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ABSTRACT

The following thesis presents a muttisciplinary computational approach for classifying potential
inhibitors of thehuman serotonin transporter (SERMo three distinct categories: strong binders,
moderate binders, and nbinders.SERT is the primary target fonanyantidepressant3he pipeline
integrates several steps including molecular docking, moleddacriptor analysis, residlevel
interaction profilingand creation of a supervisedachine learningnodel in order to extracand
clarify ligand-SERT interactions A total of 74 compounds with and without known pharmacological
action were studiedthat belong mainly to wide antidepressant categoriesh a5 SSRIs, SNRIs,
TCAs and other unrelated categories which are considesedinders.The categorizatiorof these
ligands into the 3 classes was assigned based on the available intdbitgiant vales (Ki) with
humanSERT receptor from authorized pharmacological sourrésally, molecular docking was
employed with the aid ofAutoDock Vina and fiChimera software to generate the top ten binding
posedor each ligandThe validity of the dockingmpcess and protocol was assessed by comparing the
predicted binding conformation of the known SSRI dréigP a r o x ewithi thee baseline
crystallographic structure from Protein Data Bank (PDB: 5I6X), resulting in a nearly perfect
alignment.A custom Pythonaipt was applied to select the top five outer poses by rankingpem
based on their binding affinity and remieansquare deviation values (RMSBxtensive molecular

and residue detailsvere obtained usingi BI OVI A Di s c oinclading i SSut mifdécoea o
geometric angles and distadcased featuresStatistical analyss wereconductedto examine the
correlations offeatures with the target variable, which is the class label and to detect potential
multicollinearity amonghem Notably, for strondinders hydrophobic residues, suchfasA L A 17 3 0
Al LE ,land® ® HE _ 3wére dound to becritical. Apart fran these, distinct distributions of
APol ar _ Sur and cother Aangalar deatures likk ANGL E_ HdioG A MM Avere
observed Several machine dning algorithmswere trainedincluding Random Forest, XGBoost,
LightGBM, Logistic Regression, SVM and Voting Classifitlested crossalidation techniquevas
integratedto minimize the risk of overfitting, however performance was mnatie due to the
overlapping descriptor disbutions between moderate and adjacent classes-basssl models
outperformed while at the same time facilitatenterpretability of model decisions through SHAP
summary and partial depenaenplots. These plots highlightede most predictive and important
features acros§ STRONG Bl addiA NNGBDE RATE B Iclhbfebs AhG @onfirmed that
moderate binders confusdéhe model. Despite the controversial success of the models theed,
assumptions and limitations under whttle preent thesis wasonducted, areutlined Most decisive

of them is the limited sample size, the static docking simulations and thencsstipt that selected

the five best poses. Nevertheless, the study suggests for future work to incorporate molecular



dynamics simulations froma wider range, includenore targetd receptors for docking that are
responsible for antidepressant activity, such as NET and DAT and molecular fingerprints that capture
atomic level interactions. By this methatie classification acgacy and validity of results will be
indisputable. This thesis lays a foundation for an innovative plan for detecting potential
antidepressants drugs with the aid of several computational boblg,requires a lot of optimizations

to be considered relble

Keywords: Serotonin Transporter (SERT), SERT Inhibitors, Antidepressants, Molecular Docking,
Machine Learning, Supervised Classification, Residesel Interaction Profiling, Molecular
Descriptors, AutoDockina, Chimera, BIOVIA Discovery Studio,F8\P Values, Partial Dependence
Plots (PDPs), Nested Cre¥alidation, Binding Affinity, RootMeanSquare Deviation (RMSD),
Surface AreaPolar Surface Area, ANGLE HAY, GAMMAHydrophobic Interactions, ALA 173,
ILE_172, PHE_341, Random Forest, XGBoost, L@EBM, Logistic Regression, Support Vector
Machine (SVM), Voting Classifier, Static Docking Limitations, Molecular Dynamics Simulations,

Molecular Fingerprints, Muktarget Screening, NET, DAT.
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Chapter 1. Introduction

1.1 Major depressive disorder

One ofthe most common psychiatric disorders worldwidenajor depressive disorder (MDIBased
on the World Health Organizatiof2023) nearly280 million people suffer from depresaiincluding
adults, children angarticularly women Pesistent sadnesgpessimism, feeling oflissatisfaction
permanenfatigue, cognitive dysfunctiondisrupted sleep and isevere cases suicidal thoughts are
among the list oBymptoms of depressioithe healthcare professionatsention that e symptoms
should persist for more than two weeks$o be correlated todepression.Despite technological
advancemest the effcacy of antidepressants remaiebatable with more than 75% of patients
globally do not have access tmeatment,especiallyin low-income countriesThe mostrecognized
theory for the causeof depressionis the monoamine hypothesis. This theory claims thajar
depressive disordes triggered by alysregulation ofpecific neurotransmitterin the human brain
like serotonin (8HT), norepnephrine (NE) and dopamine (DAPelgado, 2000)Based on this
theory, scientists developed thselective serotonin reuptaknhibitors (SSRIsin the mid1980swith
fluoxetine being the first that was launchegyrotoninnorepinephrine reuptake inhibitors (SNRISs)
tricyclic antidepressants (TCAg)nd more recently theerotonin modulatorgHillhouse & Porter,
2015).

1.1.1Selective Serotonin Reuptake Inhibitors (SSRISs)

The majorly of prescribed antidepressant driage SSRIs. Thepperateby blocking the serotonin
transporteiin the pregnapticnerve which raisesserotoninlevelsin the synaptic space and therefore
allows serotonergic transmissiothrough activation of postsynaptic5-HT receptorsthat are
responsible forhandling mood and anxietfChu & Wadhwa, 2023). Common prescribed SRIs
include flwoxamire, sertraline citalopram,paroxetine, andluoxetine (MedlinePlus 2023) Due to
their high selectivity toSERT, theytend tohave less side effects than otbkrsses oantidepressants.
Based on Mayo Clinic, SSRIs pota side dfects includeupset stomach, headaches, drguth,

anxiety, sexuatlysfunctionsand many more.


https://pubmed.ncbi.nlm.nih.gov/?term=%22Hillhouse%20TM%22%5BAuthor%5D

Pre-synaptic
nerve ending SSRI blocking
reabsorption

of Serotonin

post-synaptic
nerve ending

x

Receptor sites

Image 1: Serotonin releasérom presynaptic nerve teynapic cleft with SSRIs blockers in SERTransporter
(Physiopediafn.d.)).

1.1.2Serotonin Norepinephrine Reuptake Inhibitors (SNRIs)

SNRIsare newer drugs than SSRisdas their name revealtheyimplement a dual mechanisioy
which they inhibit both the serotonin anthe norepinephrine transporters. Théads to higher
concentratioa of serotonin and norepinephrine in the synaptic oB#ndy A Sansonglori A
Sansong2014) Usually, this class of drugsuch as Venlafaxine and Milnaciprane prescribecs
first class medicatiotike SSRIs since botthavesimilar side effectsbut fewerin numberthan other
categories like TCAs or MAOs based on the Cleveland Clinic.

*
*, MAO-A MAO-A

comT coMT

"7 neurotorium

Image 2: Serotonin and norepinephrine release from presynaptic nerve to synaptic wigfitSNRIs blockers

in SERT and NET transporters(Neurotorium, (n.d.)).
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1.1.3Tricyclic Antidepressants (TCAS)

Tricyclic antidepressants are the oldest class of antidepressants thdiseeveredn late 1950s and

are still usechowadaysas a secondatyeatment of depression. Their name arises from the presence of
threeorganicrings in their chemicatore structure.Similarly to SNRIs they inhibit the reuptake of
both serotonin and norepinephrine by blocking their respective transpdrewsever,they are
considered as alternative treatmentNtipD, becausé has been mved that theyantagorze various

receptors | ike histamine ( HI)yeceptordexliogato severe side( M1 ) ,

effects, such asedation, constipatiomrthostatic hypertension and cardiovascular conditions like
arrhythmias Moraczwski et.al, 2023).Common TCAs include imipramine andortriptyline
Additionally, there isanother class called tetracyclic antidepressants (TECAS) that operate in a similar

manrer, but they have 4 aromatic rings in their structure instead of three.

L )
- @ &
esicle .‘ *’

. AV A
N == Acetylcholinesterase

-4 neurotorium

Image3: TCAs inhibition of ERT and NET and simultaneousantagonizing of adrenergic, muscarinic and

histamine receptorgNeurotorium. (n.d.))

1.1.4Monoamine Oxidase Inhibitors (MAOISs)

Monoamine Oxidase Inhibitors (MAQIs) were introduced in 1950s trémtment of depression and

are still usedoday as ahird optionfor handlingdepressivesymptoms.Their mechanism is more
complicated than other classes. Inditke mitochondria of the presynaptic neurons, there are two types
of enzymesmonoamine oxiase enzymes MA@ and MAOB. Their role is the degradation of
monoamines like serotonin, norepinephrine, dopamine and tyramine that do not ersynaibigc
vesicles in order to reach balanced concentration of these neurotransmittetsei nerve. MAGS

work by inhibiting these enzymes which therefore increase the levels of neurotransmitters availability

for entering the vesicles and this leads togher concentration release in the synaptic cleft to regulate

11



the mood, attention and motiian of a péient. MAOIs can beeversible or irreversibld=orinstance,

phenelzine and trgylcypromineinhibit both MAOG-A and MAO-B irreversibly, while moclobemide is

a reversible MAQA inhibitor. Selegiline for example,inhibits solely MAOB which is useful for

suferers ofPar ki nsonds di sease. A bavefbeen actubesf provokimhge e f f e«
diarrhea, constipation, drowsiness, insomnia. Howerer, there is a proven danger using these drugs,
because in combination with other antidepressants like SSidg, are likely to cause serotonin

syndrome which is a threaing conditionfor life. Last but not least, a strict dietary plan should be

adjusted to patients when using MAOIs, becahesd drugblock the breakdown of tyramine from
tyraminerich foods lke cheesand beemland as a result blood pressure elevates and this in rage case

leads tacerebral haemorrhage (Lab&nSaadabadi, 2023).

Fig. 1

Postsynaptic Neuron  Presynaptic Neuron

Simplified schematization of the mechanism of action of monoamine oxidase inhibitors

Image4: Mechanism action oMMAOIs inhibition of MAO-A and MAO-B enzymegA. ReyesChaparroet al.,

2023.
DrugClass Mechanism
SSRIS BLOCK SERT AND HAVE FEW SIDE
EFFECTS
SNRIS BLOCK SERT AND NET TRANSPORTER
WITH FEW TO MODERATE SIDE EFFECTS
TCAS BLOCK SERT AND NET TRANSPORTER
PLUSOTHER RECEPTORS WITH SEVERAL
SIDE EFFECTS
MAOQOIS INHIBIT MAO-A/B WITH SEVERE SIDE

12



EFFECTS AND DIETARY RESTRICTIONS

Table 1: Summary of Antidepressants

1.1.5Complementary theories of major depressive disorder

Although all thetreatmentregimens were invented based on the monoamine theory of depression,
scientsts claim that it is a multifactorial condition for humaarsd many other theoridsy to shed

I i ght on fAsolvingd the puzzle of whaS$upparting t he
evidence fothisis the delay onset for antidepressants tokywwhichrangesetweem-8 weeks based
on Cleveland @nic. In addition, only half of the patients taking firahd secondine medications
show reduction of depressive symptoms, while only &@&gnt manage complete recovevedrines
etal., 2022) Another possible cause of depression is correlated to synaptic dysfuf@ttionic stress
and anxiety influence braiderived neurotrophic factor (BDNF) which isnaolecule that regulates
synaptic plasticity in regions of the brain responsiblelédarning and memory processddirandaet

al., 2019). With this way, there is a lassdendritic spines that &€t the neurons in regions related to
mood disorders like prefrontal cortex and hippocamusr(an, Aghajanian 2012).An alternative
theory that has been proposed as major cause for depression is the glutamatergjorgyish is the
main excitatoryneurotransmittesystem.This theory claims thagxposure to strefsl and anxious
environmentscause an imbalance in glutamate concentration in prefrontal and limbic regfothe
brain leadingto synaptic loss and maladaptive dendritic spidglDA (N-methylD-aspartateand

A MP A -afnitb3-hydroxy-5-methyk4-isoxazolepropionic acidleceptors are the drdgrgets with
antidepressant effect that support this hypothedandcora et al., 2012Dther group ofscientists
consider that major depressive disorder is induced bynihiaflammation in the human body.
Elevated levels ofro-inflammatory markerssuch aslnterleukin6 (IL-6), Tumor Necrosis &ctor
TNF-U a mRebactve Protein (CRR)ay a substantial role in mood disordbysreducingBDNF and
stimulaing indoleamine &B-dioxygenase (IDQ)which is an enzyme that removes tryptophan from
the body and produceseurotoxic metaboliteke quinolinic acid (Miller, Raison 2016). Finally,
changes in gut microbiota that ocsafter chronic stress alter the neurotransmissis a result, there

is a destabilization of mood and overadignitivebehaviour. Thisweural signaling is motivated by the
microbiotd gufi brain axis, which enables bidirectionatommunicabn between the central and

theenteric nervous syste(hlwei-Ee Tan, 2023).

13


https://pubmed.ncbi.nlm.nih.gov/?term=%22Ouazana-Vedrines%20C%22%5BAuthor%5D
https://loop.frontiersin.org/people/771856
https://pubmed.ncbi.nlm.nih.gov/?term=%22Duman%20RS%22%5BAuthor%5D
https://pubmed.ncbi.nlm.nih.gov/?term=%22Aghajanian%20GK%22%5BAuthor%5D
https://pubmed.ncbi.nlm.nih.gov/?term=%22Miller%20AH%22%5BAuthor%5D
https://pubmed.ncbi.nlm.nih.gov/?term=%22Raison%20CL%22%5BAuthor%5D

1.2 Central Nervous $stem andhe StructureFunction of the Serotonin
Transporter (SERT)

The anatomy ofhe human nervous systeimdivided intotwo main parts, the Central Nervous System
(CNS) and the Peripheral Nervous System (PN&je autonomic nervous system which is a
component of PNS seems to be highly correlateemotional state as it regulates the involuntary
physiological processes like emotiosasd arousa(Hall et al., 2023)Brain and spinal cord form the
CNS by receiving angrocessinghe signaldrom nerves andranslate them o cognitive, motor and
emotionaloutputs The PNS consists of a network of nerves, Whicanch out of the spinal coeshd
transport the signals from brain and spinal cord to the organs and entire body (Cleveland Clinic, 2023).
Over 100 billion neuronform the nervous systemwhich are thgrimary functional unit. Each neuron
contains3 parts: the cell bodgr soma the dendtes and the axon. The cell body, inside of which
nucleus exig is vital forn e u r lden @esdritescapture signals frorsurrounding neurons and pass
them through cell body and axon tiee adjacennerve cell. The axon is protected from a fatty
mol ecul e cal | ewhichiregulatdshe speed and didtanck that the signal will traatel

the sameaime (National Institute of Neurological Disorders and Stroke, 2018).

Dendrites

' Axon
"o terminal

| Cell body mi't':

—

Direction of nerve signal

Image 5 Structure of ? euron (National Institute of Neurologcal Disorders and Stroke, 2023)

Typically, a neuronhas apotential of -70mV in resting statewhich is called restingnembrane
potential. This meanthatthe internal part of the cell has a negative electrical charge compared to the
external. This electrical paftization is stabilized throughontrolled flow of Na and K in the
membrane cell. Whenrgeuron is stimulatetly the adjacent neuronsypopolarizatiorbegins Above

the threshold potential which ranges freéf® to-55 mV, depolarization starts and an action potential
occurs that opensltagegatedsodium channels and allows a large influx ofism ions to enter the

membrane\ a s k,®2828 $ociety for Neuroscience, 2018).
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In a serotonergic neuron this action paemnwill travel down the axon and as a resultwbkagegated

calcium channelill open, allowingC a | toi eater.sThis influx ofC a Jprovokes fusion of
presynaptic vesicles, thaiggerthe release of serotonin in the synaptic cleft and the adfjaesurons
through their dendrites will receive this signal message. Depolarization stops when the inside of the cell
becomes very positive reaching tk@own overshoot phaseAfter this point, sodium influx stops and
voltagegated potassium channels opeading to efflux of potassium. Cell membrane potential becomes
again more negative in this repolarization step which purpose is to restore the resting membrane potential
(Vask ,CQGYZB;$ociety for Neuroscience, 2018).

Apart from neurons, proteins also play a substantial role in neural function by mediating signaling and
enzymatic activity. Proteins, primarily, consist of huge linear chains, called amino acids thatdold i

a specific thre@imensional structure that is vital for promoting their relevant biologictlity. In
addition, they possess a secondary structure, most common of which ardhees and thé-

sheets. Both are retained through hydrogen bonase Mpecifically, inU-helices these bonds are
formed every farth anino acid, whileinb-s heet s t he known thembackbane sfo ar e
the polypeptide chainThe unique thredimensional shape of each proteionstitutes theertiary
structure.Finally, there is the quaternary structure which is described as the arrangement of multiple
polypeptide subunits in order to interact with each otAlrstructurallevels of a protein are depicted

in Image 6 belowand theydetermine how proteins intetawith other moleculedjke ligands Every

protein has its own unique configuration and amino acids chains and when it is expspedifio
temperatures, pressuyiEH or other chemical reactions, it denagimeaning thaits shape alters. This
modification may be irreversible and therefore ceases to peifsinological function(Lodish et al.,

2016; courses.lumenlearning.com, (n)d.)
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Amino acids

Pleated sheet

Alpha helix ——

Pleated sheet

Alpha helix

Image 6: Structure of Proteingcourses.lumenlearning.conn.d.).

A key pharmacologicalargetfor many antidepressants is the serotonin transporter (SERT) which
consists ofl2 transmembraneleelices(TM1-TM12). Their role is toseparate the intracellular from

the extracellular environment by composing a binding cavity. SERT is responsible fouptekesf

saotonin from the synaptic cleft into the presynaptic neuron. Upon ion and substrate binding, some
conformational changes occur which enable the transport of ions likenN&L and serotonin across

the membrane. Critical regions for the inhibition of &SRre TM1, TM3, TM6 and TM8 which
compose the central binding site of the protein. However, scientists have discovered that some ligands
such as escitalopram bind also on other secondary binding sites called allosteric sites, which affect the
binding dyramics in the central site and stabilize the ligegxkptor complex (Coleman et al., 2016,
Plenge et al., 2020).

extracellular

f*“w§ serotonin
N
H

P ﬁmaceﬂu!ar

serotonin transporter

Image 7: Structure of the Human Serotonin Transporter (SERT)longone, P.2011).
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1.3 Importanceand Toolsfor Ligand-Protein Binding Affinity Prediction

The treatment of major depressive disorder remains a challenging issue, especially from the moment
that a specific cause that triggerstias not been founglet As usual for several diseasamost
experiments rely on the prediction afdindprotein interactions. Tdimainmetic is calledinhibitory
constant (Ki) obinding affinity. It measures the strength of the binding interaction between a protein
like SERT and a potential drughibitor like SSRIs(Malvern Panalytical)The inhibibry constant

(K)) is a type okquilibrium dissociation constant {Kandrepresents the conugation at whictthe
inhibitor-ligand occupies 50% of the receptor sites whercompeting ligand is preseiithe value of

Ki is inversely proportional to the binding strength of the ligand relative to its {@gatdian Society

of Pharmacology and Therapeutics, 2024). Binding affinity is determined by the intermolecular
interactons like hydrogen bonds, hydrophobic bonds, van der Waals bonds and other types of bonds
like electrostatic. It reveals different aspects of the structural and functional part of a protein shedding
light on the drug discovery procesdes the degin of rew therapiesHowever, this study does not

aim to build a regression model thgttows outputvalues of binding affinity, instead it classifies
ligands based on the affinity with SERTraditionally, binding affinity is measured in a laboratory

with severattechniques that are mentioned in Chapter 2.1, but it istiragrconsumingand haslow
throughput. As a result, there is an urgent need for the development of novel computational tools that
calculate binding affinity, speeding up drug discovery proceaséswer costgJarmoskaite et al.,

2020).

1.4 Thesis Objectives and Structure

The mainpurpose of this thesiwasto develop a supervised machine learning model that classifies
ligands based on their binding strength to SERT protein. The categmridatielswere strong

binders, moderate binders and #mnders andverebased orexperimentall\Ki values fromscientific

databases such as EMBL, BindingDB, DrugBankand PDSP Ki Databas&@he model mtegratel

molecular features frorknown antidepressasnisuch as SSRIs, SNRIs, TCAs, TeCAs and serotonin
modulators) alongsideonbinding compounds that were extracted from the molecular docking

sof t wAatoDock Yinab i n ¢ o mb i theavisuabizéion software iChimera . Further
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interaction analysisvas conducted using the softward@/IA Discovery Studio to obtaia variety of
valuablefeatures.By using known classification machine learning algorithths, following study

strived to identify patternsamongmolecular interactions thaiffect bindingaffinity. Last but not

least this work aimedo determine the most predictiamdcritical SERT residues that differentiate
strong binders frommoderateandnon-binders using explainale Al tools. The combination of
docking features and machine learning moels has become a standard practice in the drug
development research due to the mechanistic insights that are provided by docking and
generalization by artificial intelligence.

The structure of this thesis is as follows:

Chapter 2: Literature Review

Descrption of approaches that have been applied for ligand binding classification tasks, including
molecular docking and machine learning technigoeslving SERT protein.

