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ABSTRACT

INTEGRATION AND ANALYSIS OF BIOLOGICAL DATA FOR
COMPUTATIONAL DRUG DISCOVERY

At ak Ge¢gvenilir, Heval
Ph.D., Department of Health Informatics
Supervisor: Prof. Dr. Mehmet Volkan Atalay
CoSupervisor: Assoc. Prof . Dr. Tunca

June2023, b1 pages

Drug discovery and development is a slow and costly process that comprises
identifying bioactive compounds against biomolecular targets ewaduatingtheir
efficacy and safety. Computational dfogmpoundtargetprotein interaction
(DTI/CPI) prediction approachdsave emerged as valuable totdsstreamline this
procesandminimizeexpensgs In recent years, the integration of artificial intelligence
(Al) based methods in DTI prediction has gained considerable atténitchallenges
persistdue to limitationsin existing approachesand the complexature of this
biological problem This thesis studyims to contribute to the effective utilization of
Al in drug discovery byaddressing current obstacles al&veloping innovative DTI
prediction models. Theain goals to establish a reliable standéwddesigning robust
and industryapplicablecomputational system3he studyis dividedinto three parts
eachaddresmg adifferent aspect of the probler the first part, we performed a
comprehensivebenchmarkfor machine learnindpased DTI predictio to achieve
betterdatarepresentations and more successful learrang proposedhigh-quality
bioactivity datasetfor a fair and reliable comparisolm the second part, watilized

the knowledge graph (KG) data structure to leverage heterogenemgidazibtiata for
improved drug discovery and construced the KGmodule ofour biological data
integration system QROssBAR by incorporaing essentialrelationshipsamong
multiple types ofbiomedical entitiesin thelastpart, we proposed HetCPlI, a systems
level CPI representation and prediction framework, which utiliceting-edge
heterogeneous graph representation learning algorithms to extract hidden knowledge
from multi-layered biomedical datai.e., CROssBARKGs, and demonstratesa
considerablgerformancemprovemenin challenging scenario3he outputs of this
thesisstudyare expected taid experimental and computational work in biomedical
sciencs, especiallyin drug discovery and repurposing.

Keywords: machine/deep learning, bioactivitpodeling protein representation,
biomedical knowledge graph, heterogeneous graph representation learning
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CHAPTER 1

INTRODUCTION

1. Drug Discovery and Development Process

Thediscoveryand developmertf new drugs is one of the masticial and demanding
objectives of modern medicinerequiring extensive research efforts to overcome
various scientific and regulatory obstaclieds a multistageandlong-term process
(Figure 11) that involveq(i) the identification and validation of a biomolecular target,
(i) finding potential drug candidates thateract with the targetjii) optimizing the
chemical structure and properties the lead compound(iv) preclinical studies
includinganimal trials andv) clinical studies including human trials to tastefficacy
and safety, following with(vi) FDA approval to be releaset the market if
successfully pagsg all stageqBlass, 2015)The average cosif developing a new
drug isaround$1.8billion over approximately 13 yearshe high failure rate of drug
candidates in clinical trials due to their low efficacy and high toxicity lenelkes
drug discovery ia extremely challengindyigh-risk, and expensive endeav@taul et
al., 2010)

The goal of drug design is to develapgls that can bind to the target with high affinity
and specificity, and thereby modulate its activity in a desirable way. As the initial step
in the procesgi.e., stepi andii), the identification of interactionbetweendrug
candidate moleculege.g., compounds)and the target (e.g., druggable protein)
constitutes the basis of drug discovery. It is achieved by meagherigoactivity
levels of these compoundsgia screening assay$Vith the advancements in high
throughput screening technology, it ismpossible to scan thousands of compounds
simultaneously; but still, it is not feasible to fully analyze a certain portion of the target
and compound spaces due to the excessive number of possible-pooteiound
combinationg(Rifaioglu et al., 2019)Thus, there is a need for the design of more
efficient screening assay setups to reduce the time and cost required for successfully
introducing a drug tthe market.
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Figure 1.1. The pipeline of drugliscovery and development proc¢R#aioglu et al.,
2019)

2.In Silico Prediction of Drug-Target Interactions (DTIs)

2.1.Modelling Approachesm DTI Prediction

The increasing availability of biological data and the development of computational
methods offer new opportunities for accelerating drug discowergrder to aid in
designing screening experiments more effectively, computational approaches have
become wucial in recent years to identify potential drug candidates worth considering
in the experimental stages. The technique usedhfsilico prediction of unknown
drug/compoundarget interactions (DTIs) is called virtual screening (VS).
Conventional VS méibds are roughly categorized as ligdabsed (e.g., QSAR
modeling and structurdased (e.g., molecular docking), which aim to predict
interactions between a set of compounds and a predefined target. juigtaia-based
approaches utilize molecular propebased compound similarities, while structure
based approaches employp3tructures of targets and compounds for predicting these
interactiongLavecchia & Di Giovanni, 2013)n these applications, efarget effects

are generally overlooked, and ethpossible targets of the compounds cannot be
identified. However, it is known that most of the bioactive compounds act on multiple
targets and identification of oftargets is importanespecially for drug repurposing
and sideeffect identification stdies.

Differently from conventional VS methods, proteochemometric (P@Mleling as

a relatively mwapproach in this areavercomes this limitation by incorporating both
compound and target features without requiringd 3structures and dynamic
informaton for DTI prediction. It can predict bioactivity relationships between large
sets of compounds and targets under a single system instead of building a separate
prediction model for each target protgi@ortésCiriano et al., 2015)There are
promising studies thatstate PCM models outperform conventional quantitative
structureactivity relationship (QSAR) models in DTprediction modeling (van
Westen et al.,2013; Paricharak et al.,2015).



There are multiple factors affecting the success of a drug @gdithinly due to the
extremely dynamic and complicated structure of biological systems. Considering this
fact,networkbased approaeisutilizing omics datgain importancen DTI prediction
with the development of systems biology and network pharmacoldggse
approaches differ frorthe abovementionechethodsin terms of the input data type.
Traditional VS methodsand PCMmaodelingonly utilize compound and/or protein
knowledge for the inf@emce of bioactivity datddowever,networkbased approaches
integrate heterogeneous biological daténcluding proteinprotein interactions,
drug/compoundarget protein interactionsand signaling/metabolic pathways,
together with higHevel concepts sucas proteirdisease relationships, draisease
indications, pathwaylisease modulations, and phenotypic implications. dihect
and indirect relationships in molecular and cellular processag carry hidden
patterns affecting the interactions of progeamd compounds; thus, their involvement
in bioactivity modelinghasthepotential tancrease the success rate in drug discovery
(Yeetal., 2021)

2.2. Utilization of Artifidal Intelligence(Al) in DTI Prediction

The remarkable ability of artificial intelligence (Al) to process vast amounts of data
and extract valuable insights has led to its widespread adopt@lhsteps ofdrug
discoveryincluding target identification and validatio@eon et al., 2014)smadl-
molecule design and optimizatig®livecrona et al., 2017; Segler et al., 2Q1Bug
sensitivity prediction andiomarker discoveryB. Li et al., 2015) prediction of
ADME-Tox properties(Wenzel et al., 2019as well as prediction ainical response

(E. W. Huang et al., 202@nd drug approvals Ci r ay & DBdgha/8gnd 202 2)
systemsbased DTI prediction methodbeavily rely on Al-centric modelling
techniques including classical machine learning and cutiuye deep learning
algorithms. Developing a Al-centric DTI prediction model involves several key
steps which are displayed iRigurel.2.

The firststep is taconstructselect an appropriat®oactivity dataset, typically derived
from publicly available dataepositoriessuch as DrugBanKLaw et al., 2014)
BindinDB (Gilson et al., 2016)ChEMBL (Mendez et al., 2019and PubChenfY.
Wang et al., 2017)The bioactivity dataset includeinformation onexperimentally
validateddrugcompounetargetinteractionsalong with the corresponding labdts
supervised learningvhere the system is trained usilapeledsamples to yield the
expected outpufVamathevan et al., 2019pepending on the type of the prediction
task (i.e., classification/regresn), these labels can belyinaryformatas fAacti ve (
and fi n afortclassifeatidn 6ryeal value format correspondirmoactivity
measurements (e.g., pKd, pKi, plIC50, etor)regressionThe datasemustalso be
preprocessed fidter outlow-quality or irrelevant data ambrmalizedor consisteny

if required Then it needs to besplit into train/validation/test setasing specific
strategies such as random split, stratified split, or temporal split

The next step is the featurization of the input samples (i.e., proteins and/or compounds)
into numerical representatioffise., fixed-lengthfeature vectorsjo be procesed by
supervised learning algorithmBhesefeature vectors are traditionally construchsd
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applying specific rules or calculatiorm various molecularcharacteristics othe
samples including their physicochemical,structural, topological, or functioral
properties, and are derived fromsequencesof proteins and line notations of
compounds€.g.,SMILES), or their 3D atomic coordinatefRifaioglu et al., 2019)
Recently,learned embedding approaches/e emerged as a promising alternatove
traditional methodsn obtaining effective feature representations withasihgany
domainspecific knowledge They employ natural language processing (NLP)
algorithms for generating Aword embeddingso
directly from raw textual chemical and biologicatlata (i.e., line notations and
sequencegUnsal et al., 2022)Additionally, theyleveragethe structural information

and relationships between nodes., protein or compound entriga)a graph through
graphbasel algorithms to generate "graph embedding$iese methods allow for a
more comprehensive representation of complex data fmnge demonstrated
considerable potential in a wide range of applications in the chemical and biological
domainsg(Nelson et al.2019)

After the featurization of the data, selecting an appropriate algorithonuisial to
develop a effectiveprediction model. IDTI prediction, classical machine learning
(ML) algorithms such as support vector machines (SVMs), random forestgiRF),
neural networks (NNs) have been widelyilimed with successful applications
However, the increasing availability of data and computational power has made deep
learning (DL) algorithms, such as deep neural networks (DNNs), convolutional neural
networks (CNNSs), and recurrent neural networks (RNNs), a more attractive ggtion
Chen et al., 2018%raph learning algorithmss aspecial type of DL algorithm&ave

also been employedn DTI prediction. These algorithms,including graph
convolutional netorks (GCNs) and graph attention networks (GATsn handle
graphstructured datandenable the integration of graph topology information into
the learning proces® be used for a variety of grapblated tasks, such as node
classificationandlink predction (Nguyen et al., 2021)

Onceasuitable algorithm is selectedlevant tothe data and prediction task and the
model architecture is designédr DL models) the next step is to train the model on

the prepared datdo identify patterns and make predictionBuring the training
process the model adjusts itgternal parameters to enhance its predictiolrs.
addition there are external paramet&roown asi Wperparametets(e.g., the number

of hidden layers in a neural netwaok the number of trees in a random forekgt

must beset before training the modeThe adjustment of hyperparameters is an
exhaustive process that requires trying various combinations of them, especially for
DL models. However, it is crucial for optimng the model performance, as
hyperparameters control the complexity of the model and how it learns from the data
(Andonie, 2019)

After determining the best hyperparameter combinations based on the validation set
performance and training the model witlese hyperparameters on the training set, it

is essential to evaluate the model performance on an independent tesissestoits
generalizability, consistency, and applicabiliffgommon performance metrics for
classification tasks include accuracyegsion, recall, Fscore, AUROC, and MCC
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score(Rifaioglu et al., 2019) For regression tasks, RMSE.
correlation coefficient, and Cl are widely usedCi cho&ska et al ., 20
al., 2021)

Each of these stepscritical tobuilding accurate and reliable Al systems for a variety
of applicationsncluding DTI predictiorand should be considered carefully.
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Figure 1.2. Thetypical stepsinvolved inconstructing aupervised learningasedAl
model for DTI prediction

1.1. Problem Statement

The application of Afor DTI predictionis an area of researchith great potentiaio
acceleratehedrug discovery procesblowever thesemethods have sontienitations

that hinder their applichility in realworld case and highlight the needfor more
robust modelsOne of the majolimitations of Al-based modelss ther reliance on
training data, which may be biased or incompletéTI prediction, thigssuemainly
arisesdue to low coverage of protein and compound spaces, and poor dataset design
generallyleadng to overoptimistic performance resulta\dditionally, Al models
have limitedability to generalizébeyondthe trainingdatg making themfail when
encountering new, unseen samplase multilayer architecture dDL modelsallows
themto handlevastamounts of data arrécognizedeeper patternsvhich makegshem
preferableto the conventionaML method for generalizing the datdlowever,they

still suffer from daterelated issues limiting their efficient use. Therefan&oducing
gold-standardlargescalebenchmarkdatasetsvith high-quality and diversity, along
with properly designed, realistic trainftesplit scenarios will benvaluable for the
communityto facilitate the development of reliable and applicable DTI prediction
models.

Another drawbackof current Al modelsfor the DTI prediction problems their
tendency torely solely on bioactivity data neglecting thepotential benefits of
incorporatingmulti-omics data This may preventthe full captue of the complex
interplay betweercompound and the biological systems they interact wlitiectly or
indirectly. As a resultmore advanced approaches sucgraphbased deep learning
andnew comprehensive representatians required to unveil nelmear relationships
between target proteins and drug candidate compodmdkeverageheterogeneous
biomedical data, the integran ofdistinctoperraccess data repositorigsg., UniProt,
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ChEMBL, KEGG, OMIM) is essential These databasesontain vast amourg of
semantically complementabyomedical data thatan offer furthemsighsinto human
physiology and pathophysiologyfowever,most aretechnically disconnectefifom
each otherhavirg only crossreferences, whichestrics their holistic useOne of the
most effective ways toonjugate andepresentomplex associations between different
layers of biomedical datia to convert it into a knowledge gragkG) structure as a
network of interconnected entries. Once achieved, it can be utilized by ndtaseH
technigues for comprehensive analysisd graph learning r@hitecturesto develop
prediction models witlthe ultimate goal of proposing novel treatment options

1.2. Scope and Objectives

Despiteconsiderable progress in recent yeanssilico prediction of DTIs remains a
challengingoroblemdue tathelimitations of applied Al models and difficulties arising
from the complexand dynamic naturef this biological issueThe primary objective
of this study igo contribute to the successfulilization of Al in drug discovenby
developinginnovative predictie modelsthat accurately predict bioactivities and
overcomethe current obstacles the field To achieve thisthe studyfocuses on
establishing a reliable standdad the design ofobustand industryapplicablestate
of-the-art models This standardizatiomvolves providing high-quality benchmark
datasets that cover different train/test split scenawitis varying difficulty levels
considering the realorld challenge$aced bythe pharmaceutical industryhe goal
is to enhance the comparability and practicality of different approatdeding to
more reliable and reproducible results. Additionallge study comprehensively
addressethe limitations in the currentapplications ofAl for DTI prediction This is
achieved throughlassical MLmodelsthat employwell-established algoritheproven
to be effective in DTI predictiarThis studyalso introducesdvancedL approachs
that utilize largeamounts of heterogeneous biomedical dataugh cuttingedge
graph learning algorithms t@vercome the limitations of classical methods
Ultimately, these proposed models aim to dfécient and powerfultools that
contributeto the dscoveryof new drugs and thedvancement ahedical sciencelhe
proposedhesisstudy can be divided intihreesubjectpars:

In the first part we investigated the representation capability of various protein
featurization techniques® be used for the automated prediction of DTIs. For ings,
benchmarkeddifferent sets of conventional protein descriptors a&ndting-edge
learned protein embeddinigg developingsupport vector machine (SVM) and random
forests (RF) basedioactivity prediction models using two differemhodeling
approached(i) the target featurdased approachin which an individual predictive
model is generated for each compoungtdr; andii) the proteochemometric (PCM)
approach in which both compounthrget feature pairs are fed to the systés.a
significant contribution to the scientific community, we creatpuald-standard,
reference bioactivity dataset®m small, medium, and largescale withchallenging
train/test splits. These datasets are intended to provide a fair basis for comparing the
performance of different models and promoting the development of robust DTI
prediction systems with reatorld translational value idrug discovery.



In the secondpart we built the biomedical knowledge graph (KG) construction
pipelinefor the CROssBAR systenCROssBAR serves am integrated biological
data resourcethat containsinformation on various biomedical entities, including
genes/proteins, drugs/compounds, disease/phenotype terms, and pathways/biological
processesThe KGs are constructed dynamically based on the user quehich

allows for extractingrelevant information from a large and diverse pool of biomedical
data. To ensure the KGs are biologically relevant and informative, we applied specific
filters, including overrepresentation analysis, to focus on the primary relationships
between the entés in thegraph This filtering approach helps to maintain a reasonable
node and edge size, making it easier for researchers to interpret aAd assecase
study, we constructed COVHD9 KGs using the same methodolotgyprovide a
comprehensive andotto-date resource for researcheiso investigae the molecular
mechanisms ahis pandemi@andseek tadevelopnewtreatmenbptiors.

In thelastpart we introduced a novelystemdevel approach to predict compound
protein interactions (CPIs) in a cpnehensive and accurate manner. The proposed
framework, named HetCPI, leverages informatifsam largescale biomedical
knowledge graphs (KGs) constructed by the CROssBAR sysdtepnocesss the
direct and indirectrelationships between proteins and coompis via the
heterogeneous graph transformer (HGT) algoridamd generatelow-dimensional
representationby preserving graph topolodgr the subsequent CPI prediction task
We trained, optimized, and testétetCPlon ourlargescale benchmark datasets of
transferases and membrameeptors familiesand compared it to statd-the-art
models in the literature. The resuliemonstratethe effectiveness of HetCPI in
predicting bioactivities and its potential taid the disovery of new drugarget
interactions.

This studyhas significant contributions to the field of drug discovery and biomedical
research including the development ofgold-standard benchmark datasets,
comprehensive evaluation of protein featurization methodsnstruction of
heterogeneous biomedidéaGs through the CROssBAR system, and deeelopment

of the HetCPI modaelitilizing large-scale biomedicadlata forbioactivity prediction
These outputs and contributions are expected to assist experimentatgndatmnal
work in biomedical scienceventualy promoting progresm drug discovery

1.3. Structure of the Thesis

This thesiscomprisessix main chaptersThe first chaptemprovides background
information on the drug discovery and development process autines the
computational approaches used for the prediction of DTIs. The preitd¢éement and
the scope and objectives of this thesis alsqresentedn this chapter. In the second
chapter, a review of previous work in the literatteated todifferent machine/deep
learningbased DTI prediction methods is provided. In the third chapter, we evaluate
the representation capabilities wdrious protein featurization approaches for DTI
prediction and construct larggeale protein famihspecific benchmark datasets for
bioactivity modeling The fourth chapter describes the CROssBAR biomedical
knowledge graph (KG) construction process andazse studies aiuding COVID

19 KGs. In the fifth chapter, wgroposeour systemspased DTI prediction method
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called HetCPI, employinpeterogeneous graph learning algorithms. In the sixth and
final chapter, wsummarize the main findings of the study and discuss pakéutire
research direction®©verall, this thesis provides a comprehengigespectiveon Al-
basedcomputational method®r DTI predictionand contributes to the development
of new and improved techniquis this predictiontask



CHAPTER 2

LITERATURE REVIEW

Recently, a great number of -&kntric computationapproachebave been proposed
for DTI prediction. In this chapter we presentthe recentwork regarding DTI
predictionunder two sectionsncluding classical ML applications and cuttiegge
DL applications.

2.1. ClassicalMachine Learning Applications in DTI Prediction

Machine learning has become an essential tool in drug discovery, particularly in
predictingDTls. Various classicadVIL algorithms such as-nearest neighbors, matrix
factorization, spportvector machines randomforest, andshallow neural networks

have benwidely applied to DTI predictionRegarding the methodologicasageof

the input properties, ML approaches areadlydivided into two categories within the
context of DTI prediction: similaritpased and featwtgased methods.

Similarity-based appmrachesrely on the assumption that similaompounds and/or
targets tendo have similar biological activitieso thatthey utilize similarities to
predict their interactiong.hese similarities are calculated via various metrics such as
theTanimoto coefficient, Euclidean distance, and Cosine similaitg processed by
different algorithmsincluding bipartite local model¢Bleakley & Yamanishi, 2009;
Buza & Pegktal,20@3)régularizeMledst squaresn Laarhoven et al.,
2011; van Laarhoven & Marchiori, 2013; Xia et al., 2QJ@)dmatrix factorization
(Gonen, 2012; Y. Liu et al., 2016; Peska et al., 2017; Zheng et al.,. Z2008Nng
similarity-based ML mdels, SimBoost and KronRLS (also known@sSKronRLS

are two statef-the-art bioactivity prediction models, which yield competitive results
even with cuttingedge DL models on widely used benchmark datg8&ssiteiro et

al., 2022; Rifaioglu et al., 2021%imBoostusesgradientboostingregression treet®
predict binding affinities by extracting three types of features: individual features for
each drug and target protein, netwsksed featurederived fromdrug similarity and
targetsimilarity matrices andnetworkbased featurederived from DTIs where drug
and target nodes are connected to each other via binding affinity (Bleet al.,
2017)

CGKronRLS s aregularized leassquareshasedregression model th&mploys the
Kronecker product kernéd combinedrug similarity and target similarity kernels into
a larger kerndfor predicting binding affinitieswhich enabésfaster model trainingdt
utilizes 2D structuralsimilarities for compoundsand SmithWaterman alignment
scoresfor target similaritiegCichonska et al., 2017%imilarity-based models have a



significant drawback in that they are unable to generalize well to new targets or
compounds, as the similarity measures have a limited applicability domain.
Additionally, they may struggle to handleomplexmolecular interactions that cannot

be captured by simple similarity measynefich may lead to poor performance in
predicting interactions for structurally diverse compounds or targets with low
sequencéomology.

Featurebased ML approaches employ fixEshgth numerical feature vectors of drugs
and targets as input, unlike similarityased models that rely on similarity matrices.
These feature vectors are generated based on diverse properties of prudéons
compounds, including their molecular, physicochemical, structural, and functional
characteristics. The feature vectors are then processed by various ML algadoithms
extract information for the prediction of DTIs or bioactivity valu®¥M is one ofthe
most widely usedIL algorithmsin DTI predictionknown for its effectiveness in both
regression and classification tagkkeppert et al., 2009; Mousavian et al., 2016; Ning
et al., 2009; Poorinmohammad et al., 2015; Shar et al., 2016; Strombergson et
2008; Tabei & Yamanishi, 2013; Yabuuchi et al., 201i)can deal with high
dimensional variables in small data sets and camdeel for linear and nonlinear
problems to classify data points by setting decision bourgdari@hang et al., 2017)

Mousavian et al. developed &VM modelfor DTI prediction using bigrarfPosition
Specific Scoring Matrix (PSSMgatures for proteins and PubChem fingerprints for
drugs. They compared PSSM features Wweleudeamino acid compositio(PAAC)

as one of thenost widely used protein features and demonsttaeaigh-confidence
prediction ability ofthe PSSM modelspecifically for enzymes and ion channels
datasetsThey also mvestigatd the impact ofthe negativesampleselection strategy
on the accuracy of predictions, atitky observed a reduction in performangben
changing the sampling method from random to balanided suggests that the choice
of sampling method can have a significant impact on performdacethe
classificationbased DTI prediction taslkand needs to be carefully considered
(Mousavian et al., 2016)

RF is anotherstateof-the-art ML algorithmthat has been extensively used T
prediction(Bosc et al., 2019; Kumari et al., 2015; Shar et2816; Shi et al., 2019;
Singh et al., 2015; Y. Wang et al., 2015; H. Yu et al., 201% an ensemblenethod
based on mangecision treegienerated fronbootstrap samples of the training data
and random subsebf the features with each tree making independent predictions.
Therefore it promotes diversity among the decision treebjch leads to better
performance compared to a single decision Réehas several advantages over other
algorithms, such as being fast, robustiagt noise and overfitting, able to handle high
dimensional data, and considerede of the most successful ensemble methods
(Ballester & Mitchell, 2010; Shar et al., 2016)
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Figure 2.1. The flowchart of thé’redbindingmethod(Shar et al., 2016)

Wang et aldevelopedhree familyspecificRF regression models predict protein
ligand binding affinites forHIV -1 protease, trypsjand carbonic anhydragamilies

as well aswo generic models for diverse protein famili&#se models were trained
ona comprehensiveet offeatures, including protein sequence, binding pocket, ligand
structure and intermolecular interactionThe study revealedthat the selected
important featuresdliffered greatly among the families due to trastinct functions
Moreover, he family-specific models outperformed the generic mad@gerall, he
findings emphasizthe importance of considering thaiquefunctions and features of
different protein familiesn predicting binding affinity(Y. Wang et al., 2015)

Shi et al. proposed a nd®F classification modeLRFDTI, for predictingDTlIs. The
method utilizes the pseugmsition specific scoring matrix (PsePSSM) and FP2
molecular fingerprinting to extract features from druandtargets. hie extracted
features are processed using Lasso to reduce dimensionality and SMOTE to handle
unbalanced data. The aslel was evaluated on four different datasets, including
enzymes, ion channels;@oteincoupled receptors (GPCRSs), and nuclear receptors,
achieving high prediction accuracies ranging from 94.9% to 98.1%. The authors also
demonstrated the method's ability to perform well on new datasets, highlighting its
potential for new drug research and target protein developi@bnét al., 2019)
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2.2. Cutting-edge Deep Learning Applications in DTI Prediction

Deep learning@L) is a subfield of ML that uses artificial neural netwo(RNNS)

with multiple hidden layers to learn hierarchical representations of dateese
networksare capable of handling vergrge, highdimensional data sets with billions

of parameters that pass through nonlinear functibims ability allowsthem tomodel
high-level abstractions contained in data, resulting in improved performance, and have
quickly surpassed classical ML appchesin DL architectures, each data processing
layer is trained on the features produced from the output of the previous layer. This
enableghelearning of highlevel features without the need for any data preprocessing
contrary to classical ML algorithmand reveks nontlinear relationships in large and
complex data (e.g., biological/biomedical datagg#pioglu et al., 2019)Successful
applications oDL in many areas such as computer vigidassakovsky et al., 2015)
speech recognitioqd. Huang & Kingshry, 2013) and natural language processing

(Y. Wu et al., 2016have led to their widespread use in the field of drug discovery and
development, as well.There arevarious studies developed DTI prediction models
utilizing different DL architectures,including deep feedforward neural networks
(FNNs) (Koutsoukas et al.,, 2017; Ma et al., 2015; Ramsundar et al., ,2015)
convolutional neural networKCNNs) (Goh et al., 2017; Oztiirk et al., 2018, 2019;
Wallach et al., 2015pairwise input neuraletworks(PINNSs) (Rifaioglu et al., 2021,

C. Wang et al., 2014pandrecurrent neural networklRNNs) (Abbasi et al., 2020;
Karimi et al., 2019; C. Wang et al., 2014; S. Zheng et al., 2020)

As one of the earliest examples of F§|Wa et al.developed)SAR models based on
singletask and multtask FNNs for bioactivity prediction. They represented
compounds asnolecular descriptors based on atom pairs and dacweptor pair
descriptorsand they useterck's Kaggle challenge daset and iFhouse data sets

The authors created several models using different hyperparameters and found that
using a single set of hyperparameters performed better than using optimized
parameters for different data sets. HMNs outperformed th&F classifier, and the
multi-taskFNNs generally performed better than the sirtgkk FNNs. Additionally,

the performance of the singlask FNNs increased with the increasing size of the
training data set¢Ma et al., 2015)CNNs are specifically designed work with
images or other multidimensional inputhe key idea behind CNNs is that they use
convolutional layers to extract local features from ingata These convolutional
layers are typically followed by pooling layers, which help to reduce the
dimersionality of the feature maps and make the model more computationally efficient
(Rifaioglu et al., 2019)

DeepDTA(Oztiirk et al., 2018and WideDTA(Oztiirk et al., 2019%re twopopular
CNN-basedmodek develogd by Oztiirk et al.for predicting compoungrotein
binding affinity. DeepDTA uses drug SMILES and protein sequences as input, which
are processed by twbstinctstacked CNN blocks that learn latent features of thesdrug
and targetseparatelyfollowed bymaxpooling layes. The obtained features are then
concatenated and fed toreefully connected layers for predictiom an attempto
enhanceDeepDTA performance)NideDTA uses four differeninput representations

of compounds and proteins, which aBMILES and ligand maximum common
substructure (LMCS)or compounds, and aa sequences and protmaths and
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motifs (PDM)for proteins Moreover, it represents compound SMILES and protein aa
sequences as sets of words rather tharcharactetbased representatioh. applies

the same CNN architecturevith DeepDTA to extract features from each
representation. Both methods have been evaluatddawrs and KIBAbenchmark
datasetsThe results showed that the wdrdsed sequence represian in WideDTA

is a promising alternative to the charadtesed sequence representation used in
DeepDTA. However, including?DM information as well a&MCS words did not
provide additional useful informatidor binding affinity prediction

Long shoriterm memory neural networks (LSTMs) are a specific type of RNN that
arecapable of learning lonterm dependencies, making them particularly useful for
tasks where understanding contextual relationships is cr{fit@nathevan et al.,
2019) Abbasi et al proposed DeepCDAFigure 2.2)as an extension of DeepDTA
with the integration of LSTM layers after CNN blocks that is followed by@sided
attention mechanisrto encode the mutual interaction of protein subsequences with
compound substructurel is proposed for accurate prediction of binding affest
particularly in cases where the test and training data are sampled from different
domains with different distribution¥he method improves the generalizability of the
model by utilizing the domain aghtation technique and achieves promising results
compared to othestateof-the-art approachegAbbasi et al., 2020)

Yy

)
S
¥

a5 5D
Gy -

SMILES: COCI=C...
Encoding layer

+

Sequence: MTVKTEAAKGT...

