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ABSTRACT 
 

Genomics-based drug discovery utilizing sequencing data for elucidation of candidate targets 
has led to the development of a number of successful treatments in the last decades. However, 
the molecular driver signals for many complex diseases cannot be easily derived from genome 
sequencing. Functional profiling studies, such as those involving the detection of protein 
interaction networks or the effects of perturbations with small molecules or siRNAs on 
cellular phenotypes, offer a complementary approach for the identification of molecular 
vulnerabilities that can be exploited in the development of new treatment strategies. The goal 
of this thesis was to develop computational systems biology methods for supporting such 
functional endeavors, and through their application use cases, to elucidate novel disease driver 
signals in cancer and Alzheimer’s disease networks. 
 
The availability of functional profiling data (such as biochemical target selectivity 
information or efficacy readouts) for numerous small molecule compounds has enabled 
building interaction network models to predict cancer addictions i.e. genes that are essential 
for disease progression but are not necessarily mutated. In this work, network-based 
computational methods (such as kinase inhibition sensitivity score – KISS) were developed to 
infer disease addictions (either single genes or sub-networks) using functional data from high-
throughput drug sensitivity screens, and applied in breast cancer cell lines. Further extension 
of the KISS method, named combinatorial KISS, was introduced as a novel approach to 
predict synergistic drug combinations and their underlying co-essential target pairs. 
 
Driver deconvolution from drug response profiles relies on extensive and reliable drug-target 
interaction networks. Therefore, a systematic evaluation of target selectivity profiles was 
performed among recently published large-scale biochemical assays of kinase inhibitors, 
combined with data reported in the drug-target databases ChEMBL and STITCH. Our 
comparative evaluation revealed relative benefits and potential limitations among various 
bioactivity types, including IC50, Ki, and Kd. To make better use of the complementary 
information captured by the various bioactivity types, we developed a model-based 
integration approach, termed KIBA, and demonstrated how it can be used to classify kinase 
inhibitor targets. As a result, we created kinome-level, quantitative drug–target interaction 
network for further modeling studies. 
 
Besides the analysis of drug responses, another way to find novel disease drivers or molecular 
vulnerabilities is to explore the interaction partners of known oncogenes, since the existence 
of a protein-protein interaction suggests their involvement in the same biological pathway and 
thereby in the same biological process. However, one of the major challenges in the protein-
protein interaction screens is the identification of functionally relevant interactions from the 
long hit list, in particular when their functional annotations are missing. This motivated the 
development of Relevance Rank Platform (RRP) approach that can suggest the candidate 
proteins from the high throughput screens that most likely contribute to the function of the 
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bait protein. The method predicts functionally similar candidate interactors regardless of 
either the reliability of the mass spectrometry-based identification, or the knowledge of the 
biological function of the putative interactor. RRP was applied and validated in PIN1 
(Peptidyl-prolyl cis-trans isomerase NIMA-interacting 1) and PME-1 (Protein Phosphatase 
Methylesterase 1) interaction networks in prostate cancer. 
 
Finally, we carried out functional comparison of nitrosylated proteins in the brain 
synaptosomes of Alzheimer’s disease (AD) mouse models and their healthy controls, with the 
aim to reveal the disease processes in which this posttranslational modification plays a role. 
We also elucidated the amyloid precursor protein (APP) - centered Alzheimer’s disease 
network of differentially nitrosylated proteins that are likely to be implicated in this 
neurological disorder. Taken together, this thesis work introduces novel experimental-
computational strategies for the deconvolution or prioritization of potential disease drivers, 
either single proteins or their subnetworks. These methods are applicable to various cell lines 
or patient-derived samples. They can provide directly druggable therapeutic targets for 
personalized treatment applications and may be used in the development of novel therapeutic 
options. 
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1. INTRODUCTION 
 

The advances in DNA sequencing technologies have led to a massive growth of data 
describing the genomic aberrations implicated in complex diseases such as cancers. As a 
result, thousands of mutations of various types have been identified and associated with 
clinical phenotypes (Campbell et al., 2008; Forbes et al., 2008; Stephens et al., 2009). 
Mutations shown to be causative of a given disease have typically been referred to as disease 
drivers, as opposed to the passengers, i.e., mutations without causative effect (Bozic et al., 
2010). Translation of such sequencing-based findings into clinically actionable drug targets 
presents several challenges related to the extensive heterogeneity of the cancer samples and 
the possibility of changing roles of driver and passenger mutations during disease progression 
(Garraway and Lander, 2013; Vandin et al., 2012). In addition, the development of treatment 
resistance due to compensatory signals highlights the need for combinatorial treatments (Al-
Lazikani et al., 2012). The translation is further complicated by the fact that many of the 
genetic aberrations are not clinically actionable due to the lack of existing drugs or they may 
be difficult to modulate by a small molecule. A good example of such genomic driver is RAS 
gene whose mutations have been found in many cancers, while its therapeutic targeting 
continues to be a significant challenge (Cox et al., 2014). Thus, it has become evident that the 
knowledge of DNA sequence must be complemented with functional studies to enable 
effective translation into new therapeutic strategies.  

Functional and phenotypic profiling of disease samples has become widely used in recent 
years. These profiling efforts involve the investigation of cellular response following a 
perturbation by small chemical molecules or siRNAs as well as experimental or in silico 
mapping of protein-protein and drug-target interactions (Ba-alawi et al., 2016; Barretina et al., 
2012; Brough et al., 2011). Personalized medicine programs have started offering high 
throughput drug sensitivity and resistance testing for rapid identification of effective 
compounds in patient samples (Pemovska et al., 2013). The availability of these data provides 
an opportunity for the development of novel approaches for disease driver identification, 
complementary to those based on DNA sequencing. In addition, computational methods for 
predicting effective combinations of drugs or co-essential targets for a given disease are 
necessary because experimental testing of all possible pairs is laborious and expensive even in 
automated high-throughput settings. Therefore, the goal of this thesis was to develop 
computational systems biology strategies to address these needs and to elucidate essential 
disease drivers from functional studies. The definition of a disease driver in the context of this 
thesis is broader from the one described above, because it does not imply the existence of a 
genomic mutation. Here, disease drivers are equivalent to signal addictions i.e. molecular 
vulnerabilities essential for the disease process and inferred from functional profiling data. 
Since driver signal deconvolution from high throughput compound response screens requires 
the knowledge of targeted proteins, we also aimed to compare and integrate the available 
small molecule selectivity profiles in order to elucidate the relevant compound-target 
interactions. 
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It is important to remember that cellular phenotypes, including disease phenotypes, are 
ultimately established at the protein level, even if they have genetic basis (Lage, 2014). For 
example, DNA sequencing does not capture posttranslational modifications or protein 
degradation. Moreover, it does not tell if and how a mutation affects the protein function, how 
it impacts the protein interaction networks and re-wires the signal flow. On the road from 
genotype to phenotypes, it is the protein signaling that ultimately determine the phenotype 
(Sevimoglu and Arga, 2014). Protein interaction networks are thus crucial cellular effectors 
and the link between genotype and phenotype. Therefore, deciphering the interactomes of 
disease drivers may provide additional layer of information for better understanding of their 
function and how they could be modulated (Yi et al., 2017). These networks are, however, 
tissue and disease-specific and highly dynamic (Yeger-Lotem and Sharan, 2015). This 
presents a challenge in the translation of the existing knowledge of protein interactomes, 
because not all known interactions of a disease driver are indeed functionally relevant for a 
particular biological question (Yeger-Lotem and Sharan, 2015). Therefore, we aimed to 
develop a method that may assess functional relevance of protein interaction networks. As a 
case study, we chose proteins that play a part in cancer and we focused on predicting the 
interactors whose function would be relevant for this oncogenic role. Taken together, the 
systems biology strategies presented in this work will contribute to the elucidation of single 
and combinatorial disease drivers as well as relevant drug-target and protein-protein 
interactions. These methods may become valuable in the translation of the functional profiling 
data into novel therapeutic options and, through their application use cases, they may improve 
the understanding of complex diseases such as cancer or Alzheimer’s disease.  

  



12 
 

2. REVIEW OF LITERATURE 
 

The focus of this work was to develop integrative data analysis methods aiming at the 
identification of disease drivers and their underlying networks. As input for this analysis we 
used data from various high throughput profiling experiments obtained from publically 
available databases or generated by our collaborators. These included readouts from chemical 
and genetic perturbation screening, compound-target selectivity profiling as well as mass 
spectrometry–derived protein-protein interactions and posttranslational modifications. In this 
literature review I will first briefly introduce the concept of disease drivers and the typical 
approaches for their identification. Next, I will give an overview of the experimental methods 
used to generate the data that served as input for the subsequent bioinformatic identification 
of disease drivers in this work. Finally, I will provide a general description of the diseases that 
were used in our method application case studies. 

2.1. Methods for the identification of disease drivers (II, III) 
Identification of cancer driver genes has typically involved next generation sequencing 
(NGS)-based genomic studies (Wood et al., 2007; Vogelstein et al., 2013). The advances in 
DNA sequencing technologies have enabled rapid identification of the spectrum of genetic 
changes in cancer genomes, where hundreds or thousands of various types of mutations are 
often found (Jones et al., 2008; Sjöblom et al., 2006). However, only a small portion of these 
mutations has a functional (or causative) effect, providing a selective growth advantage to the 
cancer cell and is therefore positively selected in a mixed cell population (Carter et al., 2009; 
Vogelstein et al., 2013). In order to elucidate the molecular mechanisms behind cancer 
development, which could be used as diagnostic markers or therapeutic targets, these so-
called driver mutations need to be distinguished from the passengers, i.e., the non-causative 
sequence variants that do not contribute to the cancer development (Stratton et al., 2009). In 
the last decade, various methods have been developed to differentiate between driver and 
passenger somatic mutations revealed from large-scale cancer genome sequencing data (Gnad 
et al., 2013). Some of the statistical approaches focus on comparing the frequencies of 
mutations found in cancer samples, assuming that the driver genes tend to be mutated more 
often than passengers in cancer cells. Examples of implementation of this type of approach 
include CancerMutationAnalysis R package (Parmigiani et al., 2014) and Mutsig (for 
‘Mutation Significance’) (Lawrence et al., 2013). 
 
Other computational predictive methods for distinguishing drivers from passengers are based 
on machine learning (for example CHASM (Carter et al., 2009; Wong et al., 2011), Polyphen-
2 (Adzhubei et al., 2013), SNAP (Bromberg and Rost, 2007) or on assessment of functional 
impact of mutations (for example TransFIC (Gonzalez-Perez et al., 2012) or Oncodrive-fm 
(Gonzalez-Perez and Lopez-Bigas, 2012)). However, comparative analysis of these 
approaches has revealed significant differences in their prediction results (Gnad et al., 2013). 
Moreover, these approaches are challenged by the possibility of changing roles of driver and 
passenger mutations during tumor progression, among several other drawbacks (Garraway 
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and Lander, 2013; Raphael et al., 2014; Vandin et al., 2012). In particular, they may often 
pinpoint drivers that are not druggable or clinically actionable, if there are no targeting drugs 
available. It is also known that many apparent driver mutations do not link to addictions to the 
function of the gene products. Moreover, genes not altered at the genomic level may also play 
essential role in the disease progression (Pe’er and Hacohen, 2011). Translation of such 
genomic findings into therapeutic strategies is further complicated by extensive mutational 
heterogeneity both between different individuals diagnosed with the same cancer and within a 
given tumor (Vandin et al., 2012). Further, the functional importance and physiological impact 
of the majority of cancer genetic alterations is unclear (Akavia et al., 2010). All these issues 
highlight the need for the development of complementary, functional approaches for disease 
driver identification. 
 

2.2. Oncogene addiction and other molecular vulnerabilities in cancer (II) 
In cancer the presence of oncogenic driver mutations not only allows for malignant 
transformation but also supports the survival of established tumours (Luo and Lam, 2013). 
This leads to a phenomenon called ‘oncogene addiction’, in which tumor cells survival and 
growth is dependent on an activated mutant oncogene or an inactivated tumor suppressor (Yan 
et al., 2011). Consequently, despite the numerous genetic and epigenetic abnormalities 
accumulated in cancer cell, the reversal of only one or a few of them can have significant 
therapeutic benefits (Torti and Trusolino, 2011; Weinstein and Joe, 2008). The concept of 
oncogene addition has become the basic rationale for the development of targeted therapies 
for cancer treatment (Torti and Trusolino, 2011; Weinstein and Joe, 2006; Yan et al., 2011).  

However, the clinical targeting of mutated cancer drivers is often hampered by clonal 
heterogeneity and mutational evolution of cancer cells that ultimately leads to treatment 
resistance (Bozic et al., 2014; Shah et al., 2012; Torti and Trusolino, 2011). The difficulties in 
clinical translation of oncogenetic driver mutations resulted in the search for other molecular 
vulnerabilities that can be exploited by new therapies (Luo et al., 2009). In particular, the 
proper functioning of non-mutated genes has been shown to be critical for maintaining the 
malignant phenotype (Bradner et al., 2017; Chen et al., 2010; Freije et al., 2011). This 
phenomenon called non-oncogene addiction involves the dependency of cancer cells on the 
activities of a wide variety of genes and pathways, many of which are not inherently 
oncogenic themselves (Solimini et al., 2007). Importantly, these genes and pathways are 
essential to enhance cancer survival but are not required to the same degree for the viability of 
normal cells (Luo et al., 2009). Detection of such addictions or molecular vulnerabilities 
usually involves siRNA or CRISPR- based gene knock-downs and is often referred to as gene 
essentiality screening (Brough et al., 2011; Cheung et al., 2011; Tsherniak et al., 2017; Wang 
et al., 2017).  