Chapter 3: Methodology

Configuration andlabding of the dataset, ligands and proteirleséion, preprocessing steps in
docking software and extraction of interaction analyfsistures Furthermore, the rpprocessing
steps ofinputs inthe modelare mentionedfeatures are correlated|assification ajorithms are
described and finallymodel training, evaluationof parameters and explainabAl tools are
analyzed.

Chapterd: Results and Analysis

Perform initially all docking binding affinity scores with RMSD values. Additionally, the evaluation
metrics of the algorithms usedeperformed. Lady, the mostpredictivefeatures that drive decision
of algorithmstowards a specific clasgeidentified while also common patterns for distinguishing
the multiclassificationmodel

Chapters: Conclusion andDiscussion

Interpretation of results baseoh biological evidence from literature revieMiEnumeration of
assumptions andimitations of the datasetsuch as sample size or docking assumptidtey
contributions are being pointed out with further suggestions and enhancements for future research in
the field of antidepressant classification tasks with the aid of docking and machine learning and

potentially facilitating drug discovery process.

1.5 Structure of Dataset

The dataset in this study consists of 74 ligands based on known inhibitionnt®i{Kia fromwidely
useddatdases such as DrugBank, ChEMBRindingDB and PDSP Ki Databas®lany of these
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ligands are approved antidepressaatgler investigation moleculesid several known drugs that do
not bind to SERT protein. More specificathye categories are:
I.  Selective Serotonin Reuptake Inhibitors (SSR®)ey usually have high binding affinity,
therefore low Ki values and are labelled as strong binders
[I.  SerotoninNorepinephrine Reuptake Inhibitors (SNRIS)oderate binding affinityvith higher
Ki valuesthan strong SERT bindeasid are labelled as moderate binders
Il Tricyclic and Téracyclic Antidepressants (TCAsand TeCAs) Different class of
antidepressants with moderate Ki valaesl labelled as moderate binders
IV.  Serotonin Modulators and Othkigands: These drugs do not act the same way as SSRIs, they
work as partial agonists or allostenmdulatorsand their Ki values vary.
V.  Weak binders: Known drugs that have minimal to zero interaction with SERT protein and

therefore their Ki values is codgred zero.

Chapter 2: Literature Review

2.1 Laboratory and Computational Methods for Binding Affinity Prediction

There are several ways to calculate binding affinity for a specific ligaoiein complex either in a
laboratory or in a computdrasedmethod.Enzymelinked immunosorbent assay (ELISA) is a |&bel
method where a reagent detects an immobilized ligand bduadhe proteinand thisfacilitates the
screening process. On the other hand, there are also sorriedabekthods, such as isethal titration
calorimetry (ITC) that estimates binding affinity through differences in heat, while surface plasmon
resonance (SPR) estimates affinity through changes in refractive index. In addition, biolayer
interferometry (BLI) calculates light refléoh from a biosensor and gratiegupled interferometry (GCI)
which operates with phashift signals that emerge duritfieinteraction. All these are some of the most
common lakbased techniques for predicting binding affiniyalvern Panalytical). Howeer, thesdab
techniqueshare some disadvantages. Example ELISA has low specificityfor the target molecule,

it is highly expensive and tirreonsuming (Merkel Technologies Ltd). ITC offers unreliable results
when the changes in heat are small bezals final signals weak. Also like ELISA, it is expensive
sincemultiple samples for each ligarsthould be tested (Palaci@stega et al., 2021). The SPR has
low throughput as a negativeharacteristic,while BLI shows poor reproducibility (Nicoya
Biotechnology Company). Last but not least, the GCI system requaessalizatiorand right training

for handling,it is easily affected by environmental factors like vibrations and it is experns$ajealka
Jankovicset al., 2020).
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To overcome these limitationsciertists havebeen focusing on computational methods for predicting
binding affinity of ligands recently. A quick andw-cost method is Molecular Bcking, in which
molecules are tested in various conformations inside the binding pocket of a targeted protein. Another
powerful tool is Molecular Dynamics Simulation (MD) that requires more time and high
computational units that cannot be supported byeotional computers. MD uses Newtonian physics
to simulate how atoms of a specific ligand and protein respond to predefined force fields resulting in
their movement and interactions. With this way, researchers study the molecular lrehadier
approximag¢ physiological conditions in femtosecond or picosecond sdalfar( Aghajaniet al.,
2022). Another widely used tool is the Quantitative Strutticsivity Relationship nodel which is a
mathematical model that correlates ligands binding affinttleshemical descriptors that simulate a
realistic environment for the binding pocket of the ligand without prior knowledge of the exact
geometry of the receptor, facilitating thdole drug discovery procesSHuxing Zhanget al., 2006).

A more straightforward tool, but still very precise, are the free energy calculation forrRtdas
Energy Perturéition (FEP) and Thermodynamic Integration (Tl). These formulas utilize
thermodynamic properties of molecules measure binding energies. However, they demand high
computational costs, since thdimnction is based on comparing two similar ligands throlih
simulations by gradually converting one ligand to the other. To overcome this drawbacRB®M
(Molecular Mechanics PoissbBoltzmann Surface Area) has been discovered, which estimates
binding energy from snapshots of molecular dynamics simulatioh®wtitequiring each time to test

a pair of ligands Brandsdal et al., 2003Recent advancesiowever focus more on developing
accurate machindeep learning models for the prediction of ligand binding affinity. Unlike classical
methods, these models dotnsimulate molecular interactions and structure, rather they include
different types of machine learning algorithms dpaic neural networlarchitectures such as
convolutional neural network€CNNs) andgraph neural networksGNNs). Models are trainedno
large datasets like PDBbind or Binding@®predictby usingseveral key metrics, such smtmean
square errorKRMSE) orarea under the curv&(JC), the binding affinity for a specific ligangrotein
complex. The problem that emerges, though, is thegiity and validity of each dataset. Since the
models rely on large datasets, evaluation and analysis should be carried out by spétiahsts (
Wang, 2024).

2.2 Molecular Docking and Ligand Preparation

Molecular docking is a computéased techniquio fit a potential ligand into the binding site of a
targeted protein. With the aid of integrated searching algorithms, the optimal conformations of a

ligand are found and ranked. There are several software programs available for applying molecular
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docking, such as AutodockVinaiutoDock, DockThor, GOLD, FlexX and Molegro Virtual Docker.
Their differencedie on several aspects dhe following table revealsHan et al., 2019), such as

searching algorithms, scoring functiofiexibility of proteinligand complex,speed and accuracy.

Table 1 Repr fit e for docking
Name Scarch Evaluation method Speed Features & Application arcas
algorithm
Flex X [33] Fi Semi-empirical caleu- Fast Flexible-rigid docking.
algorithm lation on free energy It can be used for virtual screening of small molecule
databases by using incremental construction strategy
Gold [34] GA (genetic Semi-empirical calcu- Fast Flexible docking.
alporithm) lation on lree coergy It is a GA-based i The y and
reliability of this software have been highly evaluated
Glide [35] Exh Semi-empirical caleu- Mediurn Flexible docking.
systematic lation on free cncrgy This soft uscs domain § ledge to narmow the
scarch scarching range and has XP(extra precision), SP
Jard ion) and high th 1 wirtual
screen modes
AutoDock [36] GA (genetic Semi-empirical caleu- Mediurn Flexible-rigid docking.
algorithm) lation on free energy This software is always used with Autodock-tools and it
LGA is free for academic use
{lamarckian
genetic algorithim)
ZDOCK [37] [&] i force field Mediurm Rigid docking.
complement-arity Chen et al. [37] propose a new scoring function which
and molecular combines pairwise shape complementanity(PSC) with
dynamics desolvation and electrostatic and develop the ZDOCK
server [18]
RDOCK [39] G force ficld Medium Rigid docking.
alporithm) The CITARMm-based | Tor refi and
MC (monte carlo) scoring. Besides predicting the binding mode, it is
MIN ially i for high virtual
(Simplex minirmiz- screening (ITTVS) campaigns
twmn)
LeDOCK [40] Simulated i Molceular force ficld Fast Flexible docking.
(SA) LeDock is a new molecular docking program. From the
Genetic algorithm results of the present study [41], since it is fast and
(GA) exhibiis a high accuracy, it is recommended for the
virtual screen task
Dock [42] Fi ion algo-  Molecular force field Fast Flexible docking.
rithm It is widely applicable and is always used in docking
between flexible proteins and flexible ligands
Autodock Vina [6] GA Semi-empirical calcu- Fast Flexible-rigid docking.

(genetic algorithm)  lation on free enenzy AutoDock Vina employs an iterated local search global

optimizer and it is faster than the AutoDock 4

Image 8: Characteristics of commowsed molecular docking software toglBan, J., Fu, A., & Zhang, L.,
2019).

Thegeneral workflow of molecular docking iitustratedon the following outlinglmage 9) Based on

this, thefiles of the targeted protein and ligands should be downloaded from a database, such as
Protein Data Bank and PubChem respectively. These Hé®es been obtained from experimental
methods andontain the 3D atomic coordinates of a specific molecule giryiinformation about

their structure Then, protonatiorstates, charges and hydrogen atoms should be applied correctly to
both structures to reflect a realistic environmettter this the binding site of the protein is
determined either from knowniological sources or from specific software prograRisally, search
algorithms and score functions opertiextract the best poses for each ligand conformdfionres

et al., 2019).
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Image 9: Workflow of Molecular Docking Proces§Torres, P. H. M. etl., 2019).

Based on the liganteceptor flexibility, docking is distinctively separated into 3 major categories

Rigid docking, where both receptor and ligand are rigid and the whole simulation time is much faster,

but it does not reflect the realityo balance this dravack, there is the option of partial flexibility of

ligand and rigid receptor which mbviously more realistic. On the other harekclusivelyflexible

ligand and receptor can be used which requires high computational time cosglaltreimulates the

ideal condition in a living organism, such as hur(ohanty & Mohanty, 2023).
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Image10: Types of Docking Procegdohanty, M., & Mohanty, P. S.2023).
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There are 2 ways to perform the docking simulation. The first one is c##espscific docking,

where the active site of the targeted protein is known from literature or other biological evidence and
the user can adjust the grid bliodxdockim®pc oarnddi nigtl yi.s Tuh
when binding site is umown or if possible allosteric sites exist. It does extensive research in the

whole protein to find the most representative binding pocket of a ligand and it requires higher
computational cost and time than the-specific methodMohanty & Mohanty, 2028

As for the docking model, there are 3 different cagleish are shown in the figure beldimage 11)

First, there is the lockndkey model where both ligand and receptor are rigid and have
complementary shapes for interaction. Secoridlthe inducedit modd, a conformational change in

shape undergoes in the receptor after ligand binding, while in the last model there are more variations

in proteinshape and the ligand binds selectively to one of tfddebhanty & Mohanty, 2023).

1. Lock-and-key model

€ x

Receptor Ligand Receptor-Ligand complex

2. Induced-fit model

Ce @

Receptor Ligand Ligand first binds Ligand makes the
i . to the receptor in receptor to
3. Conformational selection model an incorrect change its shape

y 7-\\‘ conformation to a stable
’( c conformation
- @

\ )
N 4

Different conformational states of receptor Ligand

Ligand chooses the
best conformation
and binds to it

Image 11: Docking Models(Mohanty, M., & Mohanty, P. S.2023).

2.2.1AutoDock Vina

A widely usedand compatibl¢ool for molecular dockings the AutoDockVina which was developed

at The Scripps Research Institute in San Di€gdifornia, and it belongs to the Autaigzk suite
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platform. This tool is applieto the present studyit surpasses in speed aadseupon handlingn
comparison to other software programs by utilizing multiple central processingAtriite same time

it achieves higher accuracy than the poesi AutoDock4program(Eberhardtet al., 2021).Since
AutodockVina is a rwer and more refined version thatmer docking tools, it does not require for

the user taeguate many parameters before implementing the docking simulameohit also enables
multiple docking simultaneously Vina employs aBroyderi Fletchef Goldfarli Shanno (BFGS)
algorithm for local optimization combined with a stochastic global search using Mamnko sampling

to create an iterated local search global optimiZéris iteration is achieved through random
perturbations and local energy minimization steps, causktgnsive search in theonformational

space to find theptimal poses of a testedgtand.A quasiNewton optimization algorithm, the BFGS
method quickly converges on a local energy minimum by approximating the second derivative of the
scoring function, therefore improving docking accuracy (Trott & Olson, 2010).

The outputhat emerges fra molecular docking softwangrogramsis thebinding affinity of a ligand
andsomeRMSD values. These outputs arise from the prediction of some scoring functions which can
be classifiedroadlyinto four categoriedorce fieldbased, empirical, knowledd®msed, and machine
learningbased scorinfunctions. Force fiekbasedunctions apply classicdhws of physicsbased on
energy terms fromproteiri ligand complexnontbonded interactionand internal ligand energtaking

into account the solvent environmeof the docking.The solvent environment is regulated through
continuum models likéoissoiiBoltzmann (PB) or Generalized Born (GB). Exampiéssoftwares
thatintegrateforce fieldbased functions ail@OCK and DockThorEmpirical functionsvork through
regression analysis and match energy terms with experimental known Kdaiwledgebased
functions conduct statisal analysis of the intering atoms of the ligndprotein complex and
convertit into the preferred geometrie¢Guedeset al., 2018 Machine learninghased scoring
functions use known algorithms or neural networks that are trained on large datasets with known
ligand affinities for a specific protein. They do not focus on physicstbutey try t o @Al eal
common patterns from the dataset in ordgmeralize satisfactorily in new unseen samples
(Ballester& Mitchell, 2010).

AutoDockVina utilizes an empirical formula that is the following:

G = -0.0356* Gaussl H{ T 0. 0'0Gads$2)+0.840* Repulsion +( T 0 . O BiyElrbphobic +
( 1T 0. *H§drogen bonding .05% * N_rot,

Where:

1 Gaussl and Gauss2Gaussian steric interaction ternBoth terms reflect the electrostatic

Van der Waals forces between a ligand and a targeted protein (Trott & Olson, 2010).
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1 Repulsion Steric clashks are penalized by this term, meanihgttatoms that are close to
others do nopromotethe occurrence of the interaction (Eberhardt et al., 2021).

1 Hydrophobic: Non-polar regions ofa ligand and protein contribute also to the binding
process (Eberhardt et al., 2021).

1 Hydrogen bonding Hydrogenbonding between ligand and protgmimarily affects the
affinity, with electronegative atoms like oxygen or nitrogen have a higher probability of
accepting a hydrogen atom (Trott & Olson, 2010).

1 N_rot: Number of rotatable bond3his term penalizes thggstem because dfpartial ligand

flexibility decreases the entropy upon bind{iidperhardt et al., 2021).

This formula was derived from tiRDBbinddatasetand it shows the measure of strenigtfcal/mol

of a ligand bindingo a proteinand which type obonds contribute more to the binding procedt$

more negative values indicating strongéfinity (Trott & Olson, 2010)On the other handRMSD

(Root Mean Square Deviation) values indicate the conformational variations of thasesccur
because of # movement of heavy atoms onbased on the besinked pose with the lowest binding
affinity. Two values are obtained, the upper bound RMSD (rmsd/ub) and the lower bound RMSD
(rmsd/lb). The former compares each atom of one pose texdesame on anodr but ignores the
symmetry factor in the molecule. The latter term aims to minimize deviation across poses by
comparing each atom of one pose to the closest element type atom from,deattieg to a more
realistic result (Trott & Olson, 2010; AutoDodkna Manual).Both of them give valuable insights

into the resulting docking simulatiavhich drive drug discovery processes in many cases.

2.2.2 Chimera software

Among the well-establishedmolecular modéing and visualizationsoftware programsis UCSF
Chimera. It wasdevelopedythe University of California, San Francisco's Biocomputing,
Visualization, and Informatics tearbue to itsknown advantages, such as the fldgilettings and
easy handling, it is widely used in the field of structural emhputational biologyespeciallyfor the

drug discovery process. Chimera supports a variety of forlikat®DB, MOL2, SDF, and PDBQT
files. Users can explore in detail thlereedimensional structuref a proteinJigand or a complex and
recognize all tpes of interactions that occur during dockingust inspect the structures alone prior to
any simulation It is very useful for ligand and protein preparation, since specific tasks can be
performed, for example addition of hydrogen atoms, assignmentasfes, removal of unwanted

atoms or chains and adjustment of force field paraméettersen et al., 2004).
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Chimera offers the ability to measure distances, torsions, angles, surface area and binding pockets of a
receptor.lt can be connected to dockieggines, such as AutoDock or AutoDock Vina and visualize

the docking results there. In addition, other software platforms i®&/B\ DiscoveryStudio support

output files that emerge from AutoDock Vina in combination to Chinteraxtract twedimensiona

maps that depicis graphs thenolecular interactions and residues included in the dodimglation

(Butt et al., 2020)A more advanced and newer version of USCF Chimera is ChimeraX which prevails

in functional and modelling settings of the classicsian, though USCF Chimera used in this study.

2.3 Machine Learning Applications in LigandProtein Affinity

In recent yearsthedrug discovery community has focused on inventing machine learning techniques
that overcome the difficulties one facesidg traditionalmoleculardockingandmolecular simulation
software platformsn order to predict binding affinity of a ligan@hese computational tools require
several assumptions during their application, they are highly-doneuming and computatialty
expensive. For this reason, machine learning maatlgspromising solution for approaching ligand
binding either numerically or categoricalla c hi ne | earning model s aim tc
from a variety of molecular or interaction fegsin order to increase the generalization to real world
scenarios with high validity, speed and less cd&bllester & Mitchell, 2010).

Machine learnig methods can be separated i@tdypes, traditional machine learning meti@ahd

deep learning tecliues. In the former case, traditional algorithms, such as Random Forest, Logistic
Regressionk-Nearest Neighborand XGBoostare employedn a model. Ador featurestheyusually
consist of molecular desptors, like molecular weight angblar surfacearea, molecular intecéion
details, such as hydrogenydrophobic bonds, angles etc. and some specific residue analysis of the
binding site of the proteilModels are trained on approved and large datasets, for example BindingDB
and ChEMBL and they canse different purposes. Regression tasks involveddtermination of a
continuoushumerical value which in such caseshe binding affinity of a ligand to a specific protein

or receptor. On the other hand, there are the classification models, eitrgrdyimulticlassification,

in order to categorize a number of ligands based on one or more feSewveral evaluation metrics

are used tevaluateresults, such a®ot meansquarecerror (RMSE)andmeanabsoluteerror (MAE)

for regression analysis, Fstore, accuracy, precision and recall for classification prob{gviang et

al., 2024).

A more sophisticated approach than the traditional machine learning models, are the deep learning
algorithms. The advancement is due to the spatial component thatcdueyintegrate in training

process.This means, that deep learning algorithms learn from raw molecular formats instead of
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receiving inputs of molecular featurestracted from other sources, such askdagand Visualization
Softwares Convolutional neurahetworks (CNNs) can interpret and understand the -tiraensional
coordinates oftoms included irthe proteinligand complexwhile Graph Neural Networks (GN)s

utilize molecular graphs where atoms and bonds are represented as bonds and edges yespectivel
(Torres et al., 2019).

In the context of the followinghesis, a supervisadachine learning framewomkill be constructed to

classify ligandsased orserotonin transporter (SERhibitorsas stong, moderate and ndrinders.

Intrinsic molecularcharateristics interaction informatiorand residue level contact analysis derived

from the dockingand visualizatioprogramswill serve as inpub the machine learningodel.

2.4 Related Work on Ligand Binding Prediction and Machine Learning in
SERT and bcking Studies

Predictingligand protein binding interactionsomputationallyhasbeena vital component of drug
discoveryin recent yeardn the vast majority of studiethe serotonitransporter (SERT) has been the
main focus of ligand screenindn depressionresearch and has been used dotentialinhibitor or
modulator identificationMachinelearning (ML) integrated withmolecular dockingeatures show
increasedreliability and costeffectivenessof experiments decrease screeningtime and decode
structuré activity relationshipsin this section relevant studies haveformedthe presenthesis in the
contextof docking, datasestructureand ML classificatiorfor predictingligandsbinding to SERT
protein transporter.

In the study titledii P r 8od iofc5-hydroxytryptamine Transporter Inhibitor Based on Machine
L e a r nreseagcbersnanagedo apply a binary classification tasklated toSERT inhibitors and
norrinhibitors. Samples were collected from ChEMBL and DrugBank databases and wergedepara
based on the IC50 variablkCsg is the concentration of thmympetitive antagonisequired to reduce

the activity/binding of amgonistto a specific enzymeeceptoror transporter by 50%Canadian
Society of Pharmacology and Therapeutics, 2089 eci fi cal | vy, compounds wit
labele d as i nhi bitors, whil e t hose -inhibitorkyThe dataset > 100
consists of 812 inhibitors ardtD0 noninhibitors. Forthis reason SMOTESynthetic Minority Over
sampling Techniquejechnique was applied to reduce #evereclass imbalance. Final number of
samples reached 1920 and a variety of featun@sding circular topological andphysicochemical
descriptors fronRDKit tool were extracted These features captun®t only the atomic correlations

but alsothe global structure of the comple@onventional machine learning algorithms were applied
suchas Random Forest (RR;NearestNeighbor (KNN),Support Vector Mchines (SVM), Logistic

regression (LRandVoting ensemtd Qassifier (VOL_CLF). The results of this model prove that on
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internal tests precision in inhibitors of SERT rash@@m 90.7%in Random Forest, to 93.3% in the
VOL_CLF algorithm. Highest recalivas achieved also with RAn noninhibitors highest precision
wasachieved with RF classifier and highest recall witbL_CLF. On the external test set, RF again
showed betteperformancein norrinhibitors with precision 95.7% and recall 73.3%spectively

while in SERTFinhibitors the results were nsétisfactorily Kong et al., 2019).

