromatin modifications (GCP), and transcriptional 

changes(L1000)) of the same 90 small-molecule perturbations in six cell lines. A list of 

these small molecules and cell lines is provided below in Table 1 and Table 2. The duration 

of treatment was 3 hours for P100, 24 hours for GCP, and 6 hours for L1000. These data 

are available 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 normalized; and level 4 

is differential (i.e., each sample is compared to all other samples on a plate). Normalized 

(level3) data of transcriptomics(L1000) and phosphoproteomics(P100) are used in this 

study. 

L1000 assay measures transcription levels of 978 genes (referred to as Landmark genes) 

and 80 control transcripts directly. It 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 as Best Inferred Genes (BING). 

Landmark genes are used in the terminal set preparation procedure (section 3.4.1). 

Phosphoproteomic data generated by the P100 assay consists of 96 phosphosites and is a 

reduced representation of phosphoproteomics, targeting common signaling pathways.  

The drug-target interactions are retrieved mainly from CLUE Drug Repurposing tool234, 

which curates information from several databases such as DrugBank235 & PubChem236 

(https://clue.io/repurposing-app). This tool provides an opportunity to browse drugs and 

gives various information about drugs, including the target molecules. The reconstructed 

networks have been oriented through these targets for each drug. 

The primary reference human interactome used is the edge-weighted protein-protein 

interaction network retrieved from iRefWeb, v13.0, which has 15,404 nodes (proteins) 

and 175,820 weighted edges (protein interactions) without self-loops. The weights of 

edges representing how real an interaction is based on the MIScore function. It is 

downloaded from Omics Integrator GitHub repository (https://github.com/fraenkel-

lab/OmicsIntegrator/tree/master/data).  

 

 

 

 

 

 

https://clue.io/repurposing-app
https://github.com/fraenkel-lab/OmicsIntegrator/tree/master/data
https://github.com/fraenkel-lab/OmicsIntegrator/tree/master/data
https://github.com/fraenkel-lab/OmicsIntegrator/tree/master/data
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Tablo 2. List of Small-Molecule Perturbagens 

1271738-62-5 vu0155056 etoposide methylstat semagacestat 

bafilomycin a1 4,5,6,7-

tetrabromobenzotriazole 

everolimus niclosamide sirolimus 

bms-906024 alpelisib EX-527 nilotinib sotrastaurin 

BRD-

K68548958 

alvocidib exifone olaparib staurosporine 

BRD-

K73261812 

AR-A014418 geldanamycin OSI-027 tacedinaline 

calpain inhibitor 

ii 

belinostat ginkgetin palbociclib tacrolimus 

compound e BIX-01294 GSK-J4 pazopanib TG-101348 

cpi-169 BIX-01338 I-BET-151 PD-0325901 tofacitinib 

CYT387 BMS-345541 I-BET-762 pravastatin tretinoin 

epz-5676 CC-401 IKK-inhibitor-X pyrazolanthrone trichostatin-a 

Gossypetin CHIR-99021 IPI-145 resveratrol UNC-0321 

gsk126 curcumin JQ1-(+) RG-4733 UNC-1215 

GSK-2110183 decitabine KN-62 RGFP-966 VE-822 

NVP-BEZ235 dexamethasone KN-93 rolipram vemurafenib 

okadaic acid dinaciclib KU-55933 roscovitine verteporfin 

sch 900776 entinostat lenalidomide ruxolitinib vorinostat 

smer-3 epz004777 losmapimod salermide zebularine 

unc-0646 EPZ-005687 LY-294002 selumetinib DMSO 

 

Tablo 3. List of Cell Lines 

Cell Line Description 

A375 human malignant melanoma, a solid tumor from a 54-year-old female 

A549 human Caucasian lung carcinoma, isolated in 1972 from a 58-year-old Caucasian male 

MCF7 human breast carcinoma, isolated in 1970 from a 69-year-old Caucasian woman 

PC3 human prostate adenocarcinoma, isolated in 1979 from a 62-year-old Caucasian male 

YAPC human pancreatic carcinoma, isolated in 1993 from a 43-year-old Japanese man 

NPC neural progenitor cells 

 

3.2. Statistical Analyses and Data Processing 

 

All statistical analyses were performed with python SciPy module237.  

In the network reconstruction protocol, processing of L1000 and P100 data is performed. 

L1000 data includes fluorescence values of several replicas for transcriptional 
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measurements of both drug-treated samples, and 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 way-Anova method after verifying the 

assumptions (scipy.stats.f_oneway function). The data for p-values for each gene as drug-

treated condition compared against control condition is generated. Genes with a lower p-

value than the selected threshold were collected and labeled as ‘significantly transcribed 

genes’. These ‘significantly transcribed genes’ are listed for each cell line-drug pair. Also, 

log2 fold changes of average transcription values of each gene relative to the control 

condition are calculated and stored to be later used in the prize designation of terminals. 

The same procedure is performed for P100 data to be able the collect ‘significantly 

phosphorylated proteins’ for p<.05 and calculate their log2 fold changes against the 

control treatment. 

Regression analysis performed in this study is also performed by use of 

scipy.stats.pearsonr function of python SciPy module. 

Clustering of matrices is performed by use of scipy.cluster.hierarchy function of python 

SciPy module where necessary. 

 

3.3. Chemical Structure-Based Drug Classification 

 

Two different metrics were used for the investigation of chemical structure similarity. 70 

drugs out of 90 are listed after the Anova significance test. SMILES signatures of 70 drugs 

are curated from chemical databases such as DrugBank235 and PubChem236.  

 

3.3.1. Tanimoto Similarity Calculation 

Tanimoto similarity238 of two compounds are calculated with their SMILES signatures. It 

calculates the Jaccard’s coefficient between fingerprints of two compounds. 

Rdkit239, an open-source python library, is used for the construction of the Tanimoto 

similarity distance matrix. 

Hierarchical clustering on the matrix is performed using python scipy.cluster.hierarchy 

function of SciPy module237. 

 

3.3.2. MACCS key distances 

MACCS (Molecular ACCess System) keys (166-bit 2D structural fingerprints) distance 

is a SMARTS (SMILES arbitrary target specification)-based implementation of the 166 

public MACCS keys, which are sometimes referred to as the MDL keys240.  

Rdkit239, an open-source python library, is used for the construction of the MACCS key 

distance matrix. 
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Hierarchical clustering on the matrix is performed using python scipy.cluster.hierarchy 

function of SciPy module237. 

 

3.4. Network Reconstruction 

 

Network reconstruction is performed by use of Omics Integrator software39. Omics 

Integrator searches for a solution to the prize-collecting Steiner tree problem to find an 

optimum tree. Nodes obtained from the experiments (terminal nodes) and nodes not 

detected in experiments and obtained by the algorithm (Steiner nodes) are determined by 

this process.  

Let G = (V, E, c, p) be an undirected graph, with the vertices/nodes V associated with non-

negative prizes p(v), and with the edges E associated with non-negative costs c(e). The 

Prize-Collecting Steiner Tree problem (PCST) consists of finding a connected subgraph 

T = (V' , E' ) of G, that maximizes profit(T) which is defined as the sum of all node-prizes 

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

8). It can also be defined as the minimization of the 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 solution. There 

are both the rooted and unrooted variants for each problem where T must contain v0 in 

rooted variant, and T can be any subtree in unrooted variant241. 

 

 

Figure 8. Illustration of PCST problem 
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Omics Integrator is a software package that applies the Prize-Collecting Steiner Forest 

(PCSF) approach to construct the most biologically relevant protein-protein interaction 

network. This tool is efficient in the integration of different omics data using a reference 

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 of mRNA, proteins, metabolites, etc. They use omics data 

either gathered from experiments or derived from several databases (Figure 9).  

Garnet tool allows users to estimate transcription factors that possibly affect gene 

expression levels. It can use epigenetic data such as phosphoproteomic data. Garnet is 

important while integrating different omics data. This tool includes two steps. First, it 

computationally predicts transcription factor-DNA interactions from epigenetic data and 

a set of DNA binding motifs. Then 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 user-defined omic data, the seed 

protein list containing their importance (prizes), and interactome data including edges’ 

significance levels. Forest combines user-defined hits with the output of Garnet. Each 

protein given as input to the Forest tool is defined as ‘terminal’. If necessary, Forest can 

add extra nodes from the interactome data, which are called ‘Steiner nodes’. When 

constructing the network, the algorithm optimizes the score by calculating the sum of the 

costs of edges included and the prizes of nodes not included. The algorithm seeks to 

minimize the score to find the most optimum and biologically relevant protein-protein 

interaction network. There is always a possibility to include ‘hub’ nodes, highly connected 

nodes, but this can be avoided by applying negative-valued prizes to them. Forest uses a 

generalized prize function to decide whether these ‘hub’ nodes are in fact essential and 

should be included in the network or not. This generalized prize function assigns negative 

weights to nodes according to the number of connections they have in the interactome. 

The prize function is: 

(8)                                  𝑝′(𝑣) =  𝛽 ∙ 𝑝(𝑣) −  𝜇 ∙ 𝑑𝑒𝑔𝑟𝑒𝑒(𝑣) 

where β and µ are scaling parameters and degree(𝑣) is the number of connections of node 

𝑣 in the interactome. β is used to calibrate the effect of terminal nodes, and µ is used to 

calibrate the impact of hub nodes. µ is 0 in the default parameters where hub correction is 

disabled; if it increases, the algorithm excludes these hub nodes. β enables the algorithm 

to include terminal nodes, and increasing β facilitates more terminal nodes to be included 

in the final network. 

Given a directed, partially directed, or undirected network G(V, E, c(e), p’(v)), it is aimed 

to find a forest F(VF, EF) that minimizes the objective function: 

(9)                            𝑓′(𝐹) =  ∑ 𝑝′(𝑣)𝑣∉𝑉𝐹
+  ∑ 𝑐(𝑒)𝑒∈𝐸𝐹

+  𝜔 ∙ 𝜅 
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where 𝑝′(𝑣) is defined in Eq.1, 𝑐(𝑒) is costs of each edge, κ is the number of trees in the 

forest, and ω is another scaling parameter which is a uniform edge cost of each node 

connected to a dummy node (explained below).  

The Forest tool has six PCSF parameters; however, ω, β and D are the ones that at least 

need to be defined by the user. D is the depth parameter which is the maximum path length 

from v0 to terminal nodes. The other three optional parameters are µ, g (reinforcement 

parameter, default is 1e-3), and garnetBeta (scales the Garnet output prizes relative to the 

provided protein prizes, default is 0.01). 

Dummy node is an artificial node v0, a starter node connected to a subset of nodes N. 

Forest tool builds F to be a tree rooted at v0. After the network optimization is performed, 

the root node (v0) and all its edges are removed. Dummy node by default is set to connect 

to all of the input terminals. However, one can also define a subset of terminals to link the 

dummy node by using the --dummyMode option.  

 

 

Figure 9. Representation of Forest and Garnet tools found in Omics Integrator 39 

 

For each cell line and drug condition, the Forest tool is used with the seed proteins and 

interactome produced by the associated date. The algorithm is run for all combinations of 

D=10, w=[1,2,3], β=[2,3,4,5,6,7,8,9,10], and µ=[0.0, 0.005, 0.010, 0.015, …., 0.095, 0.1]. 

After all networks of each parameter combination are collected, the ones with the highest 

number of terminal nodes and lowest number of hub proteins(degree>100) are selected, 
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and their union network is defined as the network of the corresponding cell line – drug 

pair. The network reconstruction protocol is illustrated in Figure 10. 

 

3.4.1. Collection of Seed Proteins 

Using the ‘significantly transcribed genes’ (explained in section 3.2) and transcription 

factor regulatory network242, transcription factors regulating any of these ‘significantly 

transcribed genes’ are collected. Then, if a transcription factor regulates at least three 

‘significantly transcribed genes’, it is used as a terminal, and mean log2 fold changes of 

its interactors are designated as its prize. 

Also, ‘significantly phosphorylated proteins’ (explained in section 3.2) are collected, and 

their associated log2 fold changes are used as their prizes. 

Finally, the target(s) of the drug of interest is appended to the seed protein list with a 

uniform prize inferred from the overall prize distribution of all proteins. 

The seed protein list preparation procedure for each cell line–drug condition is performed 

with its associated data. 

 

3.4.2. Preparation of Condition-Specific 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 based on the 

MIScore function. After removing self-loops, it consists of 15,404 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 900 and more than ten standard 

deviations away from the mean (‘UBC’, ‘APP’, ‘ELAVL1’, ‘SUMO2’, ‘CUL3’)243 are 

excluded. These hub proteins constitute 13,738 interactions in the reference interactome. 

All edges that include at least one of these hub proteins were excluded. 

After, the interactome is processed for low expressed genes to have hub-free, tissue and 

drug-specific versions. For this purpose, transcriptomic data (L1000) is used. L1000 

includes fluorescence measurements ranging between 0.0 and 15.0 inferred from direct 

measurements of landmark genes. iRefWeb interactome and L1000 genes share 11,002 

genes in common. Among those common genes, those with expression level below 2.0 

and related edges are excluded from the interactome. At this step, hub-free, tissue, and 

drug-specific human interactomes included ~160,800 interactions.  

Next, the link prediction approach is applied. Three case studies are performed for the 

selection of link prediction algorithm from the node-based topological similarity (local) 

methods, i.e., Jaccard’s index, Adamic/Adar, Preferential Attachment, and Resource 

Allocation (section 3.4.2.1). For the application of these methods, built-in methods of 

python networkx module231 are used. 
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The selected link prediction algorithm is applied on the hub-free, tissue, and drug-specific 

interactome. Predictions are sorted descending, and the same number of best scoring 

predicted edges as the number of edges in the original interactome are selected. These 

predictions are further filtered based on their subcellular localization information. 

Localization information was gathered from the Human Protein Atlas65. Using this 

information, predictions in which two proteins that do not have any common location were 

filtered out. The predictions in which at least one of the proteins do not have any 

localization information were collected since it is currently unknown and 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 is appended to the original interactome by scaling 

their scores between 0.0 and 0.5 as edge weight.  