Non-oncogene addiction can arise as a result of synthetic lethal relations (Nagel et al., 2016). 
Synthetic lethality is an extreme case of genetic interaction in which two single gene 
perturbations that individually cause no changes in phenotype are lethal in combination 
(O’Neil et al., 2017). This concept originates from studies in yeast where it was observed that 
the presence of a mutation in two genes causes cell death but a mutation in only of them has 
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no impact on survival (Tong et al., 2001). Identification and targeting of synthetic lethal 
partners of inactivated tumor suppressors can therefore be utilized in new treatment strategies. 
An example of such therapy that reached clinic is the treatment of BRCA1- or BRCA2- 
deficient breast cancer with PARP inhibitors (Dedes et al., 2011). Further examples of non-
oncogene addiction include the dependency of PTEN-mutant breast cancer cells on the 
mitotic checkpoint kinase (TKK) or the addiction of KRAS-mutant lung cancer to GATA2 
(Brough et al., 2011; Kumar et al., 2012). In the context of this work, the definition of 
synthetic lethality is equivalent to decreased cell viability observed only upon joint but not 
individual inhibition of two target proteins. These two target proteins are thus co-essential and 
jointly constitute the signal co-addiction. 

The presence of non-oncogene addictions including synthetic lethal interactions reflects the 
complex interplay and interdependence of biological pathways. A mutation in one gene can 
alter the activity or expression of multiple other genes making them essential for disease 
process (Bradner et al., 2017). Complex diseases like cancer often exhibit more than one 
molecular vulnerability (Brough et al., 2011; Cheung et al., 2011). In addition, driver 
mutations tend to cluster around certain pathways suggesting an addiction to the signal flow 
in a given interaction network (Tonon, 2008).  These observations suggest that the concept of 
’network addiction’ or ’driver network’ is more suitable to describe the dependency of the 
disease process on multiple interacting genes or proteins (Tonon, 2008; Yan et al., 2011).   The 
elucidation of such networks whose components drive the whole system from normal to 
disease state has recently gained a lot of attention not only in cancer research, but also in other 
complex diseases (Dutta et al., 2012; Huan et al., 2015; Li et al., 2014; Mäkinen et al., 2015; 
Ren et al., 2017). 

The term ’disease addiction’ or ‘disease driver’ used later in the context of this thesis is used 
in a broad sense to describe a molecular vulnerability and encompasses both oncogene and 
non-oncogene addictions. This is because the presence of a molecular addiction in this work 
does not imply the existence of any genetic aberrations, but only a dependence of disease 
phenotype on a given protein activity or the signal flow in the interaction network it is part of. 
Addictions can thus refer to both single genes or proteins and their combinations or networks. 

 

2.3. Functional proteomics using mass spectrometry (III, IV) 
Functional proteomics investigates the biological function of proteins by detecting their 
interconnectivity based on the assumption that the association of proteins is indicative of their 
common involvement in a biological process (Köcher and Superti-Furga, 2007). Modern 
global proteomics relies primarily on mass spectrometry (MS), the development of which has 
revolutionized biomedical proteomic studies, similar to the impact of next generation 
sequencing on genomics (Stapley et al., 2010). The MS instruments work by converting the 
analyte molecules into gas-phase ions and separating them based on their mass-to-
charge ratio. Next, the number of ions at each mass-to-charge value is recorded and from 
these measurements a spectrum is generated (Han et al., 2008). The mass-to-charge spectrum 
enables the identification of the molecules based on their molecular weights and also allows 
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for quantification based on the height to intensity ratio of the peak for each ionized molecule. 
The advent of the techniques to ionize peptides (MALDI and electrospray) made it possible to 
implement MS in biology where it has found many uses (Banerjee and Mazumdar, 2012; El-
Aneed et al., 2009); those relevant to this thesis are briefly described below.   

2.3.1. Quantitative MS 
Quantitative MS enables the identification of protein complexes at near to endogenous levels 
as well as the determination of protein abundance and their post-translational modifications 
(PTMs) (Aebersold and Mann, 2003; Matthiesen et al., 2011). There are basically two 
experimental approaches to protein quantification, labeled and label-free. The label-free 
approach to quantitative MS has become commonly used method for determining protein 
levels due to its simplicity since it does not require any special sample preparations. This 
method is solely based on the relative quantification of spectral counts or peak heights in the 
mass-to-charge spectrum, and it is commonly being used for estimation of the relative 
abundance of proteins within a complex sample (Old et al., 2005). For instance, label-free 
quantitative MS was recently used to create a map of the human proteome (Kim et al., 2014; 
Wilhelm et al., 2014) and for characterizing the proteomic landscape of triple negative breast 
cancers (Lawrence et al., 2015). Labeling the proteins of one sample can be achieved by 
culturing those cells in medium containing amino acids made up of heavier nitrogen isotopes 
(the so called stable isotope labeling by amino acids in cell culture, SILAC) (Ong et al., 
2002). Analyzing labeled peptides from cells cultured in normal vs. heavy-isotope medium 
enables side-by-side comparison of the peaks in the mass-to-charge spectrum and thus relative 
peptide quantification. Alternative methods for labeled, quantitative MS include the isobaric 
tags for relative and absolute quantification (iTRAQ) (Ross et al., 2004) and tandem mass 
tags (TMTs) (Dayon et al., 2008; Thompson et al., 2003). 

2.3.2. Affinity Purification (AP) coupled with MS 
Protein-protein interactions (PPIs) can be detected using affinity purification coupled with MS 
(AP-MS). This method involves the introduction of a tag to mark the protein of interest (bait) 
inside cells in culture through recombinant DNA-technology. There are many different types 
of tags that can be used for these experiments, including Strep, FLAG and TAP-tag (Li, 2011). 
By capturing the tag after lysing the cells, it is possible to isolate the tagged protein along 
with any binding partners it may have. The tag-capture affinity purification followed by MS 
has become a standard method for characterization of protein complexes, and it has been used 
to characterize the interactomes of Saccharomyces cerevisiae (Gavin et al., 2006; Krogan et 
al., 2006), Escherichia coli (Butland et al., 2005; Hu et al., 2009), as well as for large scale 
analysis of human complexes (Bouwmeester et al., 2004; Jeronimo et al., 2007). Currently, 
there is a variety of tags and their combinations used in the purification process, as well as 
several types of tandem MS instruments, which allow for efficient sequencing of peptides 
derived from digested complexes.  The various experimental setups are reviewed in more 
detail in previous work (Gingras et al., 2007; Li, 2011; Paul et al., 2011). 

2.3.3. Limitation of MS-approaches 
The usage of MS technology for protein identification has several drawbacks, including the 
dependence on the predefined sequences in protein databases or being biased against 
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identifying interactions with proteins expressed at low levels. Weak, transient associations can 
also be missed in AP-MS (Cho et al., 2004; Völkel et al., 2010). The false negative findings in 
MS can happen as a consequence of a disturbance in complex formation. This may occur at 
the level of bait tagging, during expression, lysis or complex purification (von Mering et al., 
2002). Failure to detect true interactions in AP-MS can also arise due to a problem with 
relative abundances of proteins in the AP sample. On the other hand, contaminants present in 
the sample and the difficulties in distinguishing background from complex-forming protein 
may give rise to false positive interactions (Altelaar et al., 2013). However, the use of double 
purification protocols in a large-scale experiment helps to minimize false positive rates due to 
increased sample quality as well as the possibility to apply noise filtering techniques, since it 
is easier to identify contaminating proteins pulled-down with many unrelated baits in a high-
throughput setting (Cho et al., 2004). The frequency of co-purification in the data obtained 
from multiple interaction screens has been collected in CRAPome database (Mellacheruvu et 
al., 2013), which is a useful resource for elimination of likely contaminants in AP-MS 
experiments. The development of statistical approaches such as SAINT (Choi et al., 2011; 
Skarra et al., 2011), which assign confidence scores for identified protein interactions, has 
allowed for better data filtering and improvement of hit reliability. 

 

2.4. Protein-protein interaction networks (III, IV) 
PPIs are intrinsic to every cellular process, ranging from DNA replication through all stages 
of gene expression, cell cycle to formation of macrostructures such as cytoskeleton or mitotic 
spindle. Transient PPIs are responsible for most modifications of proteins, such as 
phosphorylation or transfer of other functional groups that are crucial for proper protein 
functioning. These interactions are in turn fundamental to signal transduction and metabolic 
pathways. The analysis of proteins with known functions shows that many proteins that share 
the same cellular functions interact with each other (von Mering et al., 2002). Moreover, a 
single protein can interact with a diverse number of partners under different conditions, which 
results in different phenotypes (so-called plasticity). In other words, the proteome is a highly 
dynamic entity, constantly changing through time and space or under various environmental 
cues. This, in turn, can have important consequences for many diseases (Cho et al., 2004). 

A protein exerts its functions through its stable and/or transient interactions with other 
molecules. Predicting gene/protein function on the basis of comparative sequence analysis is a 
powerful approach but its use is limited (Huynen et al., 2000; Korbel et al., 2004). One reason 
for this is that sequence homology oversees the fact that the regulation and context-specificity 
of gene expression constitute an important part of gene function. For example, regulatory 
proteins, such as Ras or Myc, may have many disparate, and sometimes opposite functions, 
e.g. either proliferation or differentiation or apoptosis, depending on the cell type and state as 
well as the activity of other proteins (Huang, 2004; Huang and Ingber, 2000). Similarly, C-Jun 
N-terminal kinase (JNK) can be both anti- and pro-apoptotic, depending on the state of the 
network when it receives a tumor necrosis factor (TNF) or epidermal growth factor (EGF) 
cue. The context (i.e. the state of the molecular network) also accounts for 60-80% of any in 
vivo kinase substrate specificity during phosphorylation events (Linding et al., 2007). Thus, it 
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seems reasonable to assume that most proteins exert their biological function as members of a 
molecular network. 

The interconnectivity of PPI networks, together with the resulting functional interdependency 
between the underlying cellular components, implies that the potential impact of a mutation 
on a given gene is not limited only to the protein the gene encodes, but it can also spread 
along the links in the interaction network, and thereby alter the activity of other gene products 
that may be otherwise free of any defects (Yeger-Lotem and Sharan, 2015). Therefore, in-
depth elucidation and understanding of molecular networks is essential to determine the 
impact of any defect on the phenotype (Jørgensen and Linding, 2010). Consequently, a 
disease seldom results from abnormality of a single network component, such as gene or 
protein, but reflects a perturbation of the complex network that spans the tissues and organs 
(Barabási et al., 2011). In particular, complex diseases, such as cancers and diabetes, usually 
arise from small defect in many genes, rather than from large defects in a few genes (Schadt, 
2009). 

Finding additional components in PPI networks provides a more global view of a given 
cellular process in a normal healthy tissue or in its disease state. This, in turn, can be fruitful 
for understanding disease mechanisms, identifying new biomarkers and discovering novel 
therapeutic targets. For instance, analysis of the first draft of human interactome revealed that 
protein network connectivity and diseases are strongly associated, which provided insights 
into the molecular mechanisms underlying complex diseases (Zanzoni et al., 2009). These 
findings suggest that both PPIs and their sub-networks (so-called network modules) could be 
used as targetable entities in novel therapeutic strategies. Complex traits and diseases, such as 
cancer, diabetes or atherosclerosis, are in fact currently regarded as diseases of networks 
rather than of individual components (Tegnér et al., 2007). 

Awareness of the importance of the network context has led to the emergence of the so-called 
network medicine that aims to understand pathological phenotypes, which are regarded as 
network diseases, at the systems level (Barabási et al., 2011). It has also influenced drug 
discovery strategies, which have recently shifted towards identification of “network drugs”, 
i.e., targeting the architecture and dynamics of the aberrant signaling networks associated with 
a given disease (Erler and Linding, 2010; Pawson and Linding, 2008). This approach may 
also enable the prediction of patient groups of responders or side effects of the candidate 
drugs (Schadt, 2009). For all these reasons, many PPI maps have been elucidated for various 
organisms, including human, both proteome-wide (interactomes), and more focused on a 
particular disease or process (Albers et al., 2005; Ito et al., 2001; Li et al., 2004; Rual et al., 
2005; Stanyon et al., 2004; Stelzl et al., 2005). 