Another research approach caeted by Sharma and Dang in 202#as to compare the binding
affinity and irteractions of phytochemical compounds with SERT protein to the standard SSRIs, for
possible antidepressant activityor docking,AutoDock 4.2 softwareand theLamarckian Genetic
Algorithm (LGA) wereused, while for visualizatioBiscovery Studio Visualize2020andPLIP. Ten
natural compounds were downloaded from PubChem database andngsiedllel tothe standard

drug Paroxetine and the results are in the following t@dirlage 12)

S.No Name of Natural Binding Amino acid residues Showing Interaction
Compound/Standard | Energy(kcal/mol)
Drug
1 Withaferin A -8.75 ASP401,LEU25,LEU29,PHE320,ALA319,VAL33,ILE111
2 Piperine -6.80 ARG30,LEU25,LEU29,AL A319,VAL33,ILE111
3 Hyperforin -6.80 ARG30,ALA319,VAL33,ASP404,PHE405 ILE475, TYR471,TRP467
4 Naringenin -6.62 ALA319,PHE320,LLEU162,VAL393,LEU400,SER399
5 Resveratol -6.60 ARG30,LEU25, LEU29, ALA319,VAL33,ILE111,GLY26PHE253
6 Hypericin -6.53 ARG30,ALA319,VAL33,GLU37,PHE405,TRP467, THR409,1LE249
Paroxetine (Standard
7 Drug) -8.05 ARG30,LEU25,LEU29,ALA319,PHE320,VAL33,GLN34, PHE253

Image 12: Binding Energy and Amino acids residues involved in indetions wit the Ligands and standard
drug Paroxeting(Sharma, S., & Dang, $2022).

As theabove table depicts, although it is known that paroxetine strongly binds to SERT with binding
affinity here -8.05 kcal/mol,Withaferin A outperformed in bindinggnergy and shared 5 common
amino acids residues in binding site interaction with paroxetine, indicating that it could be helpful in
treating depressive symptoms. However, the rest molecules did not show any promising antidepressant
effect based solely oririing energySharma S. &angs., 202).

As for the study fASynthesis, mol ecul ar docking
i nhi bitorso dassovashestedcalted arytpiperidine oxime ethers for possible SERT
inhibition. Reference drugs were paroxetine and fluoxetine. Ten compounds were tested in different
staeoisomeric forms, which emerge from the différspatial conformationtheir atoms have around

the double bondA combination of experiments was conducted to ingest structuréactivity
relationships (SAR)Radioligand binding assays in a laboratory environmeétit the radielabeled

[ | -proxetineand docking simulations ithe computational tooGOLD were appliedThe inhibition

constant (Ki) for the ethersmged from 10.28 nM to 396.5 nM for SERT, while it was 0.31 &0

for paroxetine and fluoxetine respectively. Throufgitking simulations, researchers came up to the

conclusion that the primary binding site for known SSRIS is betwra@smembrane regienT M1,
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TM3, TM6, and TM8 of SERT protein. Key residues in these regions are aspartame 98, which forms
electrostatic bonds with the amine group of paroxetimeonine 439 that forms hydrogen bonds and
finally tyrosine 95 Phenylalaning41, andAsparaginel77 thatenable hydrophobic interactions. All

these residues ar@ agreement withwhat literature mentions about critical residues for SERT
inhibition (Nencetti et al.2011)

In their generalreview, Crampon et al. (20R#y to overcome the limitationsf traditional molecular
docking techniques witimtegratedmachine learning and deep learning pipelifd®se disadvantages

lie on the fact that docking requires high number of computational units while at the same time scoring
functions and accuracymain a controversial issue. A machine learning model approach is proposed
cal ISEYE-SEoréd whi ch encodes s pecoaotdrdigand bimdsig iy wsng t hat
variables related to individual energy terms, such as Van der Waals interactict®seléc and
hydrogen bonding. The machine learning model is then trained on these input features in order to
define the structure of the complard the pattern of the interactions that occur locally. In addition, it

is underlined, that for better andore valid results, explainable artificial intelligence algorithoas

be implemented, like Random Forests or Decision Trees feature importancd hadis.tools allow
researchers to link specific residues interactions with known physical quantitiesxaimple
molecular weight or polar surface area. In conclusion, this combination of structurally and bilylogical
meaningful features increase theneralizaility of the models with more reliable and quicker results

than conventional docking, making it aefid tool for the drug discovery communitgrampon et aj

2022).

An informative research paper that analyaeroughlythe key residues that are involved in SERT
ligand binding has been conductedArydersen et ain 2009. Research team tested the kn@&RI
drug fAescitalopramo with the curltis¢heaSendntiormenaf n a me s
racemiccitalopramwhich is more potent and selective thawtiRlopram. To explore the bindirgite

of this known SSRI, scientists combined mutational mapping and mod#liinggh radioligand
binding assays and docking simulatio8sty four mutations were applied to SERT in order to define

the most critical residues that are highly connected imitlibition action. The critical region was

between transmembrane regions TM1, TM3, TM6 and B&sl&e following image shows.

Image 13: Critical Binding sites of SERT inhibition(Andersen, J. et al, 2010).
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As severakesearch papers revetilere aranany residues that affect SERT binding. However in this

study, the most critical seemed toBéR95, ILE172, PHE341 SER438 ASP98andASN177which

altered the inhibition constat to 406fold meaning much weaker inhibitioRirst 3 residues were

involved in hydrophobic bonds, SER438 in polar, ASP98 in electrostatic interactions and ASN177 in
hydrogen bonding (Andersen et al., 2010

One of the most recently published research papétledsii Pr edi ct i ng SelUptakei ve Se
Inhibitors Potency:Machine Learning and Molecular Docking Approach and was conduc!
Adejoro and Adewara in 202%he goal was to predict the potency of 2616 ligands for SERT protein.

They used acheminformatictool name d A RP@esEdr i pt or 60 i nl2 maledudrr to e
fingerprints, each of whiclgives a different structural and molecular information. For example
AMACCSd is a binary vector that shows the prese
such as aromatic rings. In additidi; st at e 0 d erm researghéroabait thie eléctronic status

and the polarity of the proteini gand compl exiRowhiol ef i milee-boi Ima
dimensionalvector that acts a8 MACCS 0, but it integrates a | ar g
number of subgroups taarch for.Ten ensemble machine learning algorithms were trained and the

best results were obtained with Extra Trees Regressor in combination with the KRekbta

fingerprint. Coefficient of determination R] ) wa s c¢ androal inear sguire 8ImFMSE)

0.01 The former proves that the model can effectively explain the variance of inhibition constant
results, while the latter shows that predicted values of Ki do not differ significantly from real values.

Both metrics increase the generalizabitifythe model and research in general. Tifig molecules

with the lowest Ki value were then selected for docking studies andhdtimn paths withiSERT

protein by using AutoDock Vina and PyRx software platfor®sveral compounds performed better

than khown SSRIs in the binding affinity tetnTYR95, ILE172, and SER438 were the critical

residues that facilitate SERT binding as it was indicated by the interaction analysis. These residues are
located in the S1 domain of the binding pocket and the firsttitipate in hydrophobic interactions,

while SER438 in hydrogen bondiigdejoro & Adewara, 2025).

Chapter 3. Methodology

3.1 Overview of the Workflow
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The presentstudy proposes a hybrid computational approach that integrates molecular docking
simulaions, deep interaction analysis and machine learning model in order $dyclamnds based

on the affinity they have with SERT protein. First steasto obtain the structure of SERT from
RCSB protein Data BankPDB ID: 516X) and prepare it effectivelfor dockingin UCSF Chimera
software Similar procedurevas applied to the 74 ligands thabmprisedthe datasetand then they
weredocked to the protein with the aid AtitoDock Vina. Chimeraemabledvisualization of the top

10 ranked poses, while thrdug customscript in Python thebest five wereselectedtaking into
account bothbinding affinity and RMSDvalues. Structural analysiwas then conducted through
BIOVIA Discovery Studio to extract a variety of meaningful featuedated tointeractiors, residues

and geometrical detail&x comprehensive dataseisconstructed consisting of hundreds of features,
while for samples the top 5 poses for each ligarteaggregated by the edian value into oe single

vector, resulting in 74 ligands. Categoriman was made into strongnoderate and nebinders with

SERT based on experimentally validated Ki values from established databases such as ChEMBL,
PDSP Ki DatabaseDrugBankand BindingDB. A supervised machine learning model pipeline was
built and classidaalgorithmswere trained and evaluated trese features. Finally, explainable Al
techniqueswere applied to capture the most informative and predictive features faletision of
models With all this pipeline, virtual screening process for the disgowé antidepressant drugs can

be facilitated. However enhancements and additions should be implemented in order to be considered
a scientifically reliable approach.

3.2 Ligand and ProteirSelection andPreparation

3.2.1 Protein Preparation

The target protein usedin this study was retrieved from RCSB Protein Data Bank and the

identification number is 516X.
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Image M: 516X structure in Chimea.

The image abovewhich shows paroxetine bourid the central ise of the proteinwas obtained
through xray crystallography and ha&&. 14 |  r56X structute indudes apart from the main
chain A (blue colar in image %), which is the human serotonin receptor protein, chaifgrBen
colour) and chain Gred colair) which are heavy and light chains resipeely of the 8B6 monoclonal
antibody derived froniiMus musculus. Theywere placed only for crystallization purpose and that
wasto stabilize SERT proteinn addition, chain A is surrounded by several ligands. SodNa),
chloride iongCl") and watemoleculeqH20) enable thgrope functioring of the protein. Cholesterol
(CLR) on the other side might be useful for stabilizing the membrane protein environment, while
DodecylbetaD-maltoside(LMT) is a detergent molecule. Both seem not to contrittbe binding
process of a ligand in SERZ-acetamide2-deoxy-betaD-glucopyranose (NAG) is observed only in
glycosylation sites far frorthe binding pocketParoxetine is mentioned as 8PR and it is the reference
ligand in the whole structur@he actualprotein sequence of human SERT is depicted in imége 1
which was obtained from UniProt database (ID: P3164i5)consists of 630 amino acids and its
molecular weight is70.325Daltons. The protein sequence thafis used in the presenstudy is in
image B.

10 20 30 40 5@ 60 70 80 90
METTPLNSQK QLSACEDGED CQENGVLQKV VPTPGDKVES GQISNGYSAV PSPGAGDDTR HSIPATTTTL VAELHQGERE TWGKKVDFLL

100 110 2 139 140 150 160 170 180
SVIGYAVDLG NVWRFPYICY QNGGGAFLLP YTIMAIFGGI PLFYMELALG QYHRNGCISI WRKICPIFKG IGYAICIIAF YIASYYNTIM

190 200 210 220 230 240 250 260 270
AWALYYLISS FTDQLPWTSC KNSWNTGNCT NYFSEDNITW TLHSTSPAEE FYTRHVLQIH RSKGLQDLGG ISWQLALCIM LIFTVIYFSI
280 290 300 310 320 330 340 350 360
WKGVKTSGKY VWVTATFPYI ILSVLLVRGA TLPGAWRGVL FYLKPNWQKL LETGVWIDAA AQIFFSLGPG FGVLLAFASY NKFNNNCYQD

370 380 390 400 410 420 430 4409 450
ALVTSVVNCM TSFVSGFVIF TVLGYMAEMR NEDVSEVAKD AGPSLLFITY AEAIANMPAS TFFAIIFFLM LITLGLDSTF AGLEGVITAV

n

460 470 480 490 500 510 520 530 40
LDEFPHVWAK RRERFVLAVV ITCFFGSLVT LTFGGAYVVK LLEEYATGPA VLTVALIEAV AVSWFYGITQ FCRDVKEMLG FSPGWFWRIC

550 560 570 580 590 600 610 620 630
WVAISPLFLL FIICSFLMSP PQLRLFQYNY PYWSIILGYC IGTSSFICIP TYIAYRLIIT PGTFKERIIK SITPETPTEI PCGDIRLNAV

Image 15: Protein Sequence of human SER(DniProt databaselD: P31645).
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oibx.pdb (#0) chain A 74 GSQGERETWGKKVDFLLSVIGYAVDLGNVWRFPY | CAQNGGGAFLLPYTI
oi6x.pdb (#0) chain A124 MA | FGGIPLFYMELALGQYHRNGC | SIWRKICPIFKGIGYAICI IAFYIA
Si6x.pdb (#0) chain A174 SYYNT | MAWALYYL | SSFTDQLPWTSCKNSWNTGNCTNYFSEDN I TWTLH
Sifx.pdb (#0) chain A224 STSPAEEFYTRHVLQIHRSKGLQDLGG | SWQLALCIMLIFTVIYFSIWKG
9i6x.pdb (#0) chain A274 VKT SGKVVWVTATFPY IALSVLLVRGATLPGAWRGVLFYLKPNWQKLLET
oibx.pdb (#0) chain A324 GVW I DAAAQIFFSLGPGFGVLLAFASYNKFNNNCYQDALVTSVVNCMTSF
5i6x.pdb (#0) chain A374 VSGFVIFTVLGYMAEMRNEDVSEVAKDAGPSLLFITYAEAI ANMPASTFF
5i6x.pdb (#0) chain A424 A1 [ FFLMLITLGLDSSFAGLEGVITAVLDEFPHVWAKRRERFVLAVVITC
Sifx.pdb (#0) chain A474 FFGSLVTLTFGGAYVVKLLEEYATGPAVLTVALIEAVAVSWFYGITQFCR
9i6x.pdb (#0) chain A524 DVKEMLGF SPGWFWR | CWVA I SPLFLLFIASFLMSPPQLRLFQYNYPYW
5i6x.pdb (#0) chain A574 S| | LGYAIGTSSFICIPTYIAYRLIITPGTFKERIIKSITPETPTLVPR

Image 16: Protein sequence of human SERT structure 516X from RCSB

First of all SERT protein transporter (516X) was imported in SviRsthViewer (DeepView) software

for a deepenednspection of the structure. It is a widely used computational tool for identifying and
repairing missing atomand residues of a given proteiMutations can also be recognized and
engineered forfurther simulation purposeds the following tablereveals(Table 2) there were
several missing atoms in different residues of SERT structure. As a 8sigdsPdbViewerwas used

in order to ensure the accuragplacement of missing parts aadifacts of the protein, leading to a

more realistic envanment in the docking process.

ID RESIDUE CHAIN RESIDUE MISSING
NUMBER ATOMS
1 GLN A 76 CG, CD, OE1,
NE2
2 ARG A 79 CG, CD, NE, CZ,
NH1, NH2
3 TRP A 82 CG, CD1, CD2,
NE1, CE2, CES3,
Cz2
4 TRP A 82 CZ3, CH2
5 ASN A 145 CG, OD1, ND2
6 LYS A 201 CG, M, CE,NZ
7 GLU A 215 CG, CD, OE1,
OE2
8 LYS A 275 CG, CD, CE, NZ
9 GLU A 463 CG, CD, OE1,
OE2
10 ARG A 464 CG, CD, NE, CZ,
NH1, NH2
11 GLU A 494 CG, CD, OE1,
OE2
12 GLN A 562 CG, CD, OE1,
NE2
13 LEU A 597 CG, CD1, CD2
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14 ILE A 598 CG1, CG2, CD1
15 ILE A 599 CGl1, CG2, CD1
16 THR A 600 0G1, CG2
17 THR A 603 0G1, CG2
18 PHE A 604 CG, CD1, CD2,
CEl, CE2, CZ
19 LYS A 605 CG, CD, CE, NZ
20 GLU A 606 CG, CD, OE1,
OE2
21 ARG A 607 CG, CD, NE, CZ,
NH1, NH2
22 ILE A 608 CGl1, CG2, CD1
23 ILE A 609 CGl, CG2, CD1
24 LYS A 610 CG, CD, CE, NZ
25 SER A 611 0oG
26 ILE A 612 CG1, CG2, CD1
27 THR A 613 0G1, CG2
28 THR A 616 0G1, CG2
29 GLU B 20 CG, CD, OE1,
OE2
30 ASN C 232 CG, OD1, ND2

Table2: Missing atoms of residues in 516X structure from RCSB

After these modificationsthe structurewas uploadedinto UCSF Chimerafor further preparation.
Chains B and Qvere deleted, as theyddnot participate in ligand binding. As for ttem-crystallized

ligands they were evaluatedn order to beretained orremovel based on biological relevance.
Dodecyltb-D-maltoside (LMT)andN-Acetyl-D-glucosamine (NAGWwere deleted since they diubt

fall into the binding pocket of SERT protein. Water molecules, sodium and chloridewenas
maintainedhot only becausthey promotethe function of the transportdoutalso are located near the
binding site and are the target molecules for many ligands. Cholesterol (CLR) was also kept since it is

a valuable molecule for membrane stabilization. Fingllypoxetinewas not removedt this stage.

Following this cleanupnex crucial stepivasto replace the mutations that erdin structure. From
the validation report of 5k in RCSB Protein Data Bank it wadbvious that 4 mutations have been

engineeed in chain A (Image 17).
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Chain | Residue | Modelled | Actual Comment Reference
A 74 GLY - cloning artifact UNP P31645
A 75 SER - cloning artifact UNP P31645
A 291 ALA ILE engineered mutation | UNP P31645
A 439 SER THR | engineered mutation | UNP P31645
A 554 ALA CYS | engineered mutation | UNP P31645
A 580 ALA CYS | engineered mutation | UNP P31645
A 619 LEU - cloning artifact UNP P31645
A 620 VAL - cloning artifact UNP P31645
A 621 PRO - cloning artifact UNP P31645
A 622 ARG - cloning artifact UNP P31645

Image 17: Discrepancies of modelled and refamce sequencgralidation report of 516X RCSB Protein Data

Bank).

By the optionrepresented in imageBlin Chimera alanine 291lwas selected and replacedth the

actual amino acid isoleucin@ his was achieved through theotamer selection library andnore

specifically the Dunbrack2010 library which provides statistical datfor possible side chains

conformations based on probability scores. For example in casplatement of alanine 291 with

isoleucine(Image 18) the first conformation was applisihce it ha approximately 77%probability

of occurence. Chi 1 and Chi 2 columns wehe torsion angles of side chains arouhéir bonds,

reflecting the final structure of the replaced region. Same procedurdoli@sed for the rest 3

mutations. Seri@ 439 was replaced by threonine, while alanine 554 and 58Ddygteire amino

acids

Command: select :291.A

= Choose Rotamer Parameters

from Ad

epen
iaptive Ker
Structure, 19, 844-858

riel Deasity Estinates and Regressious |

Show rotamers for selected resiues. .
Rotamer type: ILE —

Rotamer lbrary: Dunbrack 2010 —

for Proteins.
v

4

Image 18: Rotamer library for handling mutations
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= AL 2917 A Side-Chain Rotamers

Select Columns

Chi Chi -

1 5 Probability
-68.1 168.5 O0.7721e9
-64.5 -61.2 0O.l159c02

-169.8 61.2 0_.024c72
-167.0 168.3 0.0212357
-82.5 52.2 O.00s047
63.6 171.5 ©.004445
&1.6 Q2.2 0.000406
-164.1 -80.1 O.000276
66.2 -71.1 o©.00o0025

Image 19: Side-chain rotamersprobabilities

After rotamer replacement, geometric clash analysis was perfofyethe Find Clashes/Contacts
option in Chimerait was manageable identify potential steritiindrances to the whole structure and
minimize these steric effects for a more realigtiotein environment. Initially,unprocessedI|6X
complex hd 12.24 clahscoreand was calculated from MolProbityeb-based tool.This metric
reveals the number of clashes 800 atoms. Clashegerederived from overlaps amnrealistic van

der Waals interactiorsndwerevisualized in Chimera for further optimization.

The ninimization of structuravasachieved through twmajor steps. Firstly, local minimizatiowas
performedwith 200 steepest descent steépshe four mutated amino acids from rotamer library. In
addition, several steric clashes, especially in critical regmf the protein that are shown from PDB
files or MolProbity were alleviated. Raw crystal structure, @seviously mentioned, had 12.24
clashscorewhile after the usage @wissPdbViewer the number increased to 20.52 possibly due to
the addition of mising atoms and reconstructed chaifis. compensate this high value, a global
minimization stepto thewhole protein was applied. Conjugate gradient steps were set at 10 in order
for the system to converge fasteradocal minimum. With this way, high strss and clashes in
structurewere reduced.For this reason, the clashscore of the final structure after local and global
minimization steps was calculated 3.3 in MolProbity, increasing the validity of results and the docking
simulations.

Next stepcrucialfor dockingwasthe Dock Preptool from structure editing option in Chimefianage

20). Solvent and nomomplexed ions optionwere deactivated, because water and ions of sodium
( N aand)chloridg( C lwer@present in the structure and critical for liganddingand functionality

of protein Incomplete side chainserereplaced from Dunbrackotamerlibrary. Another important

step for docking and scoring functiowasthe addition of hydrogen atoms at physiological pH which
werenot represented in-Xay FDB structure. Last but not least, partial changeseassigned byising

the GasteigerMarsili method. This is a fasheuristic and iterative algorithm thaalculates charges

based on the electronegativity and polarizability of the atoms participatibgnids while it also
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accounts for the role and influence of the adjacent atoms whether they are donors or acceptors of
electrongGasteiger & Marsili, 1980).