For each cell line–drug condition, the interactome preparation procedure is repeated with 

its associated data. 

 

3.4.2.1. Case Studies for the Selection of Link Prediction Algorithm 

Two different case studies for node-based topological similarity methods (four built-in 

methods found in networkx module231 in python: Adamic/Adar, Jaccard's index, 

Preferential Attachment, Resource Allocation) are performed to select the most suitable 

link prediction approach for this study. Since the reference iRefWeb (v13.0) interactome 

is very large, small-sized networks are chosen for each. These two 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/fraenkel-lab/OmicsIntegrator/tree/master/example/GBM). This 

example data comes with its script to run the Forest tool with a pre-defined parameter set. 

Using the script and prize file provided with the original iRefWeb (v.13.0) human 

interactome, its network is reconstructed to be used as a reference network. This reference 

network has 81 nodes. For the preparation of a new interactome with link prediction 

application, three protocols are followed for four link prediction methods such that: 

➢ Protocol 1: Four link prediction algorithms are applied, and exactly 100,000 predicted 

edges from the descending score list of predicted edges for each. Two versions are 

used for these top 100,000 edges, as ‘UBC’ included and ‘UBC’ not included.  

➢ Protocol 2: Same procedure as Protocol 1 is performed; however, 175,853 (the number 

of edges in the original interactome) predicted edges are appended (two versions of 

‘UBC’ included and ‘UBC’ not included). 

➢ Protocol 3: The original interactome is revised such that edges with weights lower 

than 0.5 are excluded resulting in 39,803 edges remaining. The same number of edges 

are appended after predicted edges are produced with descending scores (two versions 

of ‘UBC’ included and ‘UBC’ not included). 

https://github.com/fraenkel-lab/OmicsIntegrator/tree/master/example/GBM
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For ‘UBC’ not included cases, the number of appended edges decreases by the number of 

edges including ‘UBC’. 

For each trial, predicted edges are appended to the original interactome with constant 

weights, i.e., 0.1, 0.2, 0.3, …,0.9, 1.0. All interactomes are used separately for new 

network reconstruction, and they are compared against the reference network. 

 

PI3K/AKT/mTOR Data Trial. In this trial, the performances of link prediction methods 

are measured by dividing edges randomly into two parts as 90% training and 10% test 

sets. PI3K/AKT/mTOR pathway network has 1578 edges in total, making 1420 edges in 

the training set and 158 edges in the test set. For this purpose, the below steps are 

performed for 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 set, while the remaining 

are the test set.  

▪ All nodes are extracted from both training and test sets. 

▪ LP algorithm is used to score the possible edges, and predictions are sorted in 

decreasing order. 

▪ From the sorted list of predictions, the first 158 artificial edges (since 158 is the 

length of the test set) are selected. 

▪ The intersection of the highest scoring 158 predictions and the test set found, and 

the length of intersecting list is recorded. 

▪ The protocol is repeated ten times. 

 

3.5. Robustness Test of Reconstructed Networks 

 

In order to understand the robustness of reconstructed networks, a kind of noisy edge 

application to the interactome is performed, and each network is tested with the same 

parameter set chosen in the initial network reconstruction step. 

For a given cell line – drug condition, its own interactome is processed such that the 

weights of randomly chosen 10% of the edges are increased by 10-3, and a network is 

reconstructed by use of the noisy interactome and original terminal set with the parameters 

used in initial network reconstruction step. This random noise addition is performed 100 

times for each parameter set. For example, given one cell line–drug network is 

reconstructed with merging six parameter sets, noise addition to the weights of random 

10% of the edges will be performed for 6 x 100 = 600 times, resulting in 600 networks. 

By using edges found in these 600 networks, the frequency of each edge is calculated and 

used to assess the reliabilities of the edges in the original network. If the algorithm mostly 
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selects an interaction despite the noisy edges; that is, the edge frequency is closer to 1, 

then that interaction can be considered reliable. 

 

3.6. Comparison of Reconstructed Networks 

 

For comparison purposes, two approaches are used: topology-based and pathway-based. 

 

3.6.1. Topology-based Comparison 

A pairwise network similarity method called separation score proposed by Menche et al. 

2015 is used in this study. The separation score is based on mapping the network on the 

reference interactome and scoring their overlap by measuring the mean shortest 

distances244. The formula is: 

(10)      𝑠𝐴𝐵 ≡  〈𝑑𝐴𝐵〉 −  
〈𝑑𝐴𝐴〉+〈𝑑𝐵𝐵〉

2
 

where sAB is the separation score of the networks A and B, dAB is the shortest distances 

between A-B proteins, and dAA and dBB are the shortest distances between proteins within 

A and B, respectively. For the calculation of dAB, if a protein is shared between both 

networks (A and B), the distance dAB of 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 tumor types, drugs across different cell lines, 

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

python scipy.cluster.hierarchy function of SciPy module237. 

 

3.6.2. Pathway-based Comparison 

Functional analysis for network nodes based on KEGG pathways is performed to compare 

reconstructed networks on pathway-level for each network using DAVID source 

code245,246. After collecting union of all significant pathways (p<.05) enriched in 

networks, cell line–drug pair versus KEGG term matrix was produced such that it contains 

values of either -log10(p-value) of the KEGG term if that network is enriched in or 0.0 if 

that network is not enriched in. NMF Consensus clustering was then applied on the KEGG 

term matrix using NMFConsensus module on GenePattern of Broad Institute247. The 

clustering was computed for k = 2 to k = 10, and the 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 found on this link: 

https://github.com/fraenkel-lab/OmicsIntegrator. The PPI network used in network 

https://github.com/fraenkel-lab/OmicsIntegrator
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reconstruction is downloaded from https://github.com/fraenkel-

lab/OmicsIntegrator/tree/master/data (IRefIndex Version 13.0) and drug–target data is 

curated from Cmap Drug Repurposing Tool (https://clue.io/repurposing-app ). The script 

for parameter tuning performed for network reconstruction can be downloaded from 

https://github.com/gungorbudak/forest-tuner. Separation score method is adapted from 

the source code provided in the supplementary material of the study of Menche et 

al,2015244 

(http://science.sciencemag.org/content/suppl/2015/02/18/347.6224.1257601.DC1 ). All 

data and code used to conduct this study can be found from the GitHub repository on this 

link: https://github.com/metunetlab/IntegrativeNetworkModeling 

 

  

https://github.com/fraenkel-lab/OmicsIntegrator/tree/master/data
https://github.com/fraenkel-lab/OmicsIntegrator/tree/master/data
https://clue.io/repurposing-app
https://github.com/gungorbudak/forest-tuner
http://science.sciencemag.org/content/suppl/2015/02/18/347.6224.1257601.DC1
https://github.com/metunetlab/IntegrativeNetworkModeling
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CHAPTER 4 

 

 

RESULTS 

 

 

 

This chapter briefly presents the results acquired through this study. These results are 

divided into three main categories: (i) classification of drugs based on prior knowledge, 

i.e., chemical structures and mechanism of action, (ii) selection of link prediction method 

that is later used in network reconstruction procedure, and (iii) analysis of networks to 

reveal the drug modulations. 

 

4.1. Classification of Drugs based on Prior Knowledge 

 

There are 70 drugs that are statistically significant. They are all small molecules targeting 

proteins. The list of these drugs is given in Table 4 below. These 70 drugs are clustered 

based on their chemical structures using three metrics: (i) Tanimoto similarities, (ii) 

MACCS key distances, and (iii) Mechanism of Action (MoA).  

 

4.1.1. Tanimoto Similarity-based Classification  

Pairwise Tanimoto similarity scores calculated with SMILES signatures of drugs are 

transformed to a matrix and clustered to observe the chemically similar drug groups. This 

analysis revealed that 70 drugs could not be efficiently classified by using the Tanimoto 

similarity metric. There are small groups of drugs containing 2-3 members. For example, 

decitabine and zebularine constitute one drug group, while everolimus, sirolimus, and 

tacrolimus constitute another. The chemical structures of BIX-01294 and UNC-0321 are 

also similar. The heatmap of pairwise Tanimoto similarities of 70 drugs is given in Figure 

11a. 
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Tablo 4. Drugs that are statistically significant 

4,5,6,7-

tetrabromobenzotriazole 

everolimus niclosamide semagacestat 

alpelisib EX-527 nilotinib sirolimus 

alvocidib exifone olaparib sotrastaurin 

AR-A014418 geldanamycin OSI-027 staurosporine 

belinostat ginkgetin palbociclib tacedinaline 

BIX-01294 GSK-J4 pazopanib tacrolimus 

BIX-01338 I-BET-151 PD-0325901 TG-101348 

BMS-345541 I-BET-762 pravastatin tofacitinib 

CC-401 IKK-inhibitor-X pyrazolanthrone tretinoin 

CHIR-99021 IPI-145 resveratrol trichostatin-a 

curcumin JQ1-(+) RG-4733 UNC-0321 

decitabine KN-62 RGFP-966 UNC-1215 

dexamethasone KN-93 rolipram VE-822 

dinaciclib KU-55933 roscovitine vemurafenib 

entinostat lenalidomide ruxolitinib verteporfin 

epz004777 losmapimod salermide vorinostat 

EPZ-005687 LY-294002 selumetinib zebularine 

etoposide methylstat 
  

 

 

Figure 11. Chemical similarity matrices of 70 drugs a) Heatmap of pairwise Tanimoto 

similarities b) Heatmap of pairwise MACCS key distances (Larger figures can be found 

in Appendix E-Figure 1&2) 
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4.1.2. MACCS key distance-based Classification  

MACCS key distances calculated by 166-bit 2D structural fingerprints are transformed to 

a matrix and clustered as in Tanimoto similarities. MACCS keys provided a more clear 

clustering pattern such that 70 drugs are classified into five main groups, one of which 

only contains Tretinoin. The other drug group includes 47 out of 70 drugs, while the 

numbers of drugs included in the remaining three groups are 5, 8, 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 pairwise MACCS key distances of 70 

drugs is given in Figure 11b, and the drugs in each group are listed in Table 5. 

MACCS key-based classification performed better in the classification of the drug 

analogs. In this study, open-source MACCS key fingerprints are used, noting that the 

larger dataset may have more capacity to classify drugs. 

However, it should be noted that many drug analogs are developed based on the biological 

activity of the drug of interest. That’s why inactive forms of drugs may present chemically 

dissimilar structures while they change conformation in their active forms and show 

similarity. The other important aspect of drug development is water or lipid solubility. 

Some drugs are developed to preserve desired solubility patterns despite keeping the same 

pharmacophore, and modifications made for solubility concerns may affect the chemical 

similarities between drugs. Therefore, considering only chemical structures for the 

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 

 

 

Group1 Group2 Group4 Group5

Etoposide Tretinoin CC-401 Lenalidomide Losmapimod 4,5,6,7-tetrabromobenzotriazole Dexamethasone

Ginkgetin Dinaciclib Palbociclib RG-4733 Pyrazolanthrone Pravastatin

Curcumin BIX-01294 Decitabine EX-527 Belinostat Geldanamycin

Exifone BIX-01338 Zebularine IKK-inhibitor-X Trichostatin-a Verteporfin

Resveratrol 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 Semagacestat KN-93

Selumetinib CHIR-99021 TG-101348

Staurosporine BMS-345541 Pazopanib

Sotrastaurin Roscovitine VE-822

epz004777 Ruxolitinib Vemurafenib

EPZ-005687 Entinostat

Group3
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4.1.3. MoA-based Classification  

MoAs of 70 drugs are curated to understand whether knowledge of MoA is sufficient to 

classify drugs efficiently and whether the MoA clusters are consistent with the omic data. 

Seventy drugs are classified into three main groups: kinase inhibitors, epigenetic 

modulators, and variable MoA categories named others. These three groups are named as 

main category classes, and their specific sub-groups are designated as sub-categories. For 

example, the main category of kinase inhibitors has three sub-categories: serine/threonine 

kinases, tyrosine kinases, dual-specificity kinases, and other type kinases. An abstract 

view on 70 compounds in our analysis is illustrated in Figure 12 based on their main- and 

sub-categories and MoA.  

Drugs are distributed in a balanced manner to all MoAs such that each MoA has 1-3 drugs. 

However, HDAC inhibitors, histone lysine methylase inhibitors, CDK inhibitors have 

more drugs, while MoAs in the other category usually have only one drug. When 

compared to MACCS clusters, the MoA of drugs is variable. For example, everolimus and 

tacrolimus have different MoAs, mTOR inhibitor and calcineurin inhibitor, respectively. 

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. 

 

 

Figure 12. Drug groups classified based on mechanisms of action. (larger figure can be 

found in Appendix E-Figure 3) 
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4.2. Selection of Link Prediction Method 

 

Three different tests with different network data are performed to select the most suitable 

node-based link prediction algorithm. 

GBM data trial. Three interactome preparation procedure was used such that different 

numbers of predicted (artificial) edges were appended to the original iRefWeb interactome 

with two options (‘UBC’ included and ‘UBC’ not included). Eighty networks are 

reconstructed (4 link prediction (LP) methods, ten different weights for predicted edges, 

and two w parameter values provided in the original example file) for each procedure. 

Each network is compared against its associated reference network reconstructed with the 

same parameters and the original interactome. The nodes and the number of predicted and 

original edges found in the networks are used for comparison purposes. Also, 

commonalities of predicted edges found by four LP algorithms are compared using Venn 

diagrams. 

Table 6 summarizes the number of predicted/artificial edges and real edges found in the 

reconstructed networks. Weights column refers to the edge weights used for predicted 

edges; parameter column refers to the w parameter used in the network reconstruction step 

(other parameters are defined constant in the given GBM example); AA is Adamic/Adar 

method; JC is Jaccard’s Coefficient; PA is Preferential Attachment, and RA is Resource 

Allocation. According to their equations, AA and RA are very similar as the equation of 

RA is a version of AA such that logarithm is not used in the calculation. The number of 

predicted edges found in the final network is higher in RA when compared to AA. PA 

method adds more predicted edges, however by its definition, it may encourage hub 

formation. The JC method surprisingly does not prefer to use predicted edges. According 

to the results shown in Table 6, AA and PA methods were more applicable.  