Encoding layer

Conv Conv
4 Dropout Dropout —;
E° Max-Pooling Max-Pooling é-
> Conv Conv >
Z 7
Z y 4
5 Dropout Dropout G
Conv Conv
Max-Pooling Max-Pooling
L . v — | .
LSTM » LST™M > » LSTM LST™M > LSTM —» ver —p LSTM
Concatenate Concatenate

|—~ Two Sided Attention Mechanism ‘—l

}

Fully Connect Layer

}

Predicted Binding AfTinity

Figure 2.2. The overall view of th®eepCDA frameworKAbbasi et al., 2020)

13



In a recent studpy Rifaioglu et al., a PINNbasedoroteochemometriPCM) model
named MDeePred wazopo®d for compoundprotein binding affinity predictia.
The method incorporates multiple types of protein featumetiding sequence,
structural, evolutionaryand physicochemical propertias 2D vectors,andemploys
ECFP4 fingerprints for compound&s a PINN architecturehe system consists of a
protein input CNN and a compound indeiéIN in the first stage. The second stage
includes concatenating tiflattenedoutput of the inception module on the protein side
with the last layer of theompound sidefollowed by two fully connected layers.
MDeePred was evaluated edely usedoenchmark datasets askdowed sufficiently
high predictive performanasompared with statef-the-art methodgRifaioglu et al.,
2021)

Graph neural networks (GNNsa special type of DL architect) have gaired
considerable attention necent years for predictirigTIsdue to their ability t@wapture
structural and relational information data(S. Li et al., 2020; Liao et al., 2022; Lin
et al., 2020; Nguyen et al., 2021; Torng & Altman, 201bEki et al., 2019; Yan &
Liu, 2022; Yang et al., 2022BNNsare designed to process gragituctureddataand
transformit into a lowdimensionalfeature spacevhile preservingthe geometric
characteristics through representation learrkngywn aggraph embeddinfZ. Zhang,
Chen, et al., 2022pifferent varians of GNNs such as graph convolutionatworks
(GCNs), graph attentiometworks (GATs), and graph recurrent neural netk®
(GRNNSs) have ben adopted from welknown DL architecturse or mechanismgke
CNNs attentiormechanismsand RNNsThesevarians differ in how theyupdate and
aggregat node featureshrough message passingetween neighboringodes (Z.
Zhang,Cui, et al., 2022)DTI prediction modelemploy GNNs predominantly for
compound and/or protein structures represented as individual molecular graphs.

One of thepioneering and widely recognized applications of GNNs in DTI prediction
is the GCN framewdr developed by Torng and Altmgfiorng & Altman, 2019)
Their approachutilizes grapkautoencoders to learn general pocket features and
encode protein pockets into a fixsize latent spacdhe model then employs separate
GCN modules forextractng feauures fromprotein pocket graphs and-R ligand
graphsThe interaction layecombines the learnddatures fronbothGCNsand feeds
them irto a classifierfor prediction This approacldemonstratethe ability ofgraph
autoencoderdo handle varying pocket sizes and thHectivenessof GCNSs in
capturing proteinligand binding interactionsachieving comparable orsuperia
performance than other methaals common benchmark datasets.

A recent studypy Liao et al.introducesa new framework calleGSAML-DTA for
drugtarget binding affinityprediction(Liao et al., 2022)GSAML-DTA integrates
GATs, GCNs andaselfattention mechanism to capture structural information from
drug and protein graph#. considersthe contribution ofindividual drug atomsand
protein residugto the binding affinity anditilizes mutual information to filter out
irrelevant information in the combined representatiofke results show that
GSAML-DTA outperforms existingnethods onwvidely-usedbenchmark datasessd
provides interpretability by identifying important binding atoms and residues.

In another recent study,ang et alpresentMGraphDTA (Figure 2.3) a deep muli
scaleGNN for drugtarget affinity(DTA) predicton (Yang et al., 2022)The model
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incorporates a dense connection and utilizes a sigey GNN with 27 graph
convolutional layers to capture both local and global compound strudtialse. uses
amulti-scaleCNN to extracttargetfeatures Additionally, a novel visual explanation
method called gradiemteighted affinity activation mapping (Gra®dAM) i
introduced to provide chemical insighits model interpretationThe performance of
MGraphDTA is evaluated on seven benchmark datasetsoamplaced to statef-the-

art DL models The results show significant enhancements in DTA prediction,
emphasizing the improved generalization and interpretability of the proposed method.
Despite the impressive performanceDdf methodsin DTI prediction thar lack of
interpretabilitydue to the blackox natureof DL remains a challeng&herefore the
emergence dENN-basedapproachethat aimto enhancenterpretabilityis extremdy
valuable and promisingparticularly in biomedical applications.
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CHAPTER 3

A COMPREHENSIVE BENCHMARK ANALYSIS FOR ML -BASED
DRUG-TARGET INTERACTION PREDICTION

3.1. Chapter Overview

The identification of drug/compourtdrget interactions (DTIs) constitutes the basis

of drug discovery, for which computational predictive approaches have been applied.
As a relatively new datdriven paradigm, proteochemometric (PCM) modeling
utilizes boh protein and compound properties as a pair at the input level and processes
them via statistical/machine learning. The representation of input samples (i.e.,
proteins and their ligands) in the form of quantitative feature vectors is crucial for the
extradion of interactiorrelated properties during the artificial learning and
subsequent prediction of DTIs. Lately, the representation learning approach, in which
input samples are automatically featurized via training and applying a machine/deep
learning moe|, has been utilized in biomedical sciences. Indhegptey we performed

a comprehensive investigation of different computational approaches/techniques for
protein featurization (including both conventional approaches and the novel learned
embeddings)lata preparation and exploration, machine learbiged modeling, and
performance evaluation with the aim of achieving better data representations and more
successful learning in DTI prediction. For this, we first constructed realistic and
challenging bechmark datasets on small, medium, and large scales to be used as
reliable gold standards for specific DTI modeling tasks. We developed and applied a
network analysidbased splitting strategy to divide datasets into structurally different
training and testfolds. Using these datasets together with various featurization
methods, we trained and tested DTI prediction models and evaluated their performance
from different angles. Our main findings can be summarized under 3 items: (i) random
splitting of datasetmsto train and test foldeadsto nearcomplete data memaorization

and produce highly ovesptimistic results, as a result, it should be avoided, (ii) learned
protein sequence embeddings work well in DTI prediction and offer high potential,
even though ninformation related to protein structures, interactions or biochemical
properties is utilized during their generation, and (iii) PCM models tend to learn from
compound features and leave out protein features, mostly due to the natural bias in
DTI data, indcating the requirement for new and unbiased datasets. We hope this
study will aid researchers in designing robust and-pigiiorming datadriven DTI
prediction systems that have reabrld translational value in drug discoverihe
findings of ths chapér were published inthe Journal of Cheminformatics
(https://doi.org/10.1186/s1332123-00683w).
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3.2. Introduction

For the automated artificial learning of DTIs to be successful, input feature vectors
should comprise information about the interactietated properties of compounds

and targets. The better the input data is represented, the better the model can learn an
generalize the shared properties among the dataset. Thetleédeaturization of the

input samples is crucial to construct models with high predictive performance.

Various types of featurization approaches have been used for representing compounds
and proteins. Due to the abundance of ligdvabed DTI prediction methods,
compound representations are extensively studied in the lite(&tereteMassagué

et al., 2015; Muegge & Mukherjee, 2016; Sawada et al., 20héyefore, thishapter
focuses on mtein representation techniques, a rapidly developing area lately.
Sequencdased protein representations, which utilize amino acid sequences as input,
are widely preferred improteinassociatedpredictive tasks since-B structural
information is not avitable for many proteins and/or proteoforms. Additionathe
computational intensity of protein structuredsed models is usually high.
Considering algorithmic approaches, sequdresed protein representations can be
grouped as conventional/classicaésdriptors (or descriptor sets) and learned
embeddings. Conventional descriptors are mostly madidetn, meaning that they are
generated by applying predefined rules and/or statistical calculations on sequences
considering various molecular propertiesttimelude physicochemicdChou, 2005;

Ong et al., 2007; G. J. P. van Westen et al., 20§ metrica(M. Sun et al., 2016;

D. Wu et al., 2012and topologica(G. J. P. van Westen et al., 20EBjaracteristics

of amino acids, as well as sequence compositiong et al., 2007; Saravanan &
Gautham, 2015) semantic similarities (Perlman et al.,, 201]) functional
characteristics/propertigsDoj an, 2018; DoYan et al ., 2016;
2021; Yamanishi et al., 201,1and evolutionary relationshigSaini et al., 2016; M.

Sun et al., 20169f proteins. Learned protein embeddings (a.k.a. representations) are
constructed via datdriven approaches that project protein sequences igie h
dimensional vector spaces in the form of continuous feature representations using
machine/deep learning algorithms. These protein representation learning (PRL)
methods usually borrow their data modeling concepts from the field of natural
language proasing (NLP), where amino acids in a sequence are treated like words in

a sentence/ document . Due to this reason, ma n
| anguage model so. These model s usually pr o
unsupervised learningithout anyprior knowledge about their physical, chemical, or
biological attributegUnsal et al., 2022)Even though they are trained solely on the
information about the arrangement of amino acids in the sequence, these models are
still found to be succeful in automatically extracting physicochemical properties
(Asgari & Mofrad, 2015and functional characteristics of prote{(Adley et al., 2019)

PRL methods have a wide range of applications including the prediction of secondary
structure(Alley etal., 2019; Heinzinger et al., 2019; Mirabello & Wallner, 2019; Rao

et al., 2019) ligandtarget protein interactio(Kim et al., 2021; Oztirk et al., 2019;
Rifaioglu et al., 2021) splice junction predictionDutta et al., 2018) family
classificaton (Asgari & Mofrad, 2015) protein function(You et al., 2018)remote
homology detection(Rao et al., 2019; Strodthoff et al., 2020nd protein
engineering/desig(lley et al., 2019; Rao et al., 2019)
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For evaluating the effectiveness of diffat types of protein featurization in different
areas of protein informatics, carefully designed benchmark studies are required. In
contrast to studies that investigate compound featurization, only a few works are
available for benchmarking protein repeatations. These studies mostly focus on
tasks such as protein family predicti@ng et al., 2007)bioactivity modeling(Ain

et al., 2014; van Westen et al., 201&)d predicting biological properties for protein
(re)design (Xu et al., 2020) Also, these studies mainly evaluate conventional
descriptors rather than novel featurization approaches. As a result, there is an
immediate requirement to evaluate cuttetge protein languageodels andompare

them against weknown conventional descriptors in the context of darget
interactions for drug discovery/repurposing.

PCM modelinghas shown promising results compared to traditional approaches
DTI prediction (Ain et al., 2014; van Westen et al., 2018)wever, it is still far away

from conquering this problem. One of the reasons behind this (apart from the topic of
featurization) is that the mechanism of learning is not-wadlerstood in PCM, unlike
ligand-based modeling. In ligaAdased methods, the model predicts new interactors
for a target protein based on molecular similarities to its known ligands. In PCM, there
are two factors, i.e., the compound features and the protein features, and it iamot cle
to what degree similarities dlbetween protein samples andhatween compound
samples contribute to the artificial learning of their interactions, and whether there is
bias in this process. Another problem associated withdtatan DT prediction ishe
reporting ofoveroptimisticperformance results due {9; low coverage on compound
and/or target spaces in training datasets, in terms of molecular and biological
properties (i.e., limited variance), which prevents models from gaining the ability to
generalize, andii) poorly planned and applied train/test dataset preparation (e.g.,
splitting data randomly) and model evaluation strategies. Most of thpreelaimed
high-performingDTI prediction models in the literature are not translated wedl int
realworld cases due to these nralistic assessments. Recently, there have been
efforts in terms of applying differerdatasesplitting strategies including temporal
splitting (Lenselink et al.,, 2017)nonoverlapped samplingLiang & Yu, 2020;
Sawada et al., 2014 lustercrossvalidation(Mayr et al., 2018)and scaffolebased
splitting (Z. Wu et al., 2018jo build robust modelsThe temporakplitting strategy

only considers timelependent data point separationtianon-overlapped saniing
strategy, three different settings are applied: warm start (common drugs and targets are
present in both the training and test sets), cold start for drugs (drugs in the training set
are unseen in the test set while common proteins are shared ise¢t®seold start

for proteins (proteins in the training set are not involved in the test set, but common
drugs are allowed to be present in both sét®) et al., 2021) This strategy only
differentiates samples in terms of identity and does not tak#asties between
compoundsand/or proteins into account. Although clusterssvalidation and
scaffoldbased splitting methods prevent the involvement of similar compounds in
train and test sets, they do not take target protein similarities into catgide These
strategies are not sufficient for evaluating POlsed DTI prediction models, in
which there are three types of relationships to accountif@ompounetarget protein
interactions, (i) compoundcompound similarities, and(iii) proteinprotein
similarities.
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New computational approaches, evaluation strategied datasets are required in
order to address the aforementioned issutgeitiatacentric evaluation and prediction

of DTls. With the aim of contributing to the field of dedaiven bioactivitymodeling

for drug discovery and repurposing, here, we performed a rigorous benchmarking
study. One of the goalsf this chapteris to identify feature types with better
representation capdities to be used in the automated prediction of DTIs. To achieve
this, we built prediction models for various sequehased protein representations.
We employed widely used conventional protein descriptors by selecting those that
reflect different moledar aspects of proteins. We also utilized statéhe-art protein
representation learning methods (i.e., protein language models). Another gaal of th
chapteris the preparation of new challenging benchmark datasets with high coverage
on both compound artotein spaces, which can also be utilized in future studies. We
carefully prepared smajlmedium and largescale datasets by applying extensive
filtering operations and a netwebased splitting strategy to acquire realistic and-well
balanced dataset$o our knowledge, thislatasplitting strategy which considers 3
types of relationships (i.e., dragrget interactions, protejrotein similarities, and
compoundcompound similarities), is proposed here for the first time. We used these
datasets in ouprotein representation benchmarks. In thapter we also evaluated
different forms of; (i) DTI modeling techniques, (ii) preliminary and explanatory data
exploration approaches, and (iii) model performance evaluation and comparison
strategies.

The studyin this chapteis summarized in a schematic workflow in Figure 3.1. Firstly,

we prepared benchmark DTI prediction datasets by applying filters specific to each
data scale and explored them via different data visualization techniques. We then split
thesedatasets into train and test folds using different strategies to reflect tivgonidl
datacentric challenges in drug discovery. For the construction of machine learning
models, we implemented target featimesed and PCNnodelingapproaches, and
trainedtested our models under various conditions. All details regarding the
construction of datasets, representations and DTI prediction models are provided in
the Methods section. In the Results and Discussion section, we evaluated the
effectiveness of each qein featurization technique on different benchmarks and
modeling approaches and discussed their strengths and weaknesses in comparison to
each other. We shared our datasets, reguits source code inrausablgorm under

t he APr ot BENC ps/githubaamiHBiobatalaib/PnotBENCH.

As the first comprehensive benchmark study including both conventional and novel
protein representation methods in the context of drug discovery and repurposing, we
hope this work will aid researchers in choosingatille approaches and techniques
according to their specific modeling tasks. Furthermore, our newly constructed
challenging benchmark datasets can be used as reliable, referenstdgdiard
datasets in further studies to design robust DTI prediction isadéh reatworld
translational value.
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3.3. Materials and Methods

In this section, we first explain the construction of benchrdat&sets, with emphasis

on the train/test data splitting strategies. Next, we explain featurization techniques used
for representing proteins and compounds. Then, we summarize modelling approaches
and algorithms employed for DTI prediction, along with &ddal explorative
analysis such as theSINE projections. Finally, we mention performance evaluation
metrics and the tools/libraries we employed.

3.3.1. Dataset Construction and Splitting

In machine learning applications, two significant factors that affeqeheralization
capability of models are the dataset content/size and the approach used in splitting data
points to train/validation/test folds. We constructed and used three groups of datasets
at different scales (i.e., small, medium, and large), eachhafbmhave distinctive
characteristics.

3.3.1.1. Smaltscale: Compoundentric datasets

Here, the aim is to construct datasets of target proteins to be used in DTI prediction
models, in which the only input is target feature vectors, and the task is to classify
them to their correct ligands. Each dataset is composed of targets of a specific
drug/compound as reported in the ChEMBL (v24) datalf@seilton et al., 2017)
considering experimentally measured bioactivities. Bioactivity data points with

pChEMBL values, ie -l og (I C50/ EC50/ Ki / Kd/ Potency,

(equivalent to IC50/EC50/Ki/Kd/Potency <10 uM) are placed in the positives (actives)
dataset, and instances with pChEMBL <=5 are placed in the negatives (inactives) set.
In most cases, sizes of these pannd centric training datasets were too small to
construct robust prediction models. In order to overcome this problem, we first
selected compounds with the highest number of active and inactive bioactivity data

e) .

points, whi ch we c aAftéerwadd, we comstraced conspoump ounds ' '

clusters around these center compounds by calculating pairwise molecular similarities
between each center compound and all other compounds in the ChEMBL database
using ECFP4 fingerprints and the Tanimoto coefficientnounds that are similar

to a center compound with Tanimoto similarity >= 0.3 (as also used in previous studies
such as(Jasial et al., 201p)are placed in the cluster of the corresponding center
compound and their bioactivity data (i.e., active andtiaa targets) are incorporated

into the clusteroés bioactivity dataset.

single task classification datasets (with center compounds of Curcumin, Tamoxifen,
Quercetin, Genistein, Econazole, Levoketoconazole, Aammne, Miconazole,
Clotrimazole) were constructed, and their dataset sizes (i.e., the number of targets)
range from 76 to 294. Statistics of these datasets, including cluster sizes, active and
inactive number of targets, are summarized in electronic sogitary information

(ESI) Table S1. In order to balance the number of active and inactive targets in each
dataset (initially, the number of inactive targets were considerably low), new proteins
which are less than 50% similar to positive targets andthess 80% similar to
negative targets already existing in the dataset were selected from ChEMBL and added
to the negatives dataset. Due to the small size of datasets, separatingat hesd

fold was not feasible. Therefore, a nested ck@dislation appoach (with 16fold inner
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loop in validation and %old outer loop in testing) was applied during model
evaluation. These datasets are used in the sTalk target featwleased analysis
described in section 3.4.2.

3.3.1.2. Mediumscale: mDavis kinase dataset

We employed the previously proposed Davis kinase datBseis et al., 2011jor
performing benchmark analysis on medisoale, which is a commonly used
benchmark for regressidmsed DTI prediction. The original traiest instances in the
Davis dataseare taken from the study by Ozturk et @ztirk et al., 2018)This
dataset includes ~30,000 DTI data points (kedlied bioactivities); however, the
activity values of ~20,000 of them are recorded as 10 uM (i.e., pKd = 5). These are the
data pointscorrespond to cases in which an activity was not observed when the
maximum dose of 10 uM is applied (so the highest dose is incorrectly recorded as the
bioactivity value). In order to prevent bias, we removed these instances from both train
and test portins of the dataset. For the train portion, three additional filters were
applied to avoid data memorization. All bioactivities of a compound or target are
discarded if the compound or target:

1. only contains active or inactive data points based on the tiidepKd = 6.2,
which is the median bioactivity value of the dataset,

2. has an actiwo-inactive ratio > 4 or < 1/4 considering its bioactivity data
points,

3. has a bioactivity distribution with standard deviation < 0.3, which means
bioactivity values vary witin a narrow range.

A successful machine learning model is expected to learn general principles from data
rather than memorizing it. The instances fulfilling the conditions above may not
contribute to the learning process, as they can be easily predictghleless of the
algorithm or feature set, since they have very similar outcomes. We removed these
instances from the dataset; otherwise, the model would perform well just by
memorizing the outcome of these cases. After these filtering operationgatieeti

set, which we call the modified Davis (mDavis) dataset, contains 6,706 train and 1,542
test data points. This dataset is used in the medeate PCMbased analysis
described in section 3.4.3.

3.3.1.3. Large-scale: Protein familyspecific datasets

With theaim of constructing largecale gold standard datasets, we applied rigorous
filtering operations on the recorded bioactivities of target proteins from different
protein families including membrane receptors, ion channels, transporters,
transcription fact®, epigenetic regulators, and enzymes with five subgroups (i.e.,
transferases, proteases, hydrolases, oxidoreductases, and other enzymes). Protein
family information is taken from th ChEMB[Gaulton et al., 2017§arget protein
classification. We excludkeclasses such as secreted proteins, other categories, and
unclassified proteins which have inadequate number of bioactivity data points. Here,
we actually mean protein super families; however, these terms are used in different

23



(but related) contexts inwvai ous resources, as a result, W €
throughout the article for convenience.

For enzymes, subclasses belonging to the same main class were merged based on their

EC number annotations. Bioactivity data of these families are retrieved tfrem

ChEMBL (v24) database. Bioactivity data points that satisfy the following criteria,

target type: Asingle proteinod, standard rel a
assay type: ABo0 (binding assay) ®&ede included

For each protein famipased dataset, three types of ti@st folds were extracted
based on different dataset splitting strategies based on molecular similarties in
between compounds and proteins. For this, we binarized pairwise similarity
measu e ments as fAsimilaro. oUnYurRkd al02015) ust er s
were used for generating protein similarity matrices, where proteins in the same cluster
were accepted as similar to each other (equivalent to a threshold of 50% sequence
similarity). Otherwise, proteins were considered dissimilar to each other. For
compounds, Tanimoto coefficiebised pairwise similarities were calculated using
compound ECFP4 fingerprints and the RDKit librdbyandrum, 2016) Compound

pairs with a Tanimotgcore >= 0.5 were accepted as similar to each other. Otherwise,
compounds were considered dissimilar to each other.

Randomsplit dataset

This dataset is constructed by applying a complete random splitting strategy, so that
similar compounds and proteinsegpresented in both train and test sets. Random
splitting is one of the most widely used dataset split strategies in machine learning
applications; however, it eases the prediction task due to the sharing of highly similar
instances between train and tests. Thus, models usually display overoptimistic
performance results. In our randeplit protein familyspecific datasets, at least 95%

of proteins and 60% of compounds in test sets are found to be similar to the ones in
their respective train sets.

Dissmilar-compounesplit dataset

This dataset is constructed by applying a strategy that only considers compound
similarities while distributing bioactivity data points into traést splits. Compounds

in train and test splits are dissimilar to each othan{fioto score < 0.5). Therefore,
similar compounds are not allowed to take part in both train and test splits. This
strategy makes the prediction task more difficult and realistic compared to random
splitting and partly prevents the model from memorizingabttivities over identical

or highly similar compound fingerprints shared between train and test folds.

Fully-dissimilarsplit dataset

The aim here is to create train test folds in a way that neither compounds nor proteins
are similar to each other betwetrain and test. This dataset is constructed using a
networkbased splitting strategy to separate bioactivity data points (i.e., compound
target pairs) into disconnected components. Later, each component is either used in
training or test splits. Actuallythis dataset is extremely challenging for any DTI
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prediction method. However, this approach is crucial to evaluate a DTI prediction
model 6s ability to accurately predict nevw
(i.e., there is no bioactivitynformation for these compounds and target proteins in

source databases, moreover, there are no compounds and target proteins significantly
similar to these compounds and targets in source bioactivity databases), as this is one

of the most crucial expectatis from the PCM modeling approach. The steps of the
networkbased splitting process are provided below:

1) Proteinprotein and compounrdompound pairwise similarity matrices were
constructed independently for each protein family, based on protein family
membership information and interacting compounds for those proteins (obtained from
ChEMBL bioactivity data points). Similarity values were binarized according to the
procedure explained above (i.e., 50% sequence/molecular similarity threshold for both
protan and compounds).

2) A heterogeneous network was constructed for each protein family by merging
similarity matrices and bioactivity data using the NetworkX Python libfidagberg

et al., 2008) where nodes represent proteins and compounds, and eggesernt
proteinprotein or compound@ompound similarities, and compouptbtein
interaction (bioactivity) relationships. It is ensured that any two components that are
disconnected from each other in the network do not share any similarity at all (either
directly or indirectly). As a result, all bioactivity data points in a particular component
can be placed in the training fold, while the ones in another component can be placed
in the test fold. As a result, bioactivity data points (i.e., compdarget @irs) in
training and test folds are always guaranteed to be fully dissimilar from each other. In
practice, the problem was that nearly all nodes in the network formed a giant connected
component, which means that it was not possible to distribute daiis poitraining

and test folds over disconnected components.

3) In order to overcome this issue, we preferred to discard some of the nodes (e.g.,
compounds) and edges (e.g., bioactivity data points) from the dataset to subdivide the
giant connected componmis into smaller pieces. Instead of removing nodes and edges
randomly, which may cause the loss of a high number of data points, we employed the
Louvain heuristic algorithniBlondel et al., 2008jo detect communities in the giant
component. This algohim computes the partition of graph nodes by maximizing the
network modularity. By discarding bioactivity edges (or in some cases, discarding
nodes if the edge of interest is a similaigsed edge between two compounds)
between different communities, theumber of disconnected components was
increased. Finally, bioactivity data points in each component were assigned either to
training or test sets in a way that the ratio of the number of training fold data points to
the test fold could be held within reasdle values, which still varied considering
different protein families (i.e., from the minimum of 8.70% to a maximum of 23.97%).

Discarded data points of the fultlissimilarsplit dataset were also excluded from
training-test folds of randorsplit and dssimilarcompounésplit datasets for keeping
instances of three sets exactly the same, to yield fully comparable results. The sizes of
these datasets (after discarding data points) range from 18,164 to 206,175 depending
on the protein family. Detailed sphhased statistics are provided in ESI Table S4.
These datasets are used in the lacge PCMbased analysis described in section 3.4.
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3.3.2. Types of Featurization for Proteins and Compounds

We converted proteins and compounds into filetyth numerical feate vectors to
be used in our DTI prediction models as input samples. The followingextlmns
describes different featurization approaches used in this study.

3.3.2.1. Protein representations

On the basis of sequenbased modeling approaches utilized, digided this
subsection into two categories as conventional protein descriptors and learned protein
embeddings. These methods are explained below in terms of their molecular and
technical aspects. Names, descriptions, and feature vector dimensions of these
descriptors are given in Table 3.1.

Conventional descriptor sets

This category comprises methods that employ mddeen approaches. This is
achieved by transforming various molecular properties of proteins, such as sequence
composition,  evolutionary  relationships, functional characteristics, or
physicochemical propeets of amino acids, into fixe®ngth numerical feature vectors

with the implementation of predefined rules or statistical calculations. Hence, they
convert protein sequences into a quantitative and maghnotessible format that
stores the relevant molgélar information. Ten conventional protein descriptor sets
used in all 3 of the benchmark analyses of this study are briefly explained below.

- apaac (amphiphilic pseudo amino acid compositimpresents the amino acid
composition of protein sequences with losing the residue order effect by using
sequencerder factors. These factors are computed from correlation functions of
hydrophobicity and hydrophilicity indices of amino acids. Therefore, apaac keeps
the distribution of amphiphilic amino acids alotige protein chain. It was
proposed by Chou in 2005 and used for the prediction of enzyme subfamily
classegChou, 2005)

- ctdd (distribution)provides distribution patterns of amino acids in terms of the
class they belong to considering a particular prop It utilizes 7 types of
physicochemical properties including hydrophobicity with 7 different versions,
normalized Van der Waals Volume, polarity, polarizability, charge, secondary
structures, and solvent accessibility. Each property is divided iotlas3es and
20 amino acids are distributed into these classes based on their values for
corresponding property (i.e., hehlEALMQKRH-, strand-VIYCWFT-, and coill
-GNPSD classes for secondary structure property). The distribution patterns are
determined ecording to five different positions (residues) for the corresponding
class, which are the first residue, and the residues exactly at the 25%, 50%, 75%,
and 100% of the sequence. These positions are divided by the length of the whole
protein sequence fohé calculation of fractions of each class. This descriptor set
was first proposed by Dubchak for protein fold recognition {&akbchak et al.,

1999)
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ctriad (conjoint triad)is based on the frequency of triple amino acid combinations
in a protein sequexe, where amino acids are first converted intdettér reduced
alphabet. These seven groups include {A,G,V}, {I.L,F,P}, {Y,MT,S},
{H,N,Q,W}, {R,K}, {D,E}, and {C}. Amino acid groups are determined
according to dipoles and volumes of the amino acid cidéns. Ctriad was first
used for the prediction of proteprotein interactions by Shen et éhen et al.,
2007)

dde (dipeptide deviation from expected maarg type of sequence composition
descriptor set that relies on the deviation of dipeptidmpositions from the
expected means. Three parameters, i.e., dipeptide compos§itiprtt{eoretical
mean Tm), and theoretical varianc&\), are computed for the construction of the
dde descriptor set. Saravanan and Gautham proposed it in 2015 fee thieBu
cell epitope predictiofSaravanan & Gautham, 2015)

geary utilizes the distribution of structural and physicochemical properties of
amino acids along the sequence. It was first developed by Geary ir{Goa¢,
1954)as a measure of spatialtacorrelation that uses the squdiference of
property values. Li et al. served it as a protein descriptor set via the PROFEAT
web server(Z. R. Li et al.,, 2006) Also, Ong et. al. implemented it for the
prediction of protein functional familig©nget al., 2007)

k-sep_pssm (keparateebigramspssm) is a column transformatiebased
descriptor set that computes the bigram transition probabilities between residues
in terms of their positional distances from each other, which corresponds to the
A k \value. The transition probabilities are calculated from transformations on
positionspecific scoring matrix (pssm) profiles of proteins. Pssm profiles
represent evolutionary conservation of amino acids in a protein sequence, which
are derived from multiplesequence alignments of a homolog set of protein
sequences. This descriptor set was first proposed in the study of Saini et al. for
improving protein fold recognitio(Saini et al., 2016)Wang et al. developed the
POSSUM tool to calculate a set of PS®&ked descriptors including- k
sep_pssm, and they utilized these descriptors for the prediction of bacterial
secretion effector proteind. Wang et al., 2017)

pfam represents domain profiles of proteins, according to protein domain
annotations in the B databas€El-Gebali et al., 2019)in the form of binary

feature vectors. For each protein, it encodes the presence (1) and absence (0) of a
unique list of domains presented in proteins in the corresponding dataset. This
descriptor set was employedthre studies of Yamanishi et @§¢amanishi et al.,
2011)and Liu et al(H. Liu et al., 2015yvith the purpose of predicting dridgrget
interactions.

gso (quassequence ordeneflects the indirect effect of the protein sequence
order by calculating coupling factors in terms of distances between contiguous
residues in the sequence. The distances are determined using different amino acid
distance matrices such as the SchnéMeede distance matrixSchneider &
Wrede, 1994)which is derived from hydrophobicity, hydrophilicity, polarity, and
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side-chain volume properties of amino acids. It was first utilised by Chou for the
prediction of protein subcellular locatioftShou, 200).

- spmap (subsequence profile map) a feature space mapping method that
represents sequence composition by calculating the distribution ofléirgth
protein subsequence (with a length of 5 residues in the default version) clusters in
a protein sequee. Subsequence clusters are generated using BLOSUM®62
matrix-based similarities of all possible subsequences in the given protein set,
extracted by the sliding windows approach. It was proposed by Sarac et al. for
functional classification of proteinSaac et al., 2008)Later, spmap was used
for GO term(Rifaioglu et al., 2018and EC numbe(Dalkiran et al., 2018)
prediction. In this study, spmdpased feature vectors were generated using
clusters of &esidue subsequences of ChEMBL target pnstei

- taap (total amino acid propertiegepresents the total sum of corresponding
residue values in a protein sequence for the selected properties from the AAIndex
databas€¢Kawashima et al., 2008)t was first employed by Gromiha and Suwa
for better disrimination of outer membrane protei(Gromiha & Suwa, 2006)

The properties used in our study are normalized average hydrophobicity scale,
average flexibility indices, polarizability parameter, free energy of solution in
water, residue accessible sudaarea in tripeptide, residue volume, steric
parameter, relative mutability, hydrophilicity value and the side chain volume.

iFeature stan@lone tool(Z. Chen et al., 2018yas employed for the calculation of
apaac, ctdd, ctriad, dde, geary and gsdufeavectors. Protein domain annotations
were retrieved from the Pfam datab@8kGebali et al., 201%pr the construction of
pfam feature vectors. Spmap feature vectors were calculated using-bouse
algorithm explained aboy&arac et al., 2008Jror the construction of&ep_pssm and
taap vectors, POSSURKI. Wang et al., 201'9nd PROFEATP. Zhang et al., 2017)
web servers were used, respectively.