 

2.5. Protein phosphorylation and nitrosylation (II, IV) 
Following translation, the newly produced proteins are often covalently modified with 
specific non-peptide moieties, depending on their designated function (e.g., membrane 
proteins are often glycosylated). One common type of a reversible posttranslational 
modification (PTM) that is of special interest to cancer is phosphorylation, which involves the 



18 
 

covalent transfer of a phosphate group from ATP to serine, threonine, histidine or tyrosine 
residues at specific sites on a protein. Covalent attachment of one or more phosphate groups 
creates conformational changes to the protein that may either activate or inhibit its function. 
Kinases, which are enzymes that perform phosphorylation, are the key actors in signal 
transduction networks that regulate cell growth, replication and apoptosis (Ciesla et al., 1996; 
Johnson, 2009; Johnson et al., 2014). Since intracellular kinases are essential gatekeepers of 
cell replication and survival, their activity is normally tightly controlled as unchecked kinase 
activity may cause aberrant cell proliferation, as seen with the BCR-ABL fusion protein in 
chronic myeloid leukemia (CML). When fused to BCR through a translocation between 
chromosomes 9 and 22, the ABL tyrosine kinase activity becomes very high, which promotes 
proliferation and survival (Di Bacco et al., 2000). Another well-known kinase driver is B-Raf, 
which when mutated at specific points, is unleashed from its tight regulation and starts 
sending proliferation/survival signals through phosphorylation of its targets. BCR-ABL in 
CML and mutated B-Raf in many malignant melanomas are two known examples of cancers 
being addicted to a single kinase driver. In the case of BCR-ABL, the drug imatinib is usually 
able to completely control CML-progression (Assouline and Lipton, 2011). Though often 
effective for only a limited period of time, inhibitors of B-Raf, such as vemurafenib, are also 
approved drugs for treatment of metastatic melanomas. In general, however, kinases are rarely 
mutated in cancers, even though many cancer cells exhibit an addiction to kinase signaling i.e. 
their survival is dependent on kinase activity  (Torkamani et al., 2009; Tyner et al., 2013).  

S-nitrosylation is another type of reversible PTM that involves the covalent attachment of 
reactive nitrogen oxide (NO) to the free thiol-residue of certain exposed cysteines on nearby 
proteins, forming an S-nitrosothiol (SNO) (Stamler et al., 2001). NO is a free radical that is 
locally produced from L-arginine and NADPH by NO synthase enzyme. Analogous to 
phosphorylations, S-nitrosylation may modulate protein activity and function through 
conformational changes. This PTM is believed to be one of the key mechanisms in NO-based 
signaling, which is found in almost all biological systems (Hess et al., 2005; Stamler et al., 
2001). The cellular processes that are regulated by nitrosylation include for instance 
transcription regulation (Marshall et al., 2000), DNA repair (Foster et al., 2009), and apoptosis 
(Mannick, 2007). Aberrant S-nitrosylation has been associated with cancer (Wang, 2012), 
heart disease (Murphy et al., 2012), as well as with many neurodegerenerative diseases 
including Alzheimer’s (Nakamura and Lipton, 2016; Nakamura et al., 2013). In 
neurodegeneration the nitrosylation process, which is important for proper neural function, is 
dysregulated by the decreased antioxidant production and the increased production of free 
radicals that occurs during aging, along with certain environmental toxins. This dysregulation 
affects protein folding, mitochondrial fragmentation and synaptic transmission (Nakamura et 
al., 2013). 

 

2.6. Chemical and genetic perturbation screening (II) 
High-throughput screening of chemical compound libraries is the comprehensive testing of 
the effect of multiple small molecules on protein targets or cellular phenotypes such as cell 
proliferation or death. This technology has become increasingly popular because it provides a 
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readout that is useful for various medical applications. In the drug discovery process, for 
instance, compound screening has been traditionally used to find molecules interacting with a 
target of interest (McFedries et al., 2013). In cancer research, profiling of cancer cell 
responses to a diverse collection of anti-cancer drugs and other drug-like molecules provides 
an opportunity to discover not only novel therapeutic options but also new indications to the 
already existing drugs (so-called drug repurposing). For example, CML patient-based ex vivo 
drug sensitivity and resistance screening recently showed that axitinib, an anti-angiogenic 
drug used in the therapy of renal cancer, show selective efficacy also in a subset of CML 
patient cells resistant to the standard treatment with ABL1 inhibitors (Pemovska et al., 2015). 

When combined with drug target information, phenotypic screening of cellular responses can 
also be used to suggest the signaling pathways and networks behind drug sensitivity or 
resistance and to identify druggable molecular vulnerabilities in individual cancer cell lines or 
patient samples (Heiser et al., 2012; Pemovska et al., 2013). Large scale profiling of 
compound responses across hundreds of small molecules in various concentration and across 
many cancer samples facilitates stratification of patients and disease subtypes. In general, 
such ex vivo drug sensitivity and resistance screens are an important component of 
personalized medicine programs, which aim at testing the individual patient responses and 
thereby helping to choose the right therapeutic options for each patient (Pemovska et al., 
2013). Recent in vitro studies have also linked specific genetic aberration with the observed 
drug responses or found genomic biomarkers predictive of the drug sensitivity in cancer cell 
lines (Barretina et al., 2012; Garnett et al., 2012). 

Functional investigation of disease-related proteins has traditionally been carried out using 
their knock-downs via antibody-based inhibition on a protein level or RNAi-induced silencing 
of the target genes. In RNAi-based technology, repression of the target gene expression is 
primarily achieved by the degradation of mRNA transcript using synthetic anti-sense 
oligonucleotides or plasmids. High-throughput implementation of this method led to 
identification of genes associated with specific biological processes (Badertscher et al., 2015; 
Simpson et al., 2012) and to the emergence of large scale vulnerability maps in various cancer 
cell line models (Brough et al., 2011; Campbell et al., 2016; Cheung et al., 2011). More 
recently, CRISPR-Cas9 knockout-based technology has been developed and applied to 
investigate gene function and essentiality in cancer (Hart et al., 2015; Tzelepis et al., 2016; 
Wang et al., 2014). However, the physiological effects of such perturbations are not 
equivalent to pharmacological modulation of a target protein by a small drug-like molecule 
(Weiss et al., 2007). Therefore, it has been realized that screening of chemical compounds 
specifically targeting the proteins under study could offer a complementary and more 
pharmaceutically-relevant readout for evaluation of the consequences of their inhibition. 

Going beyond single gene perturbation, double knockdowns to find synthetic lethal or 
synergistic interactions have recently gained a lot of attention (Luo et al., 2009; Wang et al., 
2014). Simultaneous perturbation of such gene pairs, for example by a drug or siRNA 
combination, may provide highly selective means to kill cancer cells without severe damage 
to normal cells (Porcelli et al., 2012). It can also prevent the emergence of treatment 
resistance which is less likely to arise when multiple targets are jointly inhibited (Jokinen et 
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al., 2014). Therefore, computational prediction of synthetic lethal interactions as well as 
synergistic drug combinations targeting co-essential proteins has become an area of intensive 
research in systems biology (Goswami et al., 2015; Huang et al., 2014; Jerby-Arnon et al., 
2014; Sinha et al., 2017). 

2.7. Quantitative scoring of single and combinatorial drug responses (II) 
The analysis of high-throughput ex vivo small molecule response profiles is highly dependent 
on the metric used for their quantification. Traditionally, measuring the degree of drug 
efficacy in a cell viability/death assay has involved the estimation of half-maximal inhibitory 
or effective concentration (IC50 or EC50, respectively) on the basis of the dose-response curve 
(Barretina et al., 2012; Garnett et al., 2012; Tyner et al., 2013). Even though these scoring 
metrics have turned out to be sufficient for many applications, they involve only a single 
parameter and can therefore capture only limited information about the drug response. The 
relative IC50 values for a given pair of compounds can in fact be identical despite a clear 
difference in the shapes of their dose response curves (Figure 1A). This limitation poses 
challenges in high-throughput profiling setting that involves screening of multiple compounds 
and cell types using several compound concentrations, especially when the aim is to identify 
selective responses for a particular subset of samples (e.g. patients vs. controls) (Yadav et al., 
2014). 

 

 

Figure 1. Quantitative scoring of small molecule responses tested across several concentrations 
in a cell viability assay. Two compounds may have the same relative half-maximal inhibitory 
concentration (IC50) i.e. the concentration of the inhibitor resulting in 50% of the maximal observed 
cell growth inhibition effect, even though their dose-response curves and thus their efficacies are 
clearly different (A). The drug sensitivity score (DSS) is a novel metric designed to effectively capture 
complex dose-response relationships. Its calculation is based on the integration of the area under the 
dose-response curve that exceeds a given minimum activity level (Amin) taking into account several 
parameters such as IC50, the slope of the curve at IC50 as well as the bottom and top asymptotes of the 
curve (Rmin and Rmax) (B). 
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Recently, we developed a novel metric, named drug sensitivity score (DSS), which was 
shown to perform better than the traditional quantification by IC50 in various application cases 
and experimental settings (Yadav et al., 2014). The DSS metric takes into account multiple 
response parameters estimated through fitting the logistic dose-response function, and thereby 
allows for better capturing of the difference in response profiles between various cell types or 
between normal and cancer cells. More specifically, DSS is based on the integration of the 
area under the estimated dose response curve over the tested concentration range that exceeds 
a given minimum activity level (Yadav et al., 2014). The parameters used in the DSS 
calculation include the half-maximal inhibitory concentration (IC50), the slope of the curve at 
IC50 as well as the bottom and top asymptotes of the curve (Rmin and Rmax) (Figure 1B). 

Quantification of drug combination effects in cell viability or cytotoxicity assays and their 
classification into synergistic, antagonistic or non-interactive is often based on the comparison 
of the observed and expected effects using reference models of non-interaction. The most 
commonly used reference models include Bliss independence (Bliss, 1939), Loewe additivity 
(Loewe, 1953) and highest single agent (HSA) model (Berenbaum, 1989). These models 
differ in their assumption regarding the expected effect of non-interaction. In HSA, this effect 
is defined as the higher individual drug effect, whereas in Loewe additivity model it is 
equivalent to the effect of combination of a given drug with itself. The definition of the 
expected effect of non-interaction in Bliss model assumes independent mechanisms of action 
of the combined drugs and is calculated using the complete additivity concept from 
probability theory. Drug combinations resulting in greater than expected response are 
considered to be synergistic and combinations whose effect is smaller than expected are 
classified as antagonistic.  

All the synergy scoring models mentioned above were originally developed for small scale 
experiments involving a limited number of drugs and their concentrations. Thus, they are not 
always compatible with the complex drug interaction patterns observed in high-throughput 
experiments of multiple compounds across a range of concentrations in a matrix format. 
However, several extensions of these models such as URSA (universal response surface 
approach) (Greco et al., 1990) or a novel interaction model, named zero interaction potency 
(ZIP) (Yadav et al., 2015), have been developed to address some of these limitations by 
incorporating the response surface over all tested concentrations. For instance, the ZIP model 
combines the Bliss and the Loewe models, and utilizes a delta score to characterize the entire 
synergy landscape resulting from high throughput experiments in a dose-response matrix 
format. 

 

2.8. Compound-target selectivity profiling (I, II) 
The drug-like molecules often affect multiple targets and thus the efficacy observed in their 
screening is a result of modulating both their on and off-target proteins. This applies not only 
to their toxic responses but also to the therapeutic effects (Anighoro et al., 2014; Peters, 
2013). At the same time, targeting multiple disease-specific targets is a promising strategy in 
drug development (so-called polypharmacology), with the potential to overcome or reduce the 
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drug resistance and side effects, while enhancing the therapeutic effects (Antolin et al., 2016).  
Identifying the drug mode of action and the targets underlying the functional responses from 
small compound screens (so-called target deconvolution) is an important part of phenotype-
based drug discovery (Lee and Bogyo, 2013; Terstappen et al., 2007). Target or driver 
deconvolution is highly dependent on the coverage and accuracy of compound-target 
interaction networks. Accordingly, target selectivity profiling is essential for the 
understanding of drug action mechanisms, for the identification of molecular vulnerabilities, 
and for the development of improved treatment strategies (Plouffe et al., 2008; Tyner et al., 
2013). 

Recently, several attempts to predict the polypharmacological drug effects have been made 
using network models, which connect the compounds’ responses with their on and off protein 
targets, and integrate them with the signaling pathway information (so-called network 
pharmacology) (Hopkins, 2008; Tang and Aittokallio, 2014; Zhao and Iyengar, 2012). 
Although the binary network models are a typical way to depict the drug-target interactions, 
they lack the quantitative bioactivity information and ignore the dependence of these 
interactions on the tested compound concentrations. This missing information can be obtained 
using biological assays developed for the compound bioactivity profiling, as in three recent 
large-scale studies exploring the selectivity of small molecule kinase inhibitors (Anastassiadis 
et al., 2011; Davis et al., 2011; Metz et al., 2011). In these studies the inhibitory ability of 
compounds was quantified by thermodynamic dissociation constant (Kd in Davis et al.), 
inhibition constant (Ki in Metz et al) or the percentage of enzyme activity that remains 
following its inhibition (activity % in Anastassiadis et al.) In addition, there exist several 
databases for experimentally-derived or computationally-predicted binary target interaction 
for various group of chemical compounds, such as KEGG BRITE/DRUG (Kanehisa et al., 
2012; Ogata et al., 1999), DrugBank (Knox et al., 2011; Wishart et al., 2006) or Therapeutic 
Target Database (TTD) (Chen et al., 2002; Zhu et al., 2012). 