Afterward, the commonalities of predicted/artificial edges found in each protocol (‘UBC’ 

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, including ‘UBC’. From the difference between AA edges in protocol 1 and protocol 

2, it can be concluded that the top-scored 100,000 edges do not include ‘UBC’ while the 

remaining 75,853 edges constituting the additional edges protocol 2 includes 70,335 edges 

with ‘UBC’. Based on the results shown in the Venn diagrams, the number of common 

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 number of artificial and original edges found in the reconstructed networks 

for each LP algorithm using protocol 2 in which the same number of artificial edges are 

appended to the original interactome.  

 

 

 

Figure 13. Commonalities of appended edges found with three LP methods as ‘UBC’ 

excluded.  

 

PI3K/AKT/mTOR Data Trial. In this trial, recovery rates of LP methods were tested 

using 90% of the network edges as the training set and the remaining 10% of the network 
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edges as the test set. Out of the 158 top-scoring predicted edges, the numbers of the true 

positives are given in Table 7. Average values remain around seven even though the trial 

number is increased. From these results, none of the three methods, AA, PA, and RA, are 

superior, while JC could not predict correctly. 

 

Tablo 7. Number of correct predictions 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: 

158 

LP Methods 

Trials Adamic/Adar Jaccard's 

Coefficient 

Preferential 

Attachment 

Resource 

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 these two case studies Adamic/Adar link prediction method is 

selected. While tests could not reveal a clear distinction between three methods, AA, PA, 

and RA, by its definition, AA is more suitable for this study. AA is known for its ability 

to weigh rarer features more heavily and exclude hubs. The scoring formula of 

Adamic/Adar is given in Eq.2. Since the prediction capacity is no worse than others, the 

study is carried out using AA in the interactome preparation protocol. 
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4.3. Analysis of Reconstructed Network  

 

The aim of this study is to reveal network-level commonalities and differences of drugs 

across several tumor types and demonstrate the advantages of network-based studies over 

the listed traditional chemical and functional comparisons. Data, network reconstruction, 

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 resulted in 70 

significantly affecting drugs. Also, the number of proteins in the seed protein lists (section 

3.4.1) is very limited for some cell line–drug conditions leading to insufficient input data 

for network modeling. In order to increase experimental hits, less stringent thresholds are 

tested; however, still networks of some cell line–drug conditions could not be modeled. 

A549-decitabine, YAPC-ginkgetin and MCF7-vemurafenib are examples that do not have 

a reconstructed network. Experimental hits (seed proteins) ranged from 6 to 214 for each 

cell line–drug condition, and within these seed proteins, the number of phosphoproteins 

(p<.05) was limited with a maximum of 20 hits. All drugs were forced to reconstruct their 

associated networks while modeling networks for the A375 cell line. However, it is 

observed that reconstructed networks are very small-sized and do not reveal sufficient 

knowledge about drug modulation when the input terminal number is below ~15. 

Thresholds used to collect transcriptomic hits and the total number of seed proteins are 

provided in Appendix A. Figure 14 summarizes the conditions that do or do not have 

reconstructed networks. Overall, 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 

subnetworks. Out of 250 networks, cell line A375 has 70, A549 has 46, MCF7 has 43, 

PC3 has 59, YAPC has 18, and NPC has 14 drug-specific subnetworks. A summary of the 

topological properties of these 250 networks is given in Appendix B. 

 

 

Figure 14. Heatmap for drugs if its PPI network could be modeled for each cell line. Blue 

means that the drug 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 is a general node-based commonality 

investigation. 98.4% of network pairs share at least one protein, and some of the proteins 

are found in a high number of networks. Out of 1908 proteins across all 250 networks, 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 pathway, insulin signaling 

pathway, cell cycle, and some other cancer-related pathways. These results are consistent 

with the known active signaling pathways in cancer cells.  For example, the PPAR 

signaling pathway is related to fatty acid metabolism. Cancer cells need to produce 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 are mostly active functions. 

Molecular function, biological process, cellular compartment, and KEGG pathway 

enrichments of these most frequent 100 proteins can be seen in Figure 16. 

 

4.3.2. Analysis of networks based on separation score method that uses node 

similarity 

Since the analysis of networks solely based on total node frequencies provides only a weak 

explanation of cancer-related activities, pairwise network similarities are searched via the 

separation score method proposed by Menche et al.244 (section 3.6.2). If the separation 

score is negative, then two networks share a common set of nodes, meaning they overlap. 

The magnitude of the negative score reflects the overlap ratio, which means the closer to 

-1, the larger the overlap between two networks. Topological similarity also leads to 

pathway-level similarity, which lets to understand the similarities of drug modulations.  

Transforming the networks into 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 networks and cell 

line-specific networks are produced, then hierarchically clustered to easily detect similarly 

acting cell line–drug conditions (Figures 17 and 18). Four types, T1, T2, T3 and T4, are 

defined to illustrate the tumor types and MoA types. T1 refers to the same cell line and 

same MoA, T2 refers to the same cell line and different MoA, T3 refers to different cell 

lines and the same MoA, T4 refers to both different cell lines and MoA.  

Cell line-specific separation score matrices (Figure 17) revealed that some drugs have a 

high overlap for the cell lines A375, MCF7, and PC3, although the chemical similarities 

of those drugs are limited. Drugs in A549 generally modulate different mechanisms within 

the cell as the networks are separated with positive separation scores. That means 46 drugs 

have more specific actions on the A549 cell line even though they have similar MoAs or 

chemical structures. The number of drug networks in YAPC and NPC is very limited; 

that’s why the investigation of drug effects on these cell lines is not feasible. The list of 
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drugs with topologically similar networks according to the separation score matrix of 250 

networks is given in Table 8. As A375 has the most coverage in terms of the number of 

drug networks, analysis for drug modulation within the same tumor type is mainly 

performed for A375. For example, Tacedinaline and geldanamycin are two drugs that have 

different targets. However, they have very similar omic output (separation score=-0.61), 

leading to several common signaling pathways modulated. 

 

 

Figure 15. Mostly found 100 proteins observed in all cell line–drug networks. 
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Figure 16. Functional analysis of mostly found 100 proteins a) Molecular function 

enrichments b) Biological process enrichments c) KEGG pathway enrichments d) 

Cellular compartment enrichments (Larger figures can be found in Appendix E-Figure 4-

7) 

 

 

Figure 17. Separation score matrices of 6 cell lines a) A375 b) PC3 c) MCF7 d) YAPC 

e) NPC f) A549. (Larger figures can be found in Appendix E-Figure 8-14) 
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Figure 18. Separation score matrix of 250 cell line – drug network 

 

Tacedinaline is an HDAC inhibitor that selectively targets HDAC1, while geldanamycin 

is a heat-shock protein (HSP) inhibitor that targets HSP90AA1 and HSP90AA1. HDACs 

and HSPs are shown to have an interplay within cellular processes to be affected by both 

HDAC and HSP90 inhibitor drugs248–254. With overlapping networks of tacedinaline and 

geldanamycin, common proteins are analyzed for the cellular phenotypes with the aid of 

CancerGeneNet255. CancerGeneNet measures the shortest paths between genes and 

phenotypes. Proteins shared by tacedinaline and geldanamycin networks on A375 are 

downstream transcription factors of both HDAC1 and HSP90s, which are on the path 

toward cell death and cell differentiation pathways (Figure 19A). Pathways commonly 

enriched in these networks are MAPK, AMPK, TG-beta signaling pathways and their 

transcriptomic data shows a highly positive correlation (Pearsons R=.94, p-value=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, ErbB, TNF, FoxO, PPAR, prolactin, and 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_PD-0325901 

A375_entinostat MCF7_entinostat PC3_entinostat YAPC_selumetinib 

A375_epz004777 MCF7_epz004777 PC3_epz004777 A549_staurosporine 

A375_EPZ-005687 MCF7_EPZ-005687 PC3_EPZ-005687 
 

A375_EX-527 MCF7_EX-527 PC3_EX-527 
 

A375_geldanamycin MCF7_geldanamycin PC3_geldanamycin 
 

A375_GSK-J4 MCF7_GSK-J4 PC3_GSK-J4 
 

A375_I-BET-151 MCF7_I-BET-151 PC3_I-BET-151 
 

A375_I-BET-762 MCF7_I-BET-762 PC3_I-BET-762 
 

A375_JQ1 MCF7_JQ1 PC3_JQ1 
 

A375_LY-294002 MCF7_LY-294002 PC3_LY-294002 
 

A375_methylstat MCF7_methylstat PC3_methylstat 
 

A375_OSI-027 MCF7_OSI-027 PC3_OSI-027 
 

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_trichostatin-a MCF7_trichostatin-a PC3_trichostatin-a 
 

A375_UNC-0321 MCF7_UNC-0321 PC3_UNC-0321 
 

A375_UNC-1215 MCF7_UNC-1215 PC3_UNC-1215 
 

A375_zebularine MCF7_zebularine PC3_zebularine 
 

 

The network-level 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 drugs having overlapping networks with geldanamycin (in A375, separation 

score=-0.60; in MCF7, separation score=-0.47; in PC3, separation score=-0.54). However, 

the separation between resveratrol and geldanamycin across different cell lines gets higher 

such that the separation score between A375-resveratrol and MCF7-geldanamycin is -0.40 

separation score between A375-resveratrol and PC3-geldanamycin is -0.43.  
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Figure 19. Illustration of the comparison of A375-Tacedinaline and A375-Geldanamycin 

a) Representation of the union of two networks with a focus on common transcription 

factors leading to cellular phenotypes b) Pathways enriched in two networks. 

 

Moreover, drugs with the same MoAs may have different outcomes. Target selectivity is 

an important aspect leading to separate networks within the same MoA group. That’s why 

the comparison strategy for the remaining conditions turned out to the analysis of MoA 

groups both within the same cell lines and across all cell lines. The 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 six HDAC inhibitor (HDACi) drugs: entinostat, belinostat, vorinostat, 

trichostatin-a, tacedinaline, and RGFP-966. Within these, tacedinaline is a selective 

HDAC1 inhibitor, and RGFP-966 is a selective HDAC3 inhibitor, while others are broad 

HDACi drugs. Network separation scores between these drugs are predominantly 

determined by target selectivity. Networks of broad HDACi drugs have high overlap both 

within the same cell line and between different cell lines. Tacedinaline also has similar 

networks with others in A375, MCF7, and PC3 cell lines.  

Tacedinaline treatment resulted in similar modulated mechanisms on A375, MCF7, and 

PC3, but the YAPC-Tacedinaline network is more distant to others with a separation score 

of 0.38 across A375. Tacedinaline treatment on YAPC cells affected a small subnetwork 

that is only enriched for the Osteoclast differentiation pathway. Recently, osteoclast 

differentiation has been shown to be induced in pancreatic cancer-derived exosomes256. 

On the contrary, the A375-Tacedinaline network is enriched in several pathways such as 

MAPK, ErbB, FoxO, TGF-beta, and TNF signaling pathways (Figure20). 

RGFP-966 is a slow-on/slow-off, competitive tight-binding HDAC3 inhibitor with an 

IC50 of 0.08 μM and shows no effective inhibition of any other HDAC at concentrations 
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up to 15μM257. It is reported to inhibit the EGFR signaling pathway and suppress 

proliferation and migration of HCC cells258. It has networks in A375, MCF7, and PC3 cell 

lines. All three networks are separated with a very small number of shared proteins 

(separation score between A375-MCF7 is 0.45, A375-PC3 is 0.28, and MCF7-PC3 is 

0.42). RGFP-966 treatment also results in 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 usually belong to A375 and PC3 cell lines. As an 

example, PC3-RGFP-966 and A375-Trichostatin-a networks have a separation score of 

0.46. They share no common pathway enrichments. PC3-RGFP-966 is only enriched in 

the cell cycle pathway, while A375-Trichostatin-a is enriched in several pathways such as 

estrogen, neurotrophin, and TNF signaling pathways (Figure 21A-B). When Tacedinaline 

and RGFP-966 networks are compared as two selective drugs, more distant networks are 

obtained with separation scores up to 0.62. PC3-RGFP-966 and A375-Tacedinaline 

networks only share 3 proteins and there are no commonly enriched pathways (Figure 

21C-D). 

 

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 line – drug conditions and their associated 

pathway enrichments a-b) PC3-RGFP-966 and A275-Trichostatin-a c-d) PC3-RGFP-966 

and A375-Tacedinaline (Larger figures can be found in Appendix E-Figure 15-16) 

 

4.3.2.2. Analysis of Mechanism of Action: JAK inhibitors 

There are three JAK inhibitor drugs; ruxolitinib, tofacitinib, and TG-101348 (fedratinib). 

Tofacitinib is a marketed drug used to treat rheumatoid arthritis. Ruxolitinib is marketed 

for the treatment of intermediate or high-risk myelofibrosis. TG-101348 is also a marketed 

drug used to treat myeloproliferative diseases, including myelofibrosis. They all target 

JAK1, JAK2, JAK3, and TYK2 proteins with varying affinities; however, TG-101348 is 

known for its selectivity on JAK2 protein259–264. These three JAK inhibitors generally have 

distant networks both within the same cell line and across cell lines. The network pair 

which has the lowest separation score (-0.15) is A549-TG-101348 and A549-tofacitinib. 

TG-101348 and tofacitinib networks in A549 have 23 proteins in common besides the 

drug targets, and they are commonly enriched in Jak-STAT and Notch signaling pathways. 

Those in A375 are more separated (separation score is 0.40), and the only commonly 

enriched pathway is the Jak-STAT signaling pathway, while the A375-tofacitinib network 

differs with ErbB, mTOR, PI3K-Akt signaling pathways.  

The most distant networks are A375-tofacitinib and MCF7-ruxolitinib, with a separation 

score of 0.70. Ruxolitinib and tofacitinib modulate different cellular mechanisms, as it can 

be understood from that pairwise separation scores are always higher than 0.35. They are 

separated with a score of 0.68 in A375 and only share target proteins, JAK1 and JAK2. 