Learned embeddings

This category comprises protein representations that utilize solelyddata
approaches for the extraction of molecular information from protein sequences.
Learned representations are constructed via the process of artificial learning, in which
a model is trained on specific unsupervised/satiervised tasks such as the jotah

of the next amino acid in the sequence. For generating such protein representation
models, deep neural netweblased architectures and design choices that are
frequently used in natural language processing (NLP) field are preferred. During the
training process, the model takes protein sequences as input, projects them into a high
dimensional vector space, and generate output in the form oflérgth numerical
feature vectors called fAembeddingso. These n
for representing proteins in other predictive tasks (mostly supervised) such as DTI
prediction.

Four protein representation learning methods (making 6 models in total, as 2 of these
methods have 2 versions each) used in this study are briefly explained Nalmes,
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descriptions, and feature vector dimensions of these embeddings are given in Table
3.1.

- unirep is one of the bedtnown learned protein representations, which was
developed in 2019 by Alley et al. using a variation of recurrent neural networks
(RNN) called the multiplicative longshorttermrmemory (mLSTM) architecture
(Alley et al., 2019) Alley et al. trained the model on approximately 24 million
protein amino acid sequences in the UniRef50 clusters of UniProt, with the
objective of predictinghe next amino acid in these sequences. They evaluated the
representation capability of unirep on various tasks including the prediction of
protein stability, semantic similarity, secondary structure, evolutionary and
functional information. In our studywe constructed both 190Gnd 5700
dimensional unirep protein embeddings (obtained by averaging and summing the
output embedding of size 1900x3, respectively) for sequences in our datasets and
evaluated them as independent representation methods. Tle@ umidel is
available atittps://github.com/churchlab/UniRep

- transformeris a deep architecture that utilizes the attention mechanism in a way
to allow the extraction of context without depending on the sequential order
information in the input samplé¥aswani et al., 2017pnd it is the current state
of-the-art in the representation learning and generative modelling of natural
| anguages. As part of the fAiTasks Asses:
Rao et al. developed a transforrib@sed protein representation learningdeil
using the Bidirectional Encoder Representations from Transformers (BERT)
algorithm(Rao et al., 2019)This model was trained on approximately 32 million
protein sequence fragments taken from the Pfam domain annotation d@base
Gebali et al., 209), via maskeetoken prediction. It was also tested on tasks such
as secondary structure prediction, contact prediction, remote homology detection,
fluorescence landscape prediction, and stability landscape prediction. For each
sequence, the model retisrtwo different versions of representation vectors: (i)
averaged, and (ii) pooled, both in 7@®8nensions. We used both of these
embeddings in our study as independent representation methods. TAPE
transformer model is accessiblenéips://github.com/songlatal/tape

- protvecwas developed by Asgari and Mofr@&sgari & Mofrad, 201%as one of
the first models used in the construction of learned protein embeddings. It was
trained on 546,790 sequences in the UniProtKB/S®Rre$ database using the
skip-gram modelling approach, in which, given a target residue, the model
predicts thesurrounding amino acids in the sequence. In protvec, protein
sequences were embedded into-D0®ectors of 3gram subsequences (i.e., 3
consecutively located amino acids) as biological words. For characterizing
biophysical and biochemical properties ofqgsences, these-grams were
analyzed qualitatively and quantitatively in terms of mass, volume, van der Waals
volume, polarity, hydrophobicity, and charge. Protein feature extraction capability
of protvec was also evaluated in terms of protein family iieasgson and
disordered sequence characterization tasks by representing each protein sequence
as the summation of 1€D vectors of its 3grams. 10€D vector representation of
protvec can be retrieved fronttp://dx.doi.org/10.7910/DVN/JMFHTN
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- seqvecutilizes bidi r ect i onal | anguage model archite
from Language Models (ELMo)oOo method for ex
residue and peprotein pediction tasks. Heinzinger et al. developed the seqvec
model by training on approximately 33 million UniRef50 sequences with the goal
of predicting the next amino acid in the sequeftteinzinger et al., 2019)The
authors evaluated the success of se@rethe prediction of secondary structures
and regions with intrinsic disorder at the residue level, and subcellular localization
prediction at the protein level. 102dmensional seqvec protein embeddings can
be computed using the seqvec data repositoryat
https://github.com/rostlab/SeqV.ec

Random feature vectors

We constructed dummy feature vectors (to be used in baseline prediction models) for
performance comparison against real representations, with the aim of observing to
what degree proteins descriptors are utilized by DTI prediction models. The one for
protens, namelyandom?200, is descriptor that constructs a feature vector (with the
size of 200x1) for each protein sequence containing randomly generated continuous
values ranging from 0 to 1 in each dimension. A similar random descriptor has also
been consticted for compounds (i.e., 1024x1 sized binary vectors), which is explained
below, in sectior8.3.2.2

3.3.2.2. Compound representations

We employed the (circular) fingerprinting approach, and used Extebdedectivity
Fingerprints (ECFPs) as feature vectors rgepntations) of compounds. ECFPs are
circular topological fingerprints that are widely used for molecular characterization,
similarity searching, and structueetivity relationship modeling. ECFPs represent the
presence of particular substructures by stering circular atom neighborhoods
within a diameter rangéRogers & Hahn, 2010)We constructed 102dit ECFP4
fingerprints (corresponding to a radius of 2) using RO¥Kandrum, 2016)for which
compound SMILES notations were used as input. Asutugp fixedlength binary
fingerprint vector was generated for each compound by applying a hash function on
its substructures. For the mediuand largescale PCM models, we also generated
1024bit fArandom compound fingemgmadeistfios 0 t o be
evaluating the effect of compound information on DTI prediction performances. To
be able to simulate ECFP4 fingerprints more realistically, we adjusted the frequency
of ones and zeros in the vectors to 0.1 and 0.9, respectively (simialtBCFP4
feature vectors in our datasets) by introducing prior probabilities during vector
construction.

3.3.3. Modelling Approaches

In order to evaluate different protein featurization methods on DTI prediction, we
utilized 2 different modellingpproaches: (i) target featdoased modelling, and (i)
proteochemometric (PCM) modelling. Below, we summarized each approach together
with the implementation details.
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3.3.3.1. Target featurebased modelling

In this modelling approach (which is also known &s Silico targetf i shi ngodo o1
A r e vsereenirg based modelling™ in the literature), we trained an independent DTI
prediction model for each selected drug/compound cluster (please see section 2.1.1 for
more information about the dataset). Feature vectorsrakips that are in the

positives and negatives dataset of the compound of interest are given to the model as
input for training and testing. Here, the model predicts whether a query protein could

be the target of the corresponding compound, via binassifization. Hence, the

system input is solely composed of protein features, where compounds are just used

as labels.

We generated separate models for each protein descriptor set using support vector
machine (SVM) and random forests (RF) classifiers, esetlare widely used and well
performing machine learning algorithms. The models are implemented with scikit
learn python library(Pedregosa et al., 2011) For SVM model s, Arb
applied with optimized C and gamma parameters within ranges,1,1D0] and
[0.001,0.01,0.1,1], respectively. RF models were constructed by adjusting the
parameters as; number of trees: 200, and the maximum feature number: the square root
of the total number of features. Nested creaisdation (with 16fold inner lo@ in
validation and Hold outer loop in testing) was applied for model evaluation. In the
end, we trained and tested 1935 RF and 1935 SVM models (i.e., 43 protein descriptor
sets-including random200for 9 different drug/compound clustersfdd outer bop

in nested cross validation: 43*9*5).

3.3.3.2. Proteochemometric (PCM) modelling

We constructed PCM models for both medisoale and largecale datasets (please

see sections 3.3.1.2 and 3.3.1.3 for more information about these datasets). Here, we
only used thdRF regression algorithm, since we observed that RF models performed
better than SVM models in the previous analysis of target feaaged modelling.

For parameters, we adjusted the number of trees to 100 and maximum ratio of features
to 0.33 (correspong to one third of the total number of features).

Here, the task is predicting the actual binding affinity (bioactivity) values of the input
samples (i.e., compourtdrget pairs) in terms of pKd/pChEMBL values. We
constructed PCM models for 10 conventigmatein descriptor sets, including apaac,
ctdd, ctriad, dde, geary,-dep_pssm, pfam, gqso, spmap and taap, and 6 learned
representations including protvec, seqvec, transfeamgr transformepool,
unirep1900, and unirep5700. Since PCM models are lmsedmpounearget pairs,
protein representations were concatenated with 1024 bits ECFP4 representations of
compounds to construct the finalized input feature vectors.

We generated two baseline models (to be used in both mesdiale and largscale

analyss) by concatenating random200 protein feature vectors with (i) real ECFP4
fingerprints, and (1i1) random compound f
and dArandom2c0fOp 4 da ndodre | s, respectively. I
two additional baselie models to be used in the lasgmle analysis, in which the

protein features are not utilized at all. In the first one, we used the real ECFP4
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fingerprint of the compound in the corresponding competanget pair to represent

the pair -éctphd) ,edamidonily the second one, we u
fingerprints to r epr egandomec fipndpou)t. pTahiurss, (weea | tlre
and tested 18 PCM models for the medisicale analysis using the mDavis kinase

dataset (i.e., models built on 10 contrenal descriptor sets, 6 learned representations,

and 2 baseline models). For the lasgpale analysis, we trained and tested models for

20 featurization types (10 conventional descriptor sets + 6 learned embeddings + 4

baseline models) on 10 protein fadynspecific datasets each having 3 versions of4rain

test split folds (explained in section 3.3.1.3 in detail). Therefore, we constructed 600

PCM models (i.e., 3 splits * 10 families * 20 types of featurization).

3.3.4. t-SNE Projection of Protein Representati@msLargeScale Datasets

t-distributed stochastic neighbor embeddingSIE) is a nodinear dimensionality
reduction technique that is frequently employed for the visualization of high
dimensional datasef¥an Der Maaten & Hinton, 2008)-or exploratoy analysis of
protein familyspecific largescale datasets, we applied thR8NE algorithm on the
feature vectors of each protein featurization method and colored nodes according to
protein (sub)families and tratest fold data points in two differentalgses. For the
application of {SNE, we employed the scidigarn(Pedregosa et al., 201djanifold
module with default parameters (i.e;D2embedding space, perplexity=30, and
Euclidean distance metric). We investigated different perplexity valubs range of

40 to 100, and decided that the default value performed sufficiently well for all
projections.
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Table 3.1. Properties of the selected protein descriptor sets and representations used

in our benchmarks.

Name Approach Description Dimension
Modekdriven Amino acid composition regarding the sequence ¢

apaac (physicechemistry) |correlated factors computed frdmdrophobicity ang 80

hydrophilicity indices of a.a*

Modeldriven Chain lengthbased distribution of a.a for selec

ctdd . . . : . 195
(physicachemistry) |physicochemical properties

; Modelkdriven Triad frequency of residuedassified on dipoles ar

ctriad . . . ; 343
(physicechemistry) [volumes of aa side chains

dde Modetdriven Dipeptide composition deviation 400
(sequence comp.**)
Modekdriven Autocorrelation regarding the distribution

geary . . . . . 240
(physicachemistry) [physicochemical properties of a.a

k-sep_ Modeldriven Column transformatiofbased position specif 400

pssm (sequence homolog)scoring matrix (pssm) profiles

pfam Mode_l— driven Protein domain profiles SEREos
(functional rrk
properties)
Modekdriven Sequence order effect based on physicochel

gso . . : ! 100
(physicechemistry) |distances between coupled residues

spmap Modetkdriven Subsequenebased feature map 544
(sequence comp.*)
Modelkdriven Summation of corresponding residue values

taap . . . . ) 10
(physicachemistry) |selected physicochemical properties

random | Randomly generated continuous numbers betweg 200

200 and 1 with uniform distribution

protvec Dat&dri\{en (learne{Sequence embedding utilizing sigpam modelling 100
embedding) approach

sequec Datadriv_en (learne{Sequence embedding based on-dibé(_:tional 1024
embedding) | anguage model archite

transformaDat&driV.en (Iearne(Transfgrmeiarchitgcture basgd embedding met 768
embedding) that utilizes attention mechanism

unirep Datadriven (learne{Sequence embedding based on mLSTM archite] 1900 &
embedding) as a variation of recurrent neural networks 5700

* aminoacids, ** compositon, *** size varies depending on the dataset, since pfam vectors only include

the domains presented in the given protein dataset.
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3.3.5. Performance Evaluation

The performance of target feattwased classification models (in srastialeanalysis)

was evaluated via accuracy, precision, recalksédre, and Matthews Correlation
Coefficient (MCC) metrics via nested cregalidation. Fiscore is the harmonic mean

of precision and recall; thus, it takes both false positive and false negagdietions

into account. MCC incorporates all true and false predictions into the equation, and it
is preferred over both accuracy andgebre due to its robustness and reliability,
especially in the cases of dataset imbalg@tecco & Jurman, 2020)

The performance of PCMased regression models (in both medggale and large

scale analysis) was evaluated using Root Mean Square Error (RMSE) and Spearman
rank correlationrg) metrics over the hotdut test sets. RMSE computes the deviation

of predictons from the actual values, and lower RMSE scores indicate better model
performance. Spearman correlation evaluates the relationship between the ranks of the
predicted and actual values. One of the problems related to regrbaskuhprediction
models ighat, the distribution of predicted values can have a shifted average (i.e., the
rank of predictions is in correlation with the true labels; however, the mean/median
prediction value is either higher or lower than the true mean). \fased
performance mteics suffer from this problem and report underestimated scores. In
order to handle this problem in the largale analysis (where the problem is evident),

we calculated an additional version of RMSE via median correction, so that the median
value of predattions becomes equal to the median of the true value distribution (i.e.,
the median corrected RMSE score).

We also evaluated the results of P@slsed regression models on the basis of

classification, using Fscore and MCC metrics. To achieve this in ithediumscale

analysis (on the mDavis dataset), samples were classified as active (1) or inactive (0)

based on an activity cutff value of pKd = 7 (i.e., 100 nM in terms of Kd) using the

RF classification algorithm. For the largeale analysis over protefamily-specific

datasets, regressiirased prediction results were converted into binary class and

multiclass formats, as it was not possible to retrain 600 models due to high
computational requirements. For the binary class, median pChEMBL values of the

data points in the training datasets were used as threshold values to separate actives

and inactives from each other (i.e., compotaget pairs with bioactivity values

higher than the median value of the dataset are accepted as actives, and theabnes equ

to or lower than the median are accepted as inactives). We also calculated corrected
version of MCC using the procedure explained
scor e, and similarly called this metric t h
calculation & multi-class scores, samples were placed into six different classes based

on their true pChEMBL values (classl: <5.0, class2: 5.8, class3: 5.56.0, class4:

6.0- 6.5, class5: 6.57.0, and class5: >=7.0) and calculated average MCC scores over

all 6 classes. The reason behind using such a variety of performance metrics was to

evaluate models from as many different aspects as possible.

The equations for the basic versions of these metrics are given below:

D MO 1 e (1)
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whereDi = R(w) - R(w); Di denotes the difference between ranks of tdig &nd
predicted @) values of samples with the dataset siz€P, TN, FP, and FN represent

the total counts of true positive, true negative, false positive, and false negative
predictions, respectively.

In this study, we used Python (v3) programming language, $e#dd library
(Pedregosa et al., 201fgr the tSNE projection and machine learning applications,
NetworkX packagéHagberg et al., 2008)r splitting protein familyspecific datasets,
RDKit toolkit (Landrum, 2016jor compound featurization and clustering, POSSUM
(J. Wang et al., 20179nd PROFEAT(P. Zhang et al., 2017¥eb tools as well as
iFeature stan@lone tool(Z. Chen et al., 2018pr protein featurization, and seaborn
(Waskom, 2021and matplotlio(Hunter, 2007)ibraries for the heatmap analysis and
data visualization.

3.4. Results and Discussion

In this section, we evaluate and discuss the results of our benchmark experiments. For
this, we first carried out a daéxploration analysis. Next, we trained DTI prediction
models under different settings and measured their performance. At each subsection,
we discussed our findings from various aspects to address shortcomings in bioactivity
modelling studies.

Here, we empulyed random forest (RF) as our main machine learning algorithm (along
with support vector machiBeSVM, in some of the cases) for predicting DTIs. The
reasons behind using a classical machine learning algorithm in this benchmark study
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rather than more comgit deep learningpased architectures is that: (i) RF has been
used in this field for a long while and shown to work well on numerous occasions, (ii)
deep learnindpased complex architectures have already been used in the training stage
of learned represeaions (i.e., protein embeddings); thus, the use of additional
complex architecture in the supervised DTI prediction stage could have prevented the
observation of the ability of learned representations in extracting ligand interaction
related properties gbroteins, and also, hinder the evaluation of mabielen (i.e.,
conventional descriptor sets) and ddteaven (i.e., learned representations) approaches
on common ground, and (iii) hyperparameter value selection have a significant effect
on the performare of deep learning models. If we had used deep learning models in
this benchmark study, the model performances would have been heavily influenced by
the specific hyperparameter settings used, and any differences in performances could
not be attributed sely to the representation capabilities of the featurization
approaches. In this study, the main aim is to fairly compare and evaluate different
representation approaches rather than constructing a single DTI prediction model with
maximized performance. As result, we used classical machine learning algorithms,
which do not require the same level of hyperparameter tuning as their deep learning
based counterparts.

3.4.1. Exploration of Data Characteristics

In this subsection, we first visualized members of prdimily-specific datasets on
2-D via tSNE projection. Then, we analyzed sipliised characteristics of our datasets
by plotting pairwise similarity distributions of proteins and compounds, bioactivity
distributions of trairtest folds, together with theiespective-SNE embeddings.

3.4.1.1. t-SNE projection of protein families

For each protein representation, two independe®iNE projections (one for the
enzyme, and another one for the resrzyme protein families) were carried out (Figure
3.2a and 3.2b). Projeotis for 8 protein featurization methods are shown in Figure 2.
As displayed in theseSNE plots, generally, protein families are well clustered in both
enzyme and neenzyme projections, with slightly less apparent clusters in enzymes,
probably due to theharing of enzymspecific properties between proteins. Also,
members of the othemzymes class are scattered among other clusters as its members
do not have distinctive characteristics. Although the majority of protein
representations are successfusgparating at least some of the families, projections

of learned embeddings have clearer clusters in general, which indicates their ability of
extracting familyspecific features. Considering conventional descriptor sets,
homology (i.e., ksep_pssm) and dwain profiles (i.e., pfam) are observed to have
more distinctive abilities for the classification of protein families, compared to
physicochemistry (e.g., apaac, ctdd, ctriad, geary, qso) and sequence composition (i.e.,
dde). The4SNE projection of spmajpeing a sequence compositibased descriptor

set based on protein subsequencenés) clusters, is similar to the projection of
random200 descriptor set. This result indicates thhasilue subsequences of proteins
cannot capture famitgpecific patters. Highly distinct from other representations,
taap has a projection in the form of ast@&ped curve. Feature vectors of proteins with
similar residue content and sequence length are similar to each other (independent
from the actual order of amino acids the sequence) according to the taap descriptor
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set, since taap uses the total sum of the aminebasdd property values to represent
a protein. Due to the fact thaSNE aims to preserve local neighborhoods, proteins
form a continuous curve similao time-series data when represented by taap.

3.4.1.2. Splitbased characteristics of protein famgpecific datasets

Pairwise similarity distributions

To explore protein and compound diversity in our datasets, we evaluated Jprotein
protein and compoundompound pawise similarities of the members of a selected
representative protein family (i .e., tra
testo, and fAtrain vs. testo dat assplit compe
dissimilarcompoundsgit, and fully-dissimilarsplit). For this, we aligned protein
sequences using EMBOSS Needle global pairwise sequence alignmgRiteoét

al., 2000)and plotted histograms based on identity values of unique protein pairs in

the corresponding dataset®e extracted pairwise compound similarities by
calculating Tanimoto coefficient between fingerprint representations using the
simsearcHunction of the Chemfp python packa@d®2alke, 2019) Since it was highly

infeasible to calculate pairwise similagisi for billions of compound pairs, we
randomly sampled 10% of all compounds in the transferases dataset and set the
minimum similarity detection threshold as 0.1. Again, we only considered a unique

list of compound pairs.

Figure 3.3 displays similarity disbutions of pairs of proteins and compounds
involved in the transferases dataset, in which the values may be greater than one since

the plot is normalized to equalize the total area to one (i.e., the density plot). Having a
similarity value in the rangef 0- 0.5 for the majority of protein and compound pairs

in all plots demonstrates the high diversity of samples which is a desirable
characteristic for computational bioactivity modelling. As displayed in Figure 3.3,
similarity distributions only slighy change between different split methods,
considering Atrain vs. traino and Atest
significant differences between the sampl
proteins, in terms of different s@itThe absence of similarity values greater than 0.5

for compound Atrai n v-sompotndsplitdatasetieandrbgth i n t
protein and compound At r-digsimilargpht.datasee st 0
validates the similaritgentric dharacteristics of our datasets. Exceptional pairs of
proteins with high similarity values in the fultyissimilarsplit dataset stem from the
discrepancies between UniRef50 clusters and our pairwise alignment results, and their
number is found to be insigitant (please note that the frequencies are given on
logarithmic scale in Figure 3.3). These results validate the capability of our
methodology in terms of producing challenging (and presumably realistictéstin

datasets, so that the bioactivity pihn models trained and tested on these datasets
hopefully reflect the realvorld performances while discovering novel drug candidates

and/or new targets.
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Figure 3.2. t-SNE based visualization of conventional (apaasgf_pssm, pfam,

taap) and learned (protvec, seqvec, transfoamgr unirepl900) protein
representations on; (a) enzymes including hydrolases, oxidoreductases, proteases,
transferases, and othenzymesgroups, and (b) neanzyme protein families
including epigenetic regulators, ion channels, membrane receptors, transcription
factors, and transporters, in different colors.
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The assessment of the IID assumption

Most of the traditional machine learning algorithms such as RF and SVM operate on
the independent and identically distributed data (11D) assumption for the samples in
training and test splits. In other words, the valoéshe variables in a dataset are
assumed to be independent of each other and have the same probability distribution.
This assumption may be violated if there is a shift in the distribution of the input or
output variables between train/test splits, whichy affect the performance of the
model(Darrell et al., 2015)Therefore, it is important to evaluate the 11D assumption
while developing a machine learning model.

To explore the IID assumption in terms of output variables (i.e., bioactivity values as
target labels), we plotted bioactivity distributions of protein faraphecific datasets
based on traitest samples of each split. Figu8d displays pChEMBL valubased
histograms for transferases, ion channels, and membrane receptors. Median
bioactivities vary between 5.7 and 7.1 for different protein families. When comparing
bioactivities of train and test sets of each family, it is observed that distributions have
similar shapes, regardless of the dataset split strategy. In addition, they generally have
very similar mean and median values, although the difference is slightly higher in the
fully -dissimilarsplit datasets of some families. Having bioactivity distitmg that

are consistent with each other in training and test folds implies good coverage of
bioactivity data and supports the suitability of our lasgale datasets for bioactivity
modelling. These results also indicate that a stratg@d strategys not required for

our datasets.

In cases of the presence of a shift in output variables, models require extrapolating
beyond the minimum and maximum target values in the training datasets. This may be
a limiting factor for regressichased algorithms thatan only generate predictions
within the boundaries of training output valugsengl et al., 2018)Therefore, we
recommend checking this issue before constructing DTI prediction models.

We also compared the distributions of protein representationecpd compound
fingerprints irbetween training and test splits to check the IID assumption for input
variables. For protein representations with continuous values, we applied
Kolmogorov Smirnov (KS) test and calculated KS distance scores for each feature
(i.e., each dimension in a representation) of train and test samples along with
corresponding fvalues.Figure 3.5 displays the distributions of these scores for apaac
and transformeavg representations (i.e., feature dimension sizes are 80 and 768,
respetively) on three different train/test splits of the transferases family dataset.
Although maximum KS distance scores are generally lower for conventional
descriptors (i.e., around 0.2) than learned embeddings (i.e., around 0.5), they have
similar distribuions overall, where the variance is much lower in the ransioih
dataset compared to dissimi#ewmpound and fulkdissimilar split sets. There was a
significant(pv al ue < 0. 01) shift between the KS dis
and test sampgefor 19 (for fully-dissimilarsplit) and 7 (for dissimilacompound

split) features out of the total 80 features in apaac, and 558 (fordigBymilarsplit)

and 189 (for dissimilacompoundsplit) features out of the total 768 transforragg
featureswhereas, none of the variables were significantly shifted in the rasgbm
dataset, considering both representations.
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For compound fingerprints, we applied the-shuare test, since they are composed of

binary variables rather than continuous onesdNed n 6t pl ot t he scor ¢
the chisquare test since it doesn't provide a direct distance measure. Instead, we
evaluated these shifts based on theuajues. Therefore, 743 and 689 of a total of

1024 compound fingerprints were significantlifeed on the fullydissimilar and
dissimilarcompound splits, respectively, whereas this number was 47 for the random

split. For significance, we accepted avya | ue < 0. OOQOsfluarsiest se t he
sensitive to sample size, which has the risk of kaldefining significant relationships

in the presence of large sample size, as in our case.

The observation of a shift between the KS distance score distributions of models
trained on fullydissimilar and dissimilacompound splits was not surprising sititie

is a common issue in realorld drug discovery applications, where the general aim is

to seek completely novel small molecules that are bioactive against the targets of
interest. It is also one of the reasons why most of the modelsparéirming m
feasyo datasets (i.e., random split), st
mitigate the shifting problem by applying preprocessing techniques such as feature
dropping or importance weighti(@harani et al., 2019especially wherehe goal is

to develop a model using simple descriptors and algorithms based on linear operations.
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Figure 3.4. Histogram plots displaying bioactivity distributions of transferase, ion
channel, and membrane receptor families based on train (green bars) and test (orange
bars) samples of(a) randomsplit, (b) dissimilarcompoundsplit, and (c) fully-
dissimilarsplitdatasets, along with their median values shown as vertical dashed lines.
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Figure 3.5. KS distance (between train and test sampdesye distributions ofa)
apaac, an¢b) transformeravg representations among random, dissirttanpound,
and fully-dissimilar splits in the transferases family proteins.

t-SNE projection of traifiest datasets for three splits

In this analysis, we visualized the distribution of bioactivity data points (i.e.,
compouneprotein pairs) on -D via +tSNE projections to observe how train and test
fold samples are separated from each other under different splitting settings. For each
protein family-based dataset, 1,500 data points were randomly selected (from both
train and test folds), since the number of training samples dominates test samples in
the original datasets. Each bioactivity data point was represented by the concatenation
of its protein and compound feature vectors, and used as input {8t algorithm.

In Figure 36, t-SNE plots of transferases and ion channels (i.e., the representative
families, as these are two widely utilized target families in drug discovery) ae giv

for k-sep_pssm and unirep1900 representations. Panel a, b, and ¢ correspond to the
randomsplit, dissimilarcompouneésplit, and the fullydissimilarsplit datasets,
respectively. For the randoesplit dataset, & embeddings of the train and test
sampleslargely overlap, since they share similar proteins and compounds. These
overlaps significantly decrease in dissimitampounesplit dataset and almost
disappear in the fulkgissimilarsplit dataset, as expected. This analysis can be
considered as a viali validation of the implemented splitting strategies, and it
provides clues about the difficulty levels of our prediction tasks.
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Figure 3.6. t-SNE projections of trawtest samples (i.e., compoupdoteinpairs) of
transferase and ion channel families fesdp_pssm and unirep1900 representations
on; (a) the randorsplit, (b) dissimilarcompoundsplit, and(c) the fully-dissimilar

split datasets.
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3.4.2. SmaltScale Analysis (Target Featubmsed Modelling)

There are numerous conventional descriptor sets for proteins in the literature, most of
which can be utilized for DTI prediction. Evaluating all descriptor sets on our large
scale datasets would not be feasible considering the computational cost; #sw&eesu
decided to carry out a smatale analysis to pigelect the descriptor sets that are
successful in DTI prediction, and use the selected descriptors in both the rsediem

and largescale analysis later. Additionally, it was required to deterithesupervised
learning algorithm to be used for DTI prediction in this study, and due to, again, the
computational complexity related issues, we decided to make a performance
comparison (between SVM and RF) on these seelle datasets.

In this analysis we assessed the success of S\@d RFbased DTI prediction
models, each utilizing one of the 42 conventional protein descriptor sets (including the
ones explained in section 3.3.2.1. and additional ones that fall into the same categories
as these), and baseline (i.e., the random200 descriptor). The models are trained and
tested on 9 independent compotgahtric datasets (i.e., the clusters of Curcumin,
Tamoxifen, Quercetin, Genistein, Econazole, Levoketoconazole, Amiodarone,
Miconazole, and Clotrimaze) via nested crosglidation using the target feature
based modelling approach (please see section 3.3.3.1). In this approach, the system
only employs protein features as input, so it eliminates the effect of compound
representations on the model predictperformance, which is expected to provide a
suitable setting for an initial comparison of protein representations. Here, the task of
each model is the binary classification of input proteins, as active or inactive, against
the corresponding compounduster.

Figure 37 displays mean F&core and MCC values of 9 datasets for each
representation model, in which orange and blue colors correspond to SVM and RF
models, respectively (all results including accuracy, precision, recaicéie, and

MCC metricsare given in Appendix A Table 3.3). The ranking of protein descriptor
sets on the horizontal axis was done according to decreasing RF model scores. Figure
6 clearly displays that RF models outperform SVM models with a few exceptions such
as the pfam modein terms of the MCC score. When model performances are
compared in terms of protein representations, gsased descriptors perform better

than other descriptors in general. These results indicate that evolutionary relationships
of proteins carry importarknowledge regarding bioactivity/interaction mechanisms.
Some of the sequence compositlmased descriptors such as dde, tpc, and spmap, and
physicochemistrpbased descriptors such as apaac and paac, also performed well.
Moreover, obtaining scores thateasignificantly higher than the baseline (i.e.,
random200), even for the models with the lowest performance, implies that protein
representations carry signals/patterns relevant to bioactivity modelling. However,
these results cannot be generalized asdbegr only a small portion of the bioactivity
space; thus, it is important to observe how these models behave when the data scale is
changed.