=. Dock Prep — a =

Molecules to prep:

Swiss-pdbviewer for missing atoms of 5i6x and replace mutations and clashes and energy|

il

-

For chosen molecules, do the following:
™ Delete solvent
I Delete non-complexed ions
¥ If alternate locations, keep only highest occupancy
¥ selenomethionine (MSE) to methionine (MET)
¥ bromo-UMP (5BU) to UMP (U)
Change:
M methylseleny-dUMP (UMS) to UMP (U)
¥ methylselenyl-dCMP (CSL) to CMP (C)

¥ Incomplete side chains: Replace using Dunbrack 2010 rotamer library —i

¥ Add hydrogens
¥ Add charges
I~ Write Mol2 file

Publications using Dunbrack 2010 rotamers should cite:
Shapovalov, M.S., and Dunbrack, R.L., Jr. (2011)
A Smoothed Backbone-Dependent Rotamer Library for Proteins
Derived from Adaptive Kernel Density Estimates and Regressions
Structure, 19, 844-858. @

Image 20: Dock Preparation in Chimera

The resulting structure that includithe above stepsamely deletion of unwanted chains and ligands,
handling of clashes, minimization of protein and docking preparatiaathe following (Image 2).
Blue colar is N&, green is Cland yellow is the bounplaroxetine.
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Image 2L: Final SERT structure fordocking

3.2.2 Ligand Selection

The selection of the 46 ligands for dockiietjowedthe specific criteria below:

1. Similar assay typeSince the categorization of the datasasbased on inhibition constants,

the assays from which Ki valuegere obtainel mustbe comparableFor this reason, only
radioligand binding assaygereincluded that reflect directly ligand binding instead of uptake
inhibitions that show the functionality of the protein.

2. Validated radioligandsRadioligandthat were approved for se were known SERT selective

compounds, such@§sj Par ox et Cintea |l d p rHdmipramnimel [ | H]

3. The experiments must involve only human SERT proteinanimal based experiments were
excluded.

4. Ki valueswereobtained from validated dataless for exenple ChEMBL, PubChenRPDSP
Ki Database fronNIMH Psychoactive Drug Screening Progrand DrugBank.

5. The present study focussolely on Ki values. This means that studies which calalitstteer

similar variables likehalf-maximal inhibitory concentratiodC50) or Kd were excluded.
The datasetvasdivided into2 parts. First part incluge21 compoundswithout any brand ogeneric

name in literature. They may be under investigation for posaitildepressaractivity or they may be

tested instructureactivity relationship(SAR) studies, where different derivatives of the same initial
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ligand are examined.he second part includes B§ands with known antidepressant action in human
SERT protein such as SSRI 6s, SNRIG6s, TCaorss, TeCAOGs an
As for the 21 compounds, theyere retrievedrom 2 literature sourcesn first study severaindole
cyclopropylmethylamines analogues weexamined as potential selective serotonin reuptake
inhibitors. Although the authors mentitimat they applig radioligand displacement assaise exact
radioligand is not statedHowever,it is mentioned that binding affinitiesere determined based on

|l iterature methods fr om -ctaldpram was esede(Eabec dt al.p28Q5be r s ,
(Schmitz ¢ al., 2005). Theexperiments were conductadvitro usinghuman SERT proteinattson

et al., 2005).

On the other hand, the other stuatalyzel new compounds of piperazine and diazepane amiiths
simultaneousserotonin reuptake inhibition and histamif3 receptor antagonisnAs described in
reference 13 of the study, researchers used radioligand binding assayFHiditalopram to
determine binding affinities of tested ligan{®arbier et al., 2007)Similar to previous study
experiments were condied in vitro by using hSER{Ly et al., 2008).

In conclusion both studies, although theg Kot clearly mention theexactstepsfor their experiments,
they mé the above criteria to a great extent. For this reason, their findings and calcuati@ens
integrated into the present the&ig forming a big part of the datasd&elow is a tablewith 20
compounds from the 2 aforementioned studied their experimentally measured inhibition constants
(Ki) against human SER{Table 3) CID_44351345 is a testedyand from another research paper,
where radioligand binding assayasimplementedwith [*H]paroxetine in humansTékeuchi et al.,
2006).

ID Compound Ki value SERT Inhibition

1 CID_11310988 0.56 STRONGLY
BINDING

2 CID_11447499 2 STRONGLY
BINDING

3 CID_11535974 59 MODERATE
BINDING

4 CID_11608403 0.58 STRONGLY
BINDING

5 CID_11623136 1.8 STRONGLY
BINDING

6 CID_11658763 230 MODERATE
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BINDING

7 CID_11673089 100 MODERATE
BINDING
8 CID_11694324 2.1 STRONGLY
BINDING
9 CID_16006089 3.3 STRONGLY
BINDING
10 CID_24855949 229 MODERATE
BINDING
11 CID_24855953 2.9 STRONGLY
BINDING
12 CID_24855981 94 MODERATE
BINDING
13 CID_24856012 68 MODERATE
BINDING
14 CID_24856046 702 MODERATE
BINDING
15 CID_24856107 5 STRONGLY
BINDING
16 CID_24947569 5 STRONGLY
BINDING
17 CID_24947939 37 MODERATE
BINDING
18 CID_24964158 0.8 STRONGLY
BINDING
19 CID_44351345 0.24 STRONGLY
BINDING
20 CID_44390396 4 STRONGLY
BINDING
21 CID_44456154 3.7 STRONGLY
BINDING

Table 3: Unknown compounds with Ki values for hNSERT

Below isanother table with ligands thatwereincluded in my datas€fable 4) Thesewereknown

SSRI 6s

’

SNRI

0s, TCAO s,

TECAOS

and

s ome

serotoni

practice and treat or manage depressive symptoms. The majority of U€isvedre availablein

ChEMBL database and the experingefiom which they were extractedvere radioligand binding
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assays wit®H] paroxetineor [3H] citalopram, except for trimipramine and chlorpheniramivieere

[*H] imipramine was used. Experimahtonditions werenot exactly the same across the compounds,

but they all refaredto human SERT protein transporter. For some ligands the Ki valuehitaised

from other sources like DrugBamk PDSP Ki DATABASE For Dextromethorphan which iscaugh

suppressant a value of 40nM was considerédsedon t he r es e aPharmacqgoayfer t it
dextromethorphan:Relevanceto d e xt r omet hor phan/ quini di ne ( Nuede
[ Hl paroxeti ne wdayloretak 8016.s r adi ol i gand (

ID COMPOUND Ki SERT Inhibition
22 PAROXETINE 0.043 STRONGLY
BINDING
23 FLUOXETINE 0.271 STRONGLY
BINDING
24 FLUVOXAMINE, PDSP KiI 1.95 STRONGLY
BINDING
25 CITALOPRAM 0.479 STRONGLY
BINDING
26 ESCITALOPRAM 11 STRONGLY
BINDING
27 SERTRALINE 0.075 STRONGLY
BINDING
28 MILNACIPRAN, PDSP KiI 8.44 MODERATE
BINDING
29 LEVOMILNACIPRAN( 11 MODERATE
DRUGBANK) BINDING
30 DOXEPIN 22.0 MODERATE
BINDING
31 DULOXETINE, PDSP Ki 0.8 STRONGLY
BINDING
32 AMITRIPTYLINE 0.882 STRONGLY
BINDING
33 NORTRIPTYLINE 6.977 MODERATE
BINDING
34 PROTRIPTYLINE 20 MODERATE
(DRUGBANK) BINDING
35 IMIPRAMINE, PDSP KiI 13 STRONGLY
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BINDING

36 CLOMIPRAMINE 0.047 STRONGLY
BINDING

37 DESIPRAMINE 18 MODERATE
(DRUGBANK) BINDING

38 VENLAFAXINE 82 MODERATE
(DRUGBANK) BINDING

39 DESVENLAFAXINE 15 MODERATE
BINDING

40 MAZINDOL MINIMUM:45 MODERATE
BINDING

41 VILAZODONE 0.5 STRONGLY
BINDING

42 VORTIOXETINE 1.6 STRONGLY
BINDING

43 INDATRALINE 4.8 STRONGLY
(DRUGBANK) BINDING

44 NEFAZODONE 290 MODERATE
BINDING

45 REBOXETINE 1400 MODERATE
BINDING

46 TRIMIPRAMINE (3h 149 MODERATE
imipramine),PDSP K BINDING

47 ATOMOXETINE 77 MODERATE
BINDING

48 DEXTROMETHORPHAN 40 MODERATE
BINDING

49 CHLORPHENIRAMINE 15.2 MODERATE
BINDING

Table 4: Known SERT binders with Ki values

The emaining25 compounds that foned the dataset were randomly picked from a variety of drug
classes and itvas proved that they laminimal to zero affinity with hSERT and ub they were
considered having zero Ki value withHH protein.The list of them included

fiAcetaminophed, AAspiino, fABupropiord, fCimetidin®, fFexofenading, Albuprofero,
fiMaprotilined, fAMetformird, fiNaproxem, fAProbenecid, fiRanitiding®, AAmlodipin®,

fiBromocriptin®, AClozapin®, fiDantrolen®, fDiphenhydramine, fAFlutamide, filprindoleo,
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fiLosartard, fiMetocloprinmded, fiMirtazapine, fiNatrexona, fiPiroxicand, fiQuetiapin® and

fiZolpidend.

3.2.3 Ligand Preparation

After choosing all samples next step was to download the 3D structure data file (SDF) for each ligand
from PubChem. Dockingvas conductecautomaticallywith the aid ofAutoDock Vina on an Ubuntu
basedenvironment This procedurevas facilitated by the use of Open Babel software, which is a
chemical informatics software that handles chemical files data and molecular de®dgl¢ et al.,
2011).Energy minimizationwas applied withMerck MolecularForce Field (MMFF94), which was
developed by Merck and is a very effective force field mainly for organic molecules, suble a
ligands thatvereused in thiglataset. It includes parameters for the majoritgtoms and ions and it

is compatible with the Open Babel environment. In addition, since it takes into account all the
different types of interactions that occur, refiment of structural geometnyas achievable.The
minimized SDF fileswerethen converted int®DBQT format which stands for Protein Data Bank
(PDB), partial charge (Q) angtom Type (T) This is theright readable format in order to perform
docking simulabns in Autodock/ina. Finally, all fileswerelisted together

3.2.4 Definition of Grid Box Size and final options prior to docking

One of the mossubstantiapartfor docking is the configuration of the grid box size. An accurate grid
box with punatal dimensions ensures that the docking will occur in a biologically relevant region of
SERT protein.The coordinates and dimensions of the box slmewn in Tale 5, while the box is
visualizedin image 2. Center xy and z values indicate the center pahthe whole box, while size x,

y and z are proportional to the size of the box in all ax@tiously, aslightly enlargedbox was
constructed in order to capture a wider part of the protein, although higher computationasost
required and accuraayas reduced However, the present study focdseainly on the central site of
SERT prdein, where paroxetine was boymamelyin transmembrane regions TM1, TM3, TM6, and
TM8 of the SERT protei®I6X crystalstructure All dimensionswererecorded in a atfiguration file
calledficonf.txb, where also a seed numlfer234 wasappliedin order to get reproducible results in

multiple ligand docking simulations.
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center_x -34,5132

center_y -20,9471

center_z 3,38718
size X 47,826j
size y 30,9402
size z 28,9013

Table 5: Grid Box Coordinates and Dimensions

Image 2: Grid Box Configuration in known SERT binding pocket

As for the final docking settings hydrogen atowere placed in the structure. All the other options
wereset to false bothireceptor anth ligand This means that polar hydrogen atomeseretained in
order to find possible hydrogen bonding interactions. Furthermore, water molecules amgliens
kept in order to study their behaviour upon docking and whether thegddagyitical role in ligand
binding. Nonstandard residueserealso kept for structural integrity. In the advanced section, binding
modes were set at 10 in order for AutoD&Gka to generate ten poses per ligalBghaustiveness of
search was set at 32 manyah Open Babel to increase the probability to find the optimal pose for a
given ligand. Last option refexd to the maximum energy difference between the best and the last
poseand this was set to 4 kcal/malanually in order unfavourable conformationstivlow binding
affinity as an absolute value be excludedimage 3).
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< AutoDock Vina = o X

Dutput file:| Browse
Receptor: Swiss-pdbviewer for missing atoms of 5i6x and replace mutations and clashes and energy minimization and docked-prep with paroxetine.pdb (#0) — |

Ligand: 2771 (#2) —

‘VReceptor search volume options

[~ Resize search volume using  button 2 — |
Center:|-34.5132 |-20.9471 |3.38718
Size: |47.826 30.9402 |28.9013

YReceptor options

Add hydrogens in Chimera: true —i

Merge charges and remove non-polar hydrogens: false —

Merge charges and remove lone pairs: false —i
Ignore waters: false —

Ignore chains of non-standard residues: false —i

Ignore al non-standard residues: false —

‘¥ligand options

Merge charges and remove non-polar hydrogens: false —

Merge charges and remove lone pairs: false —i

'¥YAdvanced options

Number of binding modes ,—_1&
8

Exhaustiveness of search

Maximum energy difference (kcal/mol) l—j_l

'YExecutable location

& Local

Path: | Browse...

10 output fle selected
Apply| close | Hep|

Image Z: Final Docking Settings for set up

3.2.5 Batch Docking with Autodock Vina

To automatkthe docking process of these 74 ligad¥8na_linux.pb commandwas applied. Tlis
commandinitially reads the receptor.pdbqt file from Chimefden it iterates over th@igand.txd
which contains all pdbqt files from ligands and it adjusts its search based bootifetxd file that
includes the dimensions and size of the grid, xhaustiveness, energy range, seed and number of
poses. Finallyexecutionwasmade and all resuliseregathered with the commaifithil -n 11 *.log >

results.txd which shows best poses and threspective binding affinities and RMSD values.

3.3Docking Pose Evaluation and Selection

Autodock Vinageneratd the best ten poses for each ligamith their binding affinity and RMSD
values. The former is proportional to the magnitude of ligand bindingS#HRT protein and the latter
is sepaated into uppe and lower boundHowever, in the present study a scorisgriptbased
approachwas appliedin Pythonin order to identify and classify the best 5 poses ajuen. This

method outweightsther alternatives, because of the fact that it counts in notlulyginding affinity,

! Appendix, page 13436
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but also the RMSD values. This combination eatidalue and integrity in the final resultSince the

three variablesvereon a different scale, normalization was done based on the following formulas:

A-Amax
For normalized binding affinity:

Amin-Amax

, Where A is the binding affinity for a specific posé a given ligandand Amin and Amax the

minimum and maximum affinitamong the 5 poses of the saligand

RmaxR

For normalized RMSD lower value:
RmaxRmin

, where R is the RMSD value for a specific pose ofvergiigand and Rmin and Rmax the minimum
and maximunmRMSD among the 5 poses of the same ligand. Same formula was followed for RMSD
upper valueThis formula has opposite signs in comparison to normalized binding affinity formula,

because lower RMSD indias closegeometrical structure with refamce pose, namely the first one.
In summary, the formula used in the scripts

Score = 1/3(NormalizedAffinity + NormalizedRMSD lower value+ NormalizedRMSD Upper

value

By using this function, eagbarametefrom the 3 contributeg equallyto the final score, where higher
scorewas linked to better and more fam@ble pose. First 5 possere selected for further post

docking analyis and feature extraction in BIOVIBiscovery Studio.

3.4 Interaction Analysis and Feature Extraction using BIOVIA Discovery
Studio Visualizer

Once the top 5 poses for each ligand were chosen as it is describbagter 3.3, namely 370
different poses, next step was to conduct deeper interaction ariglysing the BIOVIA Discovery
Studio Msualizer software. This computational tool enables users to have comprehensive insights into

the proteinligand interactons and bonds by providing several features and descriptors. The procedure
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for this taskwas simple. Firstly, the PDB structure of the compl@kERTligand was loaded, then
receptor andigand were seaind the 2D diagram with the interactions includedigscted in image

24 were generateds shown in figure, different types of bonds and interactions are represented, such

as PiSigma bonds, FPi T-shaped, Amidd°i Stacked, Alkyl, RAlkyl, hydrogen bonds, hydrophobic
contacts, van der Waals intea c t i-onst,acki ng, a n dovadent Hoeces. BIGYIAe v a n t
offers also the ability to calculate specific angles and distances betesaimatomsof amino acids.

In addition, it highlights the mogritical residues for bindindgl'his processvasrepeated for all the

370 poses of the 74 distinct ligands.
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|:| van der Waals |:| Pi-Pi T-shaped
[ conventional Hydrogen Bond [T Amide-Pi Stacked
I:I Carbon Hydrogen Bond I:I Alkyl

I:I Pi-Sigma I:I Pi-Alkyl

Image 24 ParoxetineSERT 2Ddiagram pose 1

3.4.1 Interaction analysis features and molecular characteristiés

2 Appendix, page 13138 (Image 57)
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A curated datasetvas constructed to gather all essential featureededbefore starting the
preprocessing steps in Python in order to build the supervised machine learningThegelfeatures

derivedfrom several sources:

U Chimera and AutoDock VinafiBinding Affinity (kcal/molp, ARMSD Upper valug and

ARMSD Lower valug The first one refers to thfieeeenergy required for a ligand to bind with
SERT protein The more negative values indicateastger interactionRMSD measurgthe
conformational deviation between a specific pose andofftenal pose withthe lowest
bindingenergy.

i PubChem Databasé:bgPo, iMolecular Weight andii Po | ar _ Su r (P®AY kogPATr e a 0

is an indicator of hydrophobicity for a molecudend it is thelogarithm of thepartition

coefficient between octanol and watktolecular weight is the mass of thgdind in Daltons.
PSA shows the capacity of polar atoms in the structure, such as oxygen, nitrogen etc.

i BIOVIA Discovery Sudio Visualizertool: All the rest features except fétigand Distance

to_Grid_Box Centen. i Mo | e &/oldma ris_proportional to th capacity of the whole
ligand in 3D spaceil S u r fAr@ad s the part of the ligand that can have access with the
solvent and it is measured ip | (square angstroms)iNAMEO and ACATEGORY,
AINTERACTION TYPES AFROMO , FROM CHEMISTRY, ATOO, ATO CHEMISTR0O
columns show whiclatomswereinvolved, in what kind of interactionshfydrogen bonding,
hydrophobic, electrostatiand morg andthe direction of electrons and protoifislydrogen
Bonds count, AiHydrophobic Bonds couat fivan_Der_Waals_Interaction_CountfiOther
typesinteraction cound reveakdthe respective number of interactions between ligand and th
receptor. In the other bonds, less common interactionshéikeyen reactions, salt bridges and
electrostatic interactionwere included. More specifially, in hydrogen bonds a hydrogen
donor sends the H to a hydrogen acceptor (like O, Tijs happens because of the
electronegativity of the atoms, where more electronegative atoms in a molecule tend to attract
more electrons. Typically these bonds aralerate to strongnd are vital for bindingOn the

other hand, the hydrophobic contaate causewhennon-polar parts of the ligandome into

close proximitywith the nonpolar residues of SERT proteitypically involving alkyl or
aromatic groupsNon polar atoms do not carry any electrical dipoles momentarily, meaning
that non polar molecules have atoms with similar electronegativity. Hydrophobic bonds
stabilize the binding process since it depends on the size of the receptor and theé/hgand.
der Wais interactions, which are weak, gmovoked by the dipoles that are created because
of the redistribution of electrons. They act on atoms that are in close digt@nde Fpr.

the other bonds, electrostatic interactions geaerateddue to the attraon of a positively
charged atom with a negatively charged atom. They can act over longer ranges by forming salt

bridges.In the excel file therevere also fiMean_Hydrogen_Bond_Length_Distadcand

48



fiMean_Hydrophobic_Bond_Length_Distadamlumns that caldated the average distance
of all hydrogen and hydrophobic bonds thatre included in a specific poséiCLOSEST
ATOM DISTANCE feature is a metric distander the shortest atom t&ERT protein. Apart
from these classical descriptors, several angularilsldteat captue spatial geometry and
orientationwereextracted. These include

i fAAngle DHA (Donor hydrogen acceptor): It calculates the angle between the donor hydrogen
atom and the acceptor hydrogen atom. Values closerd® A ar e hi ghstrgngconnec
interactions.

U0  AAngles HAYO (HydrogenacceptorY) andiDAY0 (Donor acceptor ¥)These angles assess
how the acceptor aligns not only with the donor and hydragem but also withadjacent
environment. They reveal possible steric effects due towberll geometry.

0 AAngleXDAOS (X donor acceptor)This featurds correlated téthed o n muiebHtation

0 ATHETAS andATHETA 2: These ardorsional angles that are formed in aorbital system
with the involvement of aromatic rings.

0 AGAMMAG: This anglds configured solely by the interaction of Pi systems.

U AANGLE DEVIATION: Quantifiesthe deviation of the actual value of an angle with the ideal
to prevent steric hindrances.

U fLigand_Distance_to_Grid_Boxenten: This molecular descriptoquantifies theposition
of each ligand based on the predefined grid boxerdiiable 5). ltwas calculated as the
Euclidean distance between the centroid of the ligand wiigt measured by its three
dimensonal atomic coordinates and the stable grid Bax.automate fis analysis, a custom
Python script was designethis metricwasvery informative for docking simulations, since it
offeredan accuratspatial orientation of each ligand in comparison to a known binding pocket
as the initial PDB structureith Paroxetineeveakd All docking poses from all ligands were
uploaded and the script extradthe atomic coordinates fromEATM entries andJNL which

represent the different ligands of the SEIRJAnd complex.

3.4.2 Residud_evel Interaction Features

After molecuar interaction details, another sheiet Excel filewasconstructed that contaed residue
level information for the 370 poses. This file addigh value to the present thesis as it highkght
critical residues for strong, moderate and-barders withSERT protein. Furthermore, delved into
the kind of interaction each residue particigdte either inhydrogen, hydrophobic, van der Waais,

other interactionsindtheir frequency of occurrencé&esidues gatheratrough BIOVIA tool among

3 Appendix, page 13{Image 56)
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these 74igands and 370 posesere 68 which constitutethe columns othe second excel file (Table

6). For samples themgerethe 370 poses (the best 5 for each ligand).