A375-Tofaticinib is differently enriched in Jak-STAT, ErbB, PI3K-Akt signaling 

pathways.  



55 

 

Network visualizations and associated pathway enrichments of JAK inhibitor drugs can 

be found in Figure 22. 

 

4.3.2.3. Analysis of Mechanism of Action: MEK inhibitors 

There are two MEK (mitogen-activated protein kinase kinase enzyme-MAPKK) inhibitor 

drugs, selumetinib and PD-0321901(Mirdametinib), both target MAP2K1. Selumetinib is 

an FDA approved drug. It was very recently approved in April 2020 for neurofibromatosis 

type I (NF1). NF1 is a genetic disorder of the nervous system in which tumors grow on 

nerves. Networks of four cell lines (A375, A549, YAPC, NPC) treated with selumetinib 

could be reconstructed. The most distant networks for selumetinib are those of A549 and 

YAPC, with a separation score of 0.40 (Figure 23A-B). A549-Selumetinib network is a 

small network and is not significantly enriched for any networks, while YAPC-

Selumetinib has several pathways enrichments covering critical signaling pathways. The 

lowest separation score (-0.05) came from A375 and YAPC (Figure 23C-D). A375-

Selumetinib network is differently enriched in mTOR signaling, B cell and T cell receptor 

signaling pathways, and choline metabolism in cancer pathway. In contrast, the YAPC-

Selumetinib network differs with Wnt, TGF-Beta, PI3K/Akt, cGMP-PKG, Jak-STAT, 

estrogen, prolactin, chemokine signaling pathways. They also share other signaling 

pathway enrichments such as TNF, MAPK, neurotrophin signaling pathways, 

transcriptional misregulation in cancer, etc. 

PD-0325901 completed Phase2 trials in 2019 for the same conditions as selumetinib. 

There are also studies for different cancer types such as non-small cell lung cancer and 

head and neck cancer265,266. Five cell line networks could be reconstructed for PD-

0325901: A375, A549, PC3, YAPC, NPC. Within these five networks, the most separated 

networks are of A549 and PC3 (separation score=0.44, Figure 24A), while the most 

similar networks are of YAPC and NPC (separation score=-0.27, Figure 24C). PC3 and 

YAPC networks are also distant from each other (separation score=0.43). PC3 and A549 

networks share neurotrophin and insulin signaling pathway enrichments. Although the 

PC3-PD0325901 network is small-sized, it is significantly enriched for several pathways 

such as cGMP-PKG, sphingolipid, FoxO, GnRH, MAPK, Fc epsilon RI, Ras, ErbB, 

cAMP, Rap1, VEGF, oxytocin, prolactin, chemokine, thyroid hormone signaling 

pathways. A549-PD-0325901 network is differently enriched than PC3 with AMPK and 

mTOR signaling pathways (Figure24 B). 
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Figure 22. Network pairs and their pathway enrichments a-b) A375-Tofacitinib and 

A375-Ruxolitinib c-d) PC3-Tofacitinib and PC3-Ruxolitinib e-f) A549-Tofacitinib and 

A549-TG-1010348 g-h) A375-Tofacitinib and A375-TG-1010348  
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When selumetinib and PD-0325901 networks are compared against each other, a high 

similarity is observed within the same cell lines. Still, networks of two drugs with different 

cell lines have separate networks. The separation scores between two drugs on the same 

cells reach up to -0.64 for YAPC. Comparison of selumetinib and PD-0325901 networks 

between the same and different cell lines suggest that selumetinib/PD-0325901 treatment 

modulates different mechanisms in different tumor types. However, there are consistent 

similarities between the two drugs for the same cancer types, which supports clinical 

studies.  

 

 

Figure 23. Network pairs and their pathway enrichments a-b) A549-Selumetinib and 

YAPC- Selumetinib c-d) A375- Selumetinib and YAPC- Selumetinib  
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Figure 24. Network pairs and their pathway enrichments a-b) A549-PD-0325901 and 

PC3-PD-0325901 c-d) YAPC-PD-0325901 and NPC-PD-0325901  

 

4.3.2.4. Analysis of Mechanism of Action: mTOR inhibitors 

Everolimus, sirolimus and OSI-027 are three mTOR drugs. Everolimus is marketed with 

different trade names for variable purposes. The primary usage is an immunosuppressant 

to prevent rejection of organ transplants and as an antitumor medication to treat renal cell 

cancer and other tumors. For example, it is used for breast cancer in combination with 

another drug, exemestane, in postmenopausal women267,268, and to treat certain advanced 

neuroendocrine tumors of pancreatic, gastrointestinal, or lung origin269–271. Networks for 
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A375 and A549 cell lines could be modeled for everolimus, and the separation score 

between them is -0.14. 

Sirolimus is known as rapamycin. It is a natural macrocyclic lactone produced by the 

bacterium Streptomyces hygroscopicus and used to prevent rejection (anti-rejection 

medicine) in people 13 years of age and older who have received a kidney transplant. 

Networks for five cancer cell lines (A375, A549, MCF7, PC3, YAPC) could be modeled 

for sirolimus. Separation scores between cell lines range between -0.45 to 0.45. A375 

network is very similar to the MCF7 network (separation score=-0.45) while the most 

distant network to A375 is the YAPC-sirolimus network (separation score=0.45).  

Phase I clinical trials of OSI-027 were completed in 2013 for the investigation on patients 

with advanced solid tumors or lymphoma. Its activity on pancreatic ductal 

adenocarcinoma as an inhibitor of cell proliferation has been shown in 272. OSI-027 has 

five cell line networks: A375, A549, MCF7, PC3, and YAPC. Separation scores of OSI-

027 networks between cell lines range from -0.50 (A375-PC3) to 0.35 (A375-YAPC).  

 

 

Figure 25. Network pairs (a) and their pathway enrichments (b) of A375-sirolimus and 

A375-OSI-027. (Larger figures can be found in Appendix E-Figure 17) 

 

Binary relationships between cell lines for sirolimus and OSI-027 have a high similarity 

as they are very similar drugs. In A375, sirolimus and OSI-027 networks have a high 

overlap (separation score=-0.56) with many common proteins (Figure 25A). Two 

networks share several signaling pathways: MAPK signaling, PI3K-Akt signaling, and 

cGMP-PKG signaling pathways. In contrast, the OSI-027 network differs with Hippo 
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signaling, Jak-STAT signaling pathways, and sirolimus is additionally enriched in Wnt 

signaling, ErbB signaling pathways, and some immunity-related pathways such as Toll-

like receptor signaling pathways (Figure 25B). 

 

4.3.3. Analysis of separation score calculation in terms of the difference between 

the network-based approach used in this thesis study against the list of seed 

proteins  

The method proposed by Menche et al.2015 only needs two sets of biomolecules and a 

reference network to calculate the separation scores244 when these two sets are mapped on 

the reference network. For this reason, two different applications of the method, network-

based, and lists of seed proteins, are used to construct separation score matrices and 

compare the efficiency of the approaches. The same reference interactome, iRefWeb 

v.13.0, is used in both.  

Seed protein lists prepared for the network reconstruction step of each cell line-drug 

condition are used in the direct application of separation score calculation. These seed 

proteins include transcription factors regulating significantly transcribed genes, 

significantly phosphorylated proteins, and drug targets. If a network-based approach were 

not applied in the study, the seed proteins would demonstrate the biological entities 

reflecting the outcome of drug perturbation on the given cell line. 

In the network-based application of separation score calculation, the proteins found in the 

reconstructed networks are used. These proteins may or may not include all the seed 

proteins as well as there may be additional Steiner proteins found via the PCSF algorithm. 

Even though the network reconstruction procedure starts with the seed proteins, the two 

sets used to calculate separation scores would differ due to the missing or additional 

proteins in the resulting networks. These differences may lead to different pairwise scores 

and different clustering patterns between conditions. That’s why separation scores 

between 236 conditions of cancer cell models are calculated to understand if the network-

based approach is advantageous. The networks reconstructed with NPC cell line, a non-

cancer cell model, are excluded from this analysis since it may create discrepancies in the 

clustering and mislead this analysis. 

Figure 26 includes the hierarchically clustered heatmaps of pairwise separation scores 

calculated by both applications. The network-based approach resulted in a small subset of 

cell line-drug conditions with overlapping networks (Figure 26A). On the other hand, 

using the seed proteins resulted in very similar scores such that most of the separation 

scores are in the negative range leading to the higher similarity between conditions (Figure 

26B). It is not expected for these 236 cell line-drug conditions to similarly modulate the 

same pathways due to the molecular heterogeneity. Therefore, the results collected with 

the direct application of the separation score calculation include higher false positives 

across cancer types and drugs. 
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The difference between the two approaches stems mainly from the Steiner nodes found in 

the networks. In the direct application, spurious and low-confidence interactions within 

the reference interactome may be used to find the shortest distances between proteins. In 

contrast, in the network-based application, PCSF finds an optimal network with high 

confidence interactions using Steiner nodes. The Steiner nodes have the potential to reflect 

the off-target effects of the drugs.  

To evaluate the performance of the method, ground truth is defined such that drugs with 

the same MoA would have similar outputs. The drug pairs having the same MoA and 

similar resulting networks are defined as true positives (TP); those having the same MoA 

and separated networks are defined as false negatives (FN). The drug pairs having 

different MoA and overlapping networks are defined as false positives (FP), and those 

having different MoA and separated networks are defined as true negatives (TN). The 

performance evaluation metrics are calculated for different separation score thresholds 

ranging from -1.0 to +1.0. Plots for performance evaluation can be found in Appendix B. 

Because the data is imbalanced (200 positive cases - pairs with same MoA, 6017 negative 

cases - pairs with different MoA), the best performance is found based on Matthew’s 

correlation coefficient (MCC).  

 

 

Figure 26. Separation score matrices depicting comparison between 236 cell line – drug 

conditions. a) separation score matrix of reconstructed networks and b) pairwise 

separation score matrix of seed protein lists 

 

The best performance of the network-based classification was achieved with the 

separation score threshold of -0.45 (precision=0.138, recall=0.400, accuracy=0.900, 



62 

 

sensitivity=0.400, specificity=0.917, TPR= 0.400, FPR=0.083, F1-score=0.205, and 

MCC=0.192). When the same threshold is used for the direct application to the seed 

proteins without network reconstruction, the performance is significantly low with many 

false positives (MCC=0.116 and FPR=0.358). As a result, integrative network modeling 

provides more stringent and biologically relevant results. 

 

4.3.4. Analysis of networks based on pathway enrichments 

NMFConsensus clustering was performed on the KEGG term matrix for k=2 to k=10. The 

cophenetic coefficients of the results are considered to decide which k gave the best result. 

Best cophenetic coefficients are observed for k=5 and k=7; 0.9789 and 0.9791, 

respectively. To select the most suitable clustering and understand the difference between 

five and seven clusters, two cases are individually compared against the networks with 

topologically overlapping structures (Table 8). The results of these five and seven clusters 

are given in Figure 27A-B. Given in Figure 27C that is a comparison of the k=5 case, 

cluster 5 mostly consists of overlapping networks such that 71 out of 92 networks have 

pairwisely negative separation score and the remaining 12 networks are distributed to the 

first four clusters. In the case of k=7, the results are more or less the same in terms of the 

coverage of overlapping networks. Again cluster 5 includes most of the topologically 

similar networks, while clusters 1, 6, and 7 do not include any. The similar networks 

coverages and cophenetic coefficients of two conditions (k=5 and k=7) are almost the 

same, and the results shown in Figure 27A-B show k=5 is more precise. Therefore, it is 

decided to continue the pathway-level comparison analysis with five clusters.  

 

 

Figure 27. NMFConsensus Clustering Results for k=5 and k=7. a) NMFConsensus output 

of five clusters b) NMFConsensus output of seven clusters c) Comparison of five clusters 

to the list of networks with negative pairwise separation scores (overlapping networks) d) 

Comparison of seven clusters to the list of networks with negative pairwise separation 

scores (overlapping networks) (Larger figures can be found in Appendix E-Figure 18-19) 
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Figure 28. Relationships between drug-cell line pair networks and their clusters a) 

Network representation of KEGG clusters with edges representing overlapping cell line-

drug pair networks. b) Heatmap of KEGG terms enriched in each cell line-drug pair 

network (KEGG terms on y-axis and cell line-drug pairs on x-axis). Networks are ordered 

by cluster number and by alphabetical order. (Larger figures can be found in Appendix E-

Figure 20-21) 

 

Pathway-level analysis of 250 networks revealed similar networks consistently with the 

topology-based analysis. 85% of topologically similar networks are found within the same 



64 

 

pathway-based cluster. A network illustration is produced in which networks are denoted 

as nodes. Pathway-based clusters are shown using different colors in nodes, the layout is 

specified to visualize pathway-based clusters separately, and topological similarity is 

reflected with edges. An edge is added between two networks if their separation score is 

lower than -0.20. In-cluster edges are reflected with solid gray lines, while between-cluster 

edges are reflected with dashed olive lines. Edge width refers to the separation scores 

between networks. (Figure 28A). Some cell line-drug pair networks do not have an edge 

to their corresponding cluster members while having a topological overlap between other 

cell line-drug pair networks included in another cluster. For example, A549-BIX-01294 

is included in Cluster 2, and it does not have any within-cluster edge. However, it is 

connected to A549-entinostat found in Cluster 1, which means they have a separation 

score lower than -0.20.  

Moreover, the KEGG terms enriched in each network are back-investigated by their 

associated cluster. The heatmap in Figure 28B shows the pathway enrichments. Clusters 

are grouped. The networks within each cluster are ordered alphabetically on the x-axis, 

and the KEGG terms are listed on the y-axis. By this analysis, it is possible to observe the 

signature pathways of the clusters. Cluster 1 and 2 are enriched in several pathways, so it 

is not possible to assign specific pathways as the signatures of clusters 1 and 2. On the 

other hand, cluster 3 is highly enriched in the pathway cell cycle. Cluster 4 shows a 

consistent enrichment for osteoclast differentiation. Finally, the signature pathways of 

cluster 5 that represent most of the overlapping networks are transcriptional misregulation 

in cancer, MAPK signaling, and osteoclast differentiation. Within cluster 5, A375 

networks show additional pathway enrichments such as prolactin, TNF, neurotrophin, and 

FoxO signaling pathways, and MCF7 networks show additional enrichments in cell cycle, 

thyroid hormone signaling pathways, and PC3 networks are additionally enriched in Wnt, 

AMPK, and cGMP-PKG signaling pathways.  