At the end of this analysis, we decided to continue with RF, to be used throughout the
study. Also, we selected 10 conventional descriptor sets with both high and low
performances, and distinct properties regarding the protein features they incorporated
and used them in the following benchmarks (i.e., apaac, ctdd, ctriad, dde, geary, k
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sep_pssm, pfam, gso, spmap and tadeye, instead of simply selecting the best
performing descriptors, we sought a diverse set of descriptors that are constructed
using diferent types of information (i.e., physicochemistry, sequence homology, etc.).
Another criterion was that the selected descriptors should not have similar
performance scores (especially when they are based on the same type of information).
Therefore, rathethan comparing similar approaches with a high probability of
yielding similar results on mediumand largescale analyses, we attempted to acquire

a representative set of descriptors, each of which has the potential to reveal a different
characteristic gesented in target protein sequences.
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Figure 3.7. Mean(a) MCC and(b) F1-score test results of Rend SVMbased DTI
prediction models constructed via target featumeed modelling approach.
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3.4.3. MediumScaleAnalysis (PCM Modelling)

PCM modelling approach can handle high numbers of training instances, belonging to
different compounds and proteins, within a single predictive model, in contrast to
ligand and target featurbased modelling which requires the geation of separate
models for each protein or compound (or compound cluster), respectively. Thus, PCM
modeling brings the advantage of learning from larger datasets, which is a critical
requirement in machine learning, in general. Another advantage ofrR&Mling is

the joint utilization of compound and protein features to better model their interaction
related properties, without the requirement of scarce and difficult to analize 3
structural information, unlike targéiased structure modelling apprbas. In the
following benchmarks, we aimed to evaluate protein representations in terms of PCM
modeling, over the problem of regressimaised DTI prediction.

Here, we constructed PCM models for 10 selected conventional protein descriptor sets,
6 learned prtein embeddingsand 2 baseline models (i.e., random representations,
pl e as Methedde sfecti on) wusing RF regression
datasef{please see section 3.3.8.2

Model performance results based on RMSE, Spearman rank correlation, MCG and F1
score (all computed on the heddit test set of the mDavis dataset) are given in Figure
3.8 (also available in Appendix A Table 3.4). The results indicate that the rankings of
models are mostly consistent among both classification and regression metrics with
slight differences, excluding pfam. As a domain prelfitssed descriptor set, pfam is

the best performing model in terms of-§dore (0.538) and has a moderately high
MCC scae (0.41); however, it is also one of the worst performers in terms of RMSE
(0.854) and Spearman (0.497) scores. It can be inferred from these results that domain
profiles of proteins might not contain sufficient information to make precise
bioactivity vale predictions, but it can be useful if the aim is just to classify protein
compound pairs as active or inactive (i.e., binary prediction). The results also indicate
that the seqvec model displays the best performance for almost all metrics (RMSE:
0.794, $earman: 0.571, MCC: 0.445, store: 0.53). Apart from seqvec, other
learned embeddings also have higher performance scores compared to conventional
descriptors in general. Mean Spearman rank correlation and MCC scores of learned
representations are 0.530d 0.417, respectively, whereas the same scores are 0.511
and 0.388 for conventional descriptor sets. Learned embeddings do not utilize any
molecular or biological knowledge during their s&lfpervised training, but still, they

are capable of represemgi proteins that yield high performance DTI prediction. Well
performing descriptors in the previous srsible analysis,-kep_pssm (homology)

and apaac (physicochemistry), also have competitive performance results here
(Spearman: 0.545 and 0.532, respety). On the other hand, dde (Spearman: 0.508)
and spmap (Spearman: 0.491) could not yield their high ranks here in the medium
scale analysis (i.e., dde and spmap had the ranks of 1 and 8 on thecaealivhereas,

they ranked 9 and 16 on the medismle, respectively). It is possible to state that
while homology and physicochemistrpased descriptors gained from increased
dataset size (i.e., for apaac arsdp_pssm, smadicale analysis mean MCCs are 0.361
and 0.374, respectively, whereas their medscale analysis mean MCCs are 0.418
and 0.434), sequence composition could not improve its performance when trained on
larger datasets.
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Also, there is an overall increase in MCC scores of conventional descriptor sets
(excluding dde and spmap) when we pame the results of smalind mediunrscale
analyses. In addition to the contribution of the increased sample size, this situation can
be associated with the involvement of compound features in-B&d models,

which probably led to a better learning otke joint proteircompound interaction
space. On the other hand, PCM models here had lower F1 scores than the target
featurebased models in the smaltale analysis. In order to calculate MCC and F1
scores for PCM models, we converted realied predidgons into binary format at the

cutoff value pChEMBL = 7, which is also used in other studies as a bioactivity
threshold for kinase inhibito(s Ci ¢ h o (Es k a. Haveveradnly 27% &f th@ tés)
samples became active at this threshold, causing a icldmlance in the mDavis
kinase dataseflherefore, the decrease in-Bdores on the mediustale analysis

might be related to this issue, sincedebre is sensitive to imbalanced datasets (see
APerformance eval uatoi)on oT os gftoderitheheenflictne A Me |
between MCC scores and-Btores for the sma#icale vs. mediurmscale comparison,

we calculatedhemean performances of conventional descriptors on the mestata
(F1-score: 0.493, MCC: 0.388), and compared them to the results sanhe set of
descriptors on the smadkcale (Fiscore: 0.672, MCC: 0.337). Then, we recalculated
MCC and Fiscores of the mediwscale models based on the median pKd value of
the test set to evaluate the results in such a scenario as if we had a balamoedat
positive (i.e., active) and negative (i.e., inactive) samples in the test set. We obtained
the mean scores of Fscore: 0.705 and MCC: 0.355 based on theoctitf p Kd = 6.
(the median value). The increase indebre, which is even higher tharetmean F4

score in the smakcale analysis, together with the fact that there is no significant
change in MCC, supports the idea that MCC is the more appropriate option in the
presence of the class imbalance problem. It also highlights the importamtectihg

suitable evaluation metrics depending on the case at hand.

Finally, the baseline models displayed the lowest performances in this analysis, similar
to the results of the target featdrased modelling experiment.
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Figure 3.8. Test performance results of medikstale PCM models (on the mDavis
dataset) based on RMSE (the scores are reportedRMSE, so higher values

represent better

performance), -s®me@ar mano

each color corresponds to an evaluation metric,(Bjpdcores are displayed only for

the selected representative models (marked with asterisk in the legend). The ranking
in the legend is based on the models' performance from best to worst accordéang to th
RMSE scores. Shades of red and blue represent conventional descriptors and learned

representations, respectively.
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3.4.4. Large-Scale Analysis (PCM Modelling)

The main goal of this analysis is evaluating protein representations over a highly
realistic scenam, especially in terms of discovering new drugs and/or targets, using
our carefully prepared larggcale datasets, and to compare their overall performance
in machine learnindpased DTI prediction. Secondly, we aimed to display how model
performances cacthange dramatically when the same samples are distributed to train
and test sets differently, to point out the importance of -tesh data split.
Furthermore, we evaluated the suitability of various performance metrics under
different modeling approaches

In this analysiswe constructed protein familgpecific bioactivity datasets including
enzyme (i.e., transferases, hydrolases, oxidoreductases, proteases, and other enzymes)
and norenzyme groups (i.e., membrane receptors, ion channels, transporters,
transcription factors, and epigenetic regulators). For each family, three versions of
traintest splits with differing difficulty levels were constructed by considering
pairwise similarities of proteins and/or compounds (please see section 3.3.1.3 for
detaik). PCM models were trained independently on each of these splits using the
same protein representations employed in the previous (mextial®) analysis. As a

result, 600 DTI prediction models were built, trained, and tested in total (please see
section 33.3.2 for details).

We evaluated model performances from several perspectives using multiple scoring
metrics. Median corrected RMSE and Spearman correlation scores are displayed as
line plots in Figure &, in which the light coloredtransparent) circles indicate
individual model performances on each protein family, and the dark colored diamonds
represent mean scores averaged over all families. The models are ranked according to
descending performance on the fedlissimilarsplit datset (for both metrics). In
Figure 310, model performances are provided as box plots over three different forms
of the MCC metric. The models are ranked according to descending mean values of
median corrected MCC scores for the fudigsimilarsplit anddissimilarcompound

split datasets, and according to multiclass MCC scores for the raspldardataset.
Protein familyspecific performances are availableAppendix A Table 3.

3.4.4.1. Investigationof performance metrics

The intrafamily rankings of models argenerally consistent with each other among

five different metrics (Table 3.5). However, there are some discrepancies between the
scores depending on the data split. Considering regression metrics, some of the models
trained/tested on the fuligissimilarsplit and dissimilaccompoundsplit datasets

show high performance in terms of RMSE (i.e., low RMSE values), whereas at the
same time, they displayed low Spearman correlations, which indicates inconsistency.
RMSE is a measure of the difference betweerdipted and actual values, and is
utilized when the goal is to predict continuous values and measure the overall error in
predictions. On the other hand, Spear ma
strength and direction of the relationship betweentwon k ed v ar i abl es.
correlation is commonly used when the goal is to determine the degree to which two
variables are relatedin challenging scenarios (e.g., on the fedigsimilarsplit and
dissimilarcompoundsplit datasets), continuous valbased prediction of
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bioactivities (via regression) is unstable and unreliable due to the difficulty of the task.
Thus, it would be a better choice to evaluate the success of the models in terms of the
correlation and consistency between actual and predickes using correlation
scores (e.g., S p e asplim@atasets the pre@ation taskeis nota n d o m
considered to be difficult (relative to the other two splits), as a result, the predicted
values are expected to be more stable and reliable. B8MSE metric in this scenario
allows us to directly measure the accuracy of the predictions and differentiate the
model performances in a more precise manner. As a result, both types of scores can be
considered for easy cases (i.e., the randpht datasy. In classificationbased
assessment, theingleclassMCC metric is not as restrictive as the regression or
multiclass evaluation metrics since it is less sensitive to deviations in prediction values.
However, it may suffer from the shifted mean problehen applied to regression
based PCM models by binarizing bioactivity values. Obtaining MCC values close to
0 (Figure 310) despite moderate Spearman correlation scores (Fig@e o8.
challenging datasets is a sign of a systematic ishiftodel predicton outputs, which

we handled by conducting median correction on thevalaled prediction results. In
Figure 310, it can be observed that median correction provided a significant increase
in singleclassMCC scores of the fullgissimilarsplit and dissnilar-compoundsplit
datasets. Also, median corrected MCC scores are highly consistent with the Spearman
correlation scores (Appendix A Table 3.5). Considering the multiclass MCC metric,
prediction scores are around zero for most of the models on chatlesglit sets.

Since this metric expects prediction values to fit narrow intervals, it is more restrictive
than the single cladsased metrics. However, this seems to be an advantage for
evaluating models on the randesplit set. As seen in Figure 9a, dre trandonsplit
dataset, the variance of the mean multiclass MCC score distribution is greater than the
singleclass MCC scores (i.e., models are better separated from each other).
Furthermore, its ranking is highly consistent with the results of the mesbkale
experiments, in which the top performers were learned representations, together with
k-sep_pssm and apaac conventional descriptor sets. Thus, it can be inferred that the
multiclass MCC metric discerns models better than binary class MCC in thmmand
data split setting, and it partly handles the overfitting problem which frequently occurs
on randomly split largscale datasets.

5.4.6.2. Evaluation of protein representations

Performance results in Figure9dand 310 indicate that the representation capapilit

of different protein descriptor setiependson the protein family and the difficulty
level of the split used for training and testing. Also, there is no significant difference
between the mean performances of different protein representations foicalgart
dataset split, with a few exceptions. Considering fatbédged performance averages,
pfam is one of the best representations on the-tlilgimilarsplit and dissimilar
compoundsplit datasets, while it is the lowest performer on the ransiolih dataset
(Figure 39 and 310). Contrary to pfam, 4sep_pssm is one of the best performers on
the randorrsplit and dissimilaicompouneésplit datasets but the worst one on the fully
dissimilarsplit dataset (Figure @.and 310), though theperformance results on the
randomsplit dataset are very close to each other. As a homdlaggd descriptor set,
k-sep_pssm is expected to capture hidden similarities between evolutionarily related
sequences, especially by taking advantage of the pres&haghly similar proteins
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between the train and test splits. On the other hand, the utilization of protein domain
profiles seems to make pfam more suitable for acquiring bioactivity related
information from evolutionarily distant sequences, probably tdueighly sensitive
HMM-based domain/family profile search procedures implemented in Pfam and
similar databases. Interestingly, taap, which is a simple descriptor set, is involved in
the topperforming PCM models for all dataset splits. However, taap wasobthe
lowest performers in the sma(lamong the selected 10 conventional descriptor sets)
and mediurrscale analyses. Its simplicity is observed to become an advantage with
the increase in bioactivity dataset size and complexity. Apart from these,
physcochemistrybased descriptors including apaac (in all splits), ctriad (on the fully
dissimilarsplit dataset) and gso (on both the fudigsimilarsplit and dissimilar
compounésplit datasets), and learned representations perform well in theslzalge
analyses. In particular, the top performance results of unirep5700 and transdggmer

on the fullydissimilarsplit dataset demonstrate the potential of protein representation
learning methods in the datiiven DTI prediction.

We also conducted proteiarhily-specific evaluations to understand whether different
protein representations display similar results across famihegigure 3.11, we
plotted the performance of the models of protease and the ion channel families, in the
form of a conventional degptor set vs. learned representation comparison, using the
Spearman and median corrected MCC scores, for all three dataset@plitsannels

are known for their transmembrane regions and specific ion selectivity, whereas
proteases are enzymes involved catalyzing peptide bond cleavageor a fair
comparison, we selected four wekrforming conventional descriptors instead of
including all of them, since we have only four different types of learned
representations. For this, we involved apaasseppssm, pfam, and taap as
conventional descriptor sets and protvec, seqvec, transtavgeand unirep5700 as
learned representations. Figure 13shows that learned representations outperform
conventional descriptors in the challenging splits of proteasmssidering both
metrics. However, the results are the opposite for the ion channel family, on which the
conventional descriptor sets performed betare possiblereasonfor this might be

due todistinct structuraland functionalcharacteristics of iorhannels that can be
detectednoreeasly via conventional descriptgre/hichleveragehe physicochemical
properties of amino acigsvolutionary informatiopor domain profilesof proteinsin
contrast, learned embeddings may struggle to capture theseristics, particularly
when the dataset sizes asdatively small, asm this case {e., around 30K training

data points for ion channelswhile substantially largerfor proteases with
approaximately 85K data point©n therandomsplit dataset, there is no observable
difference between conventional desaipsets and the learned representations,
probably due to the nediscriminative characteristic of this data splitting strategy,
which poses nowhallenging cases for alladels.
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Figure 3.9. Regressiotbased test performance results of protein fasygcific PCM
models (each using a different representation type as input feature vectors) forrandom
split, dissimilarcompoundsplit, and fullydissimilarsplit datasets based ofa)
median corrected RMSE, aflo) Spearman correlation scores. The models are ranked
according to decreasing performance on the {fdidgimilarsplit dataset.
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Figure 3.10. Classificationbased test performance results of protein faisjlgcific

PCM models (each using a different representation type as input feature vectors) in
terms of MCC scores fofa) randomsplit, (b) dissimilarcompoundsplit, and(c)
fully-dissimilarsplit datasets. The models are ranked according to decreasing
performance on the fulldissimilarsplit dataset.
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Figure 3.11. Performance comparisonwell-performingconventional descriptor sets
and learned representations for three different splits edli@mnel and protease family
datasets in terms ofa) Spearman rank correlation, afll) median corrected MCC

Scores.

Results presented in Figure B.dre also correlatedith the scores on other protein
families (Appendix A Table 3.5For nore n z y me
correlation values (based on the representationgigure 3.1) are 0.29 (cd:
conventional descriptors) and 0.26 (le: learned embeddings) in thedisdlynilar
split, 0.40 (cd) and 0.34 (le) in the dissimitaampoundsplit, and 0.84 (cd) and 0.87
(le) in the randonsplit datasets. For enzyme families, these vatue9.23 (cd) and
0.26 (le) in the fullydissimilarsplit, 0.51 (cd) and 0.52 (le) in the dissimilar
compounesplit, and 0.84 (cd) and 0.86 (le) in the randgplit datasets. The results

show that, in challenging datasets, conventional descriptors pebketter on non
enzyme families, while learned embeddings perform better on enzyme families. It
suggests that the type of protein representation used can have an impact on the model

f

amilies,

t he

performance depending on the type/family of protein being studied, podsi®lyo

the intrinsic properties of these protein families. This observation can be useful for
developing new strategies to improve model performances. All of the learned
representations in our study were obtained from unsupervised deep learning models
trained on large datasets including all protein families. Limiting the training datasets
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of these methods to specific families (or fio@ing the prerained models on these
families) would increase their representation power towards that family.

When takig all these findings into account, we can clearly state that the representation
capabilities of different featurization approaches considerably vary among protein
families and splitting strategies, even though some common inferences can be made.
We believethat, while choosing a featurization approach in DTI prediction, protein
family-specific findings should be taken into account, rather than considering the
overall (i.e., average) results. Regarding learned representatigranneg (orfine-

tuning the models using a distinct dataset with desired characteristics (e.g., members
of a certain family) may be a good choice to better learn the features associated with
that group of proteins.

3.4.4.3. Comparison of data splitting strategies

To compare models acrosgdh dataset splits, we plotted performance scores by
pooling 200 models of each split (including the baseline models) without grouping by
families or representation methods. The results are displayed in Bigrea violin

plots. This figure shows a sigicant decrease in overall performances with the
increasing difficulty levels of splits, which is not a surprising outcome. Nevertheless,
it highlights the importance of splitting datasets into train/test folds for performance
evaluation, with the aim gbreventing the reporting of oveiptimistic results and
yielding afair assessment of model successes. Figugabst displays that the model
performances are distributed more evenly over the whole range of scores in the fully
dissimilarsplit and dissnilar-compoundsplit datasets, compared to the raneksptit
dataset, in which most of the models produced very similar scores, creating a dense
region on the plot. This observation indicatieat random splittindpas less power in
distinguishing differentnodels from each other.

In the fully-dissimilar split, neither similar proteins nor similar compounds are shared
between train and test folds. As a result, this dataset is suitable to evaluate the
performance of DTI prediction models in terms of predictmgyel ligands to
understudied targets (or completely new target candidates). Whereas in the dissimilar
compound split, similar proteins are presented in between train and test sets.
Nevertheless, it is useful for discovering novel ligands againstsitelied target
proteins, or proteins for which structurally highly similar and wsélidied targets

exist.
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Figure 3.12. Split-based test performance scores of fampgcific PCM models in
terms of RMSESpearman rank correlation, and median corrected MCC metrics.

3.4.4.4. Examination of baseline models

Table 3.2 contains famiippased average Spearman scores ofbésperforming

models and the baseline models, for each dataset split. The models based on randomly
generated protein and/or compound representations have lower performance scores on
the fully-dissimilarsplit dataset, which is mainly due to the absence of identical
proteins and compounds (or ones with high similarity) in between train and test
samples. One of the baseline models included in this analysis uses only compound
representations (i.e., oncfp4 model). This model does not utilize a protein vector.

As a resul the model learns activities over the compound features only, without any
information regarding which protein this compound interacts with. This is different
from a conventional liganbdased DTI prediction model, in which target proteins
wouldbeuseddsabel s of the i nput compounds (
a target of protein X0). Here, since t
the model tries to learn interactions blindly and make predictions without knowing
which taget it is giving predictions for.

i e. ,
he inf

The average Spearman correlation score ob#stperformingmodel on the fully
dissimilarsplit dataset is around 0.3, which is quite close to the-ecfiy4 model.

This indicates that the success obtained by evebdasiemodel has mostly originated
from the characteristics of compounds (i.e., a certain compound being active no matter
whichtargetit has been screened against, or another compound being inactive in most
of the experiments). Thus, these results reveataljuirement for; (i) unbiased model
training datasets, and (ii) novel/improved featurization techniques, to construct robust
DTI prediction models that can be utilized in the pharmaceutical industry, especially
under these challenging scenarios.

Model peformances are higher on the dissimitampoundsplit dataset compared to
the fully-dissimilarsplit dataset, due to the inclusion of similar (and identical) proteins
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between training and test. Also, models based on completely random vectors (on both
thecompound and protein sides) have lower performances, expectedly. On both of the
challenging datasets, the best model is well differentiated from the random- vector
based baseline models. Although the overall mean difference between the best model
andthe random200 model is considerably low on the dissimtlampoundsplit, the
differences are distinct when making protein farsihecific comparisons rather than
taking the average of all families (e.g., for ion channels; the average Spearman score
of the top erforming models including-kep_pssm, pfam, taap, and protvec is 0.52,
and the Spearman score of random200 model is 0.37). On the dissonipound

split datasetthe random200 model outperformed the oBlyfp4 model by learning

the relationship betweethe bioactivity data points of the same proteins which are
shared between training and test. As experimental bioactivity measurements are
mainly obtained from targdiased assays, the number of bioactivity data points per
protein is considerably high, cqrared to the number of bioactivity data points per
compound (Table S3 and S4). Also, in many assays, different derivatives of the same
compound are tested, whiclsultsin similar bioactivity values. Due to this bias in
experimental assays, memorizationep protein identity yields falsely successful
results, as reflected in the performance of the random200 model on the dissimilar
compounesplit dataset (average Spearman score = 0.436).

On the randonsplit dataset, the best model displays a high succésgSpearman
score: 0.868). However, high performance scores of the baseline models, including
those based on randomly generated vectors (e.g., random200), cldaate the
overoptimistic evaluation, ane&gmphasizeghe importance of traitest data spting,

once again. These results also demonstrate the importance of baselindasedel
investigation in the field of DTl prediction, for a fair and realistic performance
evaluation. It is possible to state that, the results reported in previous Didtipred
studies in which (i) the models are only evaluated based on random splitting (including
both holdout testing and foldbasedcrossvalidatior), and (ii) there is no proper
baseline model comparisons, may be invalid.

Table 3.2. Protein familybased average Spearman scores of the best models and
baseline models in each dataset split.

Name of the descriptor set/representation Fully - Dissimilar- Random-
(explanation) dissimilar-split |compound-split |split
Best performing protein representation

(compound: ECFP4) 0.363 0.518 0.868
random200 (protein: random continuous vectors,

compound: ECFP4) 0.193 0.436 0.861
only-ecfp4(no protein vector, compound side: ECFP{0.302 0.379 0.709
random200-random-ecfp4 (protein: random

continuous vectors, compound: random binary vecto 0.056 0.272 0.504
only-random-ecfp4(no protein vector, compound )

side: random binary vectors) 0.002 0.002 0.315
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3.4.4.5. Exploration of the prediction similarities between farspecific PCM
models

In this experiment, we plotted heatmaps based on pairwise similarities between the
protein familyspecific PCM model predictions via calculating their intersections,
using a catgorization composed of six classes (i.e., pPChEMBL value bins of <5, 5.0
to 5.5,5.5t06.0, 6.0t0 6.5, 6.5 to 7.0, and 7.0>=). To calculate the similarity between
a pair of models, for each bioactivity data point, we count a similar prediction if both
mockls predict pPChEMBL values in the same bin (no matter they are correct or not),
otherwise we count a nesimilar prediction. We then calculate percent similarity
values based on all counts. To emphasize prediction similarity values between model
pairs, cobr scales were arranged so that the darkest color corresponds to the maximum
value, and the lightest color was set to 85%, 65%, and 20% similarity for the random
split, dissimilarcompoundsplit, and the fullydissimilarsplit datasets, respectively.

In Figure 3.8, heatmaps of transferase and ion channel families are given for all three
dataset splits (heatmaps for the remaining families are avaiteBfgendix B Figure

3.1). As observed from Figure 31the overall consensus between models decreases
with increasing difficulty levels (i.e., the average similarity is over 80% for most of
the models in the randesplit dataset, while this value drops to@0% in the fully
dissimilarsplit dataset). Although clusters vary across different splits and mprotei
families, generally the learned embeddings and physicocherbesgd conventional
descriptors are clustered among themselves. Considering thediglynilarsplit
dataset of transferases; the average prediction similarity between the models that
utili ze learned representations (except protvec) is 60.8%, and among the models that
use physicochemistigased conventional descriptor sets (i.e., gso, apaac, geary,
ctriad) is 68.2%, whereas the average prediction similarity between the
physicochemistnpbasedconventional vs. learned representations (considering the
same models) is 46.5%. These findings are also parallel t&5IRE fprojection results
provided in Figure 3.2. Considering the type of utilized information, all learned
representations exploit tre@rangement of amino acids on the protein sequence. On
the other hand, physicochemistrgsed descriptors aggregate-paéculated amino
acidbased features to construct protein feature vectors. This difference is also
reflected in their prediction simildies. Spmap and random200 representations are
often clustered together and have simi#&NE projections, as well. Finally, models

that utilize pfam and taap descriptor sets are quite differentiated from the rest on the
randomsplit and dissimilaccompaund-split datasets, which is expected based on their
distinct featurization strategies.

The results of this analysis can be used to obtain rational combinations of featurization
approaches to better represent proteins in DTI prediction models (e.g. ecaticef
feature vectors that have a low correct prediction overlap). This may yield a more
successful learning of interactisalevant properties of proteins, and significantly
improve the overall model performances.
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Figure 3.13. Clustered heatmaps of different protein featurization approaches for
transferase and ion channel families da) the randorsplit, (b) dissimilar
compounesplit, and(c) the fully-dissimilarsplit datasets.
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3.4.4.6. Applicability domain (AD) analysis of famigpecific PCM models

The concept of AD is used to define the boundaries of a model within which is
expected to provide accurate and reliable predictions, and to assess its usability. It has
been included as an essential reguient for QSAR models by the Organization of
Economic Ceoperation and Development (OECD). In the scope of QSAR modeling,
AD is defined as the chemical structure space in which the model produces reliable
predictions(Hanser et al., 2016}t is significant because the reliable predictions of a
QSAR model are typically restricted to query compounds that share high structural
similarities with the training compoundSahigara et al., 2012n contrast to QSAR
models, PCM modeling approach takes botiigin and compound space into account
and has the potential to reveal complex relationships between them since the model
performance is not solely based on the similarity of compounds. Although the concept
of AD is not directly applicable to PCM modelintpere have been some efforts to
evaluate the AD of PCM models usinghkarest neighbors{KN) (Ain et al., 2014;
Subramanian et al., 201&hd Gaussian processes (GEyrtesCiriano et al., 2014)

In this study, we employed theNN approach to assess the AD of our models. For

this, we first calculated Tanimoto similarities between test and training compounds
based on their ecfp4 fingerprints. For each test compound, we calculated the average
Tanimdo score of the most similar five training compounds (i.e., 5 nearest neighbors),

as described in the study by Subramanian €Babramanian et al., 2017)hen, we

applied the same strategy for test proteins using sequence similarities mentioeed in th
APairwise si mil agedtianyln Rigire8.14rwe plottedicompsund s u b
and protein similarities vs. prediction errors for each test datapoint in rasypldm
dissimilarcompoundsplit, and fullydissimilarsplit sets of the transferasesmily

dataset for transformevg based models.

The figure displays that most of the data points with high similarities of proteins and
compounds have low prediction errors, but there is no direct correlation between
similarity and error values as usuallgserved in QSAR models. At each similarity
percentage interval, there are data points with low and high prediction errors at varying
frequencies, even at extremely low similarities. This confirms the extrapolation ability
of the PCM modeling approach. Hoves, the number of data points with higher error
increases in challenging datasets, which narrows the applicability domain of the
models on these datasets. The average prediction error (e) and similarity values of
proteins (p) and compounds (c) based aufe 3.13 are 0.48 (e), 66% (p), 77% (c)

for randomsplit, 0.92 (e), 64% (p), 35% (c) for dissimdeompoundsplit, and 0.94

(e), 23% (p), 33% (c) for the fuHlgissimilarsplit, respectively. These values also
indicate that the changes in the similanfycompounds have a higher impact on the
error, compared to proteins. The results were similar in our other models, as well. It is
possibleto infer from these results that PCM models tend to utilize compound features
more than protein features, mostly daghe natural bias in DTI data.

Overall, these results indicate that models can reliably predict a considerable amount
of the test dataset (i.e., 88%, 59%, and 61% of test samples are predicted with
errors < -split, digsimilaraompoanesplit, and fully-dissimilarsplit sets,
respectively;Table3.3). However, it is also possible to state that the applicability is
limited in challenging datasets. The shift between the input feature value distributions
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can be one of the main reasons behind oloigia lower performance and a narrower
range of applicability for the models trained on fudiigsimilar and dissimilar
compound splitsKigure 3.5). At the same time, this is a natural part of the problems

at hand, which are discovering truly novel drugsd/or effectively targeting
understudied proteins. While it is possible to improve performances to some extent by
applying preprocessing techniques, classical machine learning methods, and available
representation approaches are only partially suffideritandle the DTI prediction
problem in realistic scenarios. Therefore, more advanced approaches such-as multi
modal deep learning and new comprehensive representations, specifically developed
for bioactivity modeling, are required to effectively unveilndmear relationships
between target proteins and drug candidate compounds.

Table 3.3. Prediction error percentages of transforraeg models with different
thresholds on random, dissimdeompound, and fulhdissimilar splits of transferases
family dataset.

PE>05(%)| PE>1(%)| PE>15(%)| PE>2 (%)

Random-split 36.6 11.8 3.6 0.9
Dissimilar-compound: 69.6 408 17.8 6.9
split

Fully -dissimilar-split 64.9 39.0 22.5 10.7

PE: Prediction error
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Figure 3.14. Scatter plots of compound similarities and protein similarities against
prediction errors of test data points(g) randomsplit, (b) dissimilarcompounésplit,
and(c) fully -dissimilarsplit sets of transferases for transforraeg models

3.5. Conclusion

In this chapter we performed a rigorous benchmark analysisnteestigate; (i)
bioactivity datasets at different scales and their splitting into -tesin folds, (ii)
preliminary and explanatory analysis of data, (iii) different modeling and algorithmic
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approaches, (iv) the representation capability of various iprdieaturization
techniques, and (v) robust and fair performance evaluation strategies, for machine
learningbased DTI prediction modelling. For this, we built target feahased and
PCM-based models, and trained/tested them on carefully constructexbtdanath

varying sizes and difficulty levels, using numerous protein representations, and
evaluated them from different perspectives. Datasets, results and the source of the
study in this chapteri s fully shared I n our APr
https://github.com/HUBIioDatalLab/ProtBENCH.

Below, we summarized the major contributiongra$ chapteto the literature:

(i) We proposed challenging benchmark datasets with high coverage on both
compound and protein spaces that can be used as reliable, referersigdard
datasets for DTl modelling tasks. These datasets are protein-fgpeiyfic, and each

has three versions in terms of train/test splits for different prediction tasks (i.e., random
split for predicting known inhibitors for known targets, dissamcompound split for
predicting novel inhibitors for known targets, and fedigsimilar split for predicting

new inhibitors for new targets). Thus, they yield fair evaluation of models at multiple
difficulty levels and facilitate the prevention of ovaptimistic performance results.