ID Residue Name Residue Number
1 TYR 95
2 ALA 96
3 VAL 97
4 ASP 98
5 LEU 99
6 GLY 100
7 ASN 101
8 TRP 103
9 ARG 104
10 TYR 107
11 ILE 108
12 ALA 110
13 GLN 111
14 ASN 112
15 GLY 113
16 GLY 114
17 ALA 169
18 PHE 170
19 ILE 172
20 ALA 173
21 TYR 175
22 TYR 176
23 ASN 177
24 ILE 179
25 PHE 263
26 PHE 311
27 LYS 314
28 PRO 315
29 ASN 316
30 LYS 319
31 ILE 327
32 ASP 328
33 ALA 331
34 GLN 332
35 PHE 334
36 PHE 335
37 SER 336
38 LEU 337
39 GLY 338
40 PHE 341
41 VAL 343
42 ASN 368
43 ASP 400
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44 ALA 401
45 PRO 403
46 LEU 406
47 PHE 407
48 SER 438
49 THR 439
50 GLY 442
51 LEU 443
52 VAL 446
53 LYS 490
54 GLU 493
55 GLU 494
56 TYR 495
57 THR 497
58 GLY 498
59 PRO 499
60 VAL 501
61 SER 555
62 PHE 556
63 SER 559
64 PRO 560
65 PRO 561
66 GLN 562
67 LEU 563
68 ARG 564

Table 6: Residues includeith the 370 poses of dataset

The residudevel interactionswere encoded as a-domponent vector. More specifically, in the
example of Paroxetine pose 1 (Imagg fr ATYR9% residue therevasonly one hydrophobic bond
and zero in the other 3 categorigydrogen, van der Waals, Other interactions), so the final vector
will be A

0,1,0,0

, wWhile AALA169D participatel in one hydrogen and one hydrophotiond so the final vector for
Paroxetine pose 1 anftALA169D residue will beA

1,1,0,0

Same pocedue was followed for all 8 residues and 370 poses in the second excel sheet file. An
important note to all this process the fact that in the hydrogen interactions category, conventional
hydrogen bond, carbon hydrogen banlgdrogenhalogen bondsind hylrogenelectrosatic bonds
wereincluded As for hydrophobic bongshe interactions included are those that contaleaat one
Pi system omromatic ring systeror alkyl. Van der Waals bondsere appearingas circles with the

green colar (Image 2). Other bonds includihalogen bonds, satridges electrostatic bondand P+
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sulfur. First component matches hydrogen bonds, second hydrophobic, third van der Waals and last

the other category of bonds.

3.5 Data Preprocessing and Machine Learning Pipeline

3.5.1 Ligand labelling and final dataset

To build the supervised classification model that will predict the affinity of a ligand with SERT
protein transporter, each ligand in the dataset was assigned a binding class label based on its
experimentally reasired inhibition constant (Table 3 and Table @jven the variability in assay
conditions and the limited size of the dataset, a slighitdier thresholdrangewas agustedto ensure

sufficient data points across all three clasges strong binders witBERT the limitswereKi values

smaller than 5nM, fomoderate binders the limitgere placedetween 5 nM and 1000 nM and above

1000 nM or not known values no binding labedsre attributed. In other words, in first category the

majority wereknown drugswt h hi gh potency with SERT, mainly
therewere several antidepressant drugs and a few others showingffiridy behaviar and finally

the nonbinderswerethose with minimal or zero inhibition of-BT receptor, like ibupran, aspirin

etc.

To prepare the final dataset for the classification task, first step was to merge the 2 excel sheets in one.
First source is nameflMolecular Descriptosd and contaired all interaction details derived from
Autodock Vina, Chimera, PubChemmd BIOVIA Discovery Studio. The second filenamed

i Re s-Ada k yanithe other hand includeall specific residue information in arfoat fiHO,

AHYDO, AVDWO, i O T H EtRab shoved the number of hydrogen, hydrophobic, van der Waals and

other bonds for edicof the @ residues respectively. From the first file,
ANAMEOA DI STANGEI EGOR YINTERACTION TYES,0A FROM& FROM
CHEMI STARIYQ® T O CHE M|ASATNRGLOE D E V tolumnis Wexearemoved, since the

present hesis did not aim to focus on deep atomic interactiofisD | AN C Eaplumn was
incorporated td h ®learfi Hydrogen Bond Length Distaice a Mehn Hiydrophobic Bond Length

Distane 0 f e Actossithe same pose the hydrophobic interactions were averagednatituted

t h &eari Hydrophobic Bond Length Distan®@ f eat ur e, simil airANyGLfEO T h
DEVI AT W& Ketnoved since was appeared in few samples, so there would be many missing
values to handle. Next important step was to group the dpgkises based on their ligand names and
label them accordingly. In addition, missing values in all the interaction file were replaced with 0 since
in all cases it hdvas biological meaning the absence of that particular feature. As for the residue

analysist he excel shee-Analaynei s @issidyRdusdt mbatared had the
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default vector 0,0,0,0 meaning absence of all the 4 categories of. Odred®e 2 sheets were then
merged and the resulting dataset is shown as snapshots in imaaek Z& belowAll vectors were
then split into four separate numericalumns. All this process resulted a dataset with shape
(370,301), namely 370 samples or poses and 301 feafAmeisnportant note in this part was that
during the merging of the 2 eal sheets, the mean values of all angular metrics were calctgated
yield a single representative value per poseonsistency and later aggregation.

index  Ligand Distance to Grid Box Center  Molecular Volume ~ Surface Area  Ginding Affnity(kealimole| RMSD Uppervalue  RMSD Lower value  Molecular Weight logP Polar Surface Area - Hydrogen Bonds count

st DTSAMTIO0A  GRASTIONTII0NY TIGTRETINMGEN] 1. MTATOGINABG2036D 26437EACBBOT0NR 14STOSIA6TABE2NS 8T SBRRAOTINTAR 1ZT3ABS2TB00ATD 3DSLIMABNTEGNTIS 2 DNBGSIRENTT
min (.4266T1B434233848 11653073 152341 108 00 00 12918 43 LY, 00
mezn 256045T1B417455 262 S6TeU2aTceTond JoTATOOToeTogegh  -BZOGHBIAN3H 3BA0066TSGTS6TST 2030544854B64865 313 M256TERTEATH0 31906406406480485 46 466TSRTSRTERToM 26
max 15 5089009870486 LRI 566,164 414 130 8785 6246 58 0 10
count 310 ana o ano o 3o ano 3no 3o o
T8% 3300142512016 SH5:2767805 380. 2125000000003 141 85026 216025 35 42 686 40
% LTS5 248 564 318745 229 3 34199909099090C7 1.9760995909099040 293 299999030905 i 0§ 2
Wk 1 TEORBRBOMI006  210.047680TS gkl 596025 167875 1.2774305989699949 23 16 190 10

Image 5: Merged Dataset with interaction details and residue analysisnage

Hydrophobic bonds count Van_Der_Waals_Interaction_Count Other types interactioncount ~ ANGLE DHA ANGLE HAY THETA THETA2 GAMMA ~ CLOSESTATOMDISTANCE ~ ANGLE XDA

269013105587455 2 6805573724229883 (.8593457164763683 63.622681795204625 58 42578418166932 17496636351307906 24 61580106896745 26.41451564189025 14239265284430658  56.696362735669915

00 00 00 00 00 00 00 00 00 00

DAL ERCRRTER R (49729728972972973 80, 44509765444015 77 96T08264800515 26.9827274034T4907 35.801404054054954 36 27355055055836 3007947837837838  69.34935268330768

170 180 60 11326 175,083 857 856 81N 43 165.056

300 3o 300 300 300 300 300 300 300 300

10 110 10 13524303125 122.44112500000001 35.385125 52.806166066666066 50.266249999999995 37446875 113.03030714285714

50 0 00 119515 10604725 24762999999999998  40.35516066666665 360925 36135 98.18241666066065

30 [ 00 00 00 17.009 17560499999999998 1228625 3146305 00

—
Image &:. Merged Dataset with interaction details and residue analysiéitnage

3.5.2 Aggregation of Docking Poses and Final Dataset Configuration

Since for each ligand thekgas variation in the features across the 5 poses, an alternative approach
wasapplied and tht wasthe aggregation per ligand in order to minimize this varidiborthe present
classification task. More specifically, the group of ligands was achieved through the isolation of the
basic names from the full names of pose identifierg.,"Paroxeine with Sert dock pose Lthatwas

isolated into Paroxetine. Tlieaturesvereseparated intd main categories:

91 Descriptor_columns: fLigand_Distance_to_Grid_Bo e nt e r Molecular Ko | u me 0,
ASurfaceAr ea o Bi ndiffig ni ty(kdalogmal, e ) SuifdeeAlr aera 0
fiMean _Hydr ogen_Bond_LMeaghyhdr Dipshtodbn ceB,onfi, Lengt h
AANGLE_ _DHAO,HMYAONGLETHETAO, 0 THHRTLLOSESOATOMI GAMMA 0O
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DISTANCEO, XADNM\@L, E LiE A G &ar these features, the median values were
kept acrosshie 5 poses, since they are not sensitive to outliers and also in other metrics, such
as the mean values, the model outputs lower accuiiablo | e dMe i gvias deleted since

it was similar toi Mo | e &/wll arangl @ dd not add extra biological essent® the

model.

9 Interaction_columns: AHydr ogenoBah dsHydrophabic bond€ ou,nt o

AVvan_Der Waal s I nteraction_ Cou Fkdrthese dolng,er t vy
the sum of valuewasused in order to obtain@mulative interaction profile fazach ligand.
1 Residue_columnsThese includé all columns thatcontaineda formatlike fiHO, AHYDO,
AVDWO, AOTHERD which is described in section 3.5.1 and the sum valeesused across 5
poses in order to involve the frequency factathemodel.

I Targetvariable:T hi s i s (Laballedc 0 lawhilwrepiiesentthe binding class for all

ligands. In order to be manageable for the model to recognize this variaktes éncoded
into 3 numerical values, @Wasmapped tci MODERATE B,l1Nd&mapgdei NO
Bl NDI &hG2toAn STRONGL Y @.I Nidsaddieved by using the label encoder
technique inscikit-learn, which is a free and opesourcemachine learninglibrary for

the Pythonprogramming language

After these steps the aggregated datasgtahshape of (74,293Where 74werethe ligandssamples
and 293 the features. Then, the constant features thaedhmwvariance between ligands were
deleted since theyidinot contribute to the training process of the model. The remaining feateres
160.

3.5.3 Correlation and statistich analysis of dataset

Statistical analysis was conducted on the refined dataset (74,160) for better understanding of the
variance across features and their curve distribsitiglean, min, max and standard deviation were
calculated for each column and tberrelation matrix was computed between the top 30 features and

the target variable, eithevith positive or negativecorrelaton. To visualize all thesepair-plots were

created between features and labelled clBssavoid redundancy and multicollinegrin the dataset,
interaction columns (e.g, AHydr ogenoBah dHydrophobic_ bondz ount 0,
AVan_Der _Waal s _I nteracti on_ Co uneérecompar€ltabamst the y pe s
sum of their corresponding residlevel interactions (e.g.,ATYR%_HO, ATYR95_F DO,
ATYR95_VDW, ATYR95_OTHER) and it was confirmed that theyere highly correlated, so they

were removed from the dataset. Thid fe a more optimal version of 156 features instead of previous

160.Below in image 27 th@earson correlain coefficientsamong featurew/ere calculatedin order
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to identify pdential multicollinearity. Values closer to 1 indicdtstrong positive correlation, while
values closer tel negative correlation. As illustrated, thevere3 pairs of features thahewed high
correlations (above 0.80 threshold). Thesse

U AANGLE_XiMbhAANGL E _ Dith §.98 correlation
ANGL E_WtHRKYANGL E _ DithA.87 correlation
Surfacwithi\Melaéc ul a with.89 carrelaion

All other featureswere below ths threshold. Thisvas very important, especially during training of

=1

i

=1

i

models, because algorithms like Logistic Regression and Support Vector Machines cannot handle
multicollinearity, while treebased algorithms, such as Random Forest and XGBoost are mbusht

correlations.
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Image 27: Pearson correlation coefficients among features of dataset

3.5.4 Model training*

The correlation analysiwasthen followed by the implementation of the model training. Due to the
limited size of dataset, several metBogere applied to handle this situation. The majority of them
showed overfitting with moderate to low promising results. However, nested cross validation
technique performed moderately and at the same time it mirdrtiieerisk of overfitting.It consists

of two loops, the outer loop and the inner loop. The former splits the entire dataset into k training and

4 Appendix, page 13840
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test folds and predicts the evaluation metrics, while the latter splits further the training set into n folds
in order to find the optimal features daiune the hyperparameters for each moblielsted cross
validation offers several advantages that are commented élwa & Simon, 2006), (Varoquaux

et al.,2017).

1 Decreased risk for overfitting, sinogodel and feature selection arise solely from tngirset

1 Prevention of data leakage, since the evaluation of modelnis prior to the model selection
which is achieved in the inner loop.

1 High generalizability, because model selection and parameters are selected from different
folds in comparison to fal evaluation. This leads to reliable performance in unseen data,
which is the final scope of the present thesis.

More specifically,ad ol d strati fied cross validation was
performance. Withhis way, the datetwas split into 5 parts, 4 for training and 1 for test which
calculated precision, accuracy, recall-d€bre and ROC curvéor the inner loop -Fold stratified
cross validatiorwasapplied in order t@xtract the most predictive features and tunepdrameters of

the models trained. The process of feature extractioredfanin selecting the best 30 features out of
155 by using feature importance scores on the respective model (meaning XGBoost with xgboost
feature importance, random forest with ramddorest feature importance, etand absolute
coefficients for Logistic Regression and Support Vector Machiaesl thenRecursive Feature
Elimination (RFE)followed. RFEwasapplied on the 30 features starting from 15 and proceeding with
step 5 until 3o search for the optimal number and subset of featdtesach numbr of features,
GridSearchCWvasintegrated to find the best hyperparameters and subset of charactbeastdson

the f1 macro scordt surpasses ovesther approaches, such RandomzedSearchCyVbecause it
searches exhaustivebll the possible combinations of parametansl different subsets of features,
though it requird high computational cosind time.RFE was not applied in LightGBM algorithm,
because it requitkhigh computational time, but remaining trainipgocesswas smilar to the other
models.Lastly, the frequency of features across the 5 falds printed in addition with the robust
ones which refeedto the features thaterepresent in 3 or more folds in the nested structure. These
robust featurewrereusedlaterin the explainable section.

Severalclassifieralgorithms were trained and evaluated in the present study. Inika@HBoostis a
scalable and fasgradient boosted classifieit acts by creating amnsemble of decision trees
sequentially, where each wietrees aim to minimizethe erors made by the previous ones.
Regularization(both L1 and L2) techniquewere incorporated,which were useful for reducing
potentialoverfitting and improvng generalizatio{(Chen& Guestrin,2016) The parameters thatere

set for this classifiewerethe following:

56

aj



Grid parameters for XGBoost Possible values in GridsearchCV
Max depth 4
Learning rate 0.05,0.1
Reg alpha (L1 Regularization) 1,2
Reg lamda (L2 Regularization) 4,5
Gamma 0.5,0.8
Subsample 0.7
Colsampe bytree 0.7

Table 7: Grid parameters for XGBoost classifier

Default value of rax depth is3 and was increasd it by one in order to capture more complex
patternsLearning rate is proportional to how quickly will the model converge to a final decibie
difficulty lies in the fact that the model magach a local minimum instead of a glblmainimum

which results in poorerperformance. However, lower rates are better for generalization.
Regularization parameters L1 and B2t by reducing the modelsomplexity andalleviating the
overfitting that usually occurs in small and high dimensional datasets. Gamma parameter determines
the splits of the tree nodes required to improve the accuracy of the model. Last 2 parameters involve
the fraction of samplegnd features respectively that are sampled for each tree and both are defined to
minimize the risk for overfitting.

Another algorithm that was applied is the Random Forest Clas@Ri€), which is an ensemble
learning method that incorporates several slenitrees. Each tree is trained on a different subset of
training samplesand featuresaccording to theBootstrapped Sampling techniquend feature
subsampling respectively. With this way, the randomness in the RF model is entdraggihg

equally the gneralization at the same timEhe operation of RF is depicted in Imagé Zhe final

output of the model lies on the majority voting of the different trees, so in the following example the
model would predict class @.his aggregated mechanism ensurdsustness especially when the
dataset has few samples and many features as in the present thesis, becaliandb@uarss trees is

minimized(Scikit-learn, 2009.
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Random Forest Classifier

X dataset
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Image &B: Structure of Random Forest Classifi§lChauhan, A.,2021).

Random Forest offe several advantages and drawbattks user friendly and easy to adjust, because

it does not require standard scaling, since it consists ofadealexision trees that are spif features

and not by other distance metrics or thresholds. Anotheriymagpect of RF is the risk of overfitting

which is much less in comparison to single decision tree classifier or other traditional algorithms. It
also enables feature importance analysis in order to find the most predictive features for the
classification task. Last but not least, it is widely used in the scientific communityséoeral
purposes, like healthcare, finance etc. On the other hand, an issue in RF classifier is the high
computational time needed to process all the number of trees. The thighmrmber of trees is, the
longer therun time will be. In addition, the structure is more complex than that of a decision tree, so

careful tuning of hyperparameters is essential (Coursera, 2024).

As now for the hyperparameters, these inaflide

Grid paameters for Random Forest Possible values in Random Forest
Max depth 5
Minimum samples split 25
Minimum samples leaf 5
Max features 6l og26, 6sqrtod
Class Weight 6bal ancedb®6

Table 8: Grid parameters for Random Forest classifier

Max depth valuavassetat5 (default value igNon&) in order to capture more complex patterns, but

it wassafe to handle the risk of overfittinflinimum samples split and leafere much higher than

the defaul values (2 and 1 respectively). Thigs a logical option, becaudeaving more samples
before splitting a node and more in leaf, increases the validity of results. Max features parameter

adcedrandomness in the model since it determines the size of available features at every split. Finally,
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class weght parametewas responsible for alleviatinghe small class imbalance that egttn the
dataset.

A more sophisticatealgorithm employed in this thessas the Light Gradient Boosting Machine
(LightGBM) which is an advancegradient boosting algorithtiat utilizesower memory while at the

same time it surpasses in speed and accuracy in comparison to other algdd#s®g. on

Li ght GBMG6 s dteeuniquestiudtuees hased on thebfwise (besfirst) tree growth. This
means that LightGBM expands in a leaf letleit minimizesthe error, regardless of the layer level
(Image ®). For example in XGBoost classifier with default parameters, all nodes from the same depth
should expand firstland then the model goes deefieghtGBM 4.6.0 documentation, 2017).

oo oo
oo

Leaf-wise tree growth

Image 29: Leaf-wise tree growth strategy in LightGBMlassifier (LightGBM 4.6.0 documentation 2017).

In parallel tothe leafwise methogdanother approach is applied, calléstogrambased learning. This
method discretizes the continuous variables intodfigas, saving computational time and reducing
model complexity. Then, it decides the optimal place to split the Tda$ process is accelerated
through the histogram subtraction, which does not reconstruct the histogram for every node, instead it
is deived from the parent nod¢sightGBM 4.6.0 documentatiqr2017).

As for the hyperparanters in LightGBM learning rate wdssted into 3 possible values, mainly focus

on a smoother learning process instead of a more aggressive approach, because tisesded seid
generalizatiorwasthe final goal of the present thedumber of leaves per treeeretestedin values

15 or 31 (31 is the default value), because more lazsigalydrive the model to learn more complex
patterns of the dataset. Howeverthis case overfittingvasa possible threat due to the limited size.
Similar to number of leaves is the minimum number of samples per node, where more balanced values

weretuned. L1 and L2 regularizatiomereapplied to decrease the probability of ovéirig (Table 9).

Grid parameters fdrightGBM Possible values ihightGBM
Learning rate 0.01,0.05,0.1
Number of Leaves 15,31
Min child samples 10,20,30
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Reg alpha 3,45

Reg lamda 4.5

Table 9: Grid parameters for LightGBM classifier

Inconclusion,ased on Light GBM0s documentation Light GBM
process without consuming much memory units with the aid of histelgased learning. It ensures a
higher accuracy due to the leafse method amh lastly it does not requireneoding categorical
variables as other algorithms. Nevertheless, overfigngpnsidered a realistic situation, because it
contains several hyperparamaters that need to be tuned effectively. Furthermore, it lacks in
interpretability becausef the compl& structure it hagLightGBM 4.6.0 documentation, 2017).

Logistic regressiorwas also appliedin this thesisto testits performance.Logistic Regression
classifier (LR) is a simpler structured linear algorithm that handles both binary and multiclass
problems. Main formula behind LR is the sigmoid function, which maps the predicted values that arise
from the combination of features into probabilitit®age30). These probabilities are then translated

into values between 0 and depending on wherthey are closer.This is clear especially in binary
categorical cased WNWbo@eeksfolGeekss2@dfi Yeso and O i s A

Sigmoid function

Image 30: Sigmoid function of Logistic RegressiofGeeksforGeeks2017).