 

4.4. Application of Network-based Perturbed Cell Analysis to Combinatorial Drug 

Treatment 

 

Using two or more drugs as a combination is usually advantageous for disease treatment 

when the application of one drug continuously and/or with high dosages causes resistance, 

recurrence, and when the drug has adverse side-effects273–275. Cancer drugs usually cause 

resistance276,277 upon continuous administration, and they cause variable side-effects 

dependent on the drug mechanism of action, dosage, and some other factors such as 

genetic factors, administration route, etc278. Network-based investigation of omics data of 

perturbed cancer cells reveals the cellular mechanisms affected by the perturbation. 

Combinatorial drug therapy is an effective cancer treatment strategy to decrease the 

resistance and side effects of drugs. Two drugs may be efficient to deal with cancer when 

they modulate different pathways, which both have a relation with the disease. In terms 

of the separation score method, drugs to be used as a combination should affect a different 
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set of proteins leading to different drug modules, while these proteins should be close 

enough on the interactome to overlap with the disease module. This situation can be called 

as ‘attacking the disease from different sides’279,280. By the analysis of reconstructed 

networks of perturbed cells, drugs affecting disease-related different pathways could be 

inferred.  

Cheng et al., 2019 investigated the efficacy of drug combinations with the application 

separation score method on the drug and disease modules281. They characterized the drug 

module by the drug target proteins and the disease module by the disease proteins. Then 

they calculated the drug-drug and drug-disease separation to understand drug-drug-

disease interactions for experimentally validated efficient drug combinations. Out of six 

classes of drug-drug-disease interactions, they reported that one class shows correlation 

with therapeutic effects, which they called as ‘complementary exposure’. According to 

‘complementary exposure’, two drug modules are separated with a positive separation 

score, and each drug module has an overlap with the disease module (drug-disease 

modules have negative separation scores.). 

Using the experimentally validated cancer drug pair data they provided, the intersection 

with CMap data is extracted to further analyze in terms of perturbed networks in this study. 

There are four drug pairs both data commonly have, and these drug pairs could be 

analyzed for a total of seven cases such that some of the drug pairs have network 

information in different cell lines (Table 9). 

 

Tablo 9. FDA approved or experimentally validated drug combination cases  

Drug1 Drug2 Cell Line 

Alvocidib Vorinostat A375 

Alvocidib Vorinostat PC3 

Alvocidib Vemurafenib A375 

Vorinostat Vemurafenib A375 

Lenalidomide Dexamethasone A375 

Lenalidomide Dexamethasone A549 

Lenalidomide Dexamethasone PC3 

 

To be able to perform a similar analysis, drug and disease modules should be specified. 

As a general cancer drug combination analysis, cancer driver genes could be used as 

disease genes constituting the disease module. Cancer Genome Interpreter282 data is used 

to collect the cancer driver gene list.  The reconstructed networks constitute a subnetwork 

of cell line treated with the drug. Each cell line–drug network includes many hidden 

proteins and omic hits together with the drug targets and is a merged network of the drug 

module and a subnetwork of disease module. Therefore, the coverage of the cell line–drug 

networks is higher than the drug modules described in the above study281. This analysis is 

carried out with the idea that to be an effective drug combination, two cell line–drug 
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networks should have at least one cancer driver protein in common, and they should be 

topologically separated enough, including different cancer driver proteins (Figure 29A). 

The first case is the Alvocidib-Vorinostat pair in A375. Alvocidib is a CDK inhibitor, and 

vorinostat is an HDAC inhibitor drug. The networks of two drugs in A375 have a 

separation score of -0.09, the lowest score among the seven cases. Modulated pathways 

by each drug show a complementarity, with only cell cycle pathway being in common in 

both. A375-Alvocidib network is enriched in p53, FoxO, ErbB, PI3K-Akt, insulin, and T 

cell receptor signaling pathways, while the A375-Vorinostat network is enriched in 

MAPK, Wnt, Toll-like receptor, estrogen, notch, prolactin, and thyroid hormone signaling 

pathways (Figure 29B). These two networks have common cancer driver proteins (RB1, 

MAX, and BRD4) and other cancer driver proteins unique to each network (Figure 29C). 

The same drug pair shows a similar situation in PC3 cells such that their networks are 

separated with a score of 0.37, and they share one common cancer driver protein. 

Among all seven cases, the pairwise separation scores lie between -0.09 and 0.68. While 

the separation score gets closer to +1, the commonality decreases as expected. The number 

of common nodes between networks of drug pairs ranges from three to 16 proteins, and 

only one case does not involve a shared cancer driver protein (A375: Lenalidomide-

Dexamethasone, separation score:0.527). All seven cases consistently have topologically 

disjoint regions, including cancer driver proteins, and their pathway enrichments reveal 

different signaling pathways modulated.  

The complementary exposure concept and the above seven cases' criteria can be used as 

a guideline to predict new drug pairs. From 6,308 possible drug pairs for the same cell 

line, 1,441 drug pairs are rated with the following filtering: (i) the separation score 

between drug networks in the same cell line should be between 0.0 and 0.7; (ii) two 

networks shouldn’t share more than two modulated networks, and (iii) size of both 

networks should be larger than 40, and also the size of at least one network should be 

larger than 100. I-BET-762 and lenalidomide drug pair in the A375 cell line is rated first 

when all predictions are ordered with decreasing separation scores. Two networks (A375-

lenalidomide and A375-I-BET-762) have a separation score of 0.69, and there is no 

commonly modulated pathway. Lenalidomide network is enriched in several important 

pathways such as PI3K-Akt, ErbB, MAPK, Ras, Rap1, VEGF, and FoxO signaling 

pathways. In contrast, the I-BET-762 network is enriched in Jak-STAT signaling and 

transcriptional misregulation in cancer pathways (Figure 30A). Moreover, two networks 

have three proteins in common, and one out of these is a cancer driver protein (BRAF). 

The cancer driver proteins that are unique to each network are also shown in Figure 30B. 

Synergistic activities of BET inhibitors in combination with lenalidomide are shown in 

different studies of multiple myeloma283,284. Moreover, the combination of lenalidomide 

with CPI-203, a primary amide analog of (+)-JQ1 and having the same mechanism of 

action as I-BET-762, is shown effective to synergistically induce cell death in bortezomib-

resistant mantle cell lymphoma285. 

More examples within the highest ranked 100 drug pairs have evidence for effective drug 

combinations based on their MoAs. Three cases of those are geldanamycin and tofacitinib 
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(A375, separation score=0.66), trichostatin-a and tofacitinib (A375, separation 

score=0.56), and resveratrol and ginkgetin (PC3, separation score=0.53). Geldanamycin 

is an HSP inhibitor, and tofacitinib is a JAK inhibitor drug. HSP90 and JAK2 inhibition 

is shown to synergistically overcome resistance to JAK2-TKI in human 

myeloproliferative neoplasm cells286. Although tofacitinib is not selective for JAK2, its 

selective MoA counterpart, TG-101348, and geldanamycin pair is also found within the 

predicted drug pairs. The second example, trichostatin-a and tofacitinib, includes a 

combination of HDAC and JAK inhibition. HDAC and JAK dual inhibition has also been 

studied in several studies to improve treatment strategies287–290. Furthermore, resveratrol 

and ginkgetin combination against colorectal cancer is shown to synergistically suppress 

VEGF-induced angiogenesis291. A list of highest ranked first 100 predicted drug pairs can 

be found in Appendix C. 

 

 

Figure 29. Illustration of the network-based analysis of efficient drug combination a) 

Illustration of the hypothesized overlaps of drug and disease modules together with cell 

line-drug pair networks b) Signaling pathway enrichments of Alvocidib and Vorinostat 

networks on A375 c) Merged network maps of Alvocidib and Vorinostat treated A375 

cell lines and the subnetwork that includes cancer driver genes. Yellow nodes represent 

commonly found proteins in two cell line-drug pair networks, blue nodes represent 

proteins unique to the A375-Vorinostat network, and pink nodes represent proteins unique 

to the A375-Alvocidib network.  
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Figure 30. Illustration of the network-based analysis of predicted drug combination a) 

Merged network maps of Alvocidib and Vorinostat treated A375 cell lines and the 

subnetwork that includes cancer driver genes. Yellow nodes represent commonly found 

proteins in two cell line-drug pair networks, blue nodes represent proteins unique to the 

A375-I-BET-762 network, and pink nodes represent proteins unique to the A375-

Lenalidomide network. b) Signaling pathway enrichments of Lenalidomide and I-BET-

762 networks on A375 

 

4.5. Application of Network-based Perturbed Cell Analysis to Drug Sensitivity 

Analysis of Cell Lines 

 

Network-based analysis of perturbed cells can also be used for the investigation of drug 

sensitivity mechanisms. Drug sensitivity scores of five cancer cell lines are downloaded 

from the Genomics of Drug Sensitivity in Cancer (GDSC) Database292, which provides 

anti-cancer drug sensitivity information for more than 1000 genetically characterized 

human cancer cell lines. There are 30 common drugs in CMap P100 and GDSC datasets, 

and among those 30 drugs, four cell lines are significantly sensitive or resistant to only 

five drugs. The available cell line – drug conditions are as follows: 

• A375 is significantly sensitive to two drugs: PD-0325901 and CHIR-99021.  

The reconstructed networks include four cell line networks of PD-0325901 (A375, 

A549, PC3, and YAPC) and three cell line networks of CHIR-99021 (A375, 

MCF7 and PC3).  

• MCF7 is significantly sensitive to Trichostatin-a.  
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The reconstructed networks include three cell line networks of Trichostatin-a 

(MCF7, A375 and PC3). 

• PC3 is significantly resistant to Staurosporine. 

The reconstructed networks include four cell line networks of Staurosporine 

(A375, A549, MCF7 and PC3). 

• YAPC is significantly resistant to Dinaciclib. 

The reconstructed networks include five cell line networks of Dinaciclib (A375, 

A549, MCF7, PC3 and YAPC). 

For PD-0325901 (Mirdametinib), to which A375 cells are sensitive, several signaling 

pathways are observed as activated or inactivated depending on cancer cell type. PD-

0325901 is a selective MAP2K1 (MEK1) inhibitor that is directly related to cell 

proliferation. As MEK is in the middle of the RAS/RAF/MEK/ERK pathway, which is on 

the upstream of several cellular mechanisms for cell proliferation and cell survival, it is 

expected to have several pathways affected. The neurotrophin signaling pathway is 

enriched in all cells. However, cells differentiate from each other with some of the other 

signaling pathways. For example, PC3 cells differ with several pathways such as cGMP-

PKG, sphingolipid, Rap1, Ras, VEGF, Oxytocin, FoxO, and Fc epsilon RI signaling. 

Sphingolipid signaling is shown to be involved in the resistance of prostate cancer cell 

lines to antineoplastic drug treatment (z-score of PC3 is 1.95, very close to the resistance 

threshold)293. A549 cells are only enriched in mTOR signaling, insulin signaling, 

neurotrophin signaling, and AMPK signaling pathways. YAPC cells are also enriched in 

several pathways, but YAPC differs from other cells with Wnt signaling, TGF-beta 

signaling, Toll-like receptor, and TNF signaling pathways. MAPK signaling, mTOR 

signaling, GnRH signaling, ErbB signaling, insulin signaling, and cAMP signaling 

pathways are active in sensitive A375 cells (Figure 31A).  

CHIR-99021 is a glycogen synthase kinase 3 inhibitor targeting GSK3B. GSK3 is on the 

downstream of several signaling pathways such as Wnt, PI3K/Akt, growth factors, 

hedgehog, etc. It is known as a Wnt antagonist and is also involved in cell cycle regulation. 

Several studies show the relationship of GSK3B with neurodegeneration294, 

neurotransmission295, several neurological disorders296–298, prolactin signaling299, and 

TGF-beta induced differentiation300. These pathways are enriched in different cell lines. 

Sensitive A375 cells are enriched in the synaptic vesicle cycle, while MCF7 cells are 

enriched in Wnt signaling, and PC3 cells are enriched in prolactin and TGF-beta signaling 

pathways. Inhibition of GSK3B by CHIR-99021 may cause several pathways to be more 

active depending on the state of the cell. GSK3 inhibition also has a role in cell 

proliferation together with several growth factors, and this may be the reason for cell cycle 

and prolactin signaling pathways to be active in PC3 cells as it is shown that GSK3 

expression is increased in prostate cancer301. (Figure 31B) 

There are three networks to use for the comparison of Trichostatin-a (TSA): MCF7, A375, 

and PC3. Three cell lines differ from each other with active TGF-beta signaling pathway 

in MCF7, neurotrophin, estrogen, MAPK, and TNF signaling pathways in A375, and 

AMPK and JAK-STAT signaling pathways in PC3. TSA targets class I and class II 
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HDACs. Treatment with HDAC inhibitors is reported to restore TGF-beta signaling in 

breast cancer, so it is meaningful to observe the TGF-beta signaling pathway enriched in 

MCF7 cells302. Also, the transcriptomic profile of TSA treated SK-MEL-3 cells carrying 

BRAF mutation is examined in Mazzio et al., 2018303, and TSA is shown to down-regulate 

proteins in MAPK/MEK/BRAF pathway. (Figure 31C) 

Staurosporine is a broad spectrum, ATP competitive protein kinase inhibitor and a 

relatively nonspecific inhibitor of protein kinase C, targeting CHEK1, MARK3, PDPK1. 

PC3 is resistant to staurosporine and shows no significantly active signaling pathways, 

while A375 and A549 are enriched for the cell cycle, and MCF7 is enriched for the MAPK 

signaling pathway. 