We evaluated these datasets in the framework of PCM modeling, which is a highly
promising datadriven approach for high performance Ndased drug discovery.
These datasets can be used in future studies to evaluate newdgaquapodeling
and/or algorithmic techniques for DTI prediction.

(i) We employed a netwotkased strategy for splitting data into tré@st folds, by
considering both proteiprotein and compourdompound pairwise similarities,
which is proposed here féhe first time, according to our knowledge. This strategy
ensures that train and test folds are totally dissimilar from each other with a minimum
loss of data points. One of the current limitations in drug development is the problems
related to discoveringovel molecules that are structurally different from existing
drugs and drug candidates. The netwoaksed splitting strategy we applied here forces
prediction models to face this limitation by supplying more realistic,-taptedict

test samples. Henci can aid researchers in designing more powerful and robust DTI
prediction models that have a real translational value.

(i) Protein representation learning have a wide range of applications with promising
results in different sufields of protein s@nce, despite being a relatively new
approach. However, the studies regarding their usage in DTI predietidalingare
limited, and there is no comprehensive benchmark study to evaluate their performance
against wellknown and widely used featurizatiopfmoaches. Due to this reason, we
extended the scope of our study by involving stdtthe-art learned representations

and discussed their potential in DTI prediction.

One of the critical observations of this study is the dramatic change in performance
sawores when the samples are distributed to train and test sets differently, (i.e., scores
on datasets with challenging splits are significantly lower compared to the results on
randomly split datasets), which highlights the importance of data splittingittucb
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realistic evaluations for drug and/or target discovery. This study also emphasizes the
importance of exploratory analysis of datasets and the usage of multiple scoring
metrics as well as the inclusion of baseline models for a proper discussion ef mod
successes.

Regarding the performandmsed comparison of different protein featurization
approaches, it is not possible to put forward an outstanding representation method, as
their success largely depends on the dataset and the applied splittiry s&kkb®ugh

both conventional descriptor sets and learned embeddings have their own strengths
and weaknesses depending on the case, competitive results of learned embeddings
display their potentiakidespreaditilization in drug discovery and developménthe

near future. On the other hand, considerably low performance results on challenging
datasets (e.g., fullidissimilarsplit) in the overall evaluation revealed the requirement

for unbiased bioactivity datasets and further improved protein represantat
techniques to capture hidden and complex features shared between highly distant
homologs.

We hope that the results of thebapter together with the datdriven approaches
proposed, and the benchmark datasets prepared and shared, will aid the wogoing
in computational drug discovery and repurposing.
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CHAPTER 4

CROssBAR: GENERATION AND ANALYSIS OF BIOMEDICAL
KNOWLEDGE GRAPHS

4.1. Chapter Overview

This chapter was performed as parttif CROssBAR project, which is eémnded by

T, BHKAK-Katip Celebi & British CounciNewton fund and conducted jointly with
METU, Hacettepe University and EMBEBI as an international project. CROssBAR
(Comprehensive Resource of Biomedical Relations with Deep Learning Applications
and Knowledge Graph Represations) is a comprehensive system that integrates
largescale biomedical data from various resources including relations between
numerous biomedical entities such as genes/proteins, drugs/compounds,
disease/phenotype terms and pathways/biological pracesbe main goal othe
CROssBAR project iso build an open access, udeiendly and online welservice

that obtains user quesgpecific biologically meaningful modules using integrated data
enriched with deep learnidgased predictionsand to display hem to the user via
easyto-interpret interactive and heterogenous biomedical knowledge graphs (KGs),
which will be constructed othefly, in reattime. The CROssBARbroject comprises
multiple modules, each serving a specific purposer the developmenof the
CROssBAR system(i) the construction of the CROssBAR database, and its API
service to serve the integrated biomedical d@jahe development ofleeplearning
basedDTI prediction modelsfor largescale prediction of unknown DTISiii)
networkbased organization and analysis of largeale biomedical data using
knowledge graph representatioris) in vitro wetlab experiments to validate the
relevance oin silico generated knowledgand(v) the establishment of an open access
web-service,with onthefly generationand visualizatiorof querybasedknowledge
graphs

In this chapterwe worked on the knowledge graph (KG) construction procedure of
the CROssBAR system (module iii). The term KG dfines a specialized data
representation approach, in which a collection of entities is linked to each other in a
semantic contexfo determinghedata retrieval steps and filters required to generate
KGs, we first built a prototype network for hepatdakelr carcinoma (HCC) disease
with manual processing. Then, all operations applied for the construction of this
prototype network were automatized so that a generic underlying query runs in the
background when the CROssBAR database is searched, and agerated from

the resulting dataset using the CytoScape-brelwvser plugn. We also performed
extensive analysés evaluate the diversity, stability, and practicality of CROssBAR
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KGs. By applying the same methodology with manual curation to a cexentewe
constructed COVIBL9 KGs as a useaseto better understand the molecular
mechanisms of this new coronavirus (SAR8V-2) pandemicFinally, we provided
an example search from the CROssBAR welvice and roughly evaluated the output
KG in a biobgical manner to exemplifthe potential uses of the wedervice. The
findings of the CROssBAR project were published\ircleic Acids Research journal
(https://doi.org/10.1093/nar/gkab94and the opeaccess CROssBAR wedervice

is available at https://crossbar.kansil.arg Through the web service
(https://crossbar.kansil.org/covid_main.phicROssBAR COVIB19 KGs can be
interactively explored, visualized, and downloaded. They are also included in the
European COVIB19 Data Portal Hitps://www.covidl9dataportal.org/related
resourcep

This chapterfocuses exclusively on the aspettgontributed tothe CROssBAR
project Thecomprehensie overview of the entire research and analysis conducted
can be reached from our publication. My speabatributiondo CROssBARNclude

(i) Constructing the prototype Hepatocellular Carcinoma (HCQgtwork, (ii)
Designing and developingmpeline fa automating thequery-based KGconstruction
process (iii) Implemening overrepresentation analysi®r node filtering (iv)
Generatnlg CROssBAR COVID19 KGs(v) Conducting an irdepth aalysis ofgraph
diversity andstability, and (V) Performing gaphconstructionruntimetests

4.2. Introduction

The data explosion that originated in thenics era of biological research necessitated

the development of more systemic approaches for the analysis of biomedical data to
develop novel and effective treatmeapproaches. However, different layers of the
available data are produced using different technologies and maintained by different
organizations, thus the data is scattered across individual computational resources, and
the connections between them are wetl-established although the entities in these
resources are biologically related and complementary to each other. This connectivity
problem hinders the effective usage and systemic analysis ofomitts data for

better understanding biological mechsams. In addition to the connectivity problem,
another issue is the incompleteness of the knowledge space (e.g., unknown interactions
between ligands and target biomolecules, or missing associations among proteins).

There are some studies in the literatilvat integrate largecale biological data and
communicate it via textual or visual representations. One of the early applications of
these data integration approaches is BioGdgih mining platforn{Liekens et al.,
2011) which allows for searchingidmedical concepts to find relevant functional
paths and identify disease gene prioritizations. In Bio4j pr¢featejaTobes et al.,
2015) a grapkbased platform was constructed by integrating data from different
public resources such as UniProt, GeBatology andeExpasy to provide an
infrastructure for querying and managing protein related information. In project
Rephetio (Himmelstein et al., 2017)researchers built the Hetionet resource by
combining biomedical data from various sources in a syaterway and storing it in

a graph database with the main goal of deducing new drug/complseate
relations. A similar strategy is employed in the BioGrakn prdjdeissina, Pribadi, et
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al., 2018)o develop a biomedical knowledge graph (KG) utilizing Grakn database
infrastructure. Another system alsalledBioGraph (Messina, Fiannaca, et al.,
2018)gathers gene/protein, function and cancer related miRNA data from several
databases and enables users to query the data to generate basic-es@gbrk
visualizations on returned entities.

While these studies provide useful tools and techniques for the life sciences research
community, the majority of them demand complex database queries specific to the
language of the related graph database, whadhbe challenging for researchers with

little or no programming experience. Some of them require local installation, do not
provide an easily interpretable visualization, or involve only a small portion of the
biological resources. Such issues limit trmprehensiveness, functionality and/or
practicality that prevent them from becoming widely used tools or services.

In the CROssBAR project, we aimed to address these shortcomings by developing a
comprehensive integrated biomedical system enrichediwghico predictions and
generating informative knowledge graphs based on particular biomedical entities such
as genes/proteins, drugs/compounds, biological pathways, diseases/phenotypes, or
specific combinations of them. It is a freely available, epecessanduserfriendly

online biomedical data integration and representation tool with a cé@iegnterface
designed to be easily used by the life sciences research community.

As a part of the CROssBAR project, we carriedtbeknowledge graph construction
submodule in this chapter. Knowledge graphs are a way of representing
heterogeneousdata that can be considered as rpétitite networks involving the
relationships (edgg¢detween different types of entities (nodes) in a semantic context.
In CROssBAR knowledge graphs (CROssBKRsS), nodes represent biological
components/termsand edges represent known or predicted pairwise relationships
between these terms. Nodes and sedge directly obtained frorfne CROssBAR
database (CROssBARB) during the construction of KGs. A number of data sources
including UniProt, Ensembl, InterPro, IntAct, PubChem, ChEMBL, DrugBank,
Reactome, KEGG, Orphanet, OMIM, Experimental Factor Ontol@dyO), Gene
Ontology and Human Phenotype Ontology (HPO) are integnatie CROssBARDB

to provide a broad spectrum of biological information. We first constructed a prototype
hepatocellular carcinoma (HCC) disease network with manual processing to teesigna
the data retrieval steps and filters necessary to produce KGs. All procedures used for
building this prototype network were then automated; so that, a KG is generated and
visualized orthefly based on the query term(s) of the user on the CROssBAR web
service while data retrieval and filtration operations are run simultaneously in the
background. At each step of the process, an overrepresefiaied enrichment
analysis is applied to select the terms that are significantly associated with the growing
graph, and to discard the rest. With the aim of examining diversity, stability, and
practicality of CROssBAR KGs, some qualitative and quantitative analyses as well as
runtime tests were also performed. As a use case of the systemonstructed
COVID-19 CROssBARKGs for a systemic assessment of the current knowledge
about SARSCoV-2 infection to better understand it®lecular mechanisms and to

aid the research community for the development of effective treatment strategies.
Finally, we provided an exanmgpkearch othe CROssBAR welservice and basically
analyzed the output KG in terms thie relation between query drug (trifluoperazine)
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and disease (gastric cancer) tetmslustrate possible applications of the CROssBAR
system.

The CROssBAR system, wliicassembles relevant pieces of biological data and
allows its comprehensive analysis at the systemic level, can assist experimental and
computational work in biomedical research with the ultimate goal of providing novel
treatment solutions.

4.3. Materials and Methods

4.3.1. Construction of the Prototype Hepatocellular Carcinoma (HCC) Network
The prototype HCC network was created in 8 main steps:

1) The selection of HCC related genes/proteied: HCGrelated genes were
identified from 4 different biological databases .(i..€EGG (Kanehisa et al.,
2016) OMIM (OMIM - Online Mendelian Inheritance in Mann.d.)
OpenTargetg¢CarvalhaSilva et al., 2019)TCGA (The Cancer Genome Atlas
Program - National Cancer Instituten.d.), some of which were common
among the datmses. These genes were uploaded into CytoScape network
analysis and visualization softwg&hannon et al., 2008nd connected to HCC
disease node to generate aphitite network based on the disegsme
relationships as the initial step.

- KEGG (Kanehsa et al., 2016JH00048Hepatocellular Carcinoma): 20
genes

- OMIM (OMIM - Online Mendelian Inheritance in Mamn.d.) (Phenotype
MIM 114550- Hepatocellular Carcinoma + Hepatoblastoma): 9 genes

- OpenTargetg¢CarvalhaSilva et al., 2019JEFO_0000182 Hepatocellular
Carcinoma): 18 genes were selected with scores higher than 0.2 based on
the Agenetic associationso column filter

- TCGA_HCC (The Cancer Genome Atlas ProgramNational Cancer
Institutg n.d.Y 34 genes were selected based on expert launel

2) The involvement of proteforotein interactionsThe proteirprotein interactions
(PPIs) between HC@elated genes were retrieved from STRING application
(Szklarczyk et al., 20159n CytoScape. Only interactions with a confidence
score of 0.95and above were integrated into the network. Hence, 45 PPIs
between 31 proteins were included.

3) The determination of HCC related pathways and their gene associations:
Signaling pathways associated with HCC disease pathway (hsa05225) in the
KEGG database wenmcorporated into the network as pathwdigease and
pathwaygene associations. These signaling pathways were uploaded from
KEGGParser application on CytoScape. Apart from these, other KEGG
signaling pathways associated with H@flated genes were alsodad to the
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4)

5)

6)

7

8)

network using STRING enrichment application on CytoScape with FDR cutoff
= 0.05 and with at least 5 enriched genes. Therefore, 66 interactions between 22
genes and 10 pathways were mapped to the network.

The inclusion of other diseases assodatéth HCC related gene#ssociations
between HC@elated genes and other diseases were also identified via STRING
enrichment application for diseases on the KEGG database, and integrated into
the network as diseaggne associations. From the enrichmesults, disease
terms with at least 10 enriched genes were included (i.e., 72 interactions between
27 genes and 5 diseaseEf-O disease terms were retrieved from GWAS
(GenomeWide Association Studies) Catal¢Buniello et al., 2019)For each

EFO term.enrichment score andyalue were calculated based on the ratios of
EFO terms in HCC genes and in total GWAS gene set using the formula (1) and
(2) inMethods Section4.44 EFO terms belonging to
enrichment score > 20 andvplue < 0.005 were considered. 35 interactions
between 20 genes and 7 EFO disease terms were mapped to the network.

The involvement of associations between pathways and diséaselstition to
associations of genes with pathways and diseases, KEGG datablaskes
diseasepathway associations, as well. Therefore, 26 interactions between 10
pathways and 5 diseases of the network were obtained from KEGG, and
integrated into the network.

The determination of associations between HCC related genes and HPO terms
HPO terms were retrieved from Human Phenotype Ontology datébaksker

et al., 2019)For each HPO term, enrichment score avdlpe were calculated
based on ratios of HPO terms in HCC genes and in total HPO gene set using the
same formula in step @nly HPO terms with enrichment score > 65 andjue

< 1075 were considered. The top 10 HPO terms, which have not ajéiteht
relationship with each other, were selected and associated with the
corresponding genes. 120 interactions between 22 gedd9®&HPO terms were
mapped in total.

The selection of drugs interacting with HCC related proteifise drugtarget
interaction data involving approved and investigational drugs were extracted
from DrugBank databageaw et al., 2014and integrated intthe network (i.e.,

63 interactions between 21 network proteins and 57 drugs). This integration is
essential for the repurposing studies of potential drugs for HCC disease.

The determination of interactions between compounds and HCC related
proteins: Bioadive compound interactions of the proteins in the HCC network
were retrieved from EXCAPE datasé€bun et al., 2017)which includes
experimentally measured bioactivity data in PubChem and ChEMBL.
Compounds with pXC50 >= 5.0 were labeled as active and5pXC5.0 as
inactive. For each compound, the enrichment score was calculated based on the
ratios of active & inactive datapoint numbers of compounds in HCC genes and
in total EXCAPE gene set (same formula in step 4 and 6). Only compounds with
enrichment sare > 1 were considered. They were clustered based on Tanimoto
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similarities with threshold=0.5, and top 5 compound nodes that are not in the
same clusters were selected based on the enrichment scores\(alitle0.05)

for each protein. For predicted comymdprotein interactions, DEEPScreen
predictions were used, and the same procedure used for the selection of
experimentally known interactions from the EXCAPE dataset was applied.
Hence, 26 interactions between 11 proteins & 12 compounds and 25 intexactio
between 5 proteins & 23 compounds were mapped from EXCAPE dataset and
DEEPScreen predictions, respectively.

4.3.2. Automating the Querpased KG Construction Process of CROssBAR

CROssBAR KGs are generated-threfly, in reattime, as it is not feasible to pre
calculate them due to the astronomical amount of possible queries. It is accomplished
by a series of backend operations that gather the necessary information for the user
guey term(s) from the CROssBAR database and display it as a KG representation via
the CROssBAR welservice. Although there are slight differences and modifications,
the KG construction process of CROssBAR is mainly automated using the same
procedure applietbr the prototype HCC network generation, as describ&kation

4.3.1

During the construction of 8ROssBAR KG first, the gengprotein entries that are
directly connected to the query term (i.e., core proteins) are fetched (e.g., member

genegproteinso f a queried signaling pathway) from
CROssBAR database. Then, neighbadfimgracting proteins are retrieved from
Al nt Acto collection of the database. Before

calculates enrichment s&s for each interacting protein using the equatideiction

4.3.4, and filters out based on the selectedaftitvalue. The process is followed by

the enrichmenbased filtering and addition of terms from other biological component
types (i.e., diseass, phenotypes, drugs, compounds, and additional biological
processes/pathways related to these protalogp with their relationships; however,

this time, both core and neighboring proteins are taken into consideration to retrieve
associated terms anddalculate the enrichment scoré&é.e inclusion of pathways in
the network is significant since many diseas
systemic level. Pathway information is expected to capture theserdsglution
relations successfullyin the step of compound addition, structural propedged
filtering is also incorporated in the enrichment analysis to select compounds that are
as diverse from each other as possible in terms of molecular structures. To achieve
this; (i) The pairwise molecular similarities between all bioactive compounds in
CROssBARDB were calculated from circular fingerprints (ECFP4) of compounds
using the Tanimoto coefficien{ii) These compounds were clustered based on a
predefined similarity cuoff value of 0.5, meaning that each cluster is composed of
compounds that are at least 50% similar to each dihgiThe cluster information is
pre-calculated and recorded on CROssBAR server. Each time a knowledge graph is
being constructed, enrichment seoanked compounds are checked one by one in
terms of their cluster membership and if there already is a compound from the same
cluster in the graph, the compound in turn is discarded (i.e., not incorporated to the
graph). The same clusteriiijised seleain approach is applied for computationally
predicted compounds interacting with the proteins in the graph, which are obtained
from our inhouse developed tool DEEPScreéinllowing the finalization of the
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compounds, overlaps between drug and compound nadeshecked using the
identifier mapping between ChEMBL and DrugBank databases and merged. The node
type of the merged node is set as a drug, since drugs are considered more reliable in
terms of evidence on their molecular properties and interactiongarethto drug
candidate compounds. EvideAgased coloring of bioactivity edges is applied here as
well as in the prototype HCC network, where the edge is colored green if its source is
DrugBank, blue for ChEMBL and red for DEEPScred@ine graph construcn
process is finished with the incorporation of edges ddditional relation types
between notprotein nodeqe.g., drugdisease, diseagmthway and diseas€lPO
associations)to further enrich the provided informatioff. the user performs a
heterogenus search that contains multiple terms from different component types, both
core and neighboring gerpeoteins are independently collected for each-piariein

guery term, queried gefgotein entries are added to this list (if thareany), and the

term collection process is continued using the union of these /peotesns as the
source. This approach enables the exploration of direct and indirect relationships
between all query terms.

The pipeline used for the construction of the CROssBAR KGs i givEigure 4.1.

Here, the finalized filtered set of each biological component is shown with a shape
surrounded by a black frame. The graph is built using these entities together with their
inte-component relations.

Figure 4.1. The workflow of the CROssBAR knowledge graph construction process
(DoYan, Atas, et al ., 2021)
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4.3.3. Generation of CROssBAR COVI® KGs

As a usecase, we constructed the CROssBAR COM® KGs with 2 different
versions (i) a largescale version for comprehensive analysis or a detailed inspection,
and(ii) a simplified version for fast interpretation. COVAIM related data could not

be pulled to the CROssBAR database during the construction of CGO¥KIGs since

the majorityof the data has not been integrated into the regular releases of biological
databases. Hence, we had to make manual interventions to obtain the data from
CROssBAR data resources for the generation of COIAIKGs.

4.3.3.1. Large-Scale COVIDP19 KG

Construction of th largescale COVID19 graph started with acquiring the related
EFO disease term named: "COVID" (id: MONDO:0100096). The disease term for
"Severe acute respiratory syndrome” (id: EFO:0000694) (the original SARS) was also
incorporated into the graph sei&ARS is better annotated compared to COYED

The construction process is continued as follows:

1) COVID-19 related genes/proteins and PPGOVID-19 related genes/proteins and
their I nteractions were retri-&vdatdse fr om
(downloaded in March 2021). Unlike a genetic disease, human genes/proteins
represent only a portion of infectious diseases due to-gadsbgen molecular
interactions. Therefore, we aimed to incorporate SARS and SARSCoV-2
genes/proteins besides thest genes/proteins into the graph. Without any filtering,

the dataset contained 2,951 gene/protein and metabolite nodes from various organisms
and 7,706 edges. Due to high number of genes/proteins in the dataset, there was a risk
of incorporating norspedfic/irrelevant terms from the other biological components at
later steps. To address this risk, several filtering operations were applied on this
dataset. First, all negene/protein nodes were eliminated and the genes/proteins if the
corresponding orgasim is not human or SARSoV/SARSCoV-2 were discarded.
Second, the protein entries that are not reviewed (i.e., not from UniProtK B/Brmaigs

except SARSCoV-2 ORF10 (accession: AOA663DJA2), which currently is an
unreviewed protein entry in UniProtKB/TrBBL, were removed. A portion of the

host genes/proteins were also filtered out using interabi@ed information,
according to their confidence scores reported in IntAct. The edges between host
proteins and SAR&oV and/or SARSCoV-2 proteins were discaed if the
confidence score was less than 0.35. The edges between host proteins in the KG (i.e.,
neighbouring proteins) were also discarded if their interaction confidence score is less
than 0.6. The disconnected components made up of host proteins th&twerd due

to the edge filtering operation were removed, as well. Orthology relations between
SARSCoV and SARSCoV-2 genes/proteins were annotated with "is ortholog of"
edge type. The interactions of the subunits of large protein complexes such 8®the N

of replicase polyprotein lab of SARSV/SARSCoV-2 were mapped to their
corresponding protein complex nodes and the subunit nodes were excluded from the
graph. After these operations, the finalized number of genes/proteins is 778 (746 host
genes/protas, and 15 SAREo0V and 17 SAR&0V-2 genes/proteins) and the
number of edges (i.e., PPIs including both whusnan and humahuman
associations) is 1,674. After this point, we started collecting new nodes and edges from
various biological components leason the overrepresentation analysis and curation.
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2) COVID-19 related drugs and compound§he approved/investigational drug
interactions of COVIDP19 related proteins were retrieved from DrugBank database,
v5.1.6 release. To incorporate only the mosevaht drugtarget interactions, an
overrepresentation analysis was applied with respect to the associations of drugs with
target genes/proteins in the KG using the hypergeometric distribution, as described in
Section 4.3.4The selected drugs were mappedheir corresponding protein targets

in the graph via the edge label of green color, as this represents the highest level of
confidence in terms of receptbigand interactions. DrugBank also has a COMI®
specific drug list, which includes a curated b$ drugs currently under research for
COVID-19 treatment. These drugs were included in the KG as well. Drugs without
any known targets (or the targets are known but not presented in the KG), were
connected directly to the COVHD9 disease node. Drug repuosing based curated

and experimental results from critical SAIRR®V-2 related publications such as
Gordonet al?*were also incorporated with suitable edge labels depending on the data
source. Finally, druglisease relationships based on the reported idications on
KEGG resource were added. The KG contains -steltlied drugs for COVIEL9
treatment such as Remdesivir (DB14761), Favipiravir (DB12466), Dexamethasone
(DB01234) etc., as well as rather undasdied or norstudied ones (in the context of
COVID-19) such as Isosorbide (DB09401) and Rocaglamide (DB15495).

For the retrieval of compourrget interactions based on experimentally measured
bioactivities, ChEMBL database (v27) was utilized. We retrieved the ChEMBL
bioactivity data points in bindg assays, where the targets are human, SB&%and
SARSCoV-2 proteins, and the pChEMBL value is greater than or equal to 5.
Overrepresentation analysis was applied to select the most relevant ones. Here, only
drugs/compounds with enrichment scores gretitan 1 and palue less than 0.05

were considered. Compounds were clustered based on Tanimoto coefficient based
molecular similarities with a threshold of 0.5, and top 5 overrepresented compound
nodes, which are in different clusters, were selecte@édoh target protein (if exist)

and incorporated into the KG. We also incorporated selected comipoghdarget
protein and compouR8ARSCoV-2 organism interactions from SARSoV-2
curated dataset of ChEMBL, including both binding and functional assagdlyf-the

edge labels were set accordingly (i.e., blue colored edges).

For computationally predicted drug and compotergiet protein interactions, our-in
house deep learning based tools DEEPSdfiReaioglu et al., 2020)and MDeePré
(Rifaioglu et &, 2021) were used. DEEPScreen largeale prediction run results were
scanned and 326 bioactive drug/compotarget interaction predictions for 18 human
proteins were incorporated to the KG following the application of overrepresentation
analysis, asame with selection of experimental bioactivities from ChEMBL.iRor
silico drug repurposing, both human ACE2 receptor protein and SB&RE2 3Clike
proteinase models of MDeePred were used to scan full DrugBank drugs dataset to
predict new binders for BE2 and 3dike proteinase. In order to avoid the crowding

of the KG, only five selected inhibitors for each protein were incorporated. The
selected bioactive drug predictions for ACE2 are Eribaxaban (DB06920), 7
Hydroxystaurosporine (DB01933), Becatecafi®B06362), Ticagrelor (DB08816)
and Amcinonide (DB00288); whereas the predictions for thdikK&Cprotease are
Quinfamide (DB12780), Diloxanide furoate (DB14638), Phenyl aminosalicylate
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(DB06807), Netarsudil (DB13931) and Amlodipine (DB00381). These et
interactions were labelled with red colored edges.

We also merged nodes with respect to dcampound entry correspondences in
DrugBank and ChEMBL databases. This way, some of the drug nodes also contain
experimental bioassayased relations (i.e., U colored edges) and computationally
predicted relations (i.e., red colored edges). At the end of these procedures, the total
number of drugs (nodes) in the KG is 158 and the total number of drug interactions
(edges) is 346. The total number of drug cdaté smatmolecule compounds is 167

and the total number of compound interactions (edges) is 664. Out of all
drug/compoundarget interaction edges, 120 correspond to drug development
procedures, 382 to experimental bioassays and 508 tdem®ingbasel predictions.

3) Pathways of COVIEL9 related host genes/proteinSignaling and metabolic
pathway information was taken from Reactome (via CROssBAR database) and KEGG
pathways data sources. The most relevant pathways were determined by
overrepresentatioanalysis and mapped to the related genes/proteins in the KG. Some
of the incorporated pathways are directly related to SARS-2 infection such as
"Viral mMRNA Translation” (RHSA-192823) or "ISG15 antiviral mechanism"-(R
HSA-1169408) and the others ammate pathways of the host (human) such as
"Endocytosis” (hsa04144), "Cell cycle" (hsa04110) or -Képpa B signaling
pathway" (hsa04064). We also incorporated pathdiagase relations (in the sense of
pathways that are modulated due to presence ofircetiaeases) from KEGG
database. The finalized number of pathways in the KG is 100 (32 for KEGG and 68
for Reactome, among which there are corresponding terms) and the total number of
gene/proteirpathway associations (edges) is 1333 (557 for KEGG andfat76
Reactome).

4) COVID-19 related phenotypic implication$he resource for the phenotype terms

is the Human Phenotype Ontology (HPO) database. For each phenotype term that is
associated with at least one gene in the KG according to HPO data, enricbonent s
andp-value were calculated via overrepresentation analysis. Phenotype terms that are
not in a close paremthild relationship with each other in the HPO direct acyclic graph
were selected from the scer@nked HPO term list. HPO also has a curatsddf

SARS related phenotype terms. These terms were also added into the KG and mapped
to "COVID-19" and "Severe acute respiratory syndrome" disease nodes. This way,
COVID-19 related phenotypes including symptoms such as Fever (HP:0001945),
Myalgia (HP:00@3326), Respiratory distress (HP:0002098), Immunodeficiency
(HP:0002721) and etc. are included in the graph. The finalized number of phenotype
terms in the KG (nodes) is 43 and the number of HPO-tgmne/protein associations
(edges) is 2427.

5) Other associated diseases of COVID related host genes/proteinshe aim

behind this step is collecting the noriectious (mostly genetic) diseases that utilize

the same (or similar) biological mechanisms/processes of human, so that it may
indicate potentialrisks for COVID19 patients, or potential COVHD9 related
repurposing options for drugs that are currently used to treat these diseases. For this,
disease terms that are associated with genes/proteins in the €OWE were
collected from the CROssBAR w@dase resources: EFO disease collection (mainly
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including OMIM and Orphanet disease entries) and KEGG diseases database. The
linkage of proteins and EFO terms was achieved through OMIM ids. The most relevant
disease terms were selected based on the sesfuthe overrepresentation analysis.
Finally, diseaséHPO term relations were also integrated into the KG using the disease
association information provided in HPO resource. At the end of this step, diseases
such as Small cell lung cancer (HO0013), Amgphic lateral sclerosis ALS
(HO0058), Bruck syndrome (Orphanet:2771), Osteosarcoma (EFO:0000637) etc. have
entered the KG. The finalized number of disease terms in the KG is 41 (19 for KEGG
and 22 for EFO) and the number of disegsree/protein associatis (edges) is 120

(67 for KEGG and 53 for EFO). There are also 56 HPO -isease associations
including HPO associations of "COWVHDO" and "Severe acute respiratory syndrome"
disease nodesntegrated in step-&and other disease terms.

The finalized largescale COVID19 KG includes 1,289 nodes (i.e., genes/proteins,
drugs/compounds, pathways, diseases/phenotypes) and 6,743 edges (i.e., various types
of relations).

4.3.3.2. Simplified COVID19 KG

For the construction of the simplified COVAD® KG, thestarting point was the
COVID-19 associated proteins in the UniProt COWIP portal [ittps://covid
19.uniprot.org), instead of the IntAct Coronavirus dataset. The remainings sté
building the graph were mainly similar with the lasgmale COVID19 KG except

that, additional nodes representing the organisms: human, -€ARSand SARS
CoV-2 were placed and connected to the corresponding proteins. The aim here was to
prevent theoresence of singleton protein nodes due to the reduced number of included
gene/proteins and PPIs in the simplified graph. It is also important to note that the
simplified version is not just a subset of the lasgale KG. Since the starting point of
geneprotein collection were different between two KGs, the resulting graphs have
slightly different contents as well. For example, the drugs Siltuximab (DB09036),
Pirfenidone (DB04951) are specific to the simplified KG. The simplified COY8D

KG includes a ttal of 435 nodes and 1,061 edges.