The most commonly used metrics to quantify compound-target interactions involve 
measurements of thermodynamic dissociation constant (Kd), inhibition constant (Ki) or the 
concentration of inhibitor necessary to reduce the target activity by half (IC50) (Gaulton et al., 
2012). The equilibrium dissociation constant is determined in a saturation assay. It is 
equivalent to the concentration of a compound need to occupy 50% of the receptors i.e. the 
concentration at which 50% of protein target is bound. Thus, the affinity of the drug-like 
ligand is inversely proportional to the value of Kd (Salahudeen and Nishtala, 2017). The 
inhibition constant measures the binding affinity of the inhibitor.  For a competitive inhibitor 
which competes with the substrate for binding of the enzyme’s active site, the relationship of 
Ki and IC50 is described by the Cheng-Prusoff equation: 

 

where [S] is the experimental substrate concentration and Km (Michaelis–Menten constant) is 
substrate concentration at which enzyme activity is at half maximal. When substrate concen-
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tration [S] is very low in relation to Km, the IC50 is essentially equal to Ki (Cheng and Prusoff, 
1973). While Ki value for a given inhibitor and its target is constant, the magnitude of IC50 is 
relative and dependent on the concentration of substrate (Burlingham and Widlanski, 2003). 

The currently available large-scale bioactivity datasets have several drawbacks. They are 
highly heterogeneous because they originate from diverse types of assays and evidence 
sources, such as pharmacodynamic experiments, examination of direct binding or downstream 
treatment effects, or computational predictions using, for instance, text mining methods. In 
addition, these drug target data sources often lack the information about the non-targets since 
they do not list all the proteins that have been assessed for target selectivity. This missing 
distinction between true negatives and unreported drug target interactions may have profound 
consequences on both the specificity and sensitivity of drug-target interaction prediction 
models (Chen and Zhang, 2013; Pahikkala et al., 2015). Quantitative information about the 
bioactive compound - target associations is available in ChEMBL, which is one of the most 
comprehensive chemical biology databases (Gaulton et al., 2012). The possibility to define 
both positive and negative compound-target interactions contributes to the growing popularity 
of this resource for many applications, including the validation of computational drug-target 
predictions (Gfeller et al., 2013; Lounkine et al., 2012; Martínez-Jiménez et al., 2013). 
 
 

2.9. Background of diseases used in the studies (II, IV) 

2.9.1. Breast cancer 
Breast cancer is the most common cancer type among women and it is increasing in incidence 
(Youlden et al., 2012). There are several inherited and postnatally acquired genetic mutations 
that predispose breast cancer development, most notably in BRCA1, BRCA2, BRAF, PIK3CA, 
ATM, CHEK2 and PALB2. While these genetic defects (particularly BRCA1 and 2) have a 
high penetrance and are associated with very high rates of breast cancer for the individual 
carriers, they only account for a minor part of all breast cancers (Ford et al., 1998). Therefore, 
novel approaches are needed to better stratify breast cancer subtypes, and to develop more 
selective treatments for each breast cancer patient individually (so-called precision medicine).   
 
There are a several ways how to classify and subdivide the breast cancers. Traditionally, 
pathologists have separated lobular from ductal breast cancer and used the different grading 
and staging systems to determine the prognosis for the patient (Yersal and Barutca, 2014). 
Though the old classification system is not obsolete, newer immunohistochemistry stainings 
provide information that is useful in predicting the response to therapy (Liu, 2014). For 
instance, estrogen-receptor (ER)-positive tumors generally respond well to an estrogen 
receptor antagonist, such as tamoxifen (Early Breast Cancer Trialists’ Collaborative Group 
(EBCTCG) et al., 2011), and tumors with HER2-receptor amplification can be targeted with 
an anti HER2 monoclonal antibody such as trastuzumab (Vogel et al., 2002). Besides these 
two markers, the expression of the progesterone receptor (PR) is also routinely screened for 
breast cancer (Liu, 2014).  
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Among the various subtypes of breast cancer, the triple negative breast cancer (TNBC), 
defined by the lack or low expression of ER and PR as well as the absence of HER2 
amplification, is associated with poor prognosis and survival rates (Foulkes et al., 2010). 
Compared to other subtypes, TNBC is a highly aggressive and heterogeneous class of breast 
cancers, with currently no targeted treatments available, mainly due to the lack of known 
disease drivers (Grigoriadis et al., 2012; Peddi et al., 2012). Therefore, TNBC serves both as a 
clinically important as well as highly challenging disease model to identify druggable 
molecular vulnerabilities and combinatorial co-dependencies in a cell type-specific manner 
(Gautam et al., 2016). 
 

2.9.2. Alzheimer’s disease 
Alzheimer’s disease (AD) is a neurodegenerative disease that is characterized by progressive 
loss of memory as well as other cognitive handicaps. Its incidence increases with age and with 
an aging population this disease is projected to be one of the major health care challenges of 
the future (Abbott, 2012). Therefore, novel treatment strategies will be increasingly needed in 
the developed countries, where the population is aging at increasing rates.  
 
Although the morphological changes in AD-brain are well-characterized, the pathogenesis and 
causes of the typical AD symptoms are not fully understood (Komarova and Thalhauser, 
2011). A few of the AD-cases are inherited while the vast majority is sporadic (Chartier-Harlin 
et al., 1991). Three mutated genes account for most of the familial cases, β-amyloid precursor 
protein (APP), presenilin 1 (PSEN1) and presenilin 2 (PSEN2) (Bagyinszky et al., 2014). The 
prevailing amyloid hypothesis of AD development states that the accumulation of neuritic 
plaques and neurofibrillary tangles (the hallmarks of AD) arise from disruptions in the 
homeostatic processes that control cleavage of amyloid precursor protein (APP) into Aβ 
peptides (De-Paula et al., 2012). The brain atrophy visible in brain imaging of AD-patients is 
caused by the loss of neurons and synapses in the neocortex as well as some subcortical areas. 
This cell death is caused by the extracellular accumulation of insoluble neurotoxic Aβ 
peptides that go on to form the characteristic Alzheimer plaques (De-Paula et al., 2012). 
 
Imbalance in the cellular redox-systems has been suggested to be one of the major causes of 
the disrupted homeostasis of APP-processing that is at the core of AD-development (Malinski, 
2007). AD increases with age and it is well known that accumulation of oxidative lesions in 
DNA and other macromolecules is one of the major contributors to the aging process 
(Romano et al., 2010). It has already been shown that AD patient brains have increased 
oxidative stress (Sayre et al., 2008). Nitric oxide (NO) is a free radical that functions as an 
important signaling molecule in almost all tissues. The brain actually ranks among the top 
tissues when it comes to expression of NO synthase (Bredt et al., 1991), which is the enzyme 
that generates NO. Nitrosylation, the covalent binding of NO to certain exposed cysteine-
residues is an important component of NO-signaling (Hess et al., 2005), but in situations of 
increased oxidative stress, aberrant nitrosylation has been demonstrated to cause protein 
misfolding and aggregation as well mitochondrial dysfunction, disrupting cellular 
homeostasis (Nakamura et al., 2013). 
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3. AIMS OF THE STUDY 
 

The aim of this thesis was to develop integrative data analysis strategies that can contribute to 
the identification of disease driver networks from functional profiling experiments. Such 
experimental data include protein-protein interactions, drug response measurements, profiling 
of drug targets and perturbation screens by small chemical molecules or siRNAs. The 
particular aim was to develop network-based experimental-computational approaches for (i) 
direct prioritization of drug targets or their combinations, (ii) identification of proteins 
functionally similar to the disease drivers of interest, and (iii) better use of the drug target 
profiling data. 

The specific goals of this work were: 

1. Comparison and integration of drug target interaction profiles from kinase inhibitor 
bioactivity measurements (Publication I) 

2. Prediction of cancer-selective druggable signal addictions (single or combinatorial) 
and synergistic drug combinations from functional screening of chemical compounds 
(Publication II) 

3. Development of bioinformatic method to assess the functional relevance of protein 
interaction networks (Publication III) 

4. Functional network analysis of S-nitrosylated proteins in Alzheimer’s disease mouse 
brains and healthy controls (Publication IV) 
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4. MATERIALS AND METHODS 
 

4.1. Comparison of kinase inhibitor profiling datasets (I) 
Three recent studies containing quantitative bioactivity profiling information for kinase 
inhibitors were subjected to comparative analysis. In the first study by Davis et al. (2011), 
dissociation constant (Kd) values were determined on the basis of ATP site-dependent 
competition binding assays for 72 compounds and 442 kinases. The second study by Metz et 
al. (2011) measured the inhibition constant (Ki) of the transfer of a radioactive phosphate 
group to target peptides for a large collection of drug-like molecules and 172 kinases. In the 
third study, Anastassiadis et al. (2011) calculated the percentage of kinase catalytic activity 
remaining after the inhibition by a compound at 0.5 μM for 300 kinases and 178 inhibitors. 
 
The datasets were subjected to several preprocessing steps to facilitate their comparison. The 
missing values representing untested compound-target pairs in Metz and Anastassiadis studies 
were filtered out. The missing values from Davis et al. (2011), which indicated a weak 
binding (Kd>10 000 nM) or undetected at 10 000 nM inhibitor concentration, were imputed 
with 10 000 nM. Only the catalytically active human protein kinases were used in the 
comparisons. As the primary identifiers of compounds and kinases, we used the CheMBL IDs 
and UniProt IDs respectively. The final number of compounds, kinases and drug-target pairs 
in each study as well as their overlaps is presented in Figure 1 and Table 1 of Publication I.  
 

4.2. Evaluation of reproducibility and reliability of kinase inhibitor profiling datasets (I) 
In order to evaluate the reproducibility of these three distinct types of bioactivity data, we 
compared them with the high-confidence human target profiling information from 
independent studies available from the ChEMBL database (confidence level ≥ 8, version 17). 
In case of multiple measurements for a given drug-target pair in ChEMBL the median values 
were used in the comparisons. The distributions for each bioactivity type based on ChEMBL 
data and each of the studies were compared using two sample Kolmogorov−Smirnov test for 
goodness-of-fit. Kendall correlation coefficient was calculated to evaluate the consistency 
between the bioactivity measurements. 
 
In the reliability assessment of the data from the three studies, we used two reference sets of 
positive drug-target interactions: STITCH and PRIMARY. The first one contained high 
confidence target annotations (with combined confidence scores higher than 900) from the 
STITCH database (version 3.0) (Kuhn et al., 2012). The latter consisted of 134 drug-target 
interactions from the Supplementary Table 3 of the Davis study that have been 
experimentally-validated in multiple studies. The goodness of fit between the reference lists 
and the data from the three studies was assessed by calculating the enrichments scores on the 
basis of the Kolmogorov−Smirnov statistic in the GSEA (Gene Set Enrichment Analysis) tool. 
 



27 
 

4.3. Integration of the target bioactivity measurements (I) 
In order to integrate different types of bioactivity measurements available from ChEMBL, 
such as Kd, Ki and IC50, we developed the kinase inhibitor bioactivity (KIBA) score, which is 
calculated based on the adjusted Kd value, adjusted Ki value or their average, depending on 
the available target profiling measurement types: 
 

 

 
The adjusted Kd and Ki values were defined using the parametric model: 
 

 

 

 
where Li and Ld are the parameters that determine the weights of IC50 and whose values are 
optimized to maximize the consistency between Ki and Kd. Median values of Kd, Ki and IC50 
were used in the calculations in case of multiple measurements of the same bioactivity type. 
 

4.4. Kinase inhibition sensitivity score (KISS) for prediction of molecular cancer 
addictions (II) 
To predict druggable molecular cancer addictions using drug-target networks and drug 
sensitivity data, we developed kinase inhibition sensitivity score (KISS). The score is 
calculated for each kinase target as an average drug response of all its inhibitors (Figure 3, 
left). KISS calculation ranks the targets of the sensitivity-tested compounds according to their 
likelihood of being essential for cancer growth. The method was tested and evaluated in a 
panel of 21 breast cancer cell lines screened with FIMM compound collection as described 
below. The chemical library contained 40 kinase inhibitors in common with the selectivity 
profiling study of Davis et al. (2011), which was used as a source of target annotations. The 
statistical significance of a KISS value was determined by calculating the empirical p-values 
using permutation tests. 

4.5. Combinatorial KISS for prediction of co-essential target pairs and synergistic drug 
combinations (II) 
Since cancer cells may also be addicted to several signals simultaneously, we extended the 
KISS model to a combinatorial version enabling the prediction of co-essential target pairs. 
The combinatorial KISS score is calculated for each kinase pair as the average drug response 
of the inhibitors targeting both kinases (Figure 3, right). Its calculation ranks the target pairs 
according to their likelihood of being jointly essential for cancer growth. To focus on 
synthetic lethal type of kinase pairs, termed as co-essential, we compared combinatorial KISS 
to a complement score, defined as the average drug response of the inhibitors targeting only 
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one member of the pair, and ranked only those pairs for which the difference between the 
scores was above a selected cut-off value. Hence, the combinatorial scoring was applied only 
for those kinase pairs which had both common inhibitor(s) as well as individual inhibitors 
available among the target-annotated compounds in FIMM collection. These pairs were 
ranked by the magnitude of their KISS reflecting their likelihood of being co-essential for cell 
survival. The strongest individual inhibitors (i.e. with the lowest Kd values in Davis et al., 
2011) of the kinases in top-ranked pairs were predicted to form synergistic drug combinations. 
The highest scoring co-essential kinase pairs and the corresponding drug pairs of their 
individual inhibitors were experimentally tested in HCC1937 breast cancer cell line. 