Dinaciclib is a CDK inhibitor. It is shown to suppress tumor growth for several cancer 

types such as pancreatic cancer304, breast cancer305, ovarian cancer306, and thyroid 

cancer307. When we look into signaling pathways enriched in dinaciclib networks, YAPC 

is not enriched for the cell cycle compared to other cells. On the other hand, YAPC is 

highly enriched in the Wnt signaling pathway together with PC3. A375 differs from others 

with MAPK signaling pathway, and MCF7 differs with Jak-STAT and TGF-beta 

signaling pathways. Wnt signaling stimulates cell proliferation which in turn it is also 

related to cell cycle308. Some of the Wnt signaling pathway components are shown to be 

effective in apoptotic regulation309. As YAPC cells are resistant to dinaciclib, it may be 

expected for cell cycle regulation not to be active but for Wnt signaling to be active due 

to a side effect or another mechanism as discussed in Bryja et al.,2017308.  

The drug resistance of the cells may be affected by several cellular mechanisms, and it is 

not possible to directly infer resistance mechanisms from the reconstructed networks. On 

the other hand, the modulated pathways in drug-sensitive cancer cells may hint at the 

reasons leading to sensitivity. For this reason, analysis of the drugs that at least one cancer 

cell line is sensitive to (CHIR-99021, PD-0325901, and Trichostatin-a) is more feasible. 

However, there is no direct relationship between enriched pathways observed in sensitive 

cells across the enriched pathways observed in non-sensitive cells. Among the networks 

of three sensitive drug cases, Wnt signaling is not enriched in any networks of sensitive 

cell lines (MCF7-Trichostatin-a, A375-CHIR-99021, and A375-PD-0325901).  

The z-scores of cell lines are compared pairwisely against the separation score between 

the corresponding networks. An increasing separation score is observed in cases of CHIR-

99021 and PD-0325901 with the increasing delta z-score. The same condition is not valid 

for TSA since it is one of the drugs with highly overlapping networks across all cell lines 

(Figure 31D). Inspiring from the relationship of z-scores and separation scores in PD-

0325901 and CHIR-99021 cases, all possible data, including pairwise z-score differences 

and separation scores, is analyzed. Within 30 drugs with sensitivity data of cancer cell 

lines, those with reconstructed networks are collected, and those with one positive z-score 

and one negative z-score are filtered. Then the pairs with separation scores are lower than 

-0.45 are excluded to avoid the networks with highly overlapping topology. The regression 

analysis is performed with the remaining data, and a moderately positive correlation is 
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observed such that separation score increases with increasing delta z-scores (R=.29, p-

value=0.011) (Figure 31E). 

 

 

Figure 31. Analysis of drugs that cell lines are sensitive to. a-c) Signaling pathways 

enriched in drug networks per cell type: PD-0325901, Trichostatin-a, and CHIR-99021, 

respectively. d) Separation scores for network pairs of each drug in sensitive cell lines and 

non-sensitive cell lines versus drug sensitivity plot. Drugs are mapped with different 

shapes, and cell lines are mapped with different colors. e) Regression plot of pairwise 

separation scores and drug sensitivity score differences for conditions in which one drug 

of two cell line-drug pair networks has a negative z-score on its corresponding cell line 

and the other drug has a positive z-score on its corresponding cell line and in which the 

separation score is higher than -0.45.  (Larger figures can be found in Appendix E-Figure 

22-23) 
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CHAPTER 5 

 

 

DISCUSSION 

 

 

 

Drug classification studies hold an essential key for drug repurposing. There are a vast 

number of drugs used for cancer treatment strategies. When these drugs are classified 

according to known target molecules and/or mechanisms of action, they either constitute 

a small number of very crowded groups under main categories or a large number of groups 

with a minimal number of drugs due to highly detailed classification methods. If drugs are 

classified based on their chemical structures, they cannot be classified appropriately since 

most of them are derivatives of each other. Also, drug groups may change when the drug 

features used for the classification are changed310–314. The CMap P100 dataset is used to 

analyze the drug modulations on six cell lines in this study. P100 dataset includes 89 small 

molecule drug perturbations and one associated control treatment. After the statistical 

analysis of transcriptomics and phosphoproteomics data included in the P100 dataset, 

there were 70 significant drugs to study further. These 70 drugs were firstly classified 

according to two categories; their chemical structures and mechanisms of action (MoAs). 

For chemical structure-based classification, two metrics were used: (i) Tanimoto 

similarities and (ii) MACCS key distances. Tanimoto similarities didn’t discriminate 

between drugs, while MACCS key distances provided five drug clusters with variable 

sizes. MoA-based classification discriminated drugs into specific categories with clusters 

included one to five drugs. However, this kind of clustering does not still allow 

understanding the changes in transcriptomics or phosphoproteomics. Moreover, drugs 

may induce different mechanisms according to the tumor type and usually affect variable 

pathways leading to different phenotypes315–317. Therefore, it is not possible to predict the 

outcome of a drug by only using its chemical structure and MoA. 

Modulations lead by the perturbation on drug targets are not local since cells include 

complex interactions between molecules. The first inhibition/activation starting from the 

attack to drug target(s) diffuse to different locations within the cell and cause changes in 

the steady-state activities of several signaling pathways. The interplay between signaling 

pathways is also important in the total cellular effects of drugs. When the perturbation 

effects of drugs are investigated based on the activated/inactivated signal mechanisms, 

better resolution can be acquired for the classification of drugs, which helps find out 

similarly acting drugs on different cancer types. Protein-protein interaction subnetworks 
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of perturbed cell lines are reconstructed by integrating transcriptomic and 

phosphoproteomic data with drug targets using the Omics Integrator software to infer the 

similarly acting drug groups. Omics Integrator software takes a reference interactome to 

build networks. iRefWeb human interactome is used after some condition-specific filters 

are applied to decrease the false positives. Adamic/Adar link prediction method is 

performed to enrich the interactome for false negatives. The reconstructed cell line–drug 

networks include the hidden proteins besides the experimental hits. According to the 

topological similarity method used in this study, it is hypothesized that similarity between 

two networks on node level can reveal the shared cellular mechanisms. Reconstructed 

networks also allow understanding modulated pathways caused by drug perturbations.  

Topology-based and pathway-based comparison of the networks revealed that a subgroup 

of drugs modulates overlapped networks even though their chemical structure and MoA 

are different. A comparison of tacedinaline and geldanamycin networks on A375 is 

illustrated to show that drugs with different drug targets/MoAs may lead to overlapped 

networks and may affect common transcription factors responsible for similar phenotypes. 

Moreover, drugs with the same MoAs and targets modulate different pathways besides 

the common pathways, which differentiates these drugs from each other (i.e., sirolimus 

and OSI-027). It is shown that in A375, sirolimus modulates Wnt, cAMP, ErbB, and FoxO 

signaling pathways while the OSI-027 network is differently enriched in Jak-STAT and 

Hippo signaling. As well as effects of different drugs could be compared against each 

other in the same cell type, the effect of a drug in different cell types could also be 

compared. In this sense, tacedinaline networks in A375 and YAPC cell lines are examined, 

and pathway-level differences are listed. 

Four types of drug mechanisms of action categories are separately examined to understand 

both within cell lines and across cell lines differences of drugs with the same MoAs. In 

this context, networks of HDAC inhibitors, JAK inhibitors, MEK inhibitors, and mTOR 

inhibitors are analyzed. Both overlapping and distant network examples within the same 

MoA groups are visualized. Target selectivity is the primary determinant factor of network 

similarity. If two drugs are selective for different target proteins even though they are 

included in the same MoA group, their networks modulate different signaling pathways, 

leading to different cellular phenotypes.  For example, RGFP-966 is a selective HDAC3 

inhibitor, while Belinostat, vorinostat, Trichostatin-a are broad-spectrum HDACi drugs. 

Networks of broad-spectrum HDACi drugs have overlapping regions in most of the cell 

lines. However, RGFP-966 networks are distant from other HDACi drugs in the same cell 

lines and to each other across different cell lines.  

KEGG pathway enrichments of 250 networks are also used to compare cell line–drug 

conditions. Significant signaling pathways enriched in all networks are transformed into 

a matrix including zero if the network is not enriched in the KEGG term and -log10(p-

value) if the network is enriched in. This matrix is exposed to NMFConsensus clustering, 

and the signature pathways of each cluster are found out. One of the pathway-based 

clusters is highly consistent with the topologically overlapping network cluster. The 
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signature pathway of this cell line–drug cluster is transcriptional misregulation in cancer 

and TGF-beta and MAPK signaling pathways.  

Both topology- and pathway-based network analysis reveal several important pieces of 

information about the action mechanisms of drugs on different cell lines. Menche et 

al.,2015 reported molecular similarity of the diseases could be evaluated by the overlap of 

disease modules244. This approach is also applied to the assessment of drug pair efficacies 

for variable diseases281. In this study, the same topological similarity calculation method 

is used to check the consistency of drug-drug-disease relationships of the experimentally 

validated drug pairs with the networks reconstructed in this study. It is shown that 

reconstructed networks of perturbed cell lines are applicable to combinatorial drug 

prediction. Experimentally validated drug pairs constitute topologically separate networks 

with a little overlap consisting of at least one disease gene. There was a limited amount of 

drug pairs to evaluate the consistency; however, it is still clear that for two drugs to be 

used for the treatment of a disease, the perturbed networks should be distant enough to be 

able to target the disease with a complementary effect. Also, their enriched pathways show 

a complementarity in which each network is uniquely enriched in signaling pathways 

affecting the disease. Treatment strategies combining drugs are used to decrease adverse 

effects and prevent resistance to drugs318–321. Recently, a large combinatorial cell line 

screening dataset has been provided for the DREAM AstraZeneca-Sanger drug 

combination prediction challenge, which supports the studies to predict synergistic drug 

combinations322. Several machine learning or network-based approaches are applied 

within this challenge323–326. In this study, combinatorial drug pairs are predicted by the 

application of several filtering on the separation scores, enriched pathways, and the 

number of nodes. The approach of this study can be used to decrease the number of 

combinatorial drug predictions. It can be coupled with the combinatorial cell line 

screening dataset and learning-based methods to validate the treatment outcome of drug 

pairs. 

The second application of network-based analysis of drugs performed in this study is the 

analysis of cell lines in terms of drug sensitivities. Networks of three drugs that cell lines 

are significantly sensitive to are compared against the networks of the same drugs in 

different cell lines, and differences in pathway enrichments are illustrated. Moreover, 

sensitivity scores (z-score) of drugs are collected from GDSC292, and differences between 

z-scores are compared against separation scores of network pairs. Regression analysis 

revealed that separation score increases with the increase in the differences in z-scores.  

Overall, network reconstruction of cell line perturbation with the multi-omics integration 

holds a significant potential to find pharmacodynamic similarity of drugs, predict drug 

sensitivity and infer combinatorial drugs for cancer. This approach can be applied to both 

patient-specific data and variable disease conditions. 
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CHAPTER 6 

 

 

CONCLUSION 

 

 

 

Small molecule-targeted anti-cancer drugs constitute a large group of therapeutics in 

cancer since the first small molecule drug, imatinib, was approved by the US Food and 

Drug Administration (FDA) in 2001. Eighty-nine small-molecule targeted antitumor 

drugs have been approved by the US FDA and the National Medical Products 

Administration (NMPA) of China by the end of 2020, and many more are already in 

clinical trials. However, these drugs have some problems, such as drug resistance and low 

response rate327. To overcome these challenges in cancer therapy, understanding the 

molecular modulations resulting from small molecule perturbations of particular cell types 

is very important. With a proper classification of drugs based on their omic outputs, the 

desired activity within the cell in disease conditions can be achieved by the selection of 

the correct drug or drug combinations. There are studies aiming to prioritize small 

molecules for drug repurposing strategies328–330. For example, Lv et al. 2012328 used a 

mathematical model to incorporate breast cancer-related pathways collected using gene 

set enrichment analysis (GSEA) and small molecule-related pathways collected using 

transcriptomics data of small molecules applied on breast cancer cell lines. However, these 

kinds of studies do not involve omics relationships and are only applicable to a generalized 

understanding of small molecule actions in a specific cancer type. As biological systems 

have several molecular functions, including different bio-entity interactions, the use of 

variable omic data such as transcriptome, proteome, metabolome, and drug targetome 

becomes crucial in modeling the dynamics of perturbations. Therefore, this study aimed 

to reconstruct the most biologically relevant networks of drug-treated cell lines and use 

these networks for stratification of the effectiveness of the drugs at the network level 

beyond the list of altered molecules.  

250 protein-protein interaction networks are reconstructed in this thesis study from six 

cell lines and 70 drugs. First, all proteins observed in at least one network are collected, 

and the most frequent 100 proteins are analyzed for their molecular function, biological 

process, cellular compartment, and KEGG pathway enrichment. These functional 

annotations revealed that the proteins observed in networks are consistently related to 

cancer-related functions, and pathways, as expected since 236 out of 250 networks, are 

reconstructed from cancer cell lines. After, the separation score method is applied to build 
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network distance matrices of all pair comparisons and cell line-specific comparisons. 

Also, KEGG pathway enrichments of all networks are analyzed using DAVID source 

code246.  

Modulated subnetworks resulting from the small molecule perturbations of cell lines are 

reconstructed by integrating available transcriptomic and phosphoproteomic data with 

drug targetome and human interactome. The human interactome is modified such that a 

node similarity-based link prediction method enriched the interactome for false negatives, 

and some filtering was performed to decrease possible false positives. Rigorous topology 

and pathway level comparison of networks revealed several significant findings. First, 

chemically and functionally different drugs may modulate overlapping networks. Second, 

drugs targeting the same group of target proteins with different selectivity ratios may 

modulate distant networks. Third, network reconstruction with multi-omic integration 

helped reveal cell line and drug-specific hidden modulated pathways and the connection 

between them. Finally, the methodology used in this study can be applied to several drug-

disease interaction studies, such as combinatorial drug discovery and cell line sensitivity.  