The Cytoscape network files and overrepresentation analysis results of the KGs are

available at CROssBAR project GitHub repository
(https://github.com/cansyl/CROssBAR The graphs can also be directly visualized
and explored interactively via CROssBAR wadrvice

(https://crossbar.kansil.org/covid_main.php

4.3.4. Node Filtering via Overrepresentation Analysis

Because knowledge graphs are built by incorporating all biological terms that are
directly or indirectly associated with query term(s), searches without further filtering
would result in huge graphgth tens of thousands of nodes and edges. In this case, it
would not be possible to visually perceive a biologically relevant result from the giant
network. Moreover, it would not be feasible to construct and interactively display this
graph due to the eerssive computational demands. To address this problem, we
applied a multistaged overrepresentatibased enrichment analysis during the
construction of graphs. In this analysis, an independent enrichment score and its
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statistical significance is calcuét for each biological entity in the database to be
considered as its relevance to the graph that is being constructed. It is performed using
a modified version of the hypergeometric test for overrepresentation, which is also
known as the ontailed Fishes exact test, and is calculated based on the statistics of
the associations with gene/protein nodes. For example, the enrichmentEgeye (

and its significanceS.w), in terms ofp-value, for a disease ter®, in graphW is
calculated as follows:

mb / N
Epw = MD/nN «y
s = 5 ) =) o

N
£=mD nw

whereEp wis the enrichment score calculated for the disease@eimygraphW; mp?
represents the square of the number of genes/proteins in\4fHpdt are associated
with diseasd; nw represents the total number of gene/protein nodes in gvapp

is the totalnumber of genes/proteins (not necessarily in giaphhat is associated
with diseaseD; andN represents the total number of reviewed human gene/protein
entries (i.e., UniProtKB/SwisBrot entries) in the CROssBAR database that is
annotated with any disse entrySow represents the significancp-Yalue) for the
disease ternd of graphW calculated in the hypergeometric test. In the formuna,

and nw values represent foreground distribution and are calculatdétedty since

they change depending ohet graph. HoweverMp and N reflect background
distribution and are not specific to graphs. Therefore, they were precalculated to
decrease computational time required for the construction of CROssBAR KGs.

Considering the enrichment analysis for diseasdsleveonstructing the graph, an
enrichment score is calculated for each disease entry in the CROssBAR database and
these scores are used to rank disease entries according to their biological relevance to
graphW (i.e., in the order of decreasing scoregs)cut-off value k is employed to

include the tofk relevant disease entries to graph The default value fok is 10,

which means that only tep0O relevant diseases will be included. Apart from diseases,
the same methodology is used to filter out termsn@fjhboring genes/proteins,
pathways, phenotypes, drugs, and compounds. In the traditional way of calculating an
enrichment scoreyo is without square. The reason behind taking the square o

mainly to highlight the term with higheno value (i.e., ehigher degree) in a case of
multiple terms with very similar enrichment scores. Here, significance values are not
directly used in the filtering operation, since the main objective is not including only
significantly overrepresented terms, but just rethgcthe number of nodes in the
graph by filtering out the ones that are least relevant.
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4.4. Results and Discussion

4.4.1. Prototype HCC Network

The finalized HCC network includes 185 nodes (i.e., genes/proteins,
drugs/compounds, signaling pathways, KE@Ganehisa etal., 2016)and EFO
diseases, HPO terms) and 478 edges (i.e., interactions). To make the network visually
interpretable, each node type was represented with a different color and shape as
shown in Figure 4.2. It also has a hierarchical and circulartstejcin which
gene/protein nodes are located on the innermost circle and drug/compound nodes are
on the outermost. Moreover, different colors were assigned to the bioactivity edges to
represent their confidence levels; where dpugtein interaction edgegre colored

green as the highest confidence level while experimentally known and predicted
interactions are represented in blue and red, respectively. In addition to the data
retrieval and filtering steps implemented for the prototype network, its \zatiah is

also utilized for the generation of automated CROssBAR KGs. The cytoscape file of
the prototype HCC network is available in its GitHub repository
(https://github.com/cansyl/CROssBARototype HCC Netwolk which can be
downloaded and examined.

A : Drugs (approved+investigational} 080,
Tou o

: Drug-like compounds
Edge is a part of approved

Genes/proteins / experimental treatment

__ Edge corr.to a known
relation from resources

0 : Signalling Pathways A70 veak

@ 0iseases (keGG & EFO)

Edge corr. to a predicted
relation

‘ : Phenotypes {HPO)

Figure 4.2. Hepatocellular Carcinoma network as a prototype for CROssBAR
knowledge graphs
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4.4.2. UseCaseSudy on CROssBAReb-Service Query: TFP +Gastric Cancer)

To provide an example about one of the many possible uses of the CROS&BAR, s

we explore the relation between a drug (trifluoperazine) and a disease (gastric cancer),
to make a very quick and rough evaluation on the potential repurposing of this drug
towards the disease of intere$tifluoperazine(TFP) is an approved antipsychotic
agent mainly used in the treatment of schizophréfiere are also many studies
showing the combinatorial effect of TFP in enhancing the efficacy of cancer, drugs
which achieves this mainly by modulating drug efflux pump$isascPglycoprotein
(Jaszczyszyn et al., 2012)joreover, it affects various signaling pathways involved in
cancer progressioso itcan increase the apoptotic response induced by other cancer
drugs or possess aatngiogenic properties that can be heljri preventing metastasis
(Feng et al., 2018)As far as we are awar&FP has noin vitro, in vivo or clinical
studies concerning the treatmehgastric cancer, although there are studies on other
types of cancer such as colorectal, pancreaticluang] in the literature. Also, there is

a study indicating the inverse association between antipsychotic use and the risk of
gastric cancer. Thus, this may be a convenient scenario for investigating the
relationship between two potentially related biomadientities, gastric cancer and
trifluoperazine. To construct the corresponding knowledge graph, we queried the
CROssBARWS (https://crossbar.kansil.grgvith this drug and diseasentries and
selected the number of nodes to be incorporatedhe graph (from each biomedical
component) as 20. The resulting graph is shown in Figure 4.3.

TFP exerts its antipsychotic effect with the blockagethed dopamine D2 receptor.
This relation is shown in the graph, whéifeP binds to the DRD2 gene/protein node
and is associated with the dopaminergic synapse pathway. In th€ &lso has
other approved targets such as CALM1, ADRABAd TNNC1 proteins (appved
drugtarget interaction edges have green color), and these proteins are associated with
thecalcium signaling pathway. Moreover, DRD2 and CALM1 are associated with the
rapl signaling pathway, as well. Both calcium and rap1 signaling pathways have othe
gene/protein associations such as ERBB2, KRAS, and CDH1, which are further
associated with gastric cancer disease. In light of these relalieRsan be explored

via additionalin silico and wetlab studies, in terms of its potential to become a
repurpsed agent for the treatment of gastric cancer, which may show its activity on
gastric cancer cells via calcium and rapl signaling pathways (Figure 4.3).

Some of the proteins that are associated with gastric cancer (e.g., KRAS, ERBB2,
TP53, etc.) are alseelated to other cancer disease nodes in the graph such as
pancreatic cancer, ovarian cancer, endometrial cancer, and cholangiocarcinoma, which
means thal FP may also have a potential against these cancer types, worthy of further
exploration. Other antigshotic or anxiolytic agents such as risperidone, haloperidol,
perphenazine, buspirone, droperidol, and prochlorperazine are enriched in the network
as well, which bind to DRD2, CALM1 and/or ADRA1A. These drugs may also
become alternative repurposed drdgs gastric cancer treatment or other cancers
presented in the KG. In addition to the abaowentioned approved drtigrget
interactions, the graph also includes enriched drugsiamgike compounds having
experimentally measured bioactivitieom ChEMBL- (shown with blue colored
edges) or computationally predicted interactiemg our inrhouse tool DEEPScreen
(shown with red colored edges) against the targets DRD2, ADRA1A, EBP, and
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SIGMAR1; which can also be considered for the diseases in the graplly Rihere

are several phenotypic implication terms (from HPO) on the KG, such as the abnormal
urine carbohydrate level and the congenital hypertrophy of retinal pigment epithelium,
which are associated with gastric cancer disease node and/or gastgerelated
genes. These phenotypic implications could also be helpfabnsidering clinical
studies.

(@)
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Figure 4.3. (a) the output knowledge graph of trifluoperazine and gastric cancer query
(b) critical signalling pathways and their relation to trifluoperazine and gastric cancer
over critical genes/proteins
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4.4.3. Literature-BasedValidation of COVID19 KGs

Starting from the eshof 2019, COVID19 pandemic has ravaged the entire globe and
caused immeasurable damage. As of March 2021, the scientific endeavor to develop
effective drugs and vaccines is at peak, and a systemic evaluation of the current
knowledge about SARE0V-2 infection is expected aid researchers in this struggle.
To demonstrate the capabilities of CROssBAR, we have constructed two different
versions of the COVIEL9 knowledge graplfi) a largescale version including nearly

the entirety of the related informatioon different CROssBARNtegrated data
sources, which is ideal for further network and machine learning based analysis or a
detailed inspection (Figure 4.4), a@g a simplified version distilled to include only

the most relevant genes/proteins as pravidea UniProtCOVID-19 portal
(https://covid19.uniprot.org), which is ideal for fast interpretation (Figure 4.5).

CROssBAR COVID19 KGs incorporate several drugs that can be utilized for
developing novel treatments against SAB&V-2. Several of these dyg have
already been reported in the COVID literature and included based on this
information; however, some of them were completely new. These new drugs have
been incorporated to the graph either due to the overrepresentation analysis (based on
the COVD-19 related host genes/proteins in the graph) or predicted to interact to with
host or SARSCoV-2 proteins by our deelearningbased tools DEEPScreen and
MDeePred. Here, we demonstrate a short literabased validation study on the
relevance of thesesw drugs for COVID19. Table S.6. shows the promising drugs in
our knowledge graph together with the source (i.e., whether they entered the graph due
to enrichment or predicted by our ddeprningbased systems). It is interesting to
observe that some difie drugs in this list are currently under clinical trials against
COVID-19. The list includes calcineurin, #& and IL-17a inhibitors such as
cyclosporine, tocilizumab, and ixekizumab, which play roles in the immune system
and effective against inflammago diseases. As an immunomodulator agent,
interferon betdla is also included in the list, inducing the synthesis of antiviral
mediators by binding to type | interferon receptors. In addition to these, there are also
other type of drugs in the list suchtasectaplase, vazegepant and simvastatin, which
have promising clinical study results especially for the prevention of severe pulmonary
damages and respiratory failures due to COX{fD Ascorbic acid (i.e., vitamin c) and
epigallocatechin gallate (i.ephenolic antioxidant)are two examples of natural
products that have COVHR9 related clinical studies. Apart from these, other
enriched/predicted drugs such as amlodipine, artenimol, lifitegrast, amcinonide and
becatecarin have been shown as potentialdfag COVID-19 viain vitro, in vivo

and/or in silico studies including machine learning and molecular docking
applications, although some of these studies are yet to begwearved. As a potent
inhibitor of NFe B a ct i vcells,irocaglamide andsi derivatives may also be
potential drug candidates for the treatment of CONH) however, there is no
COVID-19 related study about these drugs in the literature yet, except from a study
reviewing antiviral activity potential of rocaglamide as a flavaglit is also important

to mention that further research is required to properly assess the potential of these
drugs for repurposing against SAR®V-2 infection.
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Figure 4.4. Largescale version of COVIEL9 knowledge graph
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Table 4.1. Literature basedinformation for new potential COVIEL9 based
repurposing of CROssBAR COVHD9 knowledge graph drugs.

Drug Name | DrugBank | Description Source Clinical Trial | Current
ID ID State *
Cyclosporin | DB00091 calcineurin inhibitor DrugBank & | NCT0439253 | Phase 4
e Chembl 1
Tocilizumab | DB06273 IL-6 inhibitor DrugBank NCTO0437775 | Phase 4
0
Amlodipine | DB00381 calcium channel blocke| MDeePred NCTO0433030 | Phase 4
0
Siltuximab | DB09036 IL-6 inhibitor DrugBank NCT0433063 | Phase 3
8
Prednisolon | DB00860 glucocorticoid steroid | Chembl NCT0438193 | Phase B
e 6
Vazegepant | DB15688 calcitonin geneelated| DeepScreen NCT0434661 | Phase 3B
peptide (CGRP) receptad 5
antagonist
Quercetin DB04216 polyphenolic flavonoid | DrugBank NCT0437778 | Not
9 Applicable
Artenimol DB11638 artemisinin  derivative DrugBank - in-silico study
and antimalarial agent
Lifitegrast DB11611 integrin antagonist DrugBank - in-silico study
Amcinonide | DB00288 corticosteroid MDeePred - in-silico study
Becatecarin | DB06362 diethylaminoethyl MDeePred - in-silico study
analogue of
rebeccamycin
Quinfamide | DB12780 antiprotozoal agent MDeePred - in-silico study
Rocaglamid | DB15495 elF4A inhibitor DrugBank - -
e
Didesmethy | DB15496 elF4A inhibitor DrugBank - -
|
rocaglamide

* Some of these drugs have multiple clinical trials concerning C@\D0n these cases, the one with
the latest phase is given.

4.4.4. Analysis of Knowledge Graph Diversity and Stability

Highly studied biomedical entities (e.g., TP53 gene, -BWAT signaling pathay,

etc.) typically have a high number of recorded relationships in databases. As a result,
they frequently appear in biological networks or gene set enrichment analyses. In
CROssBAR, the goal is to build knowledge graphs with specialized content for the
relevant query term(s), thus, we expect to observe diversity in our KGs. Additionally,
we aim to produce stable outputs, which means that searches for terms that are
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biologically related should produce KGs with similar content in terms of incorporated
nodesand edges. To investigate both diversity and stability of CROssBAR KGs, we
conducted two experiments) a use case analysis afiigl a quantitative analysis.

In the use case analysis, we independently queried three different diseases (types of
cancer),the first two of which are similar to each other in terms of the affected
biological mechanisms, and the third one is relatively dissimilar from them in the same
sense. The selected disease terms are breast cancer, ovarian cancer, and osteosarcoma,
respetively. The reason behind selecting another type of cancer as the third disease
(instead of, for example, a rare disease, which would be highly unrelated to the first 2
diseases) was to create a rather realistic use case scenario that would allow us to
observe the issues related to graph diversity, if there are any. Breast cancer and ovarian
cancer are both associated with mutations and/or overexpression/amplification in
certain genes (e.g., BRCA1, BRCAZ2, PIK3C, ERBB2, etc.) and aberrations in related
pathways, which exhibits a risk of emccurrence in women. On the other hand,
osteosarcoma, the most common type of primary bone cancer, does not have a known
direct relationship with breast or ovarian cancers. Besides, primary osteosarcomas of
the breast andvary are reported as very rare malignancies. Therefore, we expected to
observe shared mechanisms/terms between KGs of breast and ovarian cancers,
whereas the KG of osteosarcoma was expected to be relatively more diverse.

We queried CROssBAR with these dise terms using default parameters (i.e., the
number of nodes to be included in KGs for each biological/biomedical component is
10, organism: human, only include reviewed protein entries from the
UniProtKB/SwissProt database) to construct the KGs. Theaultegy graphs are
composed of 162 nodes and 563 edges for breast cancer, 123 nodes and 397 edges for
ovarian cancer, and 98 nodes and 208 edges for osteosarcoma, and displayed in Figure
4.6. After that, we calculated pairwise and triplise intersectiondetween the
contents of these three KGs. Graphs that are composed of intersecting nodes and edges
are given together with Venn diagrarased statistics in Figure 4.6. We observed that

the contenbased identity (i.e., presence of the same nodes and ddgesen KGs

of breast and ovarian cancers is around 30%, whereas the overall identity between
breast and osteosarcoma, and between ovarian and osteosarcoma are both around 6%.
It is also important to note that both breast and ovarian cancer graphs tuatatimer

disease as a similar disease node. It is observed from Figure 4.6 and b that both BRCA1
and BRCA2 genes are presented in breaatrian intersection, in addition to well

known cancer driver genes such as TP53, PIK3CA and ERBB2. Breast cancer and
ovarian cancer searches also contain other common associations such as pathways,
phenoypes, drugs and other diseases (e.g., ErbB signaling pathway, primary peritoneal
carcinoma, paclitaxel, fallopian tube cancer, etc.). Their differences are based on
knownand predicted bioactive compounds, due to the fact that these are selected from
large pools of compounds that have direct relationship to the genes/proteins in the
corresponding graph. When we omit ligands and only focus on the biological
mechanism relatecomponents, the graph identity between breast and ovarian cancers

is around 35%. On the other hand, breast/ovarian and osteosarcoma intersection only
included 3 nodes and 3 edges that involve the TP53 gene (Figure 4.6), which was
expected since TP53 mtitans are critical in almost all types of cancer. The results of
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use case analysis indicate that CROssBAR constructs diverse and stable graphs
specific to the user query term(s).
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Figure 4.6. CROssBAR knowledge graph diversity analysis use case, intersection
graphs between(a) breast cancer and ovarian cancféy) breast cancer and
osteosarcomdgc) ovarian cancer and osteosarcofa breast cancer, ovarianrazer,

and osteosarcoma (tripleise) queries. Venn diagrams displaying the statistics of
shared{e) nodes, andf) edges, between KGs of different query terms.

Since the first analysis is only a use case conducted on 3 sample disease queries, we
further nvestigated the matter with a quantitative test on a larger dataset. In our second
experiment, we aimed to evaluate whether highly studied, and thus highly connected
biological/biomedical entities tend to be presented in our graphs with high frequencies.
This would be undesirable as it would mean certain terms usually end up in the graphs
no matter what is searched for (i.e., the problem of limited diversity). To test this, we
selected 20 terms from each biological/biomedical component (a total of 140 terms
that are among the most connected, by checking the number of their associations
(degree) to different genes/proteins in our database. Then, we checked how many
times these highly connected terms are presented in CROssBAR KGs. First, to
construct these gphs, we queried randomly selected genes/proteins, Reactome and
KEGG pathways, EFO and KEGG diseases, HPO terms, drugs and compounds one by
one, and in combination with each other, on the CROssBARsemrhce, resulting in

a total of 1365 KGs. To evaluat¢hether selected highly connected terms are-over
represented in CROssBAR KGs we applied Fishe
term with the null hypothesis stating that the corresponding term is presented in KGs
with an observed frequency (i.e., foremm D, observed frequency is given by; gD/G,
where gD is the number of KGs in which term D is presented, and G is the total number
of KGs in the analysis) same as its expected frequency based on its general
connectivity (i.e., for a term D, expected fueqcy is given by; t*MD/Msum, where t

is the number of terms/nodes in each KG from the same biological component as term
D, MD is the total number of genes/proteins that are associated with term D, and Msum
is the total number of associations betweenelleg/proteins and all terms in the same
biological component as term D). In the case that the null hypothesis is true, we would
conclude that the system is not successful in terms of eliminating promiscuous/hub
terms, and they are frequently presented @skorobably because they are connected

to many other terms in the database. On the other hand, a statistically significant
deviation from the null hypothesis with an observed frequency of presence in KGs
lower than the expected frequency would indicate thase hub terms are not
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presented in KGs as it would be expected based on their high connectedness, instead,
they are successfully eliminated by our pipeline. We left compounds out of this
analysis since their expected frequency values are extremelgdewo their high
number (e.g., 654051 compounds have at least 1 target association). The results of this
analysis are displayed in Figure 4.7 as bar graphs drawn for each of the 140 terms,
where observed and expected frequencies are shown within ovedapgmis with

di fferent col ors (A*o i ndicate t hat t h
significantly lower compared to the expected frequency). These results are also
displayed in Table S7 together with contingency table values used in statisticgl testin
and the resulting significance-yalues). It is observed from the results of this analysis
that 117 out of 140 highly connected terms are significantly less represented in
CROssBAR KGs compared to their expected frequencies. Among these 117 terms, 22
highly connected ones (e.g., 14 HPO terms, 2 Reactome pathways and 6 drugs) were
not presented in any KGs at all.

0.06 0.08 0.10 012 0.14
Observed/Expected Frequency

Figure 4.7. Bar graphs indicating observed and expected frequencies (overlappi
with different shades of colors) for each of the 140 selected highly connected/hu
I n 1365 CROssBAR KGs constructed wi

correspondig observed frequency is statistically significantly lower compared 1
expected frequency according to Fish
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Furthermore, to evaluate the diversity of graphs independent from any set of pre
selected terms, we calculated pairwiseenabbntity percentages between all KG pair
combinations (930930 measurements between pairs of 1365 KGs) and drew a
histogram of these values in log scale (Figure 4.8). This histogram indicates that the
node identity distribution roughly follows a power lagtribution in the lineascale,
except for 106 graph pairs with a node identity value of 100%. We investigated these
cases and found out that they either belong to query terms from two different source
databases that indicate the exact same biologiti#y €e.g., disease entries from EFO

and KEGG databases: "Orphanet:98820: Familial focal epilepsy with variable foci"

and AHO0O2214: Familial focal epil epsy with va
semantic relationship in the respective ontology¢e. , phenotype terms: AH
Abnor mal t hal ami c Ssi zeo and AHP: 0012695: C
React ome p-&SAABIYS89: TRRAK1 recrui-8S&¢ | KK comp
975144: | RAK1 recruits I KK compl ethe upon TLRY

same gene/protein associations. Therefore, they should not be taken into account. The
mean node identity value of the distribution is 0.9% (dashed vertical line in Figure S5),
which is significantly lower compared to the identity value observed bat€s of

2 cancer types with similar biological mechanisms (i.e., breast and ovarian cancers
with 30% pairwise node identity), even lower than the identity value observed between
KGs of 2 dissimilar types of cancer (i.e., breast/ovarian cancers and osbeosavith

8% pairwise node identity) in the use case experiment given above. It is also important
to note that, approximately 98.8% of the graph pairs have less than 10% node identity
values, indicating the high diversity of CROssBAR KGs.
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Figure 4.8. Pairwise node identity percentage histogram (in log scale) between all KG
pair combinations in our 1365 CROssBAR knowledge graphs constructed with
random term queries.

Finally, we calculated observed frequesax all terms that are presented in our 1365
randomly generated KGs and plotted the results as biological component specific bar
graphs, in which different terms are presented on the horizontal axis and their
respective observed frequencies are showhenértical axis (terms are ranked from

the highest observed frequency to the lowest) in Figure 4.9. On each panel, terms from
a distinct biological component are shown, together with their mean values as dashed
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lines. As shown in Figure 4.9, observed fregecy values of even the most frequent

terms are considerably low (between 0.012 and 0.055) for all components except
KEGG pathways. Moreover, these most frequent terms only constitute a very small
portion of the total number of terms in their respectisenpgonents, which is also

indicated by low componentise mean observed frequency values (dashed lines). For
example, the mean frequency value considering core proteins is 0.0025, meaning that,

on average a gene/protein is presented in only 1 out of 4@ edif KGs. Core
genes/proteins with the highest observed frequencies are LNMA (P02545), MAPT
(P10636) and RAB9A (P51151) with frequency values of 0.057, 0.043 and 0.036,
respectively. KEGG pathways are presented in KGs with a mean observed frequency

of 0.035 (highest among all biological components), and the most frequent pathways
are MnAMetabolic pat hwayso -féca@tldr 0) nt & M
(hsa04080)-Aktansdgi dgilrdI3iKng pat hwayo (hsa041
0.100, respectivelyThis was expected since the total number of KEGG signaling
pathways are 248 and 10 of them are included in each KG. Also, the one with the

hi ghest frequency, AMetabolic pathwayso,
pathways.
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Biological componentvise bar graphs indicating observed frequencies (in vertical
axis) of allterms (in horizontal axis by ranking the terms according to decreasing
frequencies) that are presented in our 1365 CROssBAR knowledge graphs
constructed with random term queries. Dashed lines correspond to mean values of
observed frequencies.

4.4.5. Graph Constration Runtime Tests

Building a CROssBAR knowledge graph is a complex procedure that involves
multiple rounds of API queries and quantitative analyses of query results to represent
the most relevant nodes and edges as the output. With the aim of obskeving t
practicality of this procedure, we conducted runtime tests by measuring the time (in
seconds) that pass from submitting the initial user query to the finalization of the
output KG. For this, we utilized the same 1365 random user queries explained in the
previous section, which are composed of single term searches of 198 genes/proteins,
92 Reactome pathways, 100 KEGG pathways, 99 EFO diseases, 100 KEGG diseases,
199 HPO terms, 199 drugs and 186 compounds, together with 192 combinatory
gueries composed asne random term from each component (i.e., gene/protein,
pathway, disease, phenotype, drug and compound). The resulting runtimes are shown
in Figure 4.10 as histograms, where queries of distinct components are given in
different panels, and median timese ardicated by vertical dashed lines. As observed
from Figure 4.10, runtimes are variable both between the queries of the same
component and across different components. Among single term queries, drugs and
Reactome pathways constitute the fastest quaitsmedian runtimes of 30 and 29
seconds, respectively, and HPO terms constitute the slowest with 62 seconds. Besides,
combinatory term queries took approximately 70 seconds on average. These results
indicate that, on average, it is practical to query GEEAR webservice and generate

KGs onthedfly. It is also important to note that runtimes are approximately linearly
correlated with the number of collected core genes/proteins, and thus, querying terms
that are associated with high number of genes/pwtéie., complex signaling
pathways, generic HPO terms, etc.) can take significantly longer compared to mean
times shown here. Runtimes also depend on the availability of servers.
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4. 5. Conclusion

TheCROssBARoffersa comprehensiveystem thaintegrates and distills larggcale
biomedical data from diverse sourcpeesenting it through heterogeneous knowledge
graphs (KGs) The main aim of CROssBAR is to facilitate the interpretation of
biological big data by providing a usirendly interface that presents coherent and
easily understandable information.

This chapterspecifically focuses othe KG construction module of tlgROssBAR

KGs are powerful representations of heterogeneous data, showcasing relationships
between different types of entities in a semantic conBEROssBARKGs enable the
exploration of igh-level, indirect relationships between specific entities, unveiling
hidden connections and facilitating datdven approaches. Thiacorporationof
overrepresentation analysis enhate relevance and significance of the included
terms, ensuring thgraphs represent meaningful relationships between biological
componentsln CROssBAR, due to the way the overrepresentation analysis is done,
specific subpathways are incorporated from the Reactome database in most cases,
whereaghe generic pathway inforation is incorporatethto KGs via KEGG. As a
result, pathway information is displayed at different levels of specificity, and thus, not
redundant in knowledge graphBhe analyes conducted on thdiversity, stability,

and feasibilityof the constructetKGs demonstrateéher reliability and practicality,
validating their potential for use in various domains of life sciences research.

We presented a usmase of the system by constructing two COMI®KGs. First, the
largescale version, in which nearly tiaole of the COVIDB19 related data recently
accumulated in our source databases are integrated, orgamdguesented. Second,

the simplified version, where the aim was to providerswith a source that is suitable

for quick exploration since the gescale KG is not easily explorable due to its huge
size. We saved the pmonstructedCOVID-19KGs, which are directly accessible and
viewable through the links given on our wsdrvice
(https://crossbar.kansil.org/covid_main.php). It is also importamite that, due to

the content of integrated data resources, CROssBAR heavily contains rare and
complex disease data, and mostly leaves infectious diseases out. Nevertheless, the
constructed COVIBL9 graphs provide rich biomedical information.

Overall, the CROssBAR system empowers researchers by organizing and presenting
vast amounts of heterogeneous data, enabling them to gain novel insights, identify
potential targets, and expedite the discovery of innovative treatment solutions. With

its userfriendly interface and comprehensive data integration, CROssBAR has the

potential to revolutionize biomedical research across various domains.

93



94



CHAPTER 5

LARGE -SCALE PREDICTION OF DRUG-TARGET INTERACTIONS
VIA GRAPH REPRESENTATION LEARNING

5.1. Chapter Overview

Recent developments in dadaven approaches have facilitated the processing and
interpretation of vast quantities of biomedical data for drug discovery and
development. As a new and practical data structure dggereous knowledge graphs
(KGs) have the capacity to represent complex relationships between different layers
of biomedical data. In relation to that, graph neural networks (GNNs) have emerged
as a novel modelling technique for the inference of gtzggeddata; however, the
majority of GNN algorithms are restricted to homogenous graphs and cannot handle
heterogeneous data with multiple types of nodes and edges. Here, we propose a new
type of systemdevel compouneprotein interaction (CPI) representatiomda
subsequent prediction framework called HetCPI, which uses-$¢aa@e biomedical
KGsobtained from the CROssBAR system as input. To process these biomedical KGs
for bioactivity prediction, we employed the heterogeneous graph transformer (HGT)
architectwe, which handles graph heterogeneity and maintains- rasdeedgeaype
dependent representations through its attention mechanism. HetCPl has yielded
promising results on challenging protein famslyecific benchmark CPI datasets, in
comparison to baselinand stateof-the-art methods. HetCPI is anticipated to aid
computational drug discovery by leveraging direct and indirect relationships in
molecular and cellular processes for bioactivity prediction, thereby accelerating the
development of new treatments.