 

4.6. Compound sensitivity testing (II) 
21 breast cancer cell lines were screened with 239 individual compounds in 5 concentrations 
across a 10 000-fold range using the drug sensitivity and resistance platform (Pemovska et al., 
2013). A percent growth inhibition values were determined for each compound concentrations 
after 72h incubation with the cells and served as the basis for the establishment of dose-
response curves which were subsequently quantified by half-maximal inhibitory 
concentrations (IC50) and the drug sensitivity score (DSS) (Yadav et al., 2014). MCF10A 
control cell line or the mean over all cell lines were used for calculation of the differential 
DSS and IC50 values. 
 
Drug combinations from the top-ranked combinatorial KISS predictions in the HCC1937 cell 
line were tested in an 8x8 dose-matrix format. First row and column of each matrix contained 
7 increasing concentrations of each drug whereas the middle part contained all their pair-wise 
combination. The negative control (0.1% DMSO) and the cell killing positive control (100 
μM benzethonium chloride) were placed in the top left and bottom right corner, respectively. 
The raw fluorescence intensity values were measured after 2 h incubation with CellTiter-Blue 
reagent and converted to percent inhibition using the plate average of positive and negative 
controls. Each row and column from the 8x8 matrices was subsequently fitted in GraphPad 
Prism software using logistic model in order to reduce the dispensing-related experimental 
variation from well to well. The average of the two fitted values per each well as well as the 
single drug inhibition values were used to calculate the expected combinatorial effects based 
on the Bliss independence model (Bliss, 1956). 
 

4.7. Compound-target mappings (II) 
Dissociation constant (Kd) values from the biochemical competition binding assay were 
extracted from the target selectivity study performed by Davis et al. (Davis et al., 2011), 
where 40 inhibitors from our FIMM drug collection were tested. The 205 non-mutated 
kinases whose Kd values were within 50 fold from the lowest Kd (strongest target) of a given 
inhibitor or below 100 nM (whichever threshold came first) were considered to be targets and 
formed the quantitative drug–target data set (qDT). 
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Kinases listed as targets in DrugBank (www.drugbank.ca; Wishart et al., 2006), the 
Therapeutic Target Database (TTD, http://bidd.nus.edu.sg/BIDD-Databases/TTD/TTD.asp; 
Chen et al., 2002) and KEGG (www.genome.jp/kegg; Ogata et al., 1999) were combined to 
form non-quantitative, unary drug-target data (uDT). This type of selectivity data contains the 
reported targets of a given drug, but lacks the information about the kinases which were 
reported as non-targets or were not tested for being a target. The unary data set contained 296 
kinase targets for 142 drugs in our FIMM drug collection. 
 
For the 295 GlaxoSmithKline (GSK) compounds, we subdivided the kinase activity assay 
results from Knapp et al. (2013) into 5 categories (from 0, inactive, to 4, very active), based 
on the inhibition of the kinase activity at 1 μM and at 0.1 μM concentrations of a particular 
compound, according to the following thresholds:  
0 - <25% inhibition at 1 μM;  
1 - activity >1 μM: 25-50% inhibition at 1 μM 
2 - activity <1 μM: >50% inhibition at 1 μM, <50% inhibition at 0.1 μM 
3 - activity <0.1 μM: >50% inhibition at 1 μM, 50-90% inhibition at 0.1 μM 
4 - activity <<0.1 μM:  >50% inhibition at 1 μM, >90% inhibition at 0.1 μM 
Kinases classified into categories 3 and 4 were considered to be targets of the GSK probes. 
Kinases belonging to the second category were considered to be targets only if the compound 
had no targets in higher categories. 
 
To check whether the KISS predictions would be affected by extending the target space for 
FIMM drugs, we extracted high confidence targets from the KIBA database (Publication I), 
which combines quantitative drug-target bioactivity data (Kd, Ki and IC50) from several 
studies reported in the ChEMBL database (https://www.ebi.ac.uk/chembl/). For drug target 
mapping, we used a KIBA bioactivity score cut-off of <=2.7, which was equivalent to the log 
10 of the highest Kd value in the qDT drug target interaction set. 

4.8. Comparison of driver de-convolution methods (II) 
To systematically compare KISS with other target deconvolution methods, the kinase targets 
were ranked based on the Fisher’s test (Wei et al., 2012), Spearman’s correlation (Tran et al., 
2014) and Tyner’s score (Tyner et al., 2013). As input for these methods we used drug-target 
data (as qDT, uDT or the union of both sets) and drug response data (defined as IC50 or DSS) 
in their differential and non-differential versions. In the Tyner’s score kinases were subdivided 
into 5 tiers depending on the magnitude of their Kd or IC50 value for a given inhibitor (Tyner 
et al., 2013). The most potent targets were assigned the lowest tier based on the lowest Kd or 
IC50. Similarly, the drugs tested in a given sample were subdivided into active and inactive 
categories based on a patient-specific IC50 threshold of 5-fold less than the cohort median 
IC50. The addition and subtraction of points from the effective and ineffective inhibitors, 
respectively, of a given kinase resulted in the final cumulative score for each kinase (Tyner et 
al., 2013). To calculate the p-value from the Fisher’s test, a contingency table containing the 
number of inactive and active inhibitors as well as inactive and active non-inhibitors was 
created for each kinase (Wei et al., 2012). The top 20% of the most effective drugs in a given 
cell line were considered to be active. Spearman’s correlation method ranked the kinases in 
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each cell line based on the correlation between the kinase selectivity profile and the drug 
response. 

To compare the kinase addiction rankings based on KISS, Spearman’s, Fisher’s and Tyner’s 
scores, together with IC50/DSS drug sensitivity quantification and a given target selectivity 
data types, we extracted the ranks of the known addictions in our cell line collection and 
calculated their median rank. Our set of positive controls consisted of ERBB2 in BT474, 
MDA-MB-435 and SKBR3, BRAF in DU4475, and PIK3CA in MDA-MB-435, ZR751 and 
MCF7 and was based on the data available in COSMIC database (as of June, 2012). In this 
evaluation, we included only those mutations that were shown to have an impact on the 
protein function in a given cell line based on the data from IntOGen database (as of March, 
2013; http://beta.intogen.org/web/cell-lines). 

4.9. Independent compound and siRNA testing to validate KISS predictions (II) 
Independent set of previously untested kinase inhibitors from Davis et al. (2011), as well as 
siRNA knockdowns were used to validate the top single KISS predictions. The experiments 
were carried out in selected cell lines predicted to be positive and negative for each kinase 
addiction. The compound sensitivity tests were performed as described above (Drug 
sensitivity testing) and DSS>=7 was considered to indicate a positive result. SiRNA 
experiments involved three sequences per kinase tested separately in three replicates. The 
siRNA inhibition score was calculated for each kinase by averaging two highest mean 
inhibition values from the replicates of each sequence. The scores >=35% were considered to 
indicate a positive validation. 

The top co-essential kinase pairs and the corresponding synergistic drug combinations 
predicted by the combinatorial KISS were tested in HCC1937 cells. The drug combination 
experiments were performed as described above (Drug sensitivity testing). The co-essentiality 
of kinase pairs was validated by siRNA combination assays, in which all pairwise 
combinations of three siRNAs per each kinase were tested in a 4x4 matrix format using 8 nM 
of each siRNA. The first row and column of each matrix was occupied by single siRNAs for 
each kinase at 8 nM. Mean fluorescence of 16 positive and 24 negative control was used to 
calculate the percent inhibition values. To make the single and double kinase knock-down 
results comparable we normalized the single siRNA percent inhibition values by averaging 
the effects of each single kinase knock-down and those double kinase knock-downs that 
included this kinase with lower inhibition effects. The siRNA combination assay result was 
considered to be positive if it exceeded the effect of the maximum single siRNA knockdown. 

4.10. Construction of addiction networks (II) 
Kinase addictions predicted by KISS to be significant in MDA-MB-436 and HDQP1 (p<0.06) 
were used as input to the GeneMania database (http://www.genemania.org) (Warde-Farley et 
al., 2010), which was then queried to extract their physical, genetic and pathway links using 
gene ontology (GO) biological process weighting method and allowing for maximum 20 and 
10 bridging proteins in MDA-MB-436 and HDQP1, respectively. Enriched GO biological 
processes were calculated using GeneMania’s default settings. 
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To construct CAL51 addiction network high confidence interactions, both physical and 
associations, in breast neoplasm for the top KISS predictions were extracted from HIPPIE 
database (http://cbdm.mdc-berlin.de/tools/hippie) (Schaefer et al., 2012). To limit the network 
complexity, only the interactors connected with at least three input proteins were retained. The 
resulting network was further connected using pathway and genetic links extracted from 
GeneMania (http://www.genemania.org) (Warde-Farley et al., 2010). For clarity, genetic 
interactions were filtered out unless they involved two proteins among the top KISS 
predictions. The network was visualized using Cytoscape v.3.0.1 (www.cytoscape.org; 
Shannon et al., 2003). Enrichment of gene ontology biological processes was analyzed using 
ClueGo v.2.8 Cytoscape plugin (Bindea et al., 2009), with minimum number and percentage 
of genes per term set to 4 and 2, respectively, and the Benjamini Hochberg method was used 
for the multiple comparison correction (Benjamini and Hochberg, 1995). 
 

4.11. Generation of PME-1 interactome using MS/AP (III) 
PME-1 interacting proteins were identified using one step Strep tag affinity purification 
followed by mass spectrometry as previously described. The spectral data was automatically 
collected using Applied Biosystems Analyst QS 1.1 software. The proteins were identified by 
searching the SwissProt database (version 57.6) using our in-house Mascot (version 2.2.06) 
and p<0.05 as the significance threshold. Mascot search results were uploaded to Prohits 
platform (Liu et al., 2010) for further analysis using default settings and subsequently merged 
by applying the sum of spectral counts for all samples from the same biological replicate. Two 
biological PME-1 bait replicates and controls were used as input for SAINT express algorithm 
(Choi et al., 2011) in order to determine the reliability of detected protein interactions. For 
assessment of functional coupling between PME-1 and its identified interaction partners, we 
used the probabilistic scores from FunCoup database (Schmitt et al., 2012) derived from 
integrated evidence from all available species and data types. 
 

4.12. Relevance rank platform (RRP) for predicting functional similarity (III) 
To identify the most functionally related interaction partners of PME-1 and PIN1, we 
developed a relevance rank platform (RRP), which combines evidence from siRNA screens 
and expression profiles into a single ranking of genes. RRP is itself based on three individual 
rankings (Figure 2). The first component of RRP was generated using siRNA perturbations in 
PC3 prostate cancer cells against PME-1 or PIN1 and their interacting partners. We tested 
three non-overlapping siRNAs for each gene. Reasoning that disrupting functionally related 
proteins should yield similar knockdown effects, the percent inhibition values for all 
interacting protein siRNAs were compared to the average percent inhibition caused by PIN1 
or PME-1 siRNAs by calculating their absolute difference. The top rank was then assigned to 
the siRNAs with the lowest absolute difference. The second component of RRP involved 
testing the same siRNAs but in the PNT2 cell line representing the normal prostate cells. As in 
the first ranking, the absolute difference was determined but this time using the average % 
inhibition measured in the PNT2 cells, and again the siRNAs were ranked from the smallest 
absolute difference to the highest. The third component of RRP involved ranking of the 
siRNAs based on their expression similarity with PIN1 and PME-1 in prostate 
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adenocarcinoma and healthy prostate tissue. For this purpose, we used expression profiles of 
clinical samples from the MediSapiens database (http://www.medisapiens.com/) (Kilpinen et 
al., 2008) and summed up the correlations of expression values between normal and prostate 
cancer tissues for PIN1/PME-1 and each of their interacting partners. The siRNA for the gene 
where this sum was highest was ranked at the top. Finally, to move from individual siRNAs to 
the final gene-level similarity ranks, we applied redundant siRNA activity (RSA) method 
(Konig et al., 2007), which takes into account potential off-target effects by considering the 
enrichment of ranks of the siRNAs targeting the same gene. 

 

 

 
Figure 2. Overview of the steps comprising the relevance rank platform (RRP). Inh – percent 
inhibition, g – expression profile of a candidate gene, b – expression profile of the bait 
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4.13. Identification of nitrosylated proteins (IV) 
The presence of posttranslational nitrosylation among the synaptosomal proteins in 
Alzheimer’s disease versus normal brain was studied using normal control mice (FVB) and 
age/sex-matched transgenic Alzheimer mice (hAPP) that express the human amyloid 
precursor protein with the London mutation [Tg(APPV717I)]. The brains from four hAPP 
Alzheimer and four FVB control mice (14-15 months old) were removed and homogenized 
following decapitation. The synaptosomal fraction was isolated through Ficoll-gradient 
centrifugation and then used for the subsequent biotin-switch MS identification of nitrosylated 
proteins. 
 
To detect the nitrosylation sites we used a SNO site identification (SNOSID) method - a biotin 
switch technique adapted for high-throughput proteomics thanks to improved enrichment 
efficiency (Hao et al., 2006). In this procedure, the nitrosylated cysteines (SNO-Cys) of the 
synaptosomal proteins were chemically altered to become biotinylated cysteines (biotin-SS-
Cys) using Biotin-HPDP in the presence of sodium ascorbate (catalyst). After the substitution 
the proteins were added onto Neutravidin-beads which have very high affinity biotin. Thus the 
biotinylated synaptosomal proteins became strongly attached to the beads while other proteins 
were washed out. The attached biotinylated synaptosomal proteins were then digested using 
trypsin and washed once again so that only peptides containing biotin-SS-Cys remained. 
These peptides were then eluted using buffer containing DTT which reduces and breaks the 
disulphide-bridge between the biotin and the cysteine. The eluted peptides were loaded and 
separated on a Nano Aquity Liquid Chromatography system (Waters, Milford, MA) and then 
analyzed on a LTQ-FTICR mass spectrometer (Thermo Scientific). The SNO peptides were 
subjected to LC-MS to achieve label free quantitation and LC-MS/MS for identification. 
 