Although the network-based analysis of small molecule perturbations of different cell 

lines revealed several important findings for discrimination of drugs with the same MoA 

and inference of cellular activity similarity of drugs with different chemical structures and 

functional properties, there were some limitations. Since cancer is a heterogeneous disease 

across the genetic background, tumor and tissue types, network reconstruction from 

cancer cell models does not entirely capture the expected outcomes of the small molecule 

on the given cancer type for all possible conditions. These findings only provide an insight 

into the similarities in drug modulations. The strength and direction of the modulation 

may change depending on the dosage and duration of the drug treatment and other factors 

related to the cellular states. 

For a more detailed condition-specific analysis, mutation profiles of cell lines can be 

incorporated. Moreover, a more stringent prize determination procedure can be 

performed. For example, target selectivity of drugs can be reflected in the prizes of 

proteins in the drug targetome for a more fine-tuned network reconstruction protocol. 

Furthermore, learning-based methods can be used to perform predictive analysis for the 

various application areas of network-based perturbation analyses, such as combinatorial 

drug treatment and cell line specificity. Combinatorial drug pairs predicted in this study 

(Appendix D) are proposed as a hypothesis such that given the modulation of each drug 

on the specific cancer types, they may have a synergistic effect to treat the disease; 

however, their actual combinatorial application to the same cancer cell line is not currently 

analyzed. The corresponding transcriptomic and phosphoproteomic data of combinatorial 

application of drug pairs should be further analyzed to have a more detailed investigation 

and get more accurate predictions. 
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APPENDIX A 

 

 

TABLE OF DATA INTEGRATION TOOLS SUMMARIZED IN SECTION 2.2.4 

 

 

Current summary of data integration tools (adapted from Huang et al.,2017 178) 

Name Data Type Output Statistical 

Method 

FS method Reference 

Joint NMF Multi-data Subset of genes 

(modules) 

MFA NA  172,179 

iCluster EXP, CNV Cluster MFA L1 penalty 180 

iCluster+ Multi-data Cluster MFA L1 penalty 181 

JIVE Multi-data Shared and 

unique factors 

MFA L1 penalty 182 

Joint Bayes 

Factor 

EXP, MET, 

CNV 

Shared and 

unique factors 

MFA Student-t 

sparseness 

promoting 

prior 

183 

ssCCA Sequence 

data 

Operational 

taxonomic 

unit and cluster 

CCA L1 penalty 169 

CCA sparse 

Group 

Two types 

of data 

Group of 

features with 

weights 

CCA L1 penalty 162 

sMBPLS Multi-data Group of 

features as 

modules 

PLS L1 penalty 157 

SNPLS EXP, drug 

response, 

gene 

network 

info. 

Gene-drug co-

module 

PLS Network-

based 

penalty 

184 

MDI Multi-data Cluster Bayesian NA 185 
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Prob_GBM EXP, CNV, 

miRNA, 

SNP 

Cluster Bayesian NA 186 

PSDF EXP, CNV Cluster Bayesian Binary 

indicator-

likelihood 

of feature 

187 

BCC EXP, MET, 

miRNA, 

proteomics 

Cluster Bayesian NA 188 

CONEXIC EXP, CNV Groups of genes 

associated with 

modulators 

Bayesian NA 175 

PARADIGM Multi-data Gene score and 

significance in 

each 

pathway 

pathway 

networks 

NA 189 

SNF EXP, MET, 

miRNA 

Cluster SNF NA 170 

Lemon-Tree EXP, 

CNV/miRN

A/ 

methyl  

Association 

network 

graphics 

module 

network 

NA 190 

rMKL-LPP Multi-data Cluster MKL Dimension 

reduction 

metric 

Locality 

Preserving 

Projections 

(LPP) 

171 

CNAmet EXP, MET, 

CNV 

Scores and p-

values 

of genes 

Multi-step 

analysis 

NA 191 

iPAC EXP, CNV Subset of genes Multi-step 

analysis 

Multiple 

filtering steps 

including 

common 

aberrant 

genes, in-cis 

correlation 

and 

in-trans 

functionality 

192 

ATHENA EXP, CNV, 

MET, 

miRNA 

Final model 

with 

patient index 

Grammati

cal 

Evolution 

Neural 

Networks 

21 
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Neural 

Networks 

(GENN) 

jActiveModul

es 

EXP, PPI, 

protein-

DNA 

interactions 

Subnetwork 

(network 

hotspots) 

Network 

simulated 

annealing 

NA 193 

Network 

Propagation 

Gene 

expression, 

mutation, 

PPI 

Propagated 

network 

relative to 

differential 

expression of 

gene 

Network NA 194 

SDP/SVM EXP, 

protein 

sequence, 

protein 

interactions

, 

hydropathy 

profile 

Linear classifier 

based 

on combination 

of 

kernels 

SDP/SVM Recommends 

CCA 

195 

FSMKL EXP, CNV, 

Clinic 

feature (ER 

status) 

Linear classifier 

based 

on combination 

of 

kernels 

MKL SimpleMKL 

(gradient 

descent 

method) 

196 

iBAG Multi-data Subset of genes Multi-step 

analysis 

Bayesian 197 

MCD MET, 

CNV, LoH 

Subset of genes Multi-step 

analysis 

NA 198 

Anduril EXP,MET, 

miRNA,exo

n, 

aCGH,SNP 

Comprehensive 

report 

Multi-step 

analysis 

NA 199 

GeneticInterPr

ed 

EXP, PPI, 

protein 

complex 

data 

Genetic 

interaction 

Labels 

Graph 

integratio

n 

NA 200 

Graph-based 

Learning 

EXP, CNV, 

MET, 

miRNA 

Patient scores 

for 

classification 

purpose 

Graph 

integratio

n 

NA 201 

CoxPath EXP, CNV, 

MET, 

miRNA 

Prognosis index 

for 

each patient 

Multi-step 

analysis 

L1 penalty 202 
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MKGI EXP, CNV, 

MET, 

miRNA 

Final model 

with 

patient index 

Grammati

cal 

Evolution 

Neural 

Networks 

(GENN) 

Neural 

Networks 

203 

FS Method: Feature Selection Method, 

EXP: Expression, 

CNV: Copy Number Variation, 

MET: DNA Methylation, 

SNP: Single Nucleotide Polymorphism, 

aCGH: Array Comparative Genomic Hybridization, 

PPI: Protein-Protein Interaction, 

LoH: Loss of Heterozygosity, 

MFA: Matrix factorization Analysis, 

CCA: Canonical Correlation Analysis, 

PLS: Partial Least Squares, 

SNF: Similarity Network Fusion 

MKL: Multiple-Kernel Learning 
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APPENDIX B 

 

 

 

TABLE OF SIGNIFICANCE THRESHOLDS USED FOR SEED PROTEIN 

PREPARATION AND THE NUMBER OF SEED PROTEINS COLLECTED IN 

ALL DRUG AND CELL LINE CONDITIONS WITHIN NETWORK 

RECONSTRUCTION PROTOCOL 

 

 