However, h multiclass tasks like in the present thesis, séédrn supports th®nevs-Rest (OvR)
strategy by default, where a separate binary classifier is trainezhath class against the rest (Seikit
learn, 2014)

For the hyperparameters tuning prod@ssble 10) increased regularization strengthsintroduced to
manipulate overfitting. In addition, 2 types 11 and 12 of regularizatieretestedand the solver is the
algorithm used to minimize the loss functidn this case liblinear solver suppohboth penalty types

and can be implemented in multiclasslgems(Scikit-learn, 2014)

Grid parameters for Logistic Regression Possible values in Logistic Regression

Regularization Strength (' 0.0001i 100 (logspaced

60



Penalty 11, 12

Solver liblinear

Table 10 Grid Parameters for Logistic Regression

For further analysis, LR can be useful in cases where the datasepis and the features are linearly
separatedthough in real world scenarios these are not linearly distributed. This means that, it cannot
capture any complex patterns within the data€bterfitting occurs regularlyespecially in small
sample size anfligh dimensional datasets (like in this theslg)s a very fast algorithm and very
interpretable to identify critical features that defihe class label either in binary or in multiclass
models again with the major assumption ttted correlation of independent variables and target
variable is lineafGeeksforGeeks, 232

In addition, Support Vector Machine Classifier (SVMJjasalso emplogd in this thesiswhen data

points are notlinealy separable, the ain mechanism behind SVM is that it maps the input vectors
into higher dimensional feature spaceal | ed #fAhyperpl aned i rnwithotheder t o
largest possible margifimage 3). This is achieved through some Horear functions which are

cal |l ed nk e ramdaffect thd deaisiort boundases. The points closer to these margins are the
support vectorgCortes & Vapnik, 1995).

Linear SVM Non-Linear SVM
Works when data is clearly separable Us.las the.Kernel Trick to map qata_ into higher
dimensions where a separation is possible
A
4 Category B .
o9 o0
Vs Category B
@
.\ .
L]
o ,° & @ &
e o oo ©O...
. . Category A . . . .

v

Image 3L: Mechanism of Support Vectokachines Qassifier (GeeksforGeeks2021).

On the other hand, if features are linearly correlated, then the formula liedgtidicture of SVM is:

F (x) = wt x +b, where w is the weight vector and defines the orientation of the hyperplane and b is
thebi as term. Since the (¢washoubibsmakimizedQortes &\apnk, t he m
1995).

The hyperparameteoptimizedfor SVM are the following:
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Grid parameters for Support Vector Machine Possible values in Support Vector Machineg
Regularization Strength (( 0.01,0.1, 1,10
kernel 61l i noerabrfdd
gamma Osc,dlaed oo

Table 11: Grid Parameters for SVM

Regularization strength is inversely proportional to C parameter, where lower C values allow wider
margins. Several valuageretested for their performance. The kernglds thatveretested in SVM

were6 | i near 6 and flicettis the gamnth pdraanet@akit-leacnp2619)

The most importaraspect of SVM is that it has the ability to handle high dimensionaledajasther
lineally or nonlinealy separable. The outliers are easily excluded with the accurate adaptation of the
margins, ensuring robustness in the model. Finally, it supports multiclassification problems without
consuming too much memory in the systés for the limitations of SVM, it lacks in interpretability,
because its structure of hyperplane is difficult to understand. Furthermore, right scaling is necessary,
otherwise SVM performs poorly in comparison to other algorithms. Also, it cannot levsdlapping
classegGeeksforGeeks, 202

Last algorithm thatwas implemented is the Voting Classifier, an ensemble rastanator that
combines the predictions of multiple base models with their optimal parameters. This works by
averaging the probabiks of each modednd for each class. There are 2 different voting strategies.
The first, whichwasapplied in present thesis is, the soft voting stratbgycore function is based on

the factthat each model estimates a probability for each of thes3adathen the average probability
across all models is measured and the voting classifier outputs the class with the highest averaged
probability. This means that the confidence intervals for each model are counted in the final
prediction. On the other hd, there is the hard voting, wheeach modebutputs a specific class
without probabilities and then the ensemble classifier votes based on the majorif$cikiséearn;
Pedregosat al, 2011).

Based on the code shell below, the best parametars Random Forest and XGBoost were used,
since these 2 algorithms perfagthbetter individually as shown in Chapter 4

——>| VotingClassifier(estimatorsg'rf', best_rf), ('xgb', best_xgb)], voting="soft’)

Soft voting seems to stabilize predictions, becauseditices thesariances. In other words, it is a
smoother vote that relies on consistency amidomthe absolute predictiofhis ensemble strategy is
grounded in the corphilosophy of ensemble learning and that is thatoverall is greater than the

sum of its parts because it enables to keep the strengths of each algorithm and minimize their
weaknesseRandom Forest is known for its robustness to noise due to bootstrap aggregation, while
XGBoost excels in handling complex patterns through gratieoged additive trees with

regularization. Their complementarytage enhances the effectiveness of ensemble techniques like the
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Voting Classifier and promotes a better generalization wivighithe main goal of the present study
(Rokach, 2010)

As for the adantages of this ensemble method, most importantietieat it ensures robustness, since

it integrates the structures of 2 base models. Similarly, accuracy and generaliaedilityprovedand

there is less risfor overfitting. However, this Voting lassifier lacks in the field of interpretability in
comparison to the individual models, due to the more complex structure that includes the combination

of other model¢Scikit-learn ;Pedregosat al, 2017).

3.5.5 Model evaluation

All the aforementioned nuels were assessed using a diverse set of evaluation nfedricsthe
sklearn.metricsmodule in Scikit-learn (Pedregosa et al2011) This variety ensurk different
perspective of the performance of each model and all metrics togethmmaguiementarily This set
includes(Pedregosa et al., 2011)

T Accuracy: Shows the number of correct predictions over total number of samples. It is
applied across all models, since accuracy is the most common used metric and easy to
interpret. However, it is not reliablbecause in imbalanced datasets the minority classes may
befalsely labelled.

1 Precision It representdiow many of the positive predicted class are actually positive. For
example how many samples that are predicted as class 2 are actually & Tdlassretric
reveals the false positive samples and it is more valuable especially in imbalanced and small
datasets. The formula that corresponds to precisi|:'> TP/ (TP+FP), where FP are the
false positive samples (those that were assigned a spdei§is but it is actually the wrong
class).The goal is to get closer to 1 by reducing the FP term.

1 Recall: This metric known as sensitivity, is the ratio of the correctly positive predicted cases
to all the actual positive samples and the formuI:> TP/ (TP+FN), where FN are the
falsenegative samples (those tliailed to be assigned in the correct clagsgain the goal is
to get closer to 1 by reducing the number of FN.

1 F1-Score:lt is attributed as the harmonic mean of precision and rl:> 2*TP/ [(2*TP)

+ FN+ FP] and it is the most recognizable and reliable metric since it captures both types of
errors. Values closer to 1 indicate better performance with fewer wrong predictions.

1 Confusion Matrix: This is a matrix that is plotted mrder to visualize per class the predicted
samples in comparison to the actual labels. It shows which class each model struggles to

identify and which samples mislabels.
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1 Classification Report: It aggregates all aforementioned metrics, such as precisical] and
F1-score for each class

1 ROC Curve and AUC (OneVs-Rest): The Receiver Operating Characteristic (ROC) curve
is a graphical representation that depicts the true positive rate against the false positive rate.
The Area under the Curve (AUC) is praoponal to the models ability to identify a positive
class among other classes. Values of AUC closer to 1 mean that the model discriminates well,
while values closer to 0.5 are in the randomness region. Since in the present thesis there are 3
classes labed the ROC analysisvas performed in combination to the Gvie-Rest
technique. This method converts the multiclassification task into a binary task, where one
class is considered the positive case and the other 2 classes the negative. Asthreesult,
individual ROC curvesone per class, were generat€his strategy is very usefth assess a
models performance across the 3 classes in the present thesis and it is not influenced by the
imbalanced datas@Pedregosa et al., 2011).

3.5.6 Key Libraries ard modulesused from Python language

Several Python libraries were utilized by the pregémesis for different purpose. Numpy o and
i Pandas owereusdtlforaheii efestiveness in handling large datasets with a variety of features
as in this studyThey alsdfacilitated loadingCSV or excel files, unziping them, transforimg them,
aggregang the 5 poses for each ligand into one single vector and finallyididtéhe descriptors in

order to keep the most meaningful (McKinney, 2010; Harris e2@20).Regular expressionsr€o)

module enablgé matcting samples between the 2 files according to their docking pose names and
assigiing the correct number of bonds for each residue and type of bond (Python Software
Foundation, 2009). For visualizati@malysis fiMatplotlibd and fiSeabord were employed. With the

aid of these libraries, correlation matrix, pair plots analysis, ROC curves, feature importances plots etc
wereplotted (Hunter, 2007; Waskom, 20215or the application of machine learning aigons (LR,

SVC, RF), scaling of data (Standard scaler), hyperpararameter tuniiSgraifiedKFold,
fiGridSearchC\g), evaluation metrics that are mentioned in chapter 3.5.5, nested cross validation and
selection of a specific number of features throdFED, scikitlearn library was responsible
(Pedregosa et al., 201Tjo handle imbalances in the dataset the imbalatezed library was

i nstall ed (L e.hastbutnotleastttiea b unt 2 dmasegeeniiblfdr eacking the

most frequenfeatures across the folds in the nested cross validation, therefore the most influential

features that addivalue to a models decision (Python Software Foundation, 2024).
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3.6 Explainable Al Tools(XAl)

To further validate results from predefined modaled enhance their interpretability for future
purposes, 2 additional explainable Al techniques were incorpor&ed&P (SHapley Additive
Explanations)and Partial Dependence Plots (PDRAhese tools shed light can models prediction
process, meaning thdtdy highlighedthe most influential features that deterntiremodels decision
in order to classify a ligand into strong binder, moderate binder andbindar with human SERT

protein transporter.

SHAP is a recent Al strategy based on the game theoryoagipr It calculates the marginal
contribution of all possible combinations of features in order to come up with a final predictson.
easily adapted in trdeased models, such as Random Forest ClasaifteXGB Classifierwith the aid

of SHAP-TreeExplainer methodLundberg & Lee, 2017)The SHAP values were computed the
top 2 models from 3.5.Bhapterevaluation metricsThe models with their optimal hyperparameters
from their best fold in the nested cross validn technique were retrained theentire dataset with
the robust feature®btained from each modelThe SHAP summarywas plotted for bothmodels,
which performedthe contribution of each feature for each of theeclasses othis classification
task, while also a heatmapas printed that matchedthis contribution into percentages for a clearer
view. A comparisorwasconducted between the 2 models to tifgrhow each model prioritized and
rankedeach feature, while also a mislabeling analysisconductedyy using $1AP waterfall plotso

analyze which features pushed models towards wrong ciddebsar C., 2025)

On the other hand, Partial Dependence Plots (P@Rs)another interpretability technique that
visualizes the effect of a specific feature on a models predidtiamontrasto SHAP, PDPs provide a

global perspective on featlimesponse relationshipsnabling users to capture rlimear relationships

among features and final predictionghey are especially useful in multiclassification problems,
because they represent therginal values of features that can alter the models bebawbPs were
computedn the present thesfsr both models and theyerecompared to SHAP features for further
validation. However, the most negative characteristic of PDPs, is the fact thataskaye
independency across features, so if the correlation between some features is high, misleading results
may occur(Molnar C., 2025)

Chapter 4. Results
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4.1 Docking Results

Firstly, in order to evaluate whether docking simulati@ssuccessful angroceed with the results, a
comparison between docked paroxetine pose 1 with the real human SERT (516X) structure from
RCSB protein data banwas conducted. As the following image depicts, paroxetine from 516X
structurewith yellow colarr is parallelizedwith the docked paroxetine pose 1 with the procedure
mentioned in chapter 3 (blue calp. Obviously, there is almost complete alignment, indicating that

all the docking regulations and options followed, are consistent with reality to a great andent
erhance the validity of the docking results and th@eisge 2).

Image 2: Docking of Paroxetine Pose 1 in comparison to 516X structure

As mentioned in Chapter 3.3, ten posexeextracted from Chimera software and AutoDddka

and through a custostriptin Python the best 5 poses were retained based again on the mathematical
formulas described in 3.3 chaptéor example, below the results for the ten poses for paroxetine are
represented with decreasing values of binding affinitids SERT prote. Third and fourth columns

are the RMSD lower and upper bounds respectively with first pose beingre¢able 12 the best 5

were kept from the initial 10 through the Python script. Similar procedure was conducted for all 370
poses and 74 ligands aretbest 5 are presented in appendix below

==> PAROXETINE_COMPOUND_CID_438158==Chimera and Autodoc¥ina

1 -1009 O 0
2 -8475 2841 3.936

5> Appendix, page 11435
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-8.439
-8.432
-8.39

-8.35

-8.2717
-8.247
-8.246
-8.186

Boo~Nvousrw

2912 3.813
473 7.021
3.148 4.01

3472 6.18

3.496 5.825
6.714 9.165
3.741 6.649
3.72 6.801

Top 5 Poses fToPAROXETINE_COMPOUND_CID_43815 through Python custom script:

POSE BINDING AFFINITY RMSD LOWER RMSD UPPER COMPOSITE
BOUND BOUND SCORE
1 -10.090 0.000 0.000 1.000000
2 -8.475 2.841 3.936 0.433060
3 -8.439 2912 3.813 0.427706
5 -8.390 3.148 4.010 0.400246
6 -8.350 3.472 6.180 0.298234

Table 12: Best 5 poses chosen out of 10 based on Python script

For the predefinectlassesmentioned in chapter 3.2.2, the binding affinities distributions were

analysed by taking into account only the first pose for each ligand, namely the best one. As

anticipated strong bindergxhibit lower medianvalueandgenerallymore negative alues across the

datasetvith the majority of thenfialling between8.5 and-9.5 kcal/mol The interquartile rang@QR)

is relatively narrow, however there is obvious overlap between strong and moderate binding classes.

As fori MODERATE

B cla$f) HeN@Rois narrowerthan that of thestrong class anthe

majority of valuedie between-8 and-9 kcal/molwith lowest biing affinity around-7 kcal/mo|

similar to strong binders. There is a humeerlap between moderate and #Amnders and moderate

with strong binders, which is a logicbehaviour since it represents the intermediate condiiig®.

BINDINGO classshowsan irrelevant behavigun molecular docking with SERTbecause théQR

reveals high overlapot onlywith moderate clasbut also withthe strong clas. It falls between7

kcal/mol and-9 kcal/mo] which are values typicabf strong and moderate binde A distinct

behaviour, however i s NOh aBtl
ASTRONGLY BINDING

33).

N D tladsGldas several extreme valuesth on the
s p eandinrweakbinding rangeglike -5 kcal/molto -6 kcal/mol(lmage
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Binding Affinity Distribution per Class (Pose 1)

Binding Affinity (kcal/mol)

—10 4

—11 E—

MODERATE BINDING NO BINDING STRONGLY BINDING
Binding Class

Image 3B: Box Plots of Binding Affinity across the 3 classes

Although he overall pattermeflects a realistic behawio to some extent and that is for example that

strong binders show more gegive values, moderate binders show an intermediate step between non
binders and strong bindeedc, several limitations exist in class labeling of human SERT inhibitors
with AChi merad and AAutodock Vinao theese®annot
categories. This fact, suggests a need for complementdigatian methods beyond docking
simulations.

Another useful plot is thKernel Density EstimatéKDE) plot which estimates the probability density
function for binding affinities in the 8lassesAs the following image depicts, in the strong binders

there is a narrow distribution curve with a peak amehgcal/mol and-10 kcal/mol. This suggests

that strong SERT inhibition in the present dataset shows consistency to a great extewner Hashe

box plots reveal (Image3}p, the distribution of the moderate SERT binders overlaps with the other 2
classes and peaks arouf@l5 kcal/mol proving that it balances between strong andbimaters.
Surprisingly again, clas§ NO B 1 N hasNiemain peak around9 kcal/mol andoverlaps
significantly with moderate and strong binders. Nevertheless, the distribution is much more flattened
than in the other 2 classes and that enhances the perception, that such a classification task with
potential SER inhibitors cannot be interpreted only by molecular docking techniques and several

samples may easily be misldlee (Image 3).
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Binding Affinity KDE per Class

Class
[0 NO BINDING
A STRONGLY BINDING
[0 MODERATE BINDING

Density
o
N
o

-12 —-10 —8 —6 —4
Binding Affinity (kcal/mol)

Image 3: KDE Plot of Binding Affinities across Classes

4.2 BIOVIA DiscoveryStudioResults

All the features that ardisplayed in the machine learning pipeline and described extensively in
Chapter 3.4 have been extracted from BIOVIA Discovery Studio. Each pose lofligaied was
uploaded in the BIOVIA software and the featumesre presented as in the following box. $hi
processwasrepeated for all 370 poses and the molecular dedaiissetvas formed (Image 3%. In
addition, residue analysis datasetsformedby collecting all 370 images from all poses (as shown
Image 24)which depics not only the type of intections between human SERT and each ligand

also distance metrics of the bonds participating in each interaction.
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Image 35 Molecular Details for Paroxetine Pose 1 with SERT protein from BIOVIA Discovery Studio
Visualizer.

4.3 Machine Learning Reslis

4.3.1Molecular Descriptor Distribution Analysis Across 3Classes

A comprehensive analysis conducted in this section in order to outline the distribution patterns
between molecular descriptors and specific residues with the target variable, hardily classes.
This analysis sheds light on which features dominate in each class, facilitating interpretability and

explanation of thenodel performance.

In Image 36there is clear evidence that higher molecular volumes and surface areas are ctorelated
stronger binding with SERT protein transporter. This occurs becthesecontact interfacas
maximized. Moderate binders show overlap with the adjacent classes, whibénders have lower
values of these features. In additiamfi NO B | N Dlas$) &weral outliers appear in the image,

which might strugglenodeldistinguisting binding classes
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Image 36 i Mo | e ¢valumadrandi S u r fAgeaDd distributions across binding classes

Image 37depicts the distributions of several more features impoftarinhibition of SERT protein.

fiPolar Surface Area is notably high in notbinders, whilein the rest classes there is a significant
percentage of overlapping. An@anationfor this behaviou could be that excess of polar atoms may
decrease the probaibjl of a ligand toenterinside the binding pocket of SERT protein transporter
which consists of several hydrophobic bonds. As a resultlerate values of PSA can facilitate this
SERT inhibition. The angular descriptor8 ANGL E _ ahtA0A N GL E _ Idafptyré critical
geometric relationships involved in hydrogen bondBigong binders tend to exhibit a high variability

in valuesrangingf r o m~ DAO0O A, whi |l e mo dbeut5a foe-138i. nd et ® rfersd mn g |
ANO Bl N Rlhsh &hdwshigher angular &lues thatmight be more ideal for bindingThis
irrelevant behaviour suggests that these 2 angular features cannot together effectively classify ligands
based on SERT inhibitiorkurthermore, image73shows that strong binders possess apamnand

narrow distribution inA THETA® HE T Aan@ @ G A MM Adgular metrics in aurast to
moderate and nebinders which have broader distributions. In strong binddisT H E TfAll&

between 263 5 A, i390 A2 G or mo didr5at AdN@a nBll N-DIASINOBaR T H E T2A0
3545A for stroibd Ab if odte ansb,iDe5 A 3 D -bindersn Boni GA MMA 0
feature the IQR of strong binders is20i 40 A~ 30i 70 Aor moderate aneg 10i 50 Aor nonbinders
Last|l AaNGE Br XaihAONG L E _ Diésyriptorshuge ovdep exists across the 3 classes.