4.14. Functional analysis of the proteomic data (IV) 
A network connecting the human orthologues of mouse differentially S-nitrosylated proteins 
with Amyloid Precursor Protein (APP) was created using physical, genetic, predicted, and 
pathway interactions from GeneMania database (Warde-Farley et al., 2010). Human 
orthologues of mouse genes were extracted using NCBI homologene 
(www.ncbi.nlm.nih.gov/homologene) and used as an input. Functional network analysis for 
differentially mouse S-nitrosylated proteins identified in FVB or hAPP mice was performed 
using ClueGOv1.4, a Cytoscape plug-in (http://www.ici.upmc.fr/cluego/) (Bindea et al., 
2009), which applies GO/KEGG hierarchical characteristics for deciphering the enriched 
biological terms. For GO biological process term enrichment calculations, we created a 
separate reference set consisting of human orthologues of proteins measured by MS in mouse 
synaptosomes (Malinowska et al., submitted). This set was further enriched with non-
redundant genes from two most comprehensive, expert- curated synaptic databases 
(SynsysNet; http://bioinformatics.charite.de/synsys/ (von Eichborn et al., 2013)) and 
SynaptomeDB; http://psychiatry.igm.jhmi.edu/SynaptomeDB/ (Pirooznia et al., 2012). The 
term enrichments of GO biological process functional categories were calculated using right-
sided hypergeometric test. 
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5. RESULTS 

5.1. Comparative evaluation and integration of target selectivity profiles (I) 

Identification of molecular vulnerabilities or synergistic target and drug combinations from 
drug response data is dependent on the knowledge of drug-target interactions. Since the 
strength of these interactions can be quantified using various bioactivity measures, we set out 
to compare and integrate three recent studies with different target selectivity profiling 
readouts, including Kd (Davis et al., 2011), Ki (Metz et al., 2011) and activity percentage 
(Anastassiadis et al., 2011). The main results from the comparative evaluations are described 
in the following. 

5.1.1. Comparative analysis of the compound bioactivity studies 
We first evaluated the overlaps between the three target profiling datasets in terms of the 
tested compounds, kinases and the detected drug-target interactions. The studies shared on 
average 14 % of the profiled drug−target interactions, but the overlaps between the tested 
proteins and compounds were relatively small. Next, we compared the bioactivity types using 
the common set of drug-target pairs (Figure 2 in Publication I). We observed a significant 
correlation between the Davis Kd and the Metz Ki inhibition constants (Kendall rank 
correlation 0.5, p <10−15). The Anastassiadis activity data measuring the remaining enzyme 
activity showed less consistency with the Ki or Kd constants (Kendall correlation of 0.32 and 
0.4, respectively). 

5.1.2. Evaluation of the reliability of the compound bioactivity studies 
In the reliability assessment, the bioactivity values reported in the three studies were 
compared against the reference sets of drug-target interactions using 1000nM as a threshold 
for determining true positive interactions with high confidence (sensitivity: 0.85; 
hypergeometric test, p <10−15). Both the Metz and the Davis studies contained the majority of 
the high confidence PRIMARY and STITCH interactions. However, nearly 90% of the 
positive drug-target pairs identified in both studies were absent from the STITCH reference 
set at the time of this analysis. In the enrichment analysis, the Kd values showed better 
goodness of fit with both reference sets of positive interactions than the other bioactivity types 
(Publication I, Table 2). The enrichment of positive drug-target pairs in the lower end of the 
Kd spectrum supports the applicability of this readout for discriminating between the true 
positive and negative interactions. 

To evaluate the reproducibility of the different bioactivity readouts, we compared the data 
from the three studies against the high confidence interactions reported in ChEMBL. The 
distributions of Kd values from Davis et al. and ChEMBL showed markedly better overall 
similarity as compared to Ki or activity values (KS test, p=0.66 vs p<0.01). All bioactivity 
readouts showed significant Kendall correlations with the ChEMBL data (p<0.001), but the 
consistency in the ranked activity values was nearly twice lower than in the other two 
bioactivity measures (Table 2 in Publication I). 
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5.1.3. Integration of kinase inhibitor bioactivity data 
To integrate different bioactivity readouts for kinase inhibitor profiling, we focused on the 
ones that were most abundant in ChEMBL database: Kd, Ki and IC50.  These readouts were 
available for 246 088 compound−kinase interactions, including 52 498 compound and 467 
kinases. Calculating KIBA scores using the empirically determined parameters Li = 0.3 and 
Ld = 1.3 turned out to improve the consistency between all three bioactivity types based on 
the increase in their pairwise correlations. The integrated KIBA score was also utilized to 
construct a quantitative bioactivity matrix among kinase inhibitors and their potential targets, 
which can provide guidelines on classifying positive and negative interactions and thus 
contribute to improved reliability of the drug-target networks. 
 

5.2. KISS for prediction of single and combinatorial cancer drivers (II) 

In order to elucidate molecular vulnerabilities or functional addictions in cancer directly from 
drug response data, we developed a target addiction score that integrates drug sensitivity and 
resistance profiles with drug selectivity data. This approach enables the ranking of drug 
targets according to their probability of being essential for cancer progression. Our addiction 
scoring model is based on the assumption that the sensitivity of cancer cells to a given 
compound implies that some of its targets are important for cancer growth, whereas the lack 
of response indicates that the cancer cells are not addicted to the targets of the compound 
under study. Since we tested and evaluated our method using breast cancer cell lines screened 
with a panel of target annotated kinase inhibitors, we named it kinase inhibition sensitivity 
score (KISS), but this approach can be used for prioritization of any pharmacologically 
actionable drug targets. 

Formally, KISS is defined as the average drug response of all inhibitors of a given target 
(Figure 3, left). Since the observed drug sensitivity can be mediated by addictions that consist 
of either single targets or a group of targets whose individual inhibition does not necessarily 
cause any effect, we extended our approach also to target pairs by means of a combinatorial 
KISS (Figure 3, right). This joint scoring method enables the prediction of such kinase pairs 
whose simultaneous inhibition results in cell death. To focus on the synthetic lethal type of 
interactions, a filtering step was introduced to retain only those target pairs where individual 
inhibition of only one target results in a considerably smaller increase in cell death in 
comparison to simultaneous inhibition of both members of the pair. The compounds inhibiting 
such co-essential target pairs were hypothesized to have synergistic effect. 
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Figure 3. Schematic overview of the KISS approach. Drug selectivity and sensitivity data is 
combined for prediction of single and combinatorial target addictions. In the single KISS approach 
(left), kinase targets (k) are ranked based on the average drug response (DR) of their inhibitors (d) 
which reflects their essentiality for cancer cell survival.  In the combinatorial KISS (right), the top-
ranked kinase pairs whose simultaneous inhibition resulted in markedly higher cell death compared to 
the inhibition of each kinase individually were hypothesized to be co-essential and form synthetic 
lethal type interactions. Consequently, the combinations of strongest non-common inhibitors of each 
individual kinase from these target pairs were predicted to be synergistic. 

 

 

5.2.1. Comparison of KISS with other driver deconvolution approaches 
In order to evaluate the KISS approach, we made several comparative analyses. First, we 
compared its performance to other target deconvolution methods, such as Spearman’s 
correlation (Tran et al., 2014), Tyner’s score (Tyner et al., 2013) and Fisher’s test (Wei et al., 
2012). For this purpose, we used the drug sensitivity data for 21 breast cancer cell lines tested 
with a panel of anticancer compound available at FIMM (Gautam et al., 2016). Different 
types of target profiling data and drug response quantification metrics were used as an input 
for each deconvolution method resulting in 31 technically possible combinations of method, 
response metric and bioactivity types. Each of these combinations gave rise to a separate 
ranking of targets reflecting the likelihood of their importance for cancer. The median rank of 
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the known breast cancer kinase drivers served as the basis method comparison. We found that 
KISS was the top performing approach for pinpointing the known cancer addictions, 
especially when calculated using quantitative drug target mapping and differential DSS. We 
did not however observe improvements in the predictive accuracy after combining unary and 
quantitative drug selectivity data, suggesting that also negative drug-target interactions have 
an important role in the driver predictions (Figure 2D in Publication II). Since KISS 
calculated on the basis of quantitative target annotations and differential DSS was found to be 
the best combination in the comparison, it was the version of choice for further evaluations 
and applications of the KISS model. 

 

5.2.2. Comparison of KISS and transcriptomic profiles 
To explore the similarity of clusters originating from KISS and patient transcriptomic profiles, 
we used the genome-wide molecular profiling of 587 TNBC cases (Lehmann et al., 2011). 
The unsupervised clustering of the KISS profiles revealed 3 major groups of cell lines with 
diverse kinase signal addictions that closely resembled patient-derived TNBC subtypes 
(Figure 3 in Publication II). The KISS-based cluster solution correctly identified the basal-like 
and mesenchymal-like subgroups as well as even the smaller subgroups within basal-like 
subtype. We also observed higher similarity of KISS-based functional clustering to patient-
derived classification compared to the one originating only from drug response profiles, as 
confirmed by the increased Rand cluster evaluation index (Figure 3B in Publication II). KISS 
rankings also provided additional information beyond the established cancer subtypes. In 
particular KISS profiles of MDA-MB-436 and DU-4475 did not cluster together with any 
other cell lines, suggesting that these two cell lines have relatively distinct sets of druggable 
kinase addictions. 
 

5.2.3. KISS-predicted kinase addictions showed consistency between independent drug 
collections 
To test the influence of the compound collection on the KISS predictions, we applied KISS 
scoring to the targets of 295 kinase inhibitors from GlaxoSmithKline (GSK) (Knapp et al., 
2013). The top functional predictions in the KISS rankings of the 87 targets shared between 
FIMM and GSK chemical library showed a clear overlap when applied to HER2 positive and 
ER negative cell lines (Figure 6A in Publication II). The significant association between the 
target addiction rankings obtained using the drug responses from two independent compound 
libraries (p<0.05, Fisher’s exact test) demonstrated the robustness of KISS-based scoring of 
signal addictions (Figure 6B in Publication II). The consistency of KISS rankings was also 
preserved after extending the target space of FIMM compounds using the KIBA database. 

 

5.2.4. KISS-based prediction of pharmacologically actionable drivers in breast cancer 
cell lines 
In addition to the known oncogenic drivers, KISS approach suggested novel druggable 
addictions in heterogeneous breast cancer cell lines. We tested selected top KISS predictions 
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from a subset of cell lines using siRNA-mediated kinase knockdowns and a set of previously 
untested drugs. Our validations confirmed the importance of AMPK –related kinases, such as 
ARK5 (NUAK1), SNARK (NUAK2), QSK and MARK3, in CAL51 cell line. In addition, 
CAMK2A, PKN1, RIOK2, PRP4 and SRPK3 were validated by observing the growth 
inhibition following their knockdown by siRNSs. Both siRNA and drug inhibition results 
were positive for ARK5, SANRK, MST1 as well as dasatinib targets: EPHA5, EPHB4, HCK 
and TXK. HDQP1 cell line was predicted to be strongly addicted to CSK, BMX, HCK and 
IRAK and to a lesser degree to ephrin receptor tyrosine kinases. Its addictions partially 
overlapped with CAL51 and Hs578 cell line addictions (Figure 4 in Publication II). In 
addition, several of the top predictions were previously shown to be implicated in cancer-
related processes. The number of kinase predictions confirmed either in our validation 
experiments or in other studies provides proof-of-concept support for the approach and its 
applicability to finding novel cancer cell-specific target addictions. 

 

5.2.5. Predicted signal addictions form cell line specific driver networks 
When exploring the connectivity of top KISS prediction in selected TNBC cell lines, we 
found that the top hits form well-connected signaling networks consisting of physical, genetic 
and pathway interactions, suggesting that the individually most essential kinase targets play a 
role in shared biological processes. Further, the gene ontology analysis revealed an 
enrichment of several immune function and inflammation-related terms in MDA-MB-436 
addiction network, such as Toll-like receptor signaling, regulation of innate immune response 
and positive regulation of NF-kappa B transcription factor activity, which are known to be 
involved in many cancer phenotypes (Supplemental Figure S2 in Publication II). The Toll-like 
receptor signaling and regulation of innate immune response were also enriched in HDQP1 
network in addition to ephrin receptor signaling and cell-substrate adhesion. The enrichment 
of proteins involved in Toll-like receptor signaling was also observed in DU4475, even 
though this cell line did not have common drivers with MDA-MB-436 and HDQP1. These 
findings are consistent with several recent studies showing the involvement of Toll-like 
receptor signaling pathway in breast tumor cell invasion, survival, and metastasis (Gonzalez-
Reyes et al., 2010; Merrell et al., 2006; Yang et al., 2010). 
 