5.2. Introduction

Drug discovery is a complex process involving the identification and optimization of
compounds that interact selectively with intended target biomolecules to produce the
desired therapeutic effect. Due to the extremely dynamic and complekustr of
biological systems, there are numerous factors that influence the outcome of the
process. Therefore, computational drug discovery cannot be handled by simple virtual
screening alone. On the other hand, taking a sysbe®sd approach that intetga

and utilizes direct and indirect relationships in molecular and cellular processes
including proteinaprotein interactions, drug/compoupdotein interactions, and
signaling/metabolic pathways, together with highel concepts such as protein
diseaserelationships, druglisease indications, pathwajsease modulations, and
phenotypic implications could increase the success rate of drug discovery.
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Advancements in data analysis techniques have facilitated the processing and
interpretation of largescalebiomedical data. One of the most promising relationship
centric data types for this purpose is the knowledge graph (KG), which can represent
complex associations between different layers of biomedical Hather approaches
for constructingbiomedicalK Gs mainly rely on incorporating differenbiomedical
databasesn the RDF (Resource Description Framework) formetder aunified
frameworkand quering through SPARQL(Antezana et al., 2009; B. Chen et al.,
2010) Current construction methods primarily involegtracting information from
unstructured text in biomedical literature, often from databases like Puliddkdl et

al., 2018; Bougiatiotis et al., 2020; S. Yu et al., 20Z2esemethodsnvolve mining
relaionships betweewariousbiomedical entitiefrom the textual content of scientific
articles and then representingthem as subjecpredicateobject semantictriples
forming the basis of th&G. AnotherrecentapproacHor biomedical KG construction

is based ontheintegraton of diverse biomedical data typé&®m multiple structured
sourcesvia crossreferences betweethese sourcesfor mappirg. This approach
geneally maintainsthe data using a grapfatabase architecture like Neo4j, where
entities and their relationships are represeated network of interconnected nodes
and edgesThis allows for efficient retrieval and querying of the data using graph
based query languages such as CypBaccessil applications othese integrative
approachesiclude HetioNe{Himmelstein et al., 2017BioGrakn(Messina, Pribadi,

et al., 2018) CROssBAR( Do Y an e t, Bideque(FernandeTorjas et al.,
2022)andSPOKE(Morris et al., 2023)

Graph neural networks (GNNs) have emerged as a promising modeling technique for
the inference of graphased data by aggregating information from the nodes'
neighbors to generate node (or edge) embeddidgaever, the majority of GNN
methods are restricted kmmogeneous graphs or bipartite graphs. Thus, they cannot
handle heterogeneous data with multiple types of nodes and @tiges al., 202Q)

Most GNN applications for DTI predictiomely on theutilization of protein and
compound structures as graphsher tharthe use oheterogeneousiomedical data

(Liao et al.,, 2022; Torng & Altman, 2019; Yang et al., 2022pme existing
applications incorporatinggraphkbased heterogeneousiomedical data for DTI
prediction have primarily focused on dredyug and protekprotein
similarity/interaction networks, as well as proteirug interaction bipartite graphs,
which follow a similar approach to similarityasedviL methodqThafar et al., 2020,
2022; W. Wang et al., 202%ue & He, 2021)However, recent efforts have emerged

to benefit frommore comprehensive and diverse heterogeneous biomedical graph data,
including associations of proteins/genes, drugs/compounds, diseases, side effects, and
other relevant informatio(X.-H. Chen et al., 2023; Jiang et al., 2022; J. Li et al., 2022;

Z. Liuetal., 2021; J. Peng et al., 2021; Tian et al., 2022; Wan et al., 2019; Zhou et al.,
2021) In the study ofLiu et al.,a graph autoencoder approach called GAWak
proposedior DTI prediction(Z. Liu et al., 2021) GADTI utilizes a heterogeneous
networkthat integrates diverse datasets related to drugs and targétsling DTI,

drug drug and proteirprotein interaction, drug disease drugside effects,and
proteiri disease association, drug chemical structure similarity, and protein sequence
similarity. It combines &CN and random walk with restart (RWR) in its encoder and
employsa DistMultmatrix factorization moddor thedecoderThe success of GADTI

is attributed to its ability to aggregate mutibp neighborhood information while
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avoiding oversmoothing.Peng et al. introducEEGDTI, an endto-end learning
based framework for DTI predictiorit can simultaneouslyoptimize the feature
extraction procesand modeparameter$or the final prediction taskr an endto-end
fashion(J. Peng et al., 2021EEGDTI utilizes a heterogeneous netwadmprisng
multiple types ofbiological entities(i.e., drug, protein, diseasandsideeffect) and
employs multilayer GCN architecture to handle graph heterogeneityleard low
dimensional feature representations of drugs and tefiayddd | prediction.Compared
to existing methods, EEGTI demonstrates enhanced performance in Dé&dljation.

In another study, Ye et al.gsenKKGE_NFM, a unified framework for DTI prediction
that combineKG anda recommendation systefire et al., 2021) The framework
first learns lowdimensional representations for different entities in the W&
DistMult embedding modeind then integrates multimodal information usamgeural
factorization machine (NFM). KGE_NFMeas evaluated undeealisticscenarios and
achievel accurate and robust predictions different benchmark datasetk a very
recent sudy by Chen et al.,wo frameworks, Autoint_ KG and MolGPT_KG, were
developed based on the heterogeneity informatigransporterrelatedKG extracted
by the RESCAL modeto improve drugransporter prediction and efficient drug
design(X.-H. Chen e#tl., 2023) Autoint_KG utilizes KG-embedding andsequence
featurego predict potential transporters for small molecul@sthe interaction layer
based on the mulliead seHattention mechanispachieving reliable performance on
natural product validaon. MolGPT_KG emplogKG embeddings and drug SEIES
representationto generate drulike small molecules targeting specific transporters.
These studies highlight the promising use ofieterogeneous biomedical data to
improve DTI prediction modelsBy implemening more advance@NN approaches
specifically designed to handle heterogeneous graphsfféwiveness angdotential
of these methods can be further enhanced.

In this chapter we present a new type of systel@gel compounéprotein interaction

(CPI) representation and prediction framework called HetCPI. As its input data,
HetCPI utilizes largescale biomedical KGs constructed by the CROssBAR system
( DoYan et wh&H integrat€s@ dvitle) range of publicly datale biomedical

data sources tbuild heterogeneous graphs composed of genes/proteins, pathways,
diseases, phenotypes, drugs and compounds, together with their multifaceted
relationships. HetCPlI employs the heterogeneous graph transformer (HGT)
architectire(Hu et al., 2020)o learn from highly heterogeneous KGs, extracting node
and edgdype dependent representations via its attention mechanism. This allows
HetCPI to effectively capture the complex patterns/webs of biological relationships
and generna integrative representations to be used for the subsequent CPI prediction
task. To evaluate the performance of HetCPI, warried out benchmarking
experiments on our target protein faradlgecific bioactivity datasets containing
different stratified dataplits (see Chapter 3and compared the results with leading
CPI prediction methods from the literatufeurthermore, weconducted a usease

study based on the predictions for druggable and-ciaggable protein samples to
further evaluate the robustnes¥ reliability ofour models Competitive performance
results of HetCPhs well asconsistent outcomes in the us@se studyndicate the
potential of our KGbased approach to improve the accuracy and efficiency of virtual
screening, leading to the dis@yy of new and effective treatments for a wide range
of diseases.
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5.3. Materials and Methods

5.3.1.

DatasetConstruction

For the construction of gragtased bioactivity datasets enriched with multiple
biological/biomedical relationships, we used the CROssBAR seelice The step
by-step operations below were applied to build these graph structures:

1)

2)

3)

4)

5)

6)

A CROssBAR bulk search was performed to construct KGs of all reviewed
human proteins in UniProt (i.e., 20,173 protein entries in SwissProg
UniProt Consortium, 281) by querying each protein entry with parameters;
predictions=0, num_of drugs=100, num_of compounds=100 where other
parameters were set as default. Here, we set predictions parameter to 0 to
exclude predicted bioactivities due to lower confidencelleeenpared to
experimentally measured bioactivities and approved DTIs.

For each proteifamily-specific bioactivity datasetin the first chapter (i.e.,
epigenetieregulators, iorchannels, membrafeceptors, transcription
factors,transporters, hydrolases, oxidoreductases, proteases, transferases, and
otherenzymes) KGs of proteins belonging tihe corresponding family were
merged. Therefore, each bioactivity dataset was converted into a KG structure
that involvesother typesof nades including pathways, phenotypes, diseases
apart from proteins and compounds, and relationships such as {matesim
interactions, proteudlisease associations, drdgease indications etc..

Proteins not having KGs were removed from bioactivity skt Missing
compounds or proteinompound interactions involved in filtered datasets but
not involved in graphs were mergiedo graphs with their bioactivity edges.

To prevent data leakage, edges of compounds in KGs were removed if they
interact with déaset proteins but this interaction is not involved in bioactivity
datasets, mainly due to version difference of ChEMBL bioactivity database
(Mendez et al., 2019r assay type filtration. Duplicate nodes and edges in
graphs were also removed to prevatdundancy.

After constructing KGs based on protein farslyecific datasets, bioactivity
edges involved in test datasets were removed for each split set (i.e., fully
dissimilarsplit, dissimilarcompoundsplit, randomsplit). Thus, 3 different
train/testsplit versions of each famigpecific KG were generated.

Most of the compounds in KGs only relate to one or a few target protein nodes.
Therefore, split versions of KGs become disconnected after the removal of test
edges. To provide graph connectivitfisconnected compound nodes were
reconnected via compowmmpound similarity edges. Pairwise compound
similarities were calculated using the simsearch function of the Chemfp python
packag&Dalke, 2019)and compound pairs with a similarity score highan

0.5 were mergethto graphs as edges.

We alsointroduced a largelKG versionas an alternative tthis version. In this new
version (.e., integrated CROssBAR KGswe incorporated all CROssBAR KGs
generated in stefy instead of solely merging KGsf proteinsinvolved in family
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specific datasets. Th#ollowing steps (steps-8) remained the same. Based on
preliminary findings, this version became the primary choice for subsequent analyses.

To compare our final models with staiéthe-art models, we sed the filtered Davis
kinase benchmark dataset, employing the same setup as the MDeePred study
(Rifaioglu et al., 2021)The KG traired and testd on the Davis datasetonsists of
7,567train andl,518testdata pointswhich is7,600and1,525in theMDeePred study.

The difference is due to tfasencef KGs for threeproteins(UniProt IDs:Q07785

P62344 andP9WI8]) in CROssBAR since they belong Rlasmodium falciparum
andMycobacterium tuberculos@rganisms.

Table 5.1 presents node and edgisticsof protein familyspecific KGdatasetsn
the firstversionfor each split sefTable 5.2 provides nodgpe statistics of theeKGs,
which remain consistent across all splitable 5.3 displaythe node and edgeype
statistics forthe integrated CROssBAKG version alsoemployel for three split
forms ofeachproteinfamily, along with the data points from the Davis dataset.

Table5.1. Node and edge statistics of proti&amily-specific KG datasets fda) fully -
dissimilarsplit, (b) dissimilarcompounesplit, (¢) randomsplit strategy

)

Fully -dissimilar-split

Protein family Node number Edge number Component size
epigenetieregulators 16,620 184,348 141
hydrolases 48,755 481,505 265
ion-channels 31,117 998,961 104
membraneeceptors 106,555 2,505,460 295
otherenzymes 18,277 181,085 51
oxidoreductases 35,621 417,517 71
proteases 55,970 1,162,614 144
transcriptionfactors 18,712 292,462 72
transferases 120,569 3,255,118 188
transporters 18,555 306,128 128
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(b)

Dissimilar-compound-split

Protein family Node number Edge number Component size
epigenetieregulators 16,620 184,441 60
hydrolases 48,755 481,449 244
ion-channels 31,117 998,965 96
membranaeceptors 106,555 2,506,142 250
otherenzymes 18,277 179,971 90
oxidoreductases 35,621 416,904 89
proteases 55,970 1,162,145 128
transcriptionfactors 18,712 292,466 55
transferases 120,569 3,254,123 172
transporters 18,555 306,234 55

(c)

Random-split

Protein family Node number Edge number Component size
epigenetieregulators 16,620 184,388 40
hydrolases 48,755 481,542 265
ion-channels 31,117 998,973 51
membraneeceptors 106,555 2,506,136 41
otherenzymes 18,277 179,557 47
oxidoreductases 35,621 416,971 50
proteases 55,970 1,162,239 50
transcriptionfactors 18,712 292,499 53
transferases 120,569 3,253,553 90
transporters 18,555 306,596 18

Table 5.2. Nodetype statistics of protein famigpecific KG datasets

Node type Hydrolases | Proteases| Oxidoreductases| Transferases| Other enzymes
Protein 246 183 147 583 103
Protein_N 1,688 1,203 924 3,866 784
Drug 1,920 1,896 1,734 3,136 1,122
Compound 40,590 49,456 29,756 105,424 13,917
Pathway 1,138 854 767 1,994 662
kegg_Pathway 234 216 223 244 216
HPO 1,794 1,279 1,160 3,305 840
Disease 678 521 519 1,234 360
kegg_Disease 467 362 391 783 273
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Epigenetic lon Membrane | Transcription
Node type Transporters
regulators channels receptors factors
Protein 96 103 257 56 93
Protein_N 803 455 1,157 445 547
Drug 1,070 855 1,961 822 1,003
Compound 12,751 27,940 99,691 16,112 15,061
Pathway 543 468 881 334 478
kegg_Pathway, 175 160 203 147 177
HPO 754 708 1,471 435 678
Disease 247 248 538 190 307
kegg_ Disease 181 180 396 171 211

Table 5.3. (a) Node and(b) edgetype statistics ofhe integrated CROssBARGS.
() (b)

node_type size edge_type size
Compound 422,617 comp_sim 10,256,336
_ Chembl 629,590
Protein 23419 PP 01443
HPO 8,971 HPO 39,466
Drug 5420 Pathway 32,706
Disease 3,815 hpodis 24259
Pathway 3184 kegg_path_prot 19,407
Drug 15,342
kegg_Disease 1,879 Disease 7270
kegg_Pathway | 245 kegg_dis_prot 5,911
TOTAL 469,550 kegg_dis_path 1,68
kegg_dis_drug 298
TOTAL 11,123,710

5.3.2. TheRepresentation oBraph Nodes

Graph representation learning algorithms allow us to predict unknown relationships
on a graph by incorporating topological structures of graphs via the learning process.
However, it requires a knowledgensfer of nodes represented with feature vectors.
Although it is possible to randomly initialize feature vectors or to use trivial solutions
such as ondot encodings, utilizing more representative features or embeddings to
capture hidden patterns of reslincreases the success rate of graph models. Here, we
used the representation approaches below as attributes of each node type:

- Proteins were represented bycombined vectors oftransformeravg
embeddinggvector size: 768)apaacdescriptors (vector size: 80), and k
sep_pssm descriptors (vector size: 4083 wellperforming protein
representatianoverall based on the results of the benchnochdpter We also
evaluated the performance of a recently promising learned embeddirgdmeth
prott5 (Elnaggar et al., 20219n filtered human bioactivity datasets of the
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transferase, protease, and -wrannel families along with other well
performing conventional descriptors (i.e., apaac asdk pssm) and learned
embeddings (i.e., unirep19@nd transformeavg) with the same benchmark

setup (Tablés.8) , but i t ¢ othel othersBiotech dragpvere f or m
also represented byrotein embeddings (i.etransformeravg embeddings

since they are composed of amino acid sequences.

- Compound&Small molecule drugsere represented by ourimuse developed
SELFIES embedding approacha | | e d A S\EttdF ze: dos(Y Ubksel
et al., 2023)lt is a transformebased NLP model that employs a lasgale
pretraining methodology on 2 milliomolecules in their SELFIES notations
to learn flexible and higlquality molecular representations. It performed
competitive results with MoIBERTFabian et al., 2020and ChemBERTa
(Chithrananda & Ramsundar, 2028jnbedding approaches on molecular
anaysis tasks.Alternatively, we constructed models based on the ECFP4
fingerprints(vector size1024 of compounds and small molecule drugs.

- Pathway representationgvector size: 200)were obtained using Transk
embedding method via BioKEEN librafpli et al., 2019) It utilizesa gene
pathway association network to generate representatiéms.Reactome
pathways, we also usgule-calculatedBiotequeKG embeddinggvector size:
128)(FernandeZ orras et al., 2022; Rifaioglu et al., 202fEnerated on ge
pathwaydiseasemetapath usin@ random walk methqdwhich became our
final choice

- HPO phenotype ternembeddings(vector size: 160)were retrieved from
CADA tool (C. Peng et al., 2021t is anode2veebasedembedding method
that usesa genephenotye association network dhke input graph, which
includes diseaskevel annotations and clinical cadesel annotations.

- Diseaseembeddings(vector size: 100were obtained usinghe doc2vec
method based on PrimeK(@handak et al., 2022)isease defitions. If
PrimeKG definition is not available, the description of the disease was taken
from its source, and if it has no description, then its name was used as input.

5.3.3. ModelDesign andArchitecture

To generate a reliable and power@iNN-basedCPI predicton model, the selection

of input graph data is as critical as the selectiotheflgorithm, feature vectors, and
hypeparameters. Here, we usategrated CROssBAR KGs merged witiotein
family-specific bioactivity datasetsto construct our CPI prediction framework,
HetCPl CROssBAR KGs include only prioritized nodes and edges that are most
relevant to the query entry rather than a whole set of biological interactions, which
eliminatesredundancy angrovides clean data thatay be more informative for the
prediction ofCPIs. To process these heterogenous KGs for bioactivity prediction, we
used heterogeneous graph transformer (HGT) architec(bhe et al., 2020)and
excluced all bioactivities (i.e., compourmtotein edgesfrom the input grapho
prevent data leakage during the message passing procadogethem only in the
prediction partThe HGT model proposed by Hu et al outperforms all the-sfatiee-
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art GNN baselines for various downstream tasks on the Open AcaGeaph with
179 million nodes and 2 billion edgésu et al., 202Q)

Figure 5.1 displays theschematicworkflow of the HetCPlsystem The learning
processstarts with the transfer of knowledgemong nodes though theirinitial
attributes represented byput node feature vectorg his information is fed into the

HGT algorithm which embeds each target node into a lower dimensional space by
leveraging metaelations to handle graph heterogenefdnce the embeddingsear
obtainedvia HGT architecturethe HetCPkystemperforms an edge regression task

by calculating the dot products of the compound and protein embeddings for each pair
in the training setwhichserve as predicted bioactivity measuremdntaddition the

system offers an alternative model degigetCPF3FC)where compound and protein
representations are concatenated insteagsnfy dot products. These concatenated
vectors then pass through three ftdlynnected layers to generate predictidmstrain

the model, the loss isompued for the true and predicted bioactivity values of the
compoundprotein pairs using the mean squared error (MSE) loss function. The weight
parametersemployed by the HGT architecture are then updated throtigh
backpropagatio processusing Adam optimization. Thigerative processcontinues

until the loss decreases to a satisfactory lév@lowing the trainingphasethe model
generates predictions for the samples in the validation and test sets using the
embeddings updatebased on the final weights. These predictionsttaga used to
evaluate the performance of the model.

We employed HGT architecture primarily due to its ability to handle graph
heterogeneitand maintain nodeand edgedype dependent representatidhachieves

this viaheterogeneous mutual attentitveterogeneousessage passing, and target
specific aggregation steps that incorporate information from source nodes in order to
generate a contextualized representation for each target hbese steps are
explained below:

1) Heterogeneous mutual attenti¢hGT introduces a ew mechanism for attention
calculation thatonsiderghe metarelations between nodesispired by Transformer
architecturgVaswani et al., 2017)t maps the target node¢o a Query vecto® (4),
and the source nodeto a Key vectoK (3) with linear projection Then, instead of
directly taking the dot product of the Query and Key vectdike the vanilla
Transformer, ituses different weight mates (w ¢ "Yj¥for eachedge type %§Q) to
calculate the attention matrix fér heads allowing it to capture different semantic
relatiorships between nodeg). Additionally, a prior tensof’ ) is introduced to
represent the general significance of eaeltarelationtriplet (<1(i ),%¢Q,(0)>) since
not all the relationships contribute equally to the target nadbih is divided by
square root of the vector dimension per he@@.(It senesas an adaptive scaling
factor for attentionTo obtain the attention vector of each node pair, multiple attention
heads are concatenated. Then, for each targettntheeattention vectors are gathered
from its neighboring source nodBit), and he softmax function is applied to ensure
attention weights that sum up to 1 across the source (bd&iven a graphvith the
input node featureé€d 1), theh-head attentioscore for each edde, Qo) is computed
as follows:

0 0 0 QigIPE Softmaxivng (fer 10 "YTY Q G QYY) (1)
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6 "YTY Q &S®QY = (0F)w® "Rl VI <ii)sa. 10>/ &Q ()
0 @) =K-Linear) (‘0 1i]) ©)
0% = Q-Lineaiy('04 V[ d) (4)

2) Heterogeneous essage passingparallel to the calculation of mutual attention,
HGT performs message passing from source nodes to target Soadar to the
attention processthis process incorpates the meta relations of edgeso the
message passing to address the distribution differeficesles and edges of different
types For each pair of nodes = (s,), the HGT calculates a mulieadmessage by
projecting the source nodeinto message vectold and using a matrixw 9 "YPto
incorporate edge dependen(). Multiple message headh) are concatenated to
obtain the message for each node (BirThe message to send on each eddq| is
computedas follows

0 Qi i @©QN=|ler 10 YIOQOEQOY (5)
b YD QW QY = M-Lineaif)(09 i ])6 0 VRg (6)

3) Targetspecific aggregatiomfter the calculation of heterogeneous mutual attention
and message passing, the HGT aggregates the informatiorifiemource nodes to

the target node. The attention vectors obtained frensdiftmax procedure in the first
step(0 0 0 Q &igIOEserve as weights to average the corresponding messages from
source nodegd ‘Qi i (b, to get the updated vectdt[d]). This aggregation
process is performed foall target nodes, incorporating information from their
neighboring source nodes of different feature distribut{@hsThe updated vector for
each target node is then mapped back to its-$peeific distribution using a linear
projectionfollowed by anon-linear activatiorand residual connectid8). The output
vector {G9[d]) of thel-th HGT layerfor the target nodeis computed as follows:

MG FenE(d 0 0 QYIGOED D i O, ()

"dIJ =, (A-Lineary ‘A + 04 I[ (8)
By stacking multiple HGT blocks fot layers, wherd. is a small value, the HGT
enables each node to reach a large proportion of nodes with different types and
relations in the full graph. This results in highly contextualized representations for

each node, which can be used for various downstream taskstenogeeneous
networks, such as node classification and link prediction.

The HGT's architecture is designed to leverage the-re&ttons to parameterize the
weight matrices separately. By distinguishing operators for different relations, the
HGT can effetively handle distribution differences in heterogeneous graphs while
still achieving parameter sharing. This approach benefits relations with few
occurrences by enabling fast adaptation and generalization while maintaining specific
characteristics for diffrent relationships through a smaller parameter set.
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Figure 5.1. Theschematic representation of the HetCPI framew@rtke HGT parbf
the figurewas adapted from Hu et §Hu et al., 2020)

5.4. Results and Discussion

This section comprises multiple subsections rasent a comprehensive evaluation
of the HetCPI system across various settings, accompanied by multiple anEigses.
first subsectiorpresents th@reliminary resultsobtained frommodels generated to
determire optimal design choices anidlentify suitablehyperparameteranges The
second subsectioiocuses on the performance analysis of the fit@CPI models
developed for transferases and membrane receptorsy with a comparisoagainst
baseline RF regression model$e third subsection compares HetCPl models with
stateof-the-art bioactivity prediction modelsising the well-known Davis kinase
benchmark datasdn the subsequent subsection, an applicability domain analysis of
HetCPI models is performed to assess their usabilitg.fihal section presents a use
case study that further supports the reliability and robustness of the HetCPI framework.
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5.4.1. PreliminaryResults

To conduct these trials, weainly utilized dissimilarcompaund-split datasets of
proteases KGs due to a manageable sample size of this protein family, allowing us to
perform a substantial number of trials within a reasonable timeffafeesvaluated

the performances using the same evaluation metrics in Chaptergling RMSE,
Spearman, and MCe€rores

5.4.1.1. Hyperparameter search

To search for optimal hyperparameters of models, we split train samples into 80/20
train/validation sets and used the random search method for the hyperparameter ranges
given below with epochumber 20:

- hidden channels3, 16, 32, 64, 128

- learning rate:1e”5, 0.0001, 0.001, 0.005, 0.01
- head numberi, 2, 4, 8, 16

- layer number1, 2, 3, 4

- train batch size128, 256, 512, 1024

- weight decay0, 1e”5, 5e”5, 0.0001, 0.001

Then, we rerun promising models with higher epoch numbers and calculated model
performances. Tabl&.4 and Table5.5 display hyperparameters and performance

scores of the ten teperforming models ranked by t€giearman saes, respectively.

The best mo d e | reaches 0.41 for Spear manos
median corrected) on the test set while 0.60 (Spearman) and 0.42 (MCC) on the

validation set. The score differences between the validation and test segbectedx

since the compound samples in the test set are not similar to the ones in the
train/validation set on the dissimitaompoundsplitting strategy.

Table 5.4. Hyperparameters of top ten models on dissir@ompounésplit of
proteases dataset.

Model Epoch Hidden | Learning Head Layer Batch | Weight
Name Number | Channels Rate | Number | Number Size Decay
model 1 100 32 0.0001 16 1 256 | 0.00001
model 2 200 32 0.01 8 1 256 | 0.00005
model 3 200 16 0.0001 1 3 128 0.001
model 4 100 32 0.0001 4 1 128 0.001
model 5 200 128 0.0001 1 1 1024 0.001
model 6 500 32 0.0001 8 2 256 | 0.00005
model 7 500 128 0.0001 1 1 1024 0.001
model 8 200 16 0.001 4 2 256 | 0.00005
model 9 200 64 0.0001 8 1 512 0
model 10 200 128 0.0001 2 1 1024 | 0.00001
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Table 5.5. Performance scores of top ten models on dissirndanpoundsplit of
proteases dataset.

Model Test Test Test Test Train Valid. Valid. Valid.
Name Loss MCC | RMSE Sp. Loss Loss MCC Sp.

model 1 1.612| 0.295| 1.360| 0.407| 1.209| 1.234| 0.421| 0.597
model 2 1.742| 0.304| 1.331| 0382 1.297| 1.340| 0.411| 0.566
model 3 1.610| 0.277| 1.358| 0.369| 1.194| 1.193| 0.444| 0.617
model4 | 1700/ 0.215| 1.392| 0.354| 1.215 1.230| 0.441| 0.602
model5 | 1670 0.242| 1.385| 0.346| 1.277| 1.284| 0.414| 0.581
model 6 1.735| 0.254| 1.368| 0.345| 0.887| 0.950| 0.550| 0.714
model 7 1.805| 0.201| 1.442| 0344 1.124| 1.154| 0.454| 0.629
model 8 1.800| 0.256| 1.420| 0.335| 1.050| 1.144| 0.482| 0.660
model 9 1.824| 0.187| 1.425| 0333 1.052| 1.139| 0.481| 0.647

model 10|  1851| 0.194| 1.442| 0.326]| 1.210| 1.332| 0.421| 0591

* Median correction was applied for the calculation of MCC and RMSE scores.
* Sp.: Spearmands correlation, Valid.: Validati ol

5.4.1.2. Different settings for model design

We made several changes to the architecture of the top model in5fabking the

same hyperparameter values to further investigate the impact of various variables on
mo d e | performance. This time, we didnodt
The following are the configurations that we assessed:

- loss functionmse_loss (default), 11_loss

- feature scalingunscaled (default), standard scale

- dropout: applied, not applied (default)

- neighbor_size in train batchest (include all neighbors for train edges in the batch,
default), 4*2 (include 4 neighbors for 2 levels), 3*3, 4*3

- activation functionrelu (default), leaky_relu

- pooling function:sum (default), mean

- 2 fully-connected layersadded (fc_2*), not adetl (default)

- train/test edgesexcluded from graphs (default), added only train edges only
edg), added both edges-{#redq)

Table5.6 presents the results of the modified models based on the aforementioned
arrangements with epoch number 100. Walensome inferences from these findings

that might be useful in the development of the model architecture. First of all, using
standard scaling for features, dropout function for regularization, or leaky relu function

for the activation yielded lower perfmance results than the model with default
settings. Involving only train bioactivity edges in the graph instead of removing or
adding both train and test edges decreased performance, as well. Other setups such as
adding fully-connected layers, selectingfdrent loss and pooling functions, or the
neighbor size in train batches gave competitive results with the default iHedek,
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they might be reconsidered in the optimization and finalization phases of the models
to enhance performances.

Table 5.6. Performance scores of the models in different design setups

Model Name Train Test Test Test Test

Loss Loss MCC RMSE Spearman
tr-ts-edg 1.106 1.704 0.375 1.296 0.485
default 1.184 1.678 0.318 1.291 0.452
fc_2*hd-128 I1_loss 0.835 1.057 0.327 1.305 0.450
fc_2*hd-128 1.164 1.694 0.309 1.300 0.444
I1_loss 0.871 1.048 0.349 1.305 0.443
neigh_4*2 11 loss 0.899 1.049 0.301 1.319 0.433
neigh_4*3_|1_loss_mean 0.897 1.026 0.299 1.297 0.429
I1_loss_mean 0.884 1.044 0.291 1.305 0.427
neigh_3*3 1.246 1.707 0.260 1.308 0.427
tr-tsedg_I1_loss 0.835 1.076 0.337 1.345 0.427
neigh_3*3_I1_loss_mean 0.899 1.034 0.318 1.306 0.425
neigh_4*2 |1 _loss_mean 0.903 1.028 0.309 1.300 0.423
fc_2*hd-512 1.094 1.778 0.294 1.315 0.417
neigh_3*3_11_loss 0.888 1.053 0.304 1.325 0.417
neigh_4*3_11_loss 0.887 1.050 0.290 1.325 0.414
leaky-relu_ 1.132 1.774 0.278 1.337 0.414
neigh_4+*2 1.287 1.753 0.265 1.325 0.408
tr-ts-edg_fc_2*hd128_I%loss 0.796 1.102 0.304 1.361 0.383
I1_loss_dropout 0.920 1.267 0.231 1.346 0.374
standarescale 0.720 2.021 0.303 1.413 0.372
dropout 1.355 2.550 0.219 1.331 0.368
only-tr-edg_I1_loss 0.834 3.069 0.264 2.412 0.361
only-tr-edg 1.107 6.852 0.237 1.431 0.355
standarescale_|tloss 0.659 1.162 0.280 1.498 0.328

5.4.1.3. Ablation study based on the removal of different graph components and
relations

We performed an ablation study to investigate the effect of diffgraphnode/edge

types on learning. After the removal of each component and relation type, we rerun
models five times with epoch number 80 and averaged performances. Based on the
Spearmartest performance results displayed in Tahle the removal of compourd
compound similarities (i.e., no_ccs, 0.34), hpo temnd biotech drugelated
associations (i.e., no_hpo & no_bd, 0.35 & 0.368), and prpi@tein interactions

(i.e., no_ppi, 0.39) significantly reduced performance compared to the default model,
which includes all interactions (0.455). The single contribution of compound
compound similarities is very high (i.e., cpi_ccs, 0.411) when compared to the baseline
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model, which only incldes compoungbrotein interactions (0.34). The absence of
diseaseelated associations (i.e., no_dis, 0.437) caused a slight decrease in
performance while the removal of pathwagfated associations (i.e., no_path, 0.46)

slightly increased the performancéhe removal of smailiolecule drugrelated
associations (i1 .e., no_s md, 0.451) di dné
contributions of pathways (i.e., cpi_path, 0.327) and smalecule drugs (cpi_spi,

0.325) weravorsethan the baseline model (0.34). However, the involvement ofssmall
molecule drugrelated associations along with biotech drugs and pathways slightly
increased performance (i .e., no_path, 0. ¢4
(0.457). One of the reansfor the slight negative effect of pathway associations on
performance might be the inclusion of noise through attributes of these nodes if their
representation capability is poor. To further explore and handle this situation, we can

train models withalternative options of pathway node attributes.

Table 5.7. Test performance scores of the models in the ablation study.