The median valueghough smaller in nehinders with higher variangéhe interquartile ranges are
largely comparable, indicating that these angular features may not distinctly differaotizde the 3
classes This suggsts that while these angles magd valueto the overall geometry, theyo not

contribute to the final mod& estimation.
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Image 3: Polar Surface Area and other angular features distributions across binding classes

Last 5 features for molecular deptors are the following presenteth Image 38. In
ALi gand_Di st anc e _ tthe stdngi bthdelBavea mEdian valea between moderate
and nonrbinders, indicating that the boundaries that determine the binding clagarid with SERT
proten based on this feature amdativelysmall.i NO B | N Dlasfv@ries more than the other 2
classes, while at the same time in all classes several outliers appeasecond feature, namely
fi | o gilklicates that highemedianvalues of hydrophobicitytypically around3.5 are correlated to
strong binders, compared to moderate andbinders that exhibit values closer to 3. This means, that,
increased hydrophobicity of a ligand favours the ligand binding into SERT pddhketdescriptor
fiMean_Hydrogen_é&nd_Length_Distance shows thati STRONGL Y  Bligahdsl téh@ do
exhibit slightly longer hydrogen bond distances with higher median values thabinuams and
moderate binders the last of which are the intermediate step For
fiMean_Hydrophobic_Bond_Letig Distance thereare noobvious differences across the 3 classes,
neither in the interquartile range®r in the median valuesuggestinghat this featureloes not help
classify ligands for SERT inhibition. Finally iCLOSEST_ATOM_DISTANGEshowsonly subtle
median shiftsicross the 3 classes.
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Distribution of Molecular Descriptors Across Binding Classes

Binding Class

o) [T NO BINDING

[0 STRONGLY BINDING
[0 MODERATE BINDING

Value

Descriptor

Image 3B: More molecular descriptors across the 3 binding classes

4.3.2 ResidueLevel Distribution Analysis across 3 classes

Residudevel frequencyanalysis was then conducted through Pythimgrammindanguage. The top
twenty residue interactionount across thehree classesare illustratedin Image 39 Notably, the
residuefilLE_172 HYD (Isoleudne 172) is themostdominant particularly in strong binderscross
the 3 classes and tlitlYDO s wsfighatsxthat it participates in hydrophobic interactions, which
play crucial role in stabilizing the ligand bindirZ25interactionsappeatotally in strong binders, 176

in moderate and 138 in ndmnders. Similarly, ATYR176_HYD, APHE_335 HYDO,
ATYR 175 VDMO, ATHR 439 VDW and A THR _ 4 9 7 _skow \oogressively increasing
interaction counts fromAi NO Bl NDibd NGd RONGL Y B cl&sf | IMNeBestingly,
AALA_1YDBMA BER_438fA HMRO4 3 9antiiYTDYOR _ 9 &ppeHngredominantly in
the top 20 residuds strong binders which are compatible with literature review to some exdémr
residues, such a8 ASP_ 9 & TH®R_ 176 AWBWO 50 1andfiYy DAL 501 a DWoO
observedfrequentlyin moderate and nabinders however they are also present, albeit with lower
counts,iM STRONGLY Bclag¢DIl NGO
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Top Residues with Highest Interaction Counts by Binding Class
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Image 39 Top 20 most frequent residues across the three binding classes

4.3.3 Machine learning pipeline outputs

As mentioned in Chapter 3.5.3 in the present thesis, the remaining features were 156. From the
comelation matrix below, the thirty features with the highest contribution to the target variable
iLabel | ardhighlighies bs&d on absolute values (Imagg.4&Bince the encodingas applied
based on the 3.5.2 chapter where A IODERATE B¢tlddD1idltG@NO Bl NDasNGo
and 2 theA STRONGL Y B thiN IneaNsGtbat higher values in the correlation matrix are
possibly connected to classwith a linear correlationFor this reasonfiALA_173 HYD with a
correlation 0.30 indicates that more interactions this residue is involved, the higher the clsearee

to classify this ligand as strong binder to SERT protein transporter. In the same way,
AHydr ophobi c,fbAlnAl_sl 6c9amndiiodoresidues are correlated to strong binders.
On the ther handAi TYR_175ABXDMDMAm@A AL A_ 9 6 hsvd Wapative values of
correlation, meaning that as theswrease, the less probable fer a ligand to be assigned as
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ASTRONGLY Bcladé Bdwrveroall values in this matrix are quite smafigirg from -0.28
0.30, so no clear conclusions can be miadehe strengthand the kindof the relationship between
features and target variableor example, in the negative correlations, it is uncertain whether a more

negative value drives the model towaotsss 1 which is nehinders or class 0 which is the moderate

binders.
ALA_173_HYD
Hydrophobic_bonds_count
TYR_175_HYD
ALA_169_HYD
SER_438_HYD
THR_4392_HYD
GLY_338_VDW
LEU_443_VDW
LEU_443 _HYD
ASN_177_VDW
GAMMA - 0.1
SER_559_VDW
TYR_95_VDW
ALA_96_VDW
ARG_104_VDW
TYR_176_H 0.0
SER_336_VDW
ASN_101_VDW
PHE_556_OTHER
PRO_560_WVDW
ANGLE_HAY
ALA_173_H — 0.15
LEU_337_VDW
GLY_100_OTHER
GLN_332_HYD
Surface_Area - 0.15
ASN_177_H — 0.15
PHE_341_HYD — 0.15
SER_438 OTHER -0.15
ALA_1692 OTHER — 0.14

i
Labelled_class

Image 40 Correlation of the top thirty features with the target variable Labelled class

After all preprocessing steps and correlation analysis of features mentioned botipter hand
chapter 4, next stepasto evaluate the 5 classical machine learning algorithms (XGBoost, Random
Forest, LightGBM, Logistic Regressip Support Vector Machines atide ensemble method Voting
Classifier). These algorithms were traireatd tunedas mentioned in chapter 3.5.4 and an estimation
performancevasconducted based on the evaluation metrics from chapter Bdbke 13 presents the

train and tesaccuraciegor each model across the five outer fotddsiested approacfihe greaterthe
difference between train and test fold, the higher the probability for overfitting is, since the model
fimemorizeé t he cases instead of | earning them. For
fold while the mean accuracy in test asly 52.6%, whi©h means thathere is a high risk for
overfitting. Similarly, LightGBM exhibits lower training and test accuracy than XGBoost, but again
the gap is hugelogistic Regression algorithm and Support Vector Machines undenpergnce

their training accuracgearemore tham90% and their test accuias 47.3% and 40% respectively.

On the other hand, the Random Forest classifier has approximately 84% training accuracy and
achieves the best mean test accuracy #itf9%and even 80% to one foldhis resultsin a more
balanced condition where the model generalizes better than the other algorithms, while at the same
time offers room for improvement in training, possibly wiitisreasingly number of samples. After
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Random Forest, Votg Classifier seems to perforatso quite satisfactorily with 92.2% training and

60.6% test accuracyll results are shown in table 13 below.

Fold XGBoost Random | LightGBM Logistic Support Voting
Forest Regression Vector Classifier
Machines

1 Train 0.983 0.881 0.780 0.949 0.966 0.966
1 Test 0.600 0.667 0.467 0.60 0.533 0.667
2 Train 0.949 0.864 0.847 0.898 0.898 0.898
2 Test 0.600 0.667 0.533 0.333 0.333 0.733
3 Train 0.814 0.814 0.763 0.966 0.898 0.898
3 Test 0.400 0.533 0.467 0.400 0.400 0.533
4 Train 0.915 0.814 0.814 0.9%6 1.000 0.932
4 Test 0.600 0.800 0.467 0.533 0.267 0.667
5 Train 0.900 0.833 0.850 1.000 1.000 0.917
5 Test 0.429 0.429 0.500 0.500 0.500 0.429

Table 13: Per fold accuracy in train and te&tr each algorithm

Besides table 13, below Tables 1420 thereareother additional metrics that are useful for forming a
comprehensive view about how models perfofithese include precision, recall,-Bdore and area
under the curve analysigi@ oneVs-rest strategy)Random Foresind Voting Classifier achievetie
highest area under the curve (AUfO) all three classesgeflecting ¢rong discriminative capability

with both models being more able to identify the strong binders. This view is reinforced by the fact
that Fxscore for class 2 8.68 in RF and 0.65 iWoting Classifier. Both perform quite effectiveily
AN®I NDI 8lass) while they struggle to identify the moderate binders with 0.52 and 0-50 F1
score respectively. XGBogstlthough it performs moderately, it cannot easily recognize class 1 with
0.48 H-score,but it shows better results fatass 0. LightGBM seems to struggle to identify the
moderate binders. However it underperforms in general. Last 2 algorithms, namely LR and SVM show
limited effectiveness with low accuracies, recall ands€Edres, specially SVM where AUC scores

are close to 0.5 and all evaluation metrics close40tbat arenearthe boundaries of random guess in

a multiclassification task with 3 classes.

Nested Macro Macro AUC | AUC || AUC
Model A - Macro F1 ||Class (|Class ]| Class
ccuracy|| Precision || Recall 5
| XGBoost| 0526 | 0537 | 0526 | 0529 | 0.72] 0.69 | 0.62 |
Random| o610 | 0618 | 0617 | o015 | 009 071 | 073
orest
LightGBM|| 0.487 || 049 | 0483 | 0.482 | 0.73| 0.71 | 0.62 |
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R';%?Ls;iscio 0.473 0.475 || 0474 | o473 | 060 065 0.59
| svM | 0407 | 0306 | 0411 | 0401 | 0.64 | 0.61 || 0.5 |
cvoing | 0606 | 0605 | 0602 | 0599 | O3] 074 074
Table 14:Average ®aluation metrics of all algorithms
XGBoost Class 0 Class 1 Class 2
Precision 0.63 0.48 0.50
Recall 0.52 0.48 0.58
F1-score 0.57 0.48 0.54
Support 23 25 26
Table 15: Evaluation metrics per class for XGBoost
Random Forest Class 0 Class 1 Class 2
Precision 0.58 0.61 0.67
Recall 0.48 0.68 0.69
F1-score 0.52 0.64 0.68
Support 23 25 26
Table 16: Evaluation metrics per class for Random Forest
LightGBM Class 0 Class 1 Class 2
Precision 0.50 0.50 0.47
Recall 0.39 0.48 0.58
F1-score 0.44 0.49 0.52
Support 23 25 26
Table 17: Evaluation metrics per class for LightGBM
Logistic Regression Class 0 Class 1 Class 2
Precision 044 0.50 048
Recall 0.52 0.44 0.46
F1-score 048 0.47 047
Support 23 25 26
Table 18: Evaluation metrics per class for Logistic Regression
Support Vector Class 0 Class 1 Class 2
Machines
Precision 044 044 0.30
Recall 0.52 048 0.23
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F1-score 048 0.46 0.26
Support 23 25 26
Table 19: Evaluation metrics per class f&@upport Vector Machines
Voting Classifier Class 0 Class 1 Class 2

Precision 0.59 0.61 0.62
Recall 0.43 0.68 0.69

F1-score 0.50 0.64 0.65

Support 23 25 26

Table 20: Evaluation metrics per class for Votir@jassifier.

The confusion matrizssare presented belg where frst row refers to class 0, second to class 1 and

third to class &and that is similar for columns.

Confusion Matrixfor XGBoost Here XGBoost out of 23 samples in class 0, the model findarik®
mislabels 5 into class 1 and 6 into clas&@r the second row, out of the 25 Awinders, the model
identifies correctly 12 samples and mislabels 4 into moderate binders and 9 into strong Winidars

is quite confusing why the majority of wrongeglictions are strong binders, because theoretically
speakingthe moderate binders are an intermediate category betwedyinamns and strong binders.
Lastly, 15 samples are correctly identified as class 2 whige mislabiéed into clasdl and 3 as @ss

0, providing similar behaviar as in the second row.

[12, 5, 6]
[4,12, 9]
3, 8, 15]

Confusion Matrix for Random Foregthis model shows the best performance, since it correctly finds

18 samples belongintp class 2 and mislabels 3 into moderate binders and 5 intdinders.
Furthermore, it identifies 17 ndrinders and misclassifies 3 as strong binders and 5 as moderate
binders, which is a more logical condition. And finally, as all models struggleediqbs correctly 11

A MODERATE B bawmplds MUt of the 23 and the rest 12 are shared equally falsely into the
other 2 classes.

[11, 6, 6]
5,17, 3]
[3, 5, 18]

Confusion Matrix for LightGBM1ightGBM performs betterii ST RON G B | cldd3,IwNe@&dat

finds 15 out of the 26 samples and misclassifies 7 intebnmofers and 4 into moderate binders. It also

correctly identifies 12 samples of clads however it mislabels 8 into clag&and 5 into clas®
following similar irrelevant behavio as the XGBodsalgorithm. In clas®, it offers limited success,
since more than half of samples are misclassified.

[9,5, 9]
[5, 12, 8]

78



[4,7,15]

Confusion Matrix for Logistic Regressiohogistic Reression algorithm p&8rms moderatelyin

A MODERATE B tldsivithNL& €orrect predictions out of 23, while in the other 2 classes the
model struggles to recognize them with almd®8t4orrect predictions.

[12, 4, 7]
[8, 11, 6]
[7,7,12]

Confusion Matrix for Support Vector MachineSVM is the weakest modelith moderate

performance in class 0 and class 1 and poor performance M$he RONG B | cMd3 with®@ 0
correct predictions out of the 26.

[1256]
[5128]
[10 10 6

Confusion Matrix for Voting Classifieffhis ensemble classifier performs almost simitaRF. Class

2 is identical to RF, while class 1 has only 1 difference in one misclassified sample, where in RF 5
were mislabekd to class 0 and 3 to class 2, while in this case 4 were niisthlbe class 0 and 4 to

class 2. Another small differenceiismoderate binders where RF correctly identifies 11, while voting
classifier finds 10.

[10, 6, 7]
[4,17, 4]
[3, 5, 18]

Robust Features per Model

For interpretability and robustness purposes, each model produced ddmtioéshat appeared in at

least3 of the 5outa folds of the nested cross validatiand are depicted belovirrom the best 3

models analyed previously which are Random Forest, Voting Classifier and XGBoadkse

overlapping robust features include residueAL A 17 3, HAiYADHOE _ 3HAYID O

APHE 341 _VDaNd for molecular descriptors AANGLE_ HAYO

ALi gand_Di stance_t,o_Gr i di_ Meoaxn Ceyndireorgbe n _Bond _ Lengt
AMean_Hydrophobi c _ Bo niPoldr Surfgce Wred) i #Surtace cAecd and

A T HE Tmage 4).

# Robust Features
feature_counter = Counter([f for fold in fold best feature lists for f in fold])
print("\n Feature selection frequency across folds:")
for feat, count in feature counter.most_common():
print(f"{feat}: {count}")
robust_features = [f for f, ¢ in feature_counter.items() if c »= 3]
print{(;f"\n Robust features (selected in 23 folds): {Fobust_Features}"ﬂ

Image 41: Code cell in Python for picking the robust features
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Below the robust features for each model are mentioned:

1 XGBoost:
o APolar_Surface_Area,  AILE_172_HYD, HAGAMMAO, AALA 173 HYD,
AALA_96_ VDWW, AANGLE_HAY, fiSurface_AreaandAiTYR_175 HYD
1 Random Forest:

o fPolar_Surface Area AILE_172 HYD, fAlogPo, AANGLE HAY,
fiMean_Hydrophobic_Bond_Length_Distaoce AGAMMAO,  fiSurface_Areaq,
ATHETA 2, fiLigand_Distance_to_Grid_Box_Cender

ACLOSEST _ATOM_DISTANGERALA 96 VDW, fiBinding_Affinity _kcal/moled,
ATHETAS, fiMean Hydrogen_Bond_Length Distanige ATHR_439 VDW,
ATYR 95 18, AMolecular Volumé, AANGLE_XDA, APHE_335 HYD,
APHE_341_HYD andAALA_173_HYD

1 LightGBM:

o RAALA 96 VDW, ATHETA 2, fiPolar_Surface Ared, AANGLE HAY,
ACLOSEST _ATOM_DISTANGE fiMean_Hydrophobic_Bah Length Distandg
AASN_ 177 VDW, APHE 335 HYD, dlogPo, ATHETAS, fiSurface Ared,
AALA_173 HYD, AGLY_338 VDW, APHE_341 HYD, ASER_336_VDW,
ATYR_95 VDW, AGAMMAD, fiLigand_Distance_to_Grid_Box_Cender
fiMean_Hydrogen_Bond_Length_Distance AANGLE_DHA, ATYR_95 4,
APHE_334 VDW, ASER 336 _d, APHE_335 VDW, AANGLE_XDA,
fiMolecular_Volumé, ASER_438 HYBandAARG_ 104 VDW

1 Logistic Regression:

o RAALA_ 96 VDW, ATYR_175 HYD, AGLY_338 VDW, fiPolar_Surface Ared,
AANGLE HAY, APHE 335 HYD, ASER &8 H), ASER_336HYDO,
AALA 169 HYD andfASP_98 OTHER

T SvMm:

o AALA_96,VDWbY_ 338 _ WDWOR_175_ HWNGLE ,HAYO
Pol ar _Sur, ffalceR A4 ®73 ONOBWR _4 3 §i PHE 335 _ HYDO
SER_336ASIFP0336AFNB®WO334_VDW)

=1

=13

1 Voting Classifier:

o AlLE 172 WHWGBMMAOAAA 96 VDWBol ar _Sur,face_ A
AANGLE _HAY @ Sur f ac,e fiMaae alby dr ogen _Bond ,Lengt h
fiMean Hy dr ophobi c_Bond, LemBitmdiDn g t Afnfcierdi t y Kk
fiLigand _Di stance_to, Grid_Box_CentiAelrHETAO
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=1

CLOSEST_ATOM_,DiiISTAREEO176 HYANGLE ,XDAO
THETARARAG 17 3 _&hdfDMo |l ecul ar _Vol umeo

=1

The hyperparameters from the best fold are the following:
Random Forest:
Best Outer Fold Index: 3, Accuracy: 0.800

Best Hyperparameters for that fold: {'class_weight": 'balancedk_'depth": 5, 'max_features": 'log2’,

'min_samples_leaf": 5, 'min_samples_split": 25}

XGBoost:

Best Outer Fold Index: 0, Accuracy: 0.600

Best Hyperparameters for that fold: {'colsample_bytree: 0.7, '‘gamma’. 0.5, 'learning_rate": 0.1,
'max_depth": 4, re@lpha’: 1, reg_lambda’. 5, 'subsample’: 0.7}

4.4 Explainability Analysis with SHAP Values

For validity and interpretability of the previoussults SHAP (Shapleydditive exPlanations) values

were applied for the optimal 2 algorithms, which are RamdForest and XGBoost. Since Voting
Classifier has not an internal decision structure and combines the outputs of the othels? Sibalie
analysis cannot be conducted for this ensemble meHBwdhis reasorthe 2 models were retrained

on the robust faares that aréescribedn chapter 4.3.2ndonthe best hyperparameters from the best
fold of nested cross validation approa€his means that the final dataset size is (44 ,f@ Random

Forest and74, 8) for XGBoost algorithm and the SHAP summargtplwere generatedas shown

below in Image 2 and Image 8. Thegraphs illstrate thati Po | ar _ S u rif lzoth enodéls i® a 0
the top contributoandaffects the decision moia samples belonging tdass 1 and clasd Among

the 5 most predictive featgein both modelds i G A MM Argle, which is equallyseful for
discriminating thestrongand the moderatbindersin both modelsIn addition,A ANGLE _HAY O
feature is venydecisive in XGBoost algorithm, especially in class 0 and class 2, while in RFait is n
thatcritical. A Su r f a ¢ s impartantiv XGBoost algorithm to discriminate class 1 and class 2
samples, while in RF is less vital and is more predictive towards moderate and strong binders. As for
residuesi AL A _ 1 7 3andfiviOLOE _ 1 7 2theyHa¥eDpasidered highly important, especially in

the Random Forest Classifier, and facilitate decisions towards class 1 and class 2. Furtkiemore
models show strong agreement in fheA L A _ 9 6 _r&si0u&/cand that is that it contributes to
moderate and nebinders. Another highlighted fact is that the binding affinity in Random Forest
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contributes almost equally to all classes, meaning that this feature exclusively, although it is very
important in molecular docking simulations and computational biology in derteslaes not achieve
proper classification of these 74 ligands in the 3 clasd@s.is also confirmed by the fatttat the

SHAP value of binding affinity is close to zefdotably, SHAP values derived froRandom Forest

were significantlylower in magntude than those frorXGBoost This difference stems from tine
underlyingarchitecturesXGBoostis a gradienboosting algorithm thabuilds treesin a sequential
manner and optimizesthe loss functionat each stage, resulting imore strict and confidén
predictions. In contrast,Random Foresmechanism as described in section 3.mderagesthe
decisions of several trees and that te the production ofnore digributed and conservative SHAP
values Despite these scale differences, the overall prapwtof decisions towards the 3 classes

indicate similar patterns and the most critical features are observed.

Polar_Surface_Area

GAMMA

ILE_172_HYD

logP

ALA_173_HYD

PHE 341 HYD

THETA

Surface_ Area

ALA_96_VDW

THETA 2

ANGLE_HAY

ANGLE_XDA
Mean_Hydrogen_Bond_Length_Distance
Ligand_Distance_to_Grid_Box_Center
TYR 95 H
Mean_Hydrophobic_Bond_Length_Distance
CLOSEST_ATOM_DISTANCE
Molecular_Volume

PHE 335 HYD

Binding_Affinity kcal/mole_ B Class 1
mmm Class 2

THR_439_VDW
- - I Class 0

000 002 004 006 008 010
mean(|SHAP value|) (average impact on model output n

Image £: SHAP summary plot for Random Forest
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Polar _Surface Area
ANGLE_HAY
Surface_Area
ALA 96 _VDW
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ILE_172_HYD BN Class 1

B Class 0
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Il Class 2

00 01 02 03 04 05 06 07 08
mean(|SHAP value|) (average impact on model output magnitude)

Image 48: SHAP summary plot for XGBoost algorithm

For better understanding of the predietipower of each feature in the 2 previous algorithms, SHAP
summary plotsvere converted into claswise percentages as the following heatmaps illustéste.
discussed in chapter 4.4, it is clear that random forest operates ireaomservative mannemsie

none of the2l robust featuresontribute more than 50%towards a classOn the other hand, in
XGBoost algorithm, the differences in percentages across classes are wider, enhancing the strict and
confident charactesf this model.