Since most of the validations involved CAL51 cell line, where multiple addictions were 
predicted, we took a closer look at their interaction network in the context of breast cancer. 
The network analysis revealed that the KISS-predicted kinases formed a highly connected 
sub-network with SYK as its main hub. Importantly, siRNA knockdown of a number of 
significant kinase addiction predictions in the SYK-interactome showed marked growth 
inhibition (Figure 5B in Publication II). The CAL51 addiction network was also highly 
enriched in several cancer-related gene ontology (GO) processes.  
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5.2.6. Combinatorial KISS prediction of co-essential target pairs and synergistic drug 
combinations 
Since cancer cells may also be dependent on simultaneous inhibition of multiple target 
signals, we extended the KISS approach to predict also combinatorial molecular addictions, 
so-called druggable co-dependencies, in each cancer cell type individually. The predicted co-
essential target pairs and synergistic compound combinations were experimentally tested in 
HCC1937 TNBC cell line using siRNA-mediated target knockdown and combinatorial drug 
response measurements in increasing inhibitor concentrations, respectively. In 9 out of 11 
tested kinase pairs, we observed a co-essential effect, defined as higher growth inhibition 
following simultaneous silencing as compared to that caused by the knock down of each 
individual member of the pair (Figure 8C in Publication II). The joint drug responses from the 
predicted top combinations of the most potent inhibitors of the single kinases turned out to be 
synergistic under all drug interaction scoring models. Specifically, we manage to confirm the 
synergy of nintedanib with enzastaurin, bosutinib with pazopanib or foretinib, and dasatinib 
with axitinib (Figure 8A in Publication II). The kinase pairs predicted to underlie the 
synergistic effects of these compound combinations (EPHB6 with AURKC, GCK with 
TAOK3 or CDK7 as well as GSK3b with PCTK1) were also shown to be co-essential. Taken 
together, these results suggest that the combinatorial KISS approach can identify unexpected 
synergistic interactions between compounds, which are often due to synthetic lethal type 
interactions between the kinase targets of the individual inhibitors. 
 

 

5.3. RRP analysis of PIN1 and PME-1 interactome (III) 

Another way to find novel cancer drivers or signal addictions is to explore the interaction 
partners of known oncogenes, since the existence of the interaction suggests involvement in 
the same biological process. However, one of the major challenges in protein-protein 
interaction screens is the identification of functionally relevant interactions from their long list 
in particular when the functional annotations are missing. This motivated the development of 
a method that could advice, regardless of either the reliability of the mass spectrometry-based 
identification, or known biological function of the putative interactor, what are the candidate 
proteins from the protein interaction screens that most likely contribute to the function of the 
bait protein. We applied the RRP strategy to the interactomes of PIN1 and PME-1 derived 
from PINA, a database of PPI, and MS experiments, respectively. 

 

5.3.1. Functional similarity ranking of PIN1 interactome 
PIN1 has a prognostic role in prostate cancer (Ayala et al., 2003) and promotes tumor 
development in immunodeficient mice (Ryo et al., 2005). In order to find proteins which are 
relevant for the oncogenic function of PIN1, we extracted its interaction partners from 
integrated protein interactome database PINA (Wu et al., 2009) and analyzed their functional 
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similarity using RRP platform and PC3 prostate cancer cell line, where PIN1 enhances the 
colony growth and MYC expression. In the first ranking the 81 PIN1 interacting proteins were 
ordered according to their cell viability effects following the siRNA knowckdowns in PC3 
prostate cancer cell line. The siRNAs whose cancer growth inhibition effects were most 
similar to those exerted by PIN1 were ranked at the top. In the second ranking we examined 
the similarity of cell viability effects of PIN1 and its interaction partners in immortalized 
prostate epithelium PNT2 cell line. Since functionally similar genes are usually co-expressed 
(Lee et al., 2004), in the third ranking we determined the similarity of expression profiles 
between PIN1 and its interactors in prostate cancer and healthy tissue based on the data from 
MediSapiens database (www.medisapiens.com) (Kilpinen et al., 2008). The average ranks for 
each siRNA were used as input for RSA analysis, which enabled the transition from individual 
siRNAs to the final gene-level similarity ranks (Figure 2). 

The RRP analysis ranked the proteins interacting with PIN1 according to their functional 
relevance for the oncogenic function of PIN1. To validate the predictions we focused on the 
top 10 ranked proteins (Figure 2 in Publication III and Figure 4). Several of them have been 
validated previously as functionally relevant in Pin 1 biology or as interaction partners of 
PIN1. Specifically, Cdc27, which had the highest predicted functional similarity, is a known 
PIN1 target implicated in mitosis regulation (Shen et al., 1998). We also experimentally 
confirmed the novel functional association of CSKN2B and PTOV1 with PIN1 by showing 
their role in PIN1 target c-Jun phosphorylation.  Further, we experimentally validated the 
interactions between PIN1 and DDX24, PRPF40A, FTSJ1, CSNK2B and PTOV1 in PC3 cell 
line. In addition, we compared the RRP results with the predictions from FunCoup database, 
which provides the probabilistic score reflecting the likelihood of functional association 
between proteins. The top RRP ranked proteins had a very high average FunCoup score of 
0.91. Moreover, the rankings of the entire PIN1 interactome were significantly correlated 
(Spearman correlation 0.32, p=0.018), suggesting similar capacity of these two methods to 
rank the PIN1 interactors according to their functional similarity to PIN1, whenever the 
interaction partner was available in the FunCoup database. Since proteins may have different 
roles in different cellular context, the observed correlation could perhaps be even higher if 
FunCoup scores were possible to calculate solely based on the evidence from the same cell 
line, PC3. Taken together, our analysis demonstrates the potential of RRP to guide the 
selection of functionally relevant protein interactions from high-content PPI data for follow-
up experiments. 
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Figure 4. PIN1 interactome. Proteins interacting with PIN1 were extracted from PINA database and 
subjected to relevance ranking to determine their importance for the oncogenic function of PIN1. The 
intensity of the node color represents the RRP rank with the darker tones corresponding to top 
positions in the ranked list. The top 10 ranked proteins are marked by red node boarder and elliptical 
shape. Thickened edges represent both their high functional similarity with PIN1 predicted by 
FunCoup database (score >0.8) and experimental validation. 

 

5.3.2. Functional similarity ranking of AP-MS-derived PME-1 interactome 
To further test the robustness of RRP to supervise the prioritization of interacting proteins 
most functionally relevant to the protein of interest, we applied our method to PME-1 
interactome that has not been subjected to reliability filtering. PME-1 (PPME1) is a 
methylesterase that inhibits protein phosphatase 2A (PP2A) and thereby enhances the activity 
of ERK pathway in human glioblastoma (Puustinen et al., 2009). Its interactome containing 
49 proteins was identified based on AP-MS approach using a Strep tag and one-step 
purification (see Materials and Methods for details). Importantly, the identified interaction 
partners were not filtered based on any criteria traditionally used to assess the reliability of 
AP-MS results other than the Mascot score significance threshold (p<0.05) in order to 
challenge the ability of RRP to discriminate between the relevant and non-relevant 
interactions. The known PME-1 effector proteins MAPK3 (ERK1) and AKT1 were added to 
the list of PME-1 interactors as internal controls. The RRP relevance ranking was performed 
in the same way as for the PIN1 interactome using the PC3 cells in which the PME-1 
depletion lead to a marked growth inhibition. The final results presented in Figure 5 of 
Publication III demonstrate the potential of RRP to select functionally similar interactors for a 
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given bait in a cellular context under study, since both of the known PME-1 effectors were 
among the top ranked proteins.  None of the other top 10 ranked proteins have been 
previously functionally associated with PME-1.  We therefore assessed the performance of 
RRP using publicly available reliability filtering tools, such as CRAPome and SAINT, and in 
house experiments for selected hits. Based on CRAPome database, except for chaperone 
protein HSPA8, the top ten ranked proteins were not among frequent contaminants in previous 
AP-MS experiments with Streptactin affinity column.  SAINT analysis results also supported 
the reliability of the interactions predicted to be most relevant, with the exception of 
LRRC8E. Importantly, we also validated FDPS and HRNR as PME-1 interactors by antibody 
based detection from an independent Strep-PME-1 purification sample. Both FDPS and PME-
1 have been shown to regulate the ERK MAPK pathway activity either downstream of RAS 
or upstream of MEK, respectively (Puustinen et al., 2009; Reilly et al., 2002). Although the 
detailed mechanism by which FDPS and HRNR affect PME-1 biology remain unknown, the 
high degree of genomic changes in HRNR and FDPS observed in various cancer types 
suggests their likely involvement in cancer-related processes. In addition we validated Lamin 
A/C as PME-1 interactor using in situ proximity ligation assay. The lack of publically 
available information on the identified PME interactors undermines the applicability of tools 
such as FunCoup for assessing the RRP predictions. Nevertheless, two of the top 10 ranked 
proteins: MAPK3 (the positive control) and EEF2 had a high EEF2 FunCoup score. Recent 
studies revealed that EEF2 is in fact a target protein of PP2A (McDermott et al., 2014; Yang et 
al., 2013). Taken together, our analysis indicates that RRP can be used to prioritize the 
interaction partners relevant for the biology of PME-1 and is especially useful for ranking of 
the interacting proteins for which there is limited prior knowledge. The combination of our 
method with reliability filtering tools such as SAINT or CRAPome is likely to provide the 
ranking of high confidence interactions that are relevant to the function of the bait in a given 
cellular context. 

 

5.4. Functional analysis of S-nitrosylated proteins (IV) 

Neurodegenerative disorders including Alzheimer's disease are characterized by impaired 
signalling in the synapse and alterations in S-nitrosylation were previously shown in animal 
AD models and patients. In order to elucidate the molecular mechanisms in the synapse, in 
which S-nitrosylation might play an important role, we performed functional comparison of 
nitrosylated proteins in the brain synaptosomes of Alzheimer’s disease mouse models and 
their healthy controls. 

Synaptosomal proteins which were found to be S-nitrosylated in hPPP and FVB mice  
controls using SNOSID-LC-MS/MS assay were subjected to functional  enrichment analyses 
of terms from Gene Ontology Biological Process (GOBP) and KEGG. The analysis was 
performed using ClueGO algorithm and a comprehensive “synaptic reference set” of 5,600 
genes (see Material and Methods) in order to elucidate the molecular mechanisms in the 
synapse, in which S-nitrosylation might play an important role. 
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A variety of protein classes were found to be modulated by S-nitrosylation within the synapse 
microenvironment in FVB wild type mice. Their functional GO BP analysis pinned down 
multiple statistically significantly enriched terms, such as generation of precursor metabolites 
(P=3.11-15), gluconeogenesis (P=7.41-08), synaptic transmission (P=1.22-4) and 
neurotransmitter transport (P=1.07-03), indicating a global character of this post-translational 
modification. The analysis of KEGG pathways revealed additional functional categories 
representing other metabolic processes associated with the normal physiology of neurons, 
including oxidative phosphorylation, TCA cycle and synaptic organization. Interestingly, 16 
SNO-proteins from FVB mice (~12% of all identified mouse brain synaptosomal SNO-
proteins formed a cluster of functionally grouped terms previously implicated in Alzheimer’s, 
Parkinson’s and Huntington’s diseases (Figure 5 in Publication IV). 

In the Alzheimer disease mice model overexpressing the human APP we identified more S-
nitrosylated proteins and S-nitrosylated sites in comparison to the FVB wild type controls, 
which suggests a putative role of this modification in the disease pathology. 38 out of 138 
identified SNO-proteins and 108 out of 249 SNO-sites were found only in hAPP mice 
synaptosomes.  In the GO BP enrichment analysis we identified two main functional clusters 
formed by these differentially S-nitrosylated proteins: one associated mostly with axon 
guidance and the other with gluconeogenesis/glycolysis as well as generation of precursor 
metabolites and energy. The latter subnetwork contained also terms related to APP neuronal 
trafficking such as exocytosis and vesicle mediated transport (Groemer, 2011; Vella, 2008). 
The results of KEGG pathway enrichment analysis further supported the involvement of the 
differentially SNO-proteins in the regulation of actin cytoskeleton and axon guidance (Figure 
6 in Publication IV). 

The human orthologues of differentially SNO-proteins were connected with APP using the 
pathway sharing information as well as physical, genetic and predicted interactions from 
GeneMania database. In the resulting highly- connected network of 59 nodes, 4 proteins 
(UBE2D3, NEGR1, NCAM1, GAPDH) were directly linked to APP. In addition ACTB (β-
actin) has been shown to form a molecular complex with APP (Cottrell, 2005). The two most 
enriched biological processes in this network were axon guidance (P=2.74-04) and 
participation in cytoplasmic vesicle (P=1.17-03). They were shared by 10 and 9 proteins, 
respectively, including APP and 6 differentially SNO-proteins in each case. (Figure 6C in 
Publication IV). Western blotting also validated 10 proteins that were found to be 
differentially nitrosylated in hAPP synaptosomes (Figure 7 in Publication IV). The resulting 
disease network is likely to play an important role in AD pathology and can serve as the basis 
for further studies of molecular pathogenesis as well as for the development of new treatment 
strategies. 
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6. DISCUSSION AND CONCLUSIONS 
 

In this thesis we developed several computational-experimental strategies for high throughput 
functional assays that can contribute to deciphering disease driver networks and thus provide 
candidate therapeutic targets for further validations. The KISS-based approach integrates 
functional perturbation profiles from small molecule screening and compound-target 
annotations in order to systematically identify druggable single and combinatorial molecular 
vulnerabilities. Our comparative analysis revealed that KISS in combination with differential 
DSS metric and quantitative drug target selectivity profiles performed better than previously 
introduced target deconvolution approaches in predicting known kinase drivers (Tran et al, 
2014; Tyner et al, 2013; Wei et al, 2012). When applied to compound screening of 21 
heterogeneous breast cancer cell lines, KISS resulted in best average rank of our positive 
controls: ERBB2 and PIK3CA (Figure 2 in publication II). We also demonstrated how this 
model enabled the classification of selective kinase addiction patterns in agreement with the 
clinical subtypes of the disease. The cancer cell-specific networks identified a number of 
experimentally validated kinase addictions as well as combinatorial co-dependencies among 
drug target pairs (synthetic lethal type of interactions). Experimental validation using 
independent drug and siRNA combinations confirmed a number of drug synergy predictions, 
such as dasatinib with axitinib, bosutinib with foretinib or with pazopanib, which cannot be 
explained by the efficacy of the single compounds when used alone. 