Model Name Involved edges| MCC | RMSE | Spearman
no_path cpi_ccs_ppi_bpi_spi_hpo_d| 0.317| 1.279 0.460
cpi_ccs_ppi_hpo cpi_ccs_ppi_hpq 0.316| 1.286 0.457
all_included (default) cpi_ccs_ppi_bpi_spi_hpo_dis_pg 0.332| 1.282 0.455
no_smd_path cpi_ccs_ppi_bpi_hpo dii 0.333| 1.290 0.452
no_smd cpi_ccs_ppi_bpi_hpo_dis_pa] 0.348 1.293 0.451
cpi_ccs_hpo cpi_ccs_hpg 0.325| 1.285 0.443
no_dis cpi_ccs_ppi_bpi_spi_hpo_pa; 0.322| 1.297 0.437
cpi_ccs_ppi_bpi_hpo cpi_ccs_ppi_bpi_hpqe 0.317| 1.301 0.428
cpi_ccs cpi_ccs| 0.275| 1.306 0.411
no_ppi cpi_ccs_bpi_spi_hpo_dis_pa| 0.240| 1.331 0.393
no_bd cpi_ccs_ppi_spi_hpo_dis pa] 0.263| 1.341 0.368
no_hpo cpi_ccs_ppi_bpi_spi_dis pal 0.276| 1.371 0.350
no_ccs cpi_ppi_bpi_spi_hpo_dis_paf 0.271| 1.356 0.342
only_cpi_included cpi| 0260 1.338 0.340
(baseline)

cpi_path cpi_path| 0.266| 1.362 0.327
cpi_spi cpi_spi 0.271| 1.352 0.325

* cpi: compouneprotein interactions, ccs: compoundmpound similarities
bpi: biotech drugprotein interactions, spi: smatholecule drugproteininteractions
ppi: proteirprotein interactions,
smd, bd: nodes/edges belonging to small molecule drugs (smd) and biotech drugs (bd)
path, dis, hpo: all associations belonging to pathway (path), disease (dis), and phenotype (hpo) terms

We alsocompared these results with the protein representation comparison study
mentioned inSection5.3.2. (The representation of graph nodeBje topperforming

graph models above compete with these RF mddelsle 58), but they need to be
tuned to surpasseéfbestperforming RF models.
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Table 5.8. Test performance scores of RF regression models on dissouoitgsound
split of human proteases bioactivity dataset.

Model Name RMSE | Spearman MCC

apaac 1.276 0.446 0.301
k-sep_pssm 1.259 0.485 0.325
prott5 1.279 0.446 0.299
transformeravg 1.269 0.466 0.325
unirep1900 1.285 0.439 0.304

5.4.2. Utilization of Alternative Node Attributesand Integrated CROssBAR KGs for
ModelConstruction

In this part we extended our analgs by developingmodelsbased orthe integrated
CROssBAR KGs, which were trained datissimilarcompoundsplit datasets of
proteaseand transferases. These models were then compared with their corresponding
family-specific KG versionsWVe also utilized alternative node attributes for Reactome
pathway nodes (i.e., Bioteque embeddings) and proteins (i.e., apaasandpssm
descriptors)Moreover, we remowall edges between compoupdbtein pairsin our

case these edgessignify the presenceof experimentalbioactivity measuremest
rather than indicatinghe actualinteractionbetween the pairsecausdhe prediction

task hereis an edge regression based on the prediction of real bioactivity
measuremenisHowever, the edges betweeompoundprotein pairsinvolved in
CROssBAR KGs represent the presence of bioactivity for corresponding pairs with a
pChEMBL threshold higher than Bherefore, including thee edge$or themessage
passingprocess can introduce bias into our predictions.

The hyperparameter values usedtf@modelsin this subsectioare as follows:

- hidden channels32 (for transferasesp4 (for proteases)

- train batch size256 (for family-specific KGs of proteasg$12 (for all the others)

- weight decayle”5 (for proteaseshe’r5 (for transferases)

- epoch number25 (for proteases), 60 (for integrated CROssBAR KGs of proteases),
100 (for family-specific KGs of proteases),

- learning rate 0.0001,head numbe 8, layer number3.

Based on thdindings in Table 5.9, models utilizing integrated CROssBAR KGs
consistently ougerformed modek utilizing family-specific KGs for bothprotein
families.While some modelsxhibited similarperformance acro$®th versions (e.g.,
tr_btq for transferases), theeis a notablelifference in general (e.gSpearmar{Sp.)
score of trap-ks_btq models 0.53 and 0.44 for integrat€tROssBAR KGs and for
family-specific KGs on transferases, respegiii). As an alternativetrategyto these
modelling approaches, vakeveloped a single modeétained onintegrated CROssBAR
KGs using training datafrom all families rather thanconductingfamily-specific
training.We evaluated the performance of this mlooh aggregated test data from all
families, as well as by considering predictions for each family independently.
Althoughtheoverall resulton the combinedest samples were moderate (Sp.: 0.47),
the family-specific calculationsyielded poorer scoreftransferases: 0.476 (Sp.),
proteasedsd.378 (Sp.)compared to the models based on the fasygcific training
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Therefore, wedecided not to employ the model trained ondalta pointsfrom all
families

In terms of node attribute&ioteque Reactome patiay embeddings seem a better
alternative than BIKEEN embeddings (default embedding utilized in the models
above), providinga slight but consistent increase in performance (e-@gp-ks_btq:
0.529 (Sp.), tap-ks: 0.522 (Sp.) on transferases; tr_btg80.(Sp.), tr: 0.451 (Sp.) on
proteases for integratstROssBAR KG§ For protein representations, there is no
consistent outcome valid for all families. Their effect varies among different protein
families, parallel to the results tifeProtBENCH studyn Chapter 3. For transferases,
combinations of transformer embeddings with apaac asdpkpssm descriptors
yielded the best performance whilélizing transformer embedding alone achieved
higher performance than the others.

Overall, based on these outcomes, we determined several key poitite design
choices of our finalized HetCPI system. For input KG, we constructed our models
using integrated CROssSBAR KGs rather than famapecific KGs and trained
independently for ez bioactivity dataset instead of merging thedta points For

node attributes, we replaced Reactome pathwal{ BN embeddings with Bioteque
embeddings.For protein embeddings, we combined transformer, apaac, and k
sep_pssmepresentations for transferases.

Table 5.9. Test performance scores of modelsnstructedusing different node
attribute types and alternative KG versiamrsdissimilarcompoundsplit bioactivity
dataset®f human proteaseand transferases

Model Protgin KG Spearman Med. Cor. | Med. Cor.
Name Family MCC RMSE
tr-apks_btq | transferases | integratedCROssBAR | 0.529 0.395 1.066
tr-ap-ks transferases | integratedCROssBAR | 0.522 0.359 1.076
tr-ap_btq transferases | integratedCROssBAR | 0.511 0.371 1.091
tr_btq transferases | family-specific 0.509 0.375 1.077
tr_btq transferases | integratedCROssBAR | 0.505 0.344 1.073
ap_btq transferases | integratedCROssBAR | 0.497 0.353 1.095
tr transferases | integratedCROssBAR | 0.491 0.344 1.080
ap transferases | integratedCROssBAR | 0.458 0.361 1.115
tr-apks_btq | transferases | family-specific 0.443 0.373 1.128
tr_btq proteases integratedCROssBAR | 0.481 0.355 1.266
tr_btq proteases family-specific 0.452 0.308 1.280
tr proteases integratedCROssBAR | 0.451 0.388 1.284
tr-apks_btq | proteases integratedCROssBAR | 0.414 0.271 1.327
ap proteases integratedCROssBAR | 0.409 0.280 1.313
tr-ap_btq proteases integratedCROssBAR | 0.385 0.282 1.323

" tr: transformerap: apaac, ks-&ep_pssm (protein representations)
btq: Bioteque Reactome pathway embeddings
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5.4.3. ModelPerformanceEvaluation forDifferentHetCPI| Architectures

Transferases are one of the mpsiminent protein families with a high number of
protein members that have a significant role in drug discovésrefore, e finalized
models of the HetCPI system are specifically designed for transfefasgstermine

the optimalmodel architecturdor the HetCPI system, weonstructed alternative
model structures that incorporate three fdgnnected (FC) layers. These layers take
the compound and protein embeddings generated from the HGT layer as the input.
Instead of computing the dot product betwehese embeddings, they are merged
together by concatenation and sequentially passed througfCiteyers. We also
investigatedthe cantribution of ECFP4 compound fingerprints and compdheohn

with SELFormer embeddings terms of theireffect on modelperformance To
compare theHetCPI models with baselines, we constructed random forest (RF)
regressiormodels since RF is a widely used algorithm in CPI prediction. These RF
models utilized the initial protein and compound node attributes of the Het@RlIsno

as input features:urthermorewedeveloped additional baseline modétsinvestigate
whether the models could effectively le@notein and compound embeddings through
heterogeneous graphs using the HGT algorithm. These baseline models were
construted by excludingthe HGT module from the HetCPI architecture and
processinginitial protein and compound embeddinggher computing their dot
products (DP_SELFormer and DP_ECFP4) massing through3-FC layers
(3FC_SELFormer and 3FECFP4).

For theoptimization of thesemodels, weperformed a hyperparameter searchoan
three different stratifiedataset$or the transferas€d46,677 data points in total, with
the train/test ratio of 1 -averagdor three splits): "fully -dissimilarsplit" (predicting
new inhibitors for new targets), "dissimdaompoundsplit® (predicting novel
inhibitors for known targets), and "randesplit" (predicting known inhibitors for
known targets)We split the training samples intd@%5 train/validation setsvith a
close rangeto train/test ratioand used the random search method for the
hyperparameter ranges given below with epoch nusbeeight decay 0, and dropout
0.5

- hidden channelsl6, 32, 64, 128

- learning rate:0.0001,0.0005,0.001, 0.005
- head number4, 8, 16 32

- layer number1, 2, 3

- train batch sizel128, 256, 5121024

After determining the hyperparameters, fingher finetuned theepoch numberThe
total run time of modelseangesrom 20 minutes to 5.5 hourdepending on the model
architectureand selected hyperparameterbese computations were performesing
an NVIDIA RTX A5000 graphic cardequippedwith 24 GB of GPU memoryThe
selected hyperparameter sktseach splitare as followgTable 5.D):
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Table 5.10. Hyperparameters of the finalized HetCPI models on fdigsimilarsplit

(FDS), dissimilarcompoundsplit (DCS), and

randonsplit (RS) datasets of

transferases.
Dataset Epoch Hidden | Learning Head Layer Batch
Split Number | Channels Rate | Number | Number Size
FDS 20, 40 32 0.0001 8 2 512
FDZ 20 32 0.0005 32 2 256
DCS 25, 100, 300 32 0.0001 8 3 512
RS 50,100,250, 300, 500 128 0.001 16 1 1024

FDS'1 20 epochHetCPI_ECFP4HetCPI_SELFormer

FDS'1 40 epoch: DP_ECFP4, HetGBFC_SELFormer, 3FC_SELFormer

FDS: DP_SELFormerHetCPF3FC_ECFP4, 3FC_ECFP4

DCS: 3FC_SELFormer (100 epoch), 3FC_ECFP4 (300 epoch), all remaining models (25 epoch)
RSi1 50 epochHetCPI_ECFP4, HetCRBFC_ECFP4

RSi1 100 epoch: DP_ECFP4

RSi 250 epoch: HetCPI_SELFormer, Hetc#C_SELFormer

RSi 300 epoch: 3FC_SELFormer, 3FC_ECFP4

RS71 500 epoch: DP_SELFormer

In Figure 5.2 bar plotsdisplay model performancelased orSpearman and edian
corrected MCC scoreslo obtain error bars andssess the significance of the
performance differences between mogdelsconducted five runs fagach model and
computed theaverage. Although paired -test is commonly used for model
performance compeson it is not suitabldn most casesdue to the violation of the
independence assumptiofio address this, we employed thee@significance toql
which enables statistical testing for DL models using techniques Aikeost
Stochastic Order (ASONSO compars two score distributions instead of comparing
their meansndcalculateghe epsilonminimum (eps_min)value A model performs
better than thether ifits eps_min value is less than 0.5, where lower valuesatalic
a more confident resulUImer et al., 2022)

As shown inFigure 5.2 HetCPl SELFormer (i.e., the default HetCPI architecture)
consistenty outperformed the baseline modatsossall splitsfor transferasesxcept

for therandom splitwhereRF_ECFP4 model is stochastically dominant over other
models (eps_mind.0, confidence level: 0.95)n the randomsplit set 3FC_ECFP4
baseline model also performéetter tharHetCPIl models, which means that graph
based learningid not providean advantge over simpler baseline moddts easy
scenariosAlthough the performance of different HetCPI architectures varies across
dataset splits HetCPI_SELFormer outperforms other HetCPl architectures i
challenging scenarios (i.e., fullyissimilarsplit anddissimilarcompounésplit sets),
excluding HetCPI_ECFP4 fahe fully-dissimilarsplit set.Based onthe eps_min
score of HetCPI_SELFormer which is 1 for comparison withHetCPI_ECFP4
Spearmarand0.38 for HetCPI_ECFP4 MCC (median corrected), and O for all other
comparisonswe can state that HetCPI_SELFormer maslstochastically dominant
over other models in fulkgissimilarsplit and dissimilaicompound split sets with a
confidence level 0.93ts superior performance compared to DP and 3FC baseline
models alsgrovides strong validation for the meaningful learning of representations
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through the heterogeneous graph learning approadmallenging scenariosThis
indicates that leveraging the richfermation encoded in theeterogeneougraph
structure leads to improved predictive capabilities.

The usage of ECFP4 compound fingerpriist@dvantageus for the 3 Fdayered
models and theandom split set compared ®ELFormer embeddingdn fact,
SELFormerperformedmuch better in challenging scenarios for thedels without 3

FC layersin therandom split, HetCPI models with ECFP4 fingerprints outperformed
other HetCPI modelbut were unable to surpass thaseline RFECFP4and 3FC
ECFP4 model. Theseresults indicate that ECFP4 is more effective at capturing
patterns between similar data, while SELFormer is more suitable for identifying
deeper patterns that can be helpiiulinferring data fom structurally different
compoundsHowever, thisobservéion is valid only for HetCPI modeBnd does not
provide an advantage in RF models, indicating that advanced algorithms are necessary
to fully exploitthe potentialof SELFormer The inclusion of 3 E layers did not lead

to an improvement in model performanasich is ausual trend observed in md3t
models as well

Another significant outcome is the robustnesslefCPI models against mean shifting
problem in regression taskas they yielded higer scores even without applying
median correctiofAppendix A Table 5.1)As expectedthechallengingdatasesplits
resulted inrelatively lowerperformance for both the baseliRé and the HetCPI
models compared to the random spkicenario In summay, the impressive
performance of HetCPIl models in challenging scenasi@ncouraging and suggests
that these modelspossesgreatadaptability to realorld CPI prediction scenarios.
This adaptability isx crucialfactorfor their practicalusefulness ahapplicability.
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Figure 5.2. Bar plots ofSpearman and median corrected MCC scores of HetCPI and
baseline models with different architecture alternatives omiggmilarcompound
split of the transferases test dataset.

5.4.4. PerformanceComparison witht&ate-of-the-Art (SOTA)Models

To fairly compare the HetCRlystemwith the stateof-the-art CPI prediction models

in the literature, we used the filtered Davis kinlasechmark dataset (9,125 data points

in total, with the train/test ratio of 5:1) with the same settings used in the MDeePred
study (Rifaioglu et al., 2021)For the MCC score, instead of taking the median of
training bioactivity values as thkreshold, three threshold valuesiM, 100 nM, and

30 nM were used respectively.In addition tothe evaluation metrics above, we
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calculated the average area under precisi@tall curve AUPRC) and the
concordance index (Cécoresfor the comparison #OTA modelsAUPRCmeasures
the tradeoff between precision and recaltross different decision thresholdg
calculaing the area under the precistoecall curve using interpolation methodis.
ranges from 0 to 1, where 1 indicates perfect precisioneuadl (Boyd et al., 2013)
For computing the average AUPRC scoes interaction threshold values from the
pKd interval [6 M, 8 M] were considered binarize pKds into true class lahels for

a set of paired dat@e., compouneprotein pairsyepresents the probability that the
predictions for two randomly selected pairs are correctly ordered based on their
respective label§i.e., pKd value$. It ranges from 0 to 1, where 1 indicates perfect
agreement betweendtpredicted and observed rankingad is used to evaluate the
discriminatory power of a predictive mod@&onen & Heller, 2005)The formula used
for the calculation o€l is givenbelow:

Cl=VZxoi oG f i TFj) (1)

wherefi ando representhe predictedandrealbindingaffinity valuesfor theith
pair, respectivelyZ is anormalizationconstanequalto the numberof pairsandh(u)
is astepfunction, whichreturns1.0,0.5and0.0for u>0,u=0andu <0,
respectively.

The selected hyperparameters afitdeloptimization are as follows:

- hidden channelsl28
- train batch size256

- weight decay0.001,

- epoch number800,

- learning rate 0.0001,
- head number64,

- layer number2,

- dropout:0.1

Based on the findings presented Tiable 5.1, the HetCRBFC_ECFP4model
demonstrates strong competitiveness \B@TA models for bioactivity prediction. It
performs exceptionally well in Cl and MCC (10Mip scores and achieves scores
comparabldo the besperforming methods in other metridhe performance scores

of different HetCPlI modelarchitecturesalign with the mandomsplit case of
transferaseddowever, it is important to note thaket Davis kinase benchmadiataset

is a mediunsscale dataset witkignificantly fewerdatapoints compared our family
specific largescale datasets. Thereforefify not be representate enoughdespite

its common usage in DTI prediction studiesAdditionally, the dataset is split
randomly, whicihmake the prediction task easier aagh lead to overoptimistic results

due to a lack of generalizability. Consequently, while the HetCPI Imogeld
competitive or even superior performance results compared to other SOTA models,
we believe that the Davis dataset and other widely used benchmark datasets for DTI
prediction may not provide results that accurately reflectweald scenarios. Tlay

they may not be suitable for addressing this complex biological problem
comprehensively.
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Overall, e results highlighthe potential oHetCPlas aKG-based learning approach.
By utilizing the rich structural and contextual information encoded in K{&sCPI
demonstrates its capability affer meaningful insights and accurate predictiéos
compoungprotein bioactivities

Table 5.11. Performance comparison wiBOTAmodels on the filtered Davis dataset.
Standard deviations are given in parentheses.

Average | MCC* | MCC MCC

Method Cl RMSE | Spearman AUPRC | (1uM) | (100 nM) | (30 nM)

HetCPI3FC | 0.744| 0.702 0649] 0776] 041 0.59 0.58

_ECFP4 0.012)| 0.017)| (0.024)| (0.006)| (0.055)| (0.013)| (0.01)

HetCPI3FC | 0.728| 0.746 0.615| 0749| 035 0561 0562

_SELFormer | (0.008)| (0.022)|  (0.019)| (0.007)| (0.037)|  (0.018)| (0.024)

0.707| 0895 0.56 069| 0347 05| 0526

HetCPLECFPY 0.007)| (0.026)|  (0.024)| (0.019)| (0.015)|  (0.022)| (0.015)

HetCPI 0.706| 0.863 0.554] 0699 0.343 0501 0517

_SELFormer | (0.005)| (0.019)|  (0.014)| (0.009)| (0.038)|  (0.023)| (0.033)
0.74] 0695 0.654

MGraphDTA |4 002)| (0.009)|  (0.005) - - - -

MbecProd 0.733| 0742 0.618] 0803 0.424 0572| 0585

(0.004)| (0.009)| (0.009)| (0.006)| (0.014)| (0.011)| (0.01)

CORIOMRLS 0.74] 0769 0.643] 0.773| 0422 0564] 0617

(0.003)| (0.01)| (0.008)| (0.01)| (0.009)| (0.016)| (0.029)

T 0.653| 0931 0.430] 0529 0.229 0298  0.208

P (0.005)| (0.015)|  (0.013)| (0.018)| (0.051) (0.04)| (0.035)

* The MCC classification metric was calculategbinarizing the predictions as active and inactive at
the thresholds of &M, 100 nM, and 30 nM

5.4.5. Exploring thePredictivePower of HetCPI folExtremeValues

Predicting extreme values accuratedn be quitehallengingwhen usingegression
modesk, as thesenodels typically focus on capturing overall trerahd patterns in
data In this subsection, aexaminedhow well theHetCPImodelhandle thesevalues
and evaluate its potential applicability in scenarios where extreme values are
particularly important We compaed the predicted bioactivity distributiongi.e.,
median corrected)f HetCPI and baseline RF modeith the real distribution ofest
data pointsin the dissimilalrcompoundsplit set of transferaseskigure 53
demonstrates that the HetCPI distribution bears a closer resemblance to the actual
distribution in comparison to the RF mod#i the RF model,most predictionsare
concentatedaroundthe mean value of th&aining dataset (i.e., 64, resulting in a
narrower rangdetween 5 and 9. Although HetCPI aksxhibits a similarrangeof
distribution it is more balanceavith ahighernumberof predictionsin ranges ob-6
and 89. However, both modelstruggleto predictvaluesbelow 5 andabove?9,
indicaing thar limited capabilityto predictextreme valueg challenging senarios
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Figure 5.3. Bioactivity distributions of real values, HetCPI predictions, and RF

predictions (a) both collectivelyand (b) separately for test data pointsn the
dissimilarcompoundsplit set of transferases.

To quantitatively analyze the results shown in FiguBz\we calculatedhe percentage
of datafalling within specific thresholdsand compued Spearman scores for the
samples in tbse rangesWe alsodetermined the percentages of true posit(d3s)

for thresholdsabove 6.97 (i.e., the median value of the training datasettlas
active/inactive cubff), and true negatives TNs) for thresholdsbelow 6.97. As
displayed in Table 52, the extreme bioactivityalueswithin the 56 and 89 ranges
correspod toapproximately 1519% of the experimental datavhereas the predicted
values for these ranges are aboflitl1% The percentages drom 35% for
bioactivitiesbelow 5 andabove9 in the experimental datavhile predictions hae
almost zero occurrences in these extreme rar@@sarman performance scores of
HetCPI and Rfprediction models are also considerably low for these extreme fanges
where evenlgyht deviations from real values greatly impact performance ddieeto
limited data. These findingsreveal the limitations of the models in accurately
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predicting extreme values for regression tapleverthelessthe notablepercentages
of TPs and TNsespeciay for HetCP| indicate their ability to correctly classify
extreme valugin binary classificationAlthough precise predictions in challenging
casesare not theprimary objective employing data preprocessing technigsiesh as
oversampling strategiesmn enhancthe success rat# predicting extreme valudsy
transforning imbalanced regression distributions into distributithras approximate a
moreuniform-like distribution

Table 5.12. Evaluation ofHetCPI and RF model predictions for extremeactivity
valuesin thedissimilarcompoundsplit of thetransferasetest set

HetCPI RF
Bioactivity vallTL?:sl, preggttigil, predictioF\;]Z Spearman (%) * (%)
threshold
(%) (%) (%) | HetCPI RE| TP| TN | TP| TN
<5 5.81 0.14 0.0| 0.059| 0.134 -1 850 - 180.7
5-6 15.85 10.78 3.89 0.12| 0.096 - 1787 - 1700
8-9 18.75 5.26 1.75| 0.141| 0.094| 86.0 - 1773
9< 3.15 0.0 0.02| 0.066| 0.252] 85.2 -178.0

*Active/inactive cutoff: 6.97 (median value of thraining dataset)

5.4.6. UseCase Sudy: Evaluation ofBioactivity Predictions for Druggable and
UndruggableProteins

To further evaluate the robustness and reliability of HetCPI, we catlacisecase
study focusing on the predictions for druggable amtiruggable proteinsAs an
example of a druggable protein, we selected PIM1 (Figut&).3?IM1 is a prote
oncogene with serine/threonine kinase activity filays a vital rolen cell growth,
survival andapoptosislt exerts its oncogec effectsthrough the regulation df1YC
transcriptional activity, control of cell cycle progression, andnhibition of
proapoptotic proteingia phosphorylationNotably, dnormal elevation of PIM1 is
associated withvarious types of cancerlt is a promisingcancerdrug target
particularlyin prostate canceiTursynbay et al., 2016)igure 54a displays its co
crystalized structure witra benzofuranone inhibito(PDB ID: 5VUB). In our
transferases training dataset (i188,297 data points in tlikssimilarcompouneésplit
se), PIM1 has 3,019 data pointswith a mean bioactivity value of.7. The PDB
structure in Figure 8b belongs tdhe HER3 protein(PDB ID: 60P9. HER3, also
known as ERBB3is a pseud&inase member of the EGFR family havingignificant
role in tumor progression and drug resistatidike other kinases, itsseudekinase
domain activates itspartner HER family membersjncluding HER2 and EGFR
through alosteric regulationDespite its significance as a therapeutic target in various
tumors, no HER&lirected therapies have received clinical apprevér (Haikala &
Janne, 2021)t has only23 data pointawith a meanbioactivity valueof 5.86in our
training datasetwhich is very low compared to PIM1.
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(b)

Figure 5.4. Co-crystalized 3-D structures D (a) PIM1 in complex with a
benzofuranon@hibitor and(b) HER3 in complex with bosutinib

5.4.6.1. Comparing distributions of predicted bioactivities and prediction differences
of druggable protein PIM1 and undruggable protein HER3

We assessd the bioactivity predictionsof PIM1 and HER3against 422,617
compounds in our KG andisualizedtheir distributions with the horizontal axis
representing the normalized scores based on the mean bioactivity value of the training
dataseti(e., 6.94-in log-scde-), and the vertical axis representing the co(Rigure

5.5a). We also plotted the distribution of prediction differences of PIM1 and HER3 for
each compound (FigureSh). Figure 5.4alemonstrates a significant differeringhe
distributions of the tw proteins(t-test score:1518, pvalue: 0.0) HER3 exhibits a
considerably lower mean score compared to Pl®dnversely, PIM1 demonstrates
the opposite pattern, with a higher mesmore.This discrepancy accurately reflects
the druggability states of ése wellknown protein examples and underscores the
discriminative capability of the HetCPI systeriowever,the predictions for HER3
also include a small number of active compounds with bioactivity values higher than
the mean bioactivity value of thiining dataseti.e., 1,508 data points, 0.36% of all
compounds)While it is possible that some of these predictions may have high errors
due to the imperfect nature of prediction models, it is also worth considering the
possibility that some of theseompounds could represent previously unknown
bioactivities of HER3There have been instances such as KRASein which was
initially considered undruggable but later successfully targeted with specific
compound typef_. Huang et al., 2021)Thereforeactive predictions for HER3 may
also hold potential significance amderit further exploration through experimental
investigations.

Figure 55a alsoreveat aremarkablysimilar distributionshapefor PIM1 and HERS3
proteins with variations primarily observed in the ranges of the distributions
Although the differences betweenpercompound predicted bioactivitie®r two
proteinsdo not follow aconstant or unifornpattern(Figure 55b), ruling out the
possibility of a technical issue or ti@ predictions without meaningful learnings
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resemblance tahe distributions in Figure 5a suggests eacorrelation between
compound features and predictions ttatsistentlyyields similar rankings regardless

of protein featureswhich appearto influencethe values ofbioactivity predictios.

This situation ray arisedue to inherent limitations of the mogdslich asexcessive
convergenceof protein and compound features due to the glmsed learning
process making it challengingto learn disaminative patternseffectively. Another
limitation may be due to thenatural bias presentin experimental bioactivity data
Screening assaytend to beargetcentric,resulting in proteircompound pairs being
predominantly diversified by the compounds.n€equently, prediction models lean
towards learning primarily from the compound sifle.gaindeeper insights intthis
phenomenon, further analyses can be conducted, such as exploring the learned features
of the model and incorporating amerpretability module to understand the model
behavior. Additionally, strategies like weighting protein features to enhance their
influence during the learning process or investigating bindpegific protein
characteristics that potentially contributethe predictions could be explored. These
approaches can help uncover the underlying factors driving the observed similarity in
bioactivity prediction distribution shapes for these distinct proteins, leading to more
robust and accurate prediction models.
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Figure 5.5. Histograns of (a) normalized predicted bioactivity scores in log scatel
(b) prediction differencesfor the undruggable protein HER3 and the druggable
protein PIM1.

5.4.6.2. Compundcentric analysis oPIM1 predictions

We performed additional analyses BIM1 predictions for 3,019 compountaving

measured bioactivity values for PIMih the training dataset of transferases on
dissimilarcompounésplit. Themodel performancen these data samplgielded the

following scores1.11 (RMSE), 0.7%Spearman, and0.36 (MCC) for HetCPj 0.31

(RMSE), 0.99Spearmafn and0.88 (MCC) for baselineRF model While the number

of test data points for PIM1 is limited, we also computed the performance scores for
these 36 test data points to assess model
The results for the test data werd@kws: 1.53 (RMSE), 0.74 (Spearmama))d0.20

(MCC) for HetCP! 1.62 (RMSE), 047 (Spearman)and0.31 (MCC) for RF. HetCPI
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predictionsexhibit closer proximity to the real bioactivity valuesompared toRF
predictions for the test data (i.e., better 88and Spearman scoreldpweverwhen
evaluaing thepredictionsn binary class format, tihe isonly aonesampledifference
between the modefer 36 data pointsThis slight difference leads to a higher MCC
score for the RF model, highlightine sensitivty of MCC measuremertb even
minor variationavhen dealing witlalimited numberof samplesConsidering botlthe
training andtest performance score§themodels for PIM1we can infer that HetCPI
demonstrate more consistent results betwehatraining and test data compared to
the baseline RF modérhe notably high performance scores of the RF model on the
training dataset, followed by a significant drop in performance on the test samples may
indicate a potential issue of memorizing tharing data.

To explore whether specific groups of compounds exhibit higher or lower
performance, wealso performed clustering on the 3,019 compounds based on
Tanimoto similarities using the Butina clustering function of RDKit, setting @ffut

of 0.5. Fgure 56 displays the prediction error box plots of clusters with at least five
membersof 3,019 compoundsTo calculate prediction errors, we computed the
differences between the predicted and real bioactivity vabfegach sample,
expressed as pChEMBL units this plot, lue barsrepresentlusters of compounds
with overestimationswhile red barscorrespond to clustensith underestimations.
Upon analyzing the median prediction errors of compound clusters, it was observed
that tre majority of clusters exhibited prediction errors within the rangd @ind 1.
Additionally, there was a higher number of overestimations compared to
underestimations across the clusters.

Figure 5.6. Prediction error box plots of compound clusters having bioactivity
measurements for PIM1 protein in the dissimdampoundsplit of the transferases
training dataset

To examinethese clustersnore closdy, we selectedne representative compound
structuregfrom each cluster, includinGluster 87 and 133 (ow&stimation), Cluster 17
and 155 (closestimation), and Cluster 89 and 92 (undstimation) Table 5.8
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