  A375 A549 MCF7 PC3 YAPC NPC 

DRUG L100

0 

thres

hold 

num

ber 

of 

seed 

prot

eins 

L100

0 

thres

hold 

num

ber 

of 

seed 

prot

eins 

L100

0 

thres

hold 

num

ber 

of 

seed 

prot

eins 

L100

0 

thres

hold 

num

ber 

of 

seed 

prot

eins 

L100

0 

thres

hold 

num

ber 

of 

seed 

prot

eins 

L100

0 

thres

hold 

num

ber 

of 

seed 

prot

eins 

4,5,6,7-

tetrabromobe

nzotriazole 

p<0.0

01 

63 p<0.0

1 

42 p<0.0

01 

79 p<0.0

1 

43 NA NA NA NA 

alpelisib p<0.0

01 

10 p<0.0

01 

29 NA NA p<0.0

1 

43 NA NA NA NA 

alvocidib p<0.0

01 

87 p<0.0

01 

86 p<0.0

01 

97 p<0.0

01 

73 p<0.0

01 

203 p<0.0

01 

93 

AR-A014418 p<0.0

01 

8 NA NA NA NA NA NA NA NA NA NA 

belinostat p<0.0

01 

168 p<0.0

01 

112 p<0.0

01 

214 p<0.0

01 

155 p<0.0

01 

208 NA NA 

BIX-01294 p<0.0

01 

152 p<0.0

01 

44 p<0.0

01 

190 p<0.0

01 

155 NA NA NA NA 

BIX-01338 p<0.0

01 

103 p<0.0

01 

37 p<0.0

01 

178 p<0.0

01 

153 NA NA NA NA 

BMS-345541 p<0.0

01 

14 p<0.0

1 

18 NA NA p<0.0

1 

34 NA NA NA NA 

CC-401 p<0.0

01 

21 p<0.0

01 

19 NA NA NA NA NA NA NA NA 

CHIR-99021 p<0.0

01 

35 NA NA p<0.0

01 

33 p<0.0

1 

45 NA NA NA NA 
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curcumin p<0.0

01 

70 p<0.0

05 

39 p<0.0

01 

61 p<0.0

1 

36 p<0.0

1 

30 NA NA 

decitabine p<0.0

01 

131 NA NA p<0.0

01 

161 p<0.0

01 

132 NA NA NA NA 

dexamethaso

ne 

p<0.0

01 

36 p<0.0

01 

31 p<0.0

05 

57 p<0.0

1 

27 NA NA NA NA 

dinaciclib p<0.0

01 

119 p<0.0

01 

86 p<0.0

01 

122 p<0.0

01 

100 p<0.0

01 

191 p<0.0

01 

136 

entinostat p<0.0

01 

170 p<0.0

01 

41 p<0.0

01 

209 p<0.0

01 

158 p<0.0

01 

79 NA NA 

epz004777 p<0.0

01 

130 p<0.0

01 

34 p<0.0

01 

152 p<0.0

01 

136 p<0.0

01 

43 NA NA 

EPZ-005687 p<0.0

01 

139 NA NA p<0.0

01 

181 p<0.0

01 

144 NA NA NA NA 

etoposide p<0.0

01 

104 p<0.0

05 

40 p<0.0

01 

67 p<0.0

1 

13 NA NA NA NA 

everolimus p<0.0

01 

25 p<0.0

05 

28 NA NA NA NA NA NA NA NA 

EX-527 p<0.0

01 

143 p<0.0

01 

49 p<0.0

01 

173 p<0.0

01 

110 NA NA NA NA 

exifone p<0.0

01 

47 NA NA NA NA p<0.0

1 

21 NA NA NA NA 

geldanamyci

n 

p<0.0

01 

171 p<0.0

01 

60 p<0.0

01 

172 p<0.0

01 

130 NA NA NA NA 

ginkgetin p<0.0

01 

49 NA NA p<0.0

01 

63 p<0.0

1 

31 NA NA NA NA 

GSK-J4 p<0.0

01 

150 NA NA p<0.0

01 

171 p<0.0

01 

153 NA NA NA NA 

I-BET-151 p<0.0

01 

126 p<0.0

01 

46 p<0.0

01 

140 p<0.0

01 

161 NA NA NA NA 

I-BET-762 p<0.0

01 

139 p<0.0

01 

36 p<0.0

01 

155 p<0.0

01 

140 NA NA NA NA 

IKK-

inhibitor-X 

p<0.0

01 

15 NA NA NA NA p<0.0

05 

35 NA NA p<0.0

05 

49 

IPI-145 p<0.0

01 

10 p<0.0

05 

23 NA NA NA NA NA NA NA NA 

JQ1-(+) p<0.0

01 

143 p<0.0

01 

64 p<0.0

01 

141 p<0.0

01 

153 NA NA NA NA 

KN-62 p<0.0

01 

30 p<0.0

05 

39 p<0.0

01 

38 p<0.0

5 

72 NA NA NA NA 

KN-93 p<0.0

01 

60 NA NA p<0.0

01 

55 p<0.0

1 

40 NA NA NA NA 

KU-55933 p<0.0

01 

41 NA NA NA NA p<0.0

5 

49 NA NA NA NA 
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lenalidomide p<0.0

01 

12 p<0.0

1 

24 NA NA p<0.0

1 

29 NA NA NA NA 

losmapimod p<0.0

01 

6 NA NA NA NA p<0.0

05 

29 NA NA NA NA 

LY-294002 p<0.0

01 

149 p<0.0

01 

67 p<0.0

01 

177 p<0.0

01 

159 p<0.0

01 

123 NA NA 

methylstat p<0.0

01 

158 p<0.0

05 

38 p<0.0

01 

147 p<0.0

01 

152 p<0.0

01 

162 NA NA 

niclosamide p<0.0

01 

62 p<0.0

01 

55 NA NA p<0.0

01 

53 NA NA NA NA 

nilotinib p<0.0

01 

11 p<0.0

05 

37 NA NA NA NA NA NA p<0.0

1 

21 

olaparib p<0.0

01 

59 NA NA p<0.0

01 

64 p<0.0

1 

20 NA NA NA NA 

OSI-027 p<0.0

01 

167 p<0.0

01 

56 p<0.0

01 

173 p<0.0

01 

147 p<0.0

01 

66 NA NA 

palbociclib p<0.0

01 

14 p<0.0

05 

19 NA NA p<0.0

05 

22 p<0.0

01 

65 p<0.0

05 

30 

pazopanib p<0.0

01 

32 p<0.0

01 

56 NA NA p<0.0

01 

63 NA NA p<0.0

01 

70 

PD-0325901 p<0.0

01 

26 p<0.0

05 

38 NA NA p<0.0

05 

20 p<0.0

01 

90 p<0.0

05 

52 

pravastatin p<0.0

01 

28 NA NA NA NA NA NA NA NA NA NA 

pyrazolanthr

one 

p<0.0

01 

31 NA NA NA NA p<0.0

05 

56 NA NA p<0.0

01 

40 

resveratrol p<0.0

01 

150 p<0.0

01 

62 p<0.0

01 

180 p<0.0

01 

148 NA NA NA NA 

RG-4733 p<0.0

01 

12 NA NA NA NA NA NA NA NA NA NA 

RGFP-966 p<0.0

01 

46 NA NA p<0.0

01 

32 p<0.0

1 

34 NA NA NA NA 

rolipram p<0.0

01 

39 p<0.0

05 

37 p<0.0

01 

49 p<0.0

1 

24 NA NA NA NA 

roscovitine p<0.0

01 

33 NA NA NA NA p<0.0

05 

35 NA NA NA NA 

ruxolitinib p<0.0

01 

43 NA NA p<0.0

01 

96 p<0.0

5 

44 NA NA NA NA 

salermide p<0.0

01 

153 p<0.0

01 

41 p<0.0

01 

159 p<0.0

01 

142 p<0.0

01 

62 NA NA 

selumetinib p<0.0

01 

41 p<0.0

05 

22 NA NA NA NA p<0.0

01 

105 p<0.0

05 

49 

semagacestat p<0.0

01 

52 p<0.0

05 

44 p<0.0

01 

73 p<0.0

1 

40 NA NA NA NA 
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sirolimus p<0.0

01 

151 p<0.0

01 

51 p<0.0

01 

177 p<0.0

01 

161 p<0.0

01 

56 NA NA 

sotrastaurin p<0.0

01 

60 p<0.0

05 

87 p<0.0

01 

75 p<0.0

05 

39 NA NA NA NA 

staurosporine p<0.0

01 

73 p<0.0

01 

120 p<0.0

01 

72 p<0.0

01 

64 NA NA p<0.0

01 

104 

tacedinaline p<0.0

01 

155 NA NA p<0.0

01 

183 p<0.0

01 

151 p<0.0

01 

47 NA NA 

tacrolimus p<0.0

01 

16 NA NA NA NA NA NA NA NA NA NA 

TG-101348 p<0.0

01 

56 p<0.0

05 

41 p<0.0

01 

71 NA NA NA NA p<0.0

01 

32 

tofacitinib p<0.0

05 

19 p<0.0

1 

40 NA NA p<0.0

1 

27 NA NA p<0.0

1 

21 

tretinoin p<0.0

01 

34 p<0.0

1 

41 p<0.0

01 

99 p<0.0

05 

43 p<0.0

01 

34 NA NA 

trichostatin-a p<0.0

01 

172 p<0.0

01 

80 p<0.0

01 

169 p<0.0

01 

168 NA NA NA NA 

UNC-0321 p<0.0

01 

154 NA NA p<0.0

01 

187 p<0.0

01 

162 p<0.0

05 

48 NA NA 

UNC-1215 p<0.0

01 

161 p<0.0

05 

59 p<0.0

01 

177 p<0.0

01 

160 NA NA NA NA 

VE-822 p<0.0

01 

14 p<0.0

1 

23 NA NA p<0.0

05 

32 NA NA NA NA 

vemurafenib p<0.0

01 

56 NA NA NA NA NA NA NA NA NA NA 

verteporfin p<0.0

01 

24 p<0.0

01 

42 NA NA p<0.0

01 

55 NA NA p<0.0

05 

42 

vorinostat p<0.0

01 

28 NA NA NA NA p<0.0

01 

31 NA NA p<0.0

01 

31 

zebularine p<0.0

01 

117 NA NA p<0.0

01 

179 p<0.0

01 

156 p<0.0

05 

57 NA NA 

 

 

 

  



115 

 

 

 

APPENDIX C 

 

 

 

SUMMARY OF TOPOLOGICAL PROPERTIES OF RECONSTRUCTED 

NETWORKS PER CELL LINE 

 

 

 

Appendix C – Figure 1. The topological properties of cell line networks: Number of 

nodes, number of edges, average degree, average shortest path length, diameter and 

density. 
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Appendix C – Figure 2. Distribution of separation scores based on network pair types. 
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COMPARISON OF NETWORK SEPARATION AGAINST LITERATURE-

CURATED MECHANISM OF ACTIONS OF DRUGS 

 

 

 

Drug pairs with same MoA and having overlapped networks are defined as true positives 

(TP), those with same MoA and having separate networks are defined as false negatives 

(FN), those with different MoA and having overlapped networks are defined as false 

positives (FP) and those with different MoA and having separate networks are defined as 

true negatives (TN). Separation scores lie between -1.0 and 1.0. 

 

 

Appendix C – Figure 3. ROC curve of reconstructed networks based on literature-

curated MoAs. 
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Appendix C – Figure 4. Precision – Recall curve for separation scores of network 

pairs.  

 

 

Appendix C – Figure 5. Accuracy curve of reconstructed networks based on 

literature-curated MoAs.  



119 

 

 

 

APPENDIX D 

 

 

TABLE OF HIGHEST RANKED FIRST 100 PREDICTED DRUG PAIRS 

 

 

 

Drug1 Drug2 Cell Separation Score 

I-BET-762 lenalidomide A375 0.69 

salermide lenalidomide A375 0.68 

rolipram sirolimus A549 0.67 

geldanamycin lenalidomide A375 0.67 

geldanamycin tofacitinib A375 0.66 

BIX-01338 sotrastaurin PC3 0.65 

BIX-01338 semagacestat PC3 0.65 

methylstat lenalidomide A375 0.65 

BIX-01294 tofacitinib A375 0.64 

BIX-01338 exifone PC3 0.63 

JQ1 tofacitinib A375 0.63 

curcumin tofacitinib A375 0.62 

BIX-01294 ginkgetin PC3 0.62 

OSI-027 curcumin A549 0.62 

UNC-1215 lenalidomide A375 0.62 

ruxolitinib roscovitine A375 0.61 

rolipram OSI-027 A549 0.61 

staurosporine lenalidomide A375 0.60 

BIX-01294 IKK-inhibitor-X A375 0.59 

zebularine pravastatin A375 0.59 
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dexamethasone sirolimus A549 0.59 

sirolimus pravastatin A375 0.59 

curcumin lenalidomide A375 0.59 

tacedinaline rolipram A375 0.58 

BIX-01294 pravastatin A375 0.58 

salermide tofacitinib A375 0.58 

tacedinaline tofacitinib A375 0.58 

methylstat ginkgetin PC3 0.58 

UNC-1215 ginkgetin PC3 0.57 

semagacestat sirolimus A549 0.57 

JQ1 ginkgetin PC3 0.57 

UNC-1215 tofacitinib A375 0.57 

salermide ginkgetin PC3 0.57 

alvocidib curcumin YAPC 0.56 

trichostatin-a tofacitinib A375 0.56 

BIX-01294 verteporfin A375 0.56 

epz004777 ginkgetin PC3 0.56 

UNC-0321 pravastatin A375 0.56 

entinostat tofacitinib A375 0.56 

exifone lenalidomide A375 0.56 

I-BET-762 tofacitinib A375 0.56 

OSI-027 pravastatin A375 0.56 

geldanamycin IKK-inhibitor-X A375 0.55 

methylstat curcumin YAPC 0.55 

dinaciclib curcumin YAPC 0.55 

UNC-0321 rolipram A375 0.55 

belinostat ginkgetin PC3 0.55 

tretinoin sirolimus A549 0.55 

I-BET-151 tofacitinib A375 0.55 
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BIX-01294 exifone PC3 0.55 

zebularine ginkgetin PC3 0.55 

BIX-01338 curcumin PC3 0.55 

GSK-J4 tofacitinib A375 0.54 

BIX-01294 rolipram A375 0.54 

tretinoin OSI-027 A549 0.54 

zebularine rolipram A375 0.54 

LY-294002 ginkgetin PC3 0.54 

epz004777 rolipram A375 0.54 

trichostatin-a lenalidomide PC3 0.54 

JQ1 pravastatin A375 0.54 

OSI-027 IKK-inhibitor-X A375 0.54 

I-BET-151 ginkgetin PC3 0.53 

resveratrol ginkgetin PC3 0.53 

UNC-0321 lenalidomide PC3 0.53 

sirolimus KN-62 A549 0.53 

etoposide tofacitinib A375 0.53 

LY-294002 exifone PC3 0.53 

epz004777 pravastatin A375 0.53 

salermide exifone PC3 0.53 

JQ1 exifone PC3 0.52 

LY-294002 pravastatin A375 0.52 

UNC-1215 semagacestat PC3 0.52 

salermide IKK-inhibitor-X A375 0.52 

tacedinaline ginkgetin PC3 0.52 

exifone pazopanib A375 0.52 

staurosporine lenalidomide PC3 0.52 

BIX-01294 sotrastaurin PC3 0.52 

epz004777 IKK-inhibitor-X A375 0.52 
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UNC-0321 verteporfin A375 0.52 

zebularine exifone PC3 0.52 

OSI-027 ginkgetin PC3 0.52 

belinostat tofacitinib A375 0.52 

geldanamycin ginkgetin PC3 0.52 

UNC-1215 BMS-345541 PC3 0.52 

GSK-J4 ginkgetin PC3 0.51 

UNC-0321 ginkgetin PC3 0.51 

roscovitine lenalidomide A375 0.51 

olaparib tofacitinib A375 0.51 

BIX-01338 lenalidomide PC3 0.51 

salermide lenalidomide PC3 0.51 

salermide verteporfin A375 0.50 

UNC-1215 lenalidomide PC3 0.50 

UNC-1215 pravastatin A375 0.50 

trichostatin-a ginkgetin PC3 0.50 

trichostatin-a sotrastaurin PC3 0.50 

decitabine ginkgetin PC3 0.50 

etoposide pravastatin A375 0.50 

JQ1 IKK-inhibitor-X A375 0.50 

UNC-1215 sotrastaurin PC3 0.50 
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APPENDIX E 

 

 

FIGURES THAT ARE NOT LEGIBLE IN THE MAIN TEXT   

 

 

 

Appendix E- Figure 1. Tanimoto similarities of 70 small molecule drugs 
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Appendix E- Figure 2. MACCS key distances of 70 small molecule drugs 
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Appendix E- Figure 4. Functional analysis of mostly found 100 proteins – Molecular 

function enrichments  
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Appendix E- Figure 5. Functional analysis of mostly found 100 proteins – Biological 

process enrichments  
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Appendix E- Figure 6. Functional analysis of mostly found 100 proteins – KEGG 

pathway enrichments  

 

 

Appendix E- Figure 7. Functional analysis of mostly found 100 proteins – Cellular 

compartment enrichments 
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Appendix E- Figure 8. Separation score matrix of A375  
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Appendix E- Figure 9. Separation score matrix of PC3  
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Appendix E- Figure 10. Separation score matrix of MCF7  
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Appendix E- Figure 11. Separation score matrix of YAPC  

 

 

Appendix E- Figure 12. Separation score matrix of NPC  
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Appendix E- Figure 13. Separation score matrix of A549 
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Appendix E- Figure 14. Color code of the separation score matrices  
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Appendix E- Figure 15. Merged network of two cell line – drug conditions and their 

associated pathway enrichments a-b) PC3-RGFP-966 and A275-Trichostatin-a  
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Appendix E- Figure 16. Merged network of two cell line – drug conditions and their 

associated pathway enrichments c-d) PC3-RGFP-966 and A375-Tacedinaline  
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Appendix E- Figure 17. Network pairs (a) and their pathway enrichments (b) of A375-

sirolimus and A375-OSI-027.  
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Appendix E- Figure 18. NMFConsensus Clustering Results for k=5 a) NMFConsensus 

output of five clusters c) Comparison of five clusters to the list of networks with negative 

pairwise separation scores (overlapping networks)  
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Appendix E- Figure 19. NMFConsensus Clustering Results for k=7. b) NMFConsensus 

output of seven clusters d) Comparison of seven clusters to the list of networks with 

negative pairwise separation scores (overlapping networks) 

 



140 

 

 

 A
p

p
en

d
ix

 E
- 

F
ig

u
re

 2
0
. 
R

el
at

io
n
sh

ip
s 

b
et

w
ee

n
 d

ru
g

-c
el

l 
li

n
e 

p
ai

r 
n
et

w
o
rk

s 
an

d
 t

h
ei

r 
cl

u
st

er
s 

a
) 

N
et

w
o
rk

 r
ep

re
se

n
ta

ti
o
n

 

o
f 

K
E

G
G

 c
lu

st
er

s 
w

it
h
 e

d
g
es

 r
ep

re
se

n
ti

n
g
 o

v
er

la
p
p
in

g
 c

el
l 

li
n
e-

d
ru

g
 p

ai
r 

n
et

w
o
rk

s.
  



141 

 

 

A
p

p
en

d
ix

 E
- 

F
ig

u
re

 2
1
. 
A

n
al

y
si

s 
o
f 

p
at

h
w

ay
-b

as
ed

 c
lu

st
er

s 
b

) 
H

ea
tm

ap
 o

f 
K

E
G

G
 t

er
m

s 
en

ri
ch

ed
 i

n
 e

ac
h

 c
el

l 
li

n
e-

d
ru

g
 

p
ai

r 
n
et

w
o
rk

 (
K

E
G

G
 t

er
m

s 
o
n

 y
-a

x
is

 a
n
d
 c

el
l 

li
n
e-

d
ru

g
 p

ai
rs

 o
n
 x

-a
x
is

).
 N

et
w

o
rk

s 
ar

e 
o

rd
er

ed
 b

y
 c

lu
st

er
 n

u
m

b
er

 a
n
d
 b

y
 

al
p
h
ab

et
ic

al
 o

rd
er

. 
 

 



142 

 

 

Appendix E- Figure 22. Analysis of drugs that cell lines are sensitive to. a-c) Signaling 

pathways enriched in drug networks per cell type: PD-0325901, Trichostatin-a, and 

CHIR-99021, respectively.  
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Appendix E- Figure 23. Analysis of drugs that cell lines are sensitive to. d) Separation 

scores for network pairs of each drug in sensitive cell lines and non-sensitive cell lines 

versus drug sensitivity plot. Drugs are mapped with different shapes, and cell lines are 

mapped with different colors. e) Regression plot of pairwise separation scores and drug 

sensitivity score differences for conditions in which one drug of two cell line-drug pair 

networks has a negative z-score on its corresponding cell line and the other drug has a 

positive z-score on its corresponding cell line and in which the separation score is higher 

than -0.45.   
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