A conceptually similar approach to identifying functional cancer drivers was recently 
developed by Tyner et al (2013). To directly compare the performance of KISS against other 
methods on the same set of cell lines, we implemented the Tyner method in the same way as it 
was described in the original article, i.e., using non-differential IC50 as drug response metric 
and quantitative drug selectivity profiles from Davis et al (2011). The ranks of the known 
kinase drivers in the TNBC cells demonstrated that KISS improved pinpointing the known 
signal addictions in these cells (Figure 2 in publication II). This improvement is likely due to 
the fact that, unlike Tyner’s or Fisher’s methods, KISS does not require binarization of the 
drug response data into active and non-active compounds, using pre-defined and potentially 
biased cut-off thresholds. Rather, it can use the full spectrum of drug responses when de-
convoluting the most essential kinase target signals from the quantitative drug response 
metrics such as DSS. Additionally, the usage of DSS contributes to the improved performance 
independently of other factors such as the deconvolution method or type of compound-target 
annotations. This is evident from the fact that all DSS-based versions of tested methods 
performed better in driver prediction than their IC50 equivalents. This finding is however 
expected, since DSS has been previously shown to provide a more accurate quantification of 
the compound response curve and be more informative in detecting selective responses 
(Yadav et al., 2014). Although we tried to make as systematic evaluation as possible, not all 
possible combinations of the deconvolution methods and drug selectivity data could be tested 
here due to technical limitations. For example, since there is no information available about 
non-targets or all tested drug-target pairs in the public drug databases, such as DrugBank, 
TTD or KEGG, the Fisher’s and correlation-based methods could not be applied to this type 
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of unary drug-target interactions. By making the crude assumption that all or majority of 
missing values in the drug-target matrix are “non-targets”, these types of data could 
potentially be used with KISS. However, our rank analysis has shown that the unary drug-
target data did not lead to improvements in the prediction results. The importance of using the 
quantitative target selectivity profiles that contain information of both experimentally 
validated as well as experimentally invalidated drug-target interactions was also supported by 
the comparative evaluations among various kinase inhibitor bioactivity resources in 
publication I. 

Loss-of-function mutations of cancer suppressors are often very challenging to re-activate by 
chemical treatments, and synthetic lethal interactions have been suggested as a novel 
approach to target especially interaction partners of the driving tumor suppressors (Ashworth 
et al, 2011; Chan and Giaccia, 2011). However, due to both experimental and computational 
challenges, synthetic lethal interactions between drugs and/or genes have remained extremely 
difficult to identify or predict in a genotype-specific manner (Brough et al, 2011). By applying 
the combinatorial KISS approach to the kinase target pairs allowed us to predict the pairs 
whose joint inhibition leads to synergistic co-essential effects as compared to their individual 
inhibition. Even though there were no known loss-of-function mutations among the limited 
number of tested kinase pairs, it can be argued that such synthetic lethal type of interactions, 
or co-dependencies, can be identified using the KISS model; importantly, this concept goes 
beyond the current synthetic lethal paradigm as it is also applicable to interaction partners of 
such non-drivers that may still lead to increased combinatorial cancer killing effect. We tested 
this concept here by subsequent mapping of the top kinase pairs into drug pairs, consisting of 
inhibitors of each kinase alone, which led to a ranking of synergistic drug combinations. Since 
the kinase pairs jointly inhibited by the same drugs have equal scores from combinatorial 
KISS, both the kinase and drug combination rankings may have ties (i.e. there may be more 
than one kinase pair potentially explaining the efficacy of their common set of inhibitors). 
Therefore, it was not expected that all the top kinase or drug pairs would be synergistic, but 
rather that at least one drug or kinase pair per combinatorial KISS class showed synergistic 
effect. In our experimental validations, we indeed found one synergistic drug pair in each of 
the KISS classes (Figure 6 in publication II).   

The relatively small number of inhibitors with comprehensive target annotations available for 
the KISS study resulted in the presence of ties in both single and combinatorial kinase 
rankings, whenever the kinase targets were individually or jointly inhibited by the same 
compounds. Some kinases being part of such highly-ranked ties may actually be false 
positives. However, these ties in the current rankings could be completely eliminated given a 
sufficient number of compounds with large-scale target selectivity profiles. On the other hand, 
false negative findings, i.e., low-ranked kinases that are important for cancer cell survival, can 
also be present in the current predictions due to relatively short assessment time of drug 
sensitivity (3 days), which may be insufficient to affect the viability readout. For instance, the 
inhibitors with target annotations in our collection could not elucidate the signal addictions in 
HCC1599, since none of the kinases had a positive differential KISS score in this cell line. 
Further, BL1 cell lines and other non-TNBC cells belonging to the same cluster had mostly 
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negative KISS values due to their lack of sensitivity to any of the kinase inhibitors in our 
panel (Supplementary Figure in publication II). Since the KISS analysis had to be limited to a 
relatively small number of compounds and only a subset of the kinome, which may in turn 
lead to unequal representation of pathways relevant for cancer cell survival, we further 
examined the effect of extending the target space on the KISS rankings. For this purpose, we 
used our integrative collection of comprehensive biochemical selectivity profiles from 
publication I. Specifically, we extracted all the kinase targets with high confidence binding 
affinity score in the same range as in quantitative drug-target set. It was found out that KISS 
rankings remained largely unaffected by the additional target annotations (data not shown), 
pointing mainly to the same set of key molecular addictions. However, it is likely that 
increased number of kinase inhibitors with validated target spaces will lead to more accurate 
prediction of new cancer drivers using KISS and similar methodologies in the future. 

We systematically tested the predictive power of both single and combinatorial KISS in breast 
cancer cell lines, in which a number of molecular dependencies have already been established, 
serving here as positive controls, and where in-depth evaluations of kinase target essentiality 
and synthetic lethal target interactions are possible via siRNA and drug combination 
experiments in vitro. Experiments with siRNA combinations offer a more direct way of 
validating the combinatorial KISS predictions, although the observed synergy upon joint 
siRNA inhibition may also be due to off-target effects or variable reagent sensitivity, known to 
hamper RNAi studies. Moreover, the functional consequences of loss-of-function siRNA 
perturbations are not equal to those from chemical perturbations (Weiss et al, 2007), since the 
loss of gene expression may affect protein complex formation, and thereby signal transduction 
and cellular phenotypes such as viability, differently than just blocking the activity of a target 
that may still interact and bridge some complexes. Nevertheless, the siRNA knockdowns gave 
complementary support to the co-essentiality of the kinase pairs predicted to be synergistic by 
the combinatorial KISS. As a future development, it might be useful to combine the chemical 
and RNAi-based perturbation experiments with genomic analyses to provide potentially 
improved identification of molecular addictions and co-dependencies, along the lines 
suggested in previous integrative studies (Gatza et al, 2014; Shiu et al, 2014; Sundaramurthy 
et al, 2014; Vizeacoumar et al, 2013; Zaman et al, 2013). It is noted, however, that systematic 
combinatorial silencing of exponentially increasing number of potential kinase pairs using 
combinatorial RNAi screens is currently experimentally not feasible in human cells.  In model 
organisms, large scale drug combination screens have found that synergistic drug pairs are 
rare (4–10%); Interestingly, however, these often correspond to synergistic genetic 
interactions between the corresponding targets of the individual compounds (Cokol et al, 
2011), hence suggesting an unbiased strategy to predict synergistic drug combinations. What 
has remained lacking, however, are systematic experimental-computational approaches, such 
as KISS, which enable predicting and prioritizing the most promising combinations for 
experimental validation. Such methods are necessary since experimental testing of all possible 
target or drug combinations is laborious and expensive even in automated high throughput 
setting. 
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KISS can be applied in various cell lines or patient samples to provide pharmacologically 
actionable therapeutic targets and can contribute to the development of new personalized 
treatment strategies. As broad-scale drug sensitivity testing is increasingly used for profiling 
patient-derived cancer cells, KISS can benefit the translational applications by revealing 
oncogenic driver signals and suggesting combinatorial treatments targeting synthetic lethal 
type of interactions. When applied to drug sensitivity profiles of cancer patients derived at 
various stages of disease progression, it elucidated the network addictions not obvious from 
drug screens or genomic information (Pemovska et al, 2013). Further improvements in KISS-
based target prioritization could arise from integration of functional and molecular profiles of 
patients, including for instance gene expression, genotypes or protein levels. Assessing the 
impact of effective small molecules on the disease networks by further molecular profiling of 
cells following drug perturbation could also contribute to improved understanding of the 
disease driving processes. In addition, a group of patient samples with the same drivers may 
be hypothesized to have a common underlying mutation or gene expression signature 
predictive of the drug response.  

The predictive accuracy of disease driver deconvolution methods based on small molecule 
response profiles is highly dependent on the coverage and accuracy of target annotations. The 
databases with quantitative target annotations, such as ChEMBL, contain heterogeneous data 
obtained under various experimental settings. The extracted bioactivity readouts for a given 
compound-target interaction may be incomparable or difficult to evaluate in terms of their 
reliability without going into the experimental details. This in turn may not be feasible when 
analyzing large amounts of annotations. In addition, full information about experimental 
conditions in ChEMBL is often missing which limits the applicability of the known relations 
between the bioactivity types, such as the Cheng-Prusoff equation. The KIBA model 
presented in publication I facilitates the usage of this heterogeneous data by providing a 
summary score which maximizes the consistency between different metrics. Thus, KIBA 
provides a way for integration and fine-tuning of the compound-targets networks obtained 
from various compound bioactivity profiling assays and thereby facilitates better 
classification and translation of compound-target interactions.  Expanding the knowledge of 
these interactions should in turn contribute to increased reliability of cancer addictions 
predicted by methods such as KISS. It would also facilitate testing more kinase combinations 
because in combinatorial KISS we could only test the pairs for which both common and 
single inhibitors were available. In addition, better coverage of compound target space 
facilitates understanding of the mechanisms of action of tested compounds, both in terms of 
their therapeutic and side effects. In the future KIBA-based target evaluation could be 
extended to incorporate other types of readouts, such as thermal stability shift assay (Fedorov 
et al., 2007) or chaperone interaction assay (Taipale et al., 2013). 

As the proteomic technologies evolve and develop to provide better coverage and accuracy of 
PPI maps including the disease networks around the known molecular drivers, there is a 
growing need for methods that could help in the interpretation and functional translation of 
such data. In this thesis we focused on the challenge of prioritizing the interactions with high 
functional similarity to the disease driver of interest in a given cellular context. The RRP 
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approach contributes to the functional translation of PPI networks by predicting the 
interactions relevant for a given biological question. RRP consists of modular functional and 
bioinformatic filters to rank the interaction partners according to their probability of 
contributing to the oncogenic function of the bait. RRP was applied to two cancer relevant 
proteins, PIN1 and PME-1, and turned out especially useful for the analysis of interactomes of 
baits for which there is limiter prior knowledge available, such as PME-1. For these networks 
the existing tools for functional similarity predictions, such as FunCoup which rely on the 
data in the public domain, turned out to be uninformative. The RRP-based rankings of 
interactors according to the predicted functional similarity to the bait of interest were enriched 
in the validated or known effector proteins for both PIN1 and PME-1. In addition, the RRP 
analysis of the MS-identified PME-1 interactome provides a possibility for better 
understanding of the role of this protein in human malignancies. Our evaluations have shown 
that the top ranked interactors in both rankings would have been ranked much lower based 
solely on the RNAi screening results, that was the method of choice in some previous studies 
(Friedman et al., 2011; Ramage et at., 2015). Unlike other methods typically used for filtering 
of high throughput protein interaction data, such as SAINT or CRAPome, RRP does not 
assess the reliability of the detected interactions, but focuses on addressing the functional 
similarity of the proteins.  Therefore, combining RRP with the tools for selection of high 
confidence interactions offers a possibility to pinpoint the interaction partners which are both 
reliable and functionally relevant to the function of the bait in a given biological context. 

Taken together, the experimental-computational approaches for the identification of disease 
driver networks facilitate better translation of the growing amount of biological data and 
development of novel treatment strategies. Further efforts are however needed to decipher the 
information flow across the dynamic and context-dependent disease networks, in addition to 
good coverage of PPIs and drug-target interactions. Integration of additional types of data, 
such as genomic sequence or time-series measurements of protein signaling under various 
conditions is therefore necessary to better understand the disease mechanisms and to design 
the perturbations that would result in therapeutic effects. 
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