SHAP Contribution per Class (%)

50

PHE 341 HYD

Ligand_Distance_to_Grid_Box_Center
ANGLE_HAY 45

GAMMA
Mean_Hydrophobic_Bond_Length_Distance 40

THETA 2

ALA_96_VDW

35

CLOSEST_ATOM_DISTANCE
Surface_Area
Polar_Surface_Area

THETA

PHE_335_HYD

ANGLE_XDA
Mean_Hydrogen_Bond_Length_Distance

ILE_172_HYD - -20

ALA_173_HYD - 21.4
Binding_Affinity_kcal/mole_ - 20.5 - 15
Molecular_Volume - 16.0
TYR 95 H - 6.8
-10
logP - 6.7
THR_ 439 VDW - 5.9
!
Class 0 (%) Class 1 (%) Class 2 (%)

Image 4: SHAP cortribution percentage per class for Random Forest
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SHAP Contribution per Class (%)

TYR_175_HYD 0.0

ANGLE_HAY ZELE) 80

GAMMA

60

Polar_Surface_Area -

ALA_96_VDW - 235

Surface_Area - 13.4

-20
ILE_172_HYD - 13.4

ALA_173 HYD - 2.9 14.6

i i
Class 0 (%) Class 1 (%) Class 2 (%)

Image %6: SHAP contribution percentage per class for XGBoost

To complementand validatethe classspecific SHAP breakdowns, a cras®del comparisorwas
performed by averaging the absolute SHAP vahmess all samples and classes for both Random
Forest and XGBooshodels All featuresare shown below in Imageé4vith their overall contribution

to model predigbns. More specificallyfeatures such d@olar_Surface_AremandiG A M M Anizre
foundto bethetop contributors in both modeltn conclusion XGBoost exhibited generally higher
SHAP magnitudeshan the Randorforest. Hhwever the relative rankings between the twmdels
show strong agreement his alignmentenhanceshe robustness aritie repeaability of the results

which are totally compatible with wharevious SHAP analysis revealed
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Feature RF_SHAP XGB_SHAP RF_Rank XGB_Rank Awvg_ Rank

14 Polar_Surface_Area 0.032032 0.271862 1.0 1.0 1.0
6 GAMMA  0.017727 0.1371412 2.0 5.0 3.5
7 ILE_172_HYD 0.016449 0.064228 3.0 7.0 5.0

ALA_T73_HYD 0.074070 0.074482 5.0 6.0 2.5
15 Surface_Area 0.011911 0.163660 8.0 3.0 5.5
1 ALA_ 96 VDW 0.010638 0.140702 9.0 4.0 6.5
2 ANGLE_HAY 0.010273 0.165883 11.0 2.0 6.5
3 AMNGLE_XDA 0.010152 MNaM 12.0 NaM NaM
4 Binding_affinity_kcal/mole_ 0.002381 NaMN 20.0 NaMN MNaN
5 CLOSEST_ATOM_DISTANCE 0.004472 MNaM 17.0 NaM NaM
8 Ligand_Distance_to_Grid_Box_Center 0.007749 NaM 14.0 NaM NaM
9 Mean_Hydrogen_Bond_Length_Distance 0.009042 MNaN 13.0 NaM MaN
10 Mean_Hydrophobic_Bond_Length_Distance 0.004994 MNaN 16.0 NaMN MNaM
11 Molecular_Volume 0.003506 MNaN 18.0 NaM MaM
12 PHE_335_HYD 0.002572 NaM 19.0 NaMN NaM
13 PHE_341_HYD 0.013507 NamM 6.0 NaMN NaM
16 THETA 0.013146 NaM 7.0 NaM NaM
17 THETA_2 0.010355 MNaM 10.0 NaM NaM
18 THR_439_VDW 0.001845 NaM 21.0 NaMN NaM
19 TYR_175_HYD NaMN 0.033282 NaM 8.0 NaM
20 TYR_95_H 0.007015 MNaN 15.0 NaMN MNaN
21 logP 0.015598 NaM 4.0 NaMN NaM

Image 4. Absolute SHAP values of robust features across the 2 models

4.4.1 Misclassification Analysis

To  further identify and assess the limitations of thanodels applied,
an indepth study was conducted into the caumdsndthembased on th&llowing misclassifcation
analysis. Figure 4points out that Random Forest algorithm misleaEl0 samples, while XGBoo&
and the common incorrect predictiomere 4 which is inevitably a high percentage. This strong
agreement &tween thawo models highlightghat although their core architecture is different, they
can effectively detect possible mistakes in the initial dataset configuration and questiog theectl
binding behaviar of these compounds. More specifically, ther common misclassificationsere
i A Ma pr o twaslpiediceed as a strong bindbgr both modelsthough it hasanactual label
1. This could be aeasonableondition, because it is attacyclic antidepressant, but it has
very weak SERT inhibition with 5800 Ki value from PDSP.

iU A Nef az wabwmislabaled into strong binder but its actual label is moderate binder.

c
=1

Tr i mi p shawed a eoritroversial behawip because Random Forest ¢icted it as a
strong binder, while XGBoost as nbtimder. However, the true label S MODERATE
Bl NDI &aGso
a AVi |l az,ovkidhwaspredicted ag nonbinderagain by both model$ut its actual label
is strong binder with Ki value approximately 0.5anis a serotonin modulator.
Based on these results, it is obvious tihaly reinforce earlier findings from confusion mags and

SHAP values, where the most challenging group to identify, is the moderate bindeisut of the4
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misclassificationsverebetweeni MODE RA T E B tldasDandNa@e of the remaining two. This
suggests, that class 0 stsapetentially an overlapping feature space and constitutes the intermediate
condition.Neverthelessn two cases, liké Vi | a z andiioMhaepdr o ttheinddelsdoinot follow

an expected prediction, indicating potential overlap evetihéndistincti STRONG BlaNdD| NGo
i NO B N DBlasbe&Kor the remaining six samples of Random Forgsif them were again
mislabeled between moderate binders and anoth®ass, while in 1 case which was

ACID_2 4 8 5 6 Hetiv@ea strong and ndrinders.As for XGBoost algorithm, for the remainirfigur
samples,two of them were betweemoderate binders and one of the adjacent clagses was
classified as strong binder butwtas a norbinder and finally one was lalbetl asa nonbinder but it

was actually belonging® ST RONGL Y BclagédDIl NGO

Ligand Name True Class RF Predicted Class RF Predicted Class XGB

0 CID_11310988 2.0 0.0 MaN
1 CID_24855981 MNaN MaM 2.0
2 ClD_24856046 0.0 2.0 MaN
3 ClD_248536107 2.0 1.0 MaN
4 CID_24947939 0.0 2.0 MalN
5 CID_44351345 MNaN MaN 1.0
6 Diphenhydramine 1.0 0.0 NaN
7 Doxepin MaN MNaN 1.0
8 Iprindole 1.0 0.0 NaN
9 Maprotiline 1.0 2.0 2.0
10 Nefazodone 0.0 2.0 2.0
11 Trimipramine 0.0 2.0 1.0
12 Vilazodone 2.0 1.0 1.0
13 Zolpidem NaN MNaN 2.0

Image 4: Misclassification analysis of Random Forest and XGBoost algorithms

To better understand the underlying path by whixthenodel forms a final prediction, waterfall plots
were generatedThey consisbf a base valudenoted asiE[ f ( Jand]it sthe mean model output,
namelywhat the model expects based on all sampld¢be datasetThen the actual modsloutput is
fif(x)0 and its value depends on whether the contribution oftititionalfeature pusésthe model
towards the predicted class or not. If BldAP value ispositive (red colouin Image 8), it indicates
that this specificfeaturehelps the model to get thparticular prediction, while if its negative (blue
colour in Image 8), it means that the specific feature introduced is preventing the modeg)&tbimg
this predicted clas$:or the short waterfall analyskselow, 4 compounds are depicted which repres

4 different cases.
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Par ox istam exanipleof a positive predicted samplia both models that belongs in the

=1

STRONG B IcNd.FoNRaadom Forest classifier, initially thesleavaluewvasrelatively low

with a value 0f0.331. The most positiveontributorswerei ALA_17 3 ilBY¥Dd ao,e _Ar ea
APol ar _Suo, i @EE TAIOee@®ad T HE T Avhi2 the restl5 featuresdid not affect

the modelsignificantly. Final i f ( xcreasedto 0.478 so the overall contribuin was relatively

small. On theother hand,XGBoost againrecognizel i AL A _ 1 7 3 asHh¢ Dnbst positive

influential feature for predicting class 2, followed ByS u r f a ¢ and FGAMMAD. Their SHAP
valueswere 0.32, 0.8 and 016 respectively. The final outpul f ( wentofrom 0.545 tol.404,

highlighting the importance of these featurblewever, therevas1 feature il LE _1 7 2thaHY D o

pustedthe model towards the oppositigection of class 2 prediction (Image 48).

fix)

ALA_173_HYD
Surface_Area
Polar_Surface_Area
THETA
logP . +0.02
THETA_2 . +0.02
ANGLE_HAY . +0.01

GAMMA ' +0.01
PHE_341_HYD 0.01 .

12 other features 0 ‘

0300 0325 0350 0375 0400 0425 0450 0475 0,500

ETfiX)]
=1.404
ALA_173_HYD
Surface_Area
GAMMA
ANGLE_HAY +0.13
ILE_172_HYD -0.08 .
Polar_Surface_Area . +0.04
ALA_96_VDW ' +0.01
TYR_175_HYD ‘ +0
0.4 06 08 1.0 12 1.4

Image 8B: Waterfall plosfori Par ox.eti neo
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Infi Ma p r o tathimbdelsfailed to predict the actuél N O B | N BldsNaBdmisclassified it as

a strong binderFor RF baselingiE [ f ( Wgs P.88L and it slightly increaseto i f (=0.37D

filogPo andAGAMMAO guidel this prediction, butmainly ATHETAO opposé this outcane Since the

impact of all these featuresvas small, the final output of the modeVvas governed by a high
percentage of uncertainty and thedsthe most probableeason for the wrong predictioXGBoost

had 3 features, likeASur f a c e AAANrGeLaEO  H & BIGAMMAO that draged the model

towards class 2vith high values while only the residuesilLE_172 HYD andA ALA_173 HYDO
contributeal to the opposite direction. As a result, the final model outpureasedrom 0.545to0 0843

and this concludethat XGBoost classifier was confident in its incorrect predittion contrast to

Random Forest (Image 49).

fix)

ALA_173_HYD
Polar_Surface_Area
ANGLE_HAY
TYR 95 H
ANGLE_XDA -0.01
PHE_341_HYD +0.01
12 other features E’

0.32 0.33 0.34 0.35 0.36 0.37 0.38

ETAX)]

Surface_Area
ANGLE_HAY
ALA_173_HYD
GAMMA

ILE_172_HYD

ALA_96_VDW
. +0.04

TYR_175_HYD ‘ +0

Polar_Surface_Area

6 07 0.8 0.9

o]

0.4 0.5
=0.545

Image®: Waterfall plats for AMaprotilineo

Anotherunexpected midassificationcase is that ofiTrimipramina, which was incorrectly predicted
by RF asa strong binder ands anonbinder by XGBoostalthough its actual label imoderate In
Random Forest algorithm, the majority of features posslesdatively low SHAP contributions to

either in favour of clas2 or againstand that is the reason wkiye moded s o0 wasgimodgt similar
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to the baseline valuélogPo had the highest contribution though, withsmall0.04 value In contrast,

for XGBoost i AL A_ 9 6 _cohbibiged with a positive valuef 0.28 to a class 1 prediction,
howeveri Po | a a ¢ 8 u Afderdoaméd a significant contribution to the opposite direction with a
value 0f-0.48. This led to afi f (=0.348from thebaseline valuéE [ f ( X0.4p9dindicating high
uncertainty of prediction towards class 1 (Image 50).

logP

GAMMA
ILE_172_HYD
ALA_173_HYD
THETA

THETA_2
Polar_Surface_Area

ANGLE_HAY

PHE_341_HYD

12 other features

0.34 0.36 0.38 0.40 0.42
E[fiX)]

=0.348

ALA_96_VDW +0.28

ANGLE_HAY . +0.04

ILE_172_HYD +0.04

GAMMA -0.04 .
Surface_Area ' +0.02
ALA_173_HYD +0.02

TYR_175_HYD 0

+

0.3 0.4 0;5 0.6 0.7 0.8 0.9
=0.469

Image 50 Waterfall plots for fiTrimipramineo.

Last misclassifiedcasethat is dscussedn the present thesis refetoi Vi | a z.dt dvas meeantly
launched in the US in 2011 and it is a serotonin modulator with very strong inhibition of SERT protein
transporterHowever, the 2 models laBkedit as a norbinder which is an alarmingondition since it

indicates minimal to zero interaction with human SERT protein transp&Eershoved moderate

certainty with output valué f (=R.41drom AE [ f ( X 0.334 while XGBoos exhibited strong
confidencein the false prediction with aoutput valuefl f (=0.83drom AE [ f ( X 0.46D Both

model® decisionswere driven mainly by i Po | ar _ S u r feaucee especialyain XGBoost

where it ha a SHAP valueof 0.9. To conclude, tth models struggteto categorizéi Vi | azimdone o
theA STRONG B Ichg3,| bNc@use they i heavily on one specific feature and that is the
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reason why in the present thesis there are several misclassifications that result in low accuracy in
nested moss validation approadhmage 51).

f{x)

logP -0.03
ANGLE_XDA +0.02
TYR_95_H —0.01
Mean_Hydrogen_Bond_Length_Distance
ALA_96_VDW —0.01

ILE_172_HYD . +0.01
PHE_341_HYD . +0.01
oo

THETA

12 other features

Polar_Surface_Area

Surface_Area

ALA_96_VDW
ALA_173_HYD ' +0.03
GAMMA ’ +0.03
ILE_172_HYD ’ +0.02
ANGLE_HAY -0.01 ‘
TYR_175_HYD +0
-0.2 0.0 02 0.4 06 08
=0.469
Image8: Waterfall plots for fAVilazodonebo

In summary, the misclassification analyssnductedreinforces the complexity of predicting ligand
binding affinity, particularly for compounds positioned in the interaiediMODERATE BINDIN®
class. Thedetails of evaluation metrics insightssonfusion matricesSHAP interpretabilityand
individual case studiementioned in waterfall plofsillustrate that a large portion of the errors
occured at the boundaries betwe@moderateand adjacentclas®s Random Forestlisplayed more
conservativepredictionswith smaler SHAP values while XGBoost produced in gereral more
confident outputseven n wrong casesThis behavioureflects the inheent architectural differences
of how each model interpts feature spacé. P a r o x andl drug<like theskcilitate the scientific
community to identify which features acemmon instrong binders, since this compound is widely
recognized as an SSRI with strong affinity with SERTtgiro It highlighted specific features, such as
AALA_173andiy®wr f a c ¢hat Are enarked as potential strong binding indicatiors.

contrast cases like fiMaprotilined andfi T r i mi p reeeaied rihat®veaxpectedpredictions can
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cortradict datasetabels, hinting akither biological nuance or incsistencies in the ground truth.
Lastly, iiVilazodon@, for which both modeldailedto detectits actual label highlights the danger of
overreliance on dominant featuresith extreme SHAP valuessuch a fPolar_Surface Area
Ultimately, these findings underseothe limitations of thepresent thesis anbHow essentiakhe
explainableAl toolsarein thedrug discoveryprocessasthey enableesearchers not ontp quantify
possibleerrors but alsonodify an underdevelopment drug

4.4.2 Partial Dependence Plot Interpretation

The kst toolusedto validae all the previous resulisas the generation gfartial dependence plots

(PDPs). These plots illustrate how the distribution of each feafteetsthe predicted probability for

a given class label.To maintain clarity and avoid redundancy, the partial dependence analysis
presented here focusexclusively on class 2 and Owhich represent the strong and the moderate

binders, since these atee mostprobable candidatder potential antidepressant activifjhe features

shownin the following graphgimages 2 and %) werethe most influential based on the previous

SHAP analysisthough there were many more from Random Forestwkeg not integratech this

PDP analysis. Most predictive includdd THET Ad® ol ar _ Sur, fiaScuer_fAarceea OAr e a (
AANGLE_ _HAFBE_341_MMADA_173_fMHIYDDH_ 172 AKYDAO 96, VDWO
AGAMMAO, ATYR 175 AHYRBaRDA Bi ndi ng _Af f i.nThet fgllovkng pldtsy mo | e _ ¢
dispday the contribution of the robust featuresto th& T RON G B | cd3.MdieGspecifically,

forA Pol ar _ Su rdoth madelsfonverged Valuesaboveapproximatelys0j | t end t o r e
the probability for a given ligand to be labelled as classuggsting that highly polar drugs cannot

effectively inhibit SERT protein transporter. As for the angld H E Twhithwaspresented only by

Random Foresit wasclear that valuebetween 2 0t 40 Ancreasd the chances for a class @bkl

and then the cuevplateauedi AN GL E _ 8hdiv@A M M depictedsteep dropin their curves in
XGBoostafter ~1 0 @ ~® Aespectively, while similar pattern was followed by RF, thowgn

much smoothedecline Major rise was observed i Su r f a c afterAtheevalue ©0~300 ; |

particularlyin XGBoost, but the curve was stabilized and slightly decreased after the value pf 450

This indicates that the ideal contact area of a molecule should possess an intermediate,condition
meaning that very small area is not a @tk SERT inhibitor, but also very large areas may not fit

properly in the binding pockein addition,fi | o gwR a positive contributor for 8 STRONG

Bl NDI th&edaftem value of 3 in Random Forest Classifiegardingthe most criticalresidues

involved in interactions with SERT protelrased on the SHAP summary plots and robust featines

2 modelsshowedstrong alignmentfiAlanine 173 HYDO showed a rise in predicting class 2 with

91



values up te-3 hydrophobic interactionslowever this consists theaturated point where the addition
of extra bonds id not contribute to the moddésbility to label a compound as a strong binder.
Al s ol e u Do ehich &ppeared over 500 times in the present datedieatedthat when it
formedmore than 10 bondsith agivenligand representinghe sum of the 5 individual poses, it was
more likely to be labelled as strong binderA L A _ 9 6 p&fbried a slight increase in probability
of a strong binder irthe range of 0 to 1 boreand then curves in both modetdateaed
APHE 34 1inIRFHdba plot that was mostly flat, but inthe rangeof ~1-2 bonds a minor
increasewas observed in the probability of a class 2 occurremaierestingly, the binding affinity
curve wasmostly flat in RF, suggestingow discrimnative power to classifgtrong bindersn the
current task.Lastly, ATYR_175 HYD that was included only in robust features oKGBoost
algorithmhad a minimal decrease istrong binding probabilitppetween0-1 bonds Generally, itis
substantial to not¢hat the range o y-axis for RFwas very narrow (0.3@.40) indicating that the
predictive power of the depicted featurad dot alterthe output probability of class ® a great
extent Similar but less narrow (80-0.45) wasthe range for XGBoost algithm. We can conclude
then, that the binding affinity of a ligand to human SERT protein transporter depends on multiple

factors and not one exclusively, making the binding process a difficult task to clarify.
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Partial dependence

Images 8 and % represent the partial dependence plots acrosswthanodels fori MODERATE
Bl NDI tasNotably,i Po | ar _ Su r dlignedeell with pravibusclass 2PDPplots as it
demonstratg a steep dclinea f t e r in-b&tlOmogelsThis underlinesthat lower polarity favours
both models, while higher values prevent a ligand from binding to SERT protein transporter.
contrast to class PDPplots,i ANGL E _ &hdivr®A M M features showedincreasing likelihood

for A MODERATE B inNHe Isa¥n@ dangesvhere strong binding probability decreasbs
addition,an opposite trend was obseredthet Su r f a c featuker stneedn the range €800

i } ~450 i |both modelsdisplayeda drop in their probability curves, wiereasin thei STRONG
Bl NDI RDP®lots gpronouncedncreaseAs for AiTHETAO, which was depicted onlyy Random
Forest Classifieras | i gh't decrease widd Apdsioprthe erehd afstroogu n d
binding class indicating minimal discriminative power towards class 6.1 o g Bnd
ABi ndi ng_ Af f i had mgstlykflat @&urvesorcclassQ asimage 55 revealed, indicating

limited influence on predicting sucltompound. Both models confirmed that for residues

AALA_17 3andfiYIOLOE _ 1 7 2theHb¥hawiour wasppositetoi ST RONG BIPDPI NGo

plots More specifically, forisoleucine the addition of more than 10 bomd=akened the model of
predicting a potential moderabkender. The same was concluded for alanine, since the efofne
curve was negativéi AL A _ 9 6 exhibittbpositive contribution for moderate binders from 0 to 2
bonds and then the curves plateadd®®HE _ 3 4 1 showedan initial slight drop betweenalues

1-2 and then thesurve flattenedLastly, i T Y R_ 1 7 5inckeasBdthe probability of a class 0
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predictionin values 0 to 1 bondsvhile in the same range the probabilities for a class 2 label were
reducedas shown inimage 53. Similarly tdi S T R O NNGD | BN B@P plots the ranges in-pxis
were very narrow,which is correlated to minimadiscriminative ability across th#éhree binding
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In overall, the PDP analysis across both Random Forest and XGBoost models revealed that several
SHAP-selected features, such@sAL A _ 173 ABXBMMANA Sur f a c,everd utikzedo

by both models in predictingass 0 and class 2. However, their effeaften appeared inpposite
directionsbetween the two classes, which aligns with the expected behaviour in a multiclassification

task. Major exception waB Po | ar _ Sur, Wwhich eonsisterdlya decreased the lgability of

strong and moder at e bi n dnore distinctmlg m ligdndSERD binding, sugg
process Apart from these findingghe presence oflat and marginal curvekighlighted thdimited
discriminative power for individual featuressupporting the idea that SERT bindinghibition is

governed bymultiple factors or that all the assumptions and limitations of this thesis that are described

in chapter 5.2 prevent the model from identifying potential discriminative patterns.

Chapter 5: Conclusion and Discussion
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5.1Findings Analysis

In the present study, an innovatiaad detailed approackasimplemented that combidenolecular

docking simulations, extraction of molecular interaction descriptors, relgdek profiling anda
machinelearning pipeline to classify 74 ligands based on their affinity with human SERT protein
transporter.i Aut o Doc,ki CWi1 mamddd®d!| OVI A Di s c configurgl a Saludi o o
multidimensional dataset with over 150 featutieat capturd different perspctives of the protein

ligand binding process including inherent molecular properties of ligands, physicochemical

characteristicsesidueinteractionsand other distance and geometgsed features.

The docking analgis conductedwvas first validated thragh the alignment with the 516X PDB
structure (Image 3 and it showedhigh convergence. As expected, the KDE and box plots (Images
33-34, 36-39) illustrated that strong binders have the most negative binding affinities, falldwe
moderate binders and tahe nonbinders. However, significant overlappingas observed which
suggests that this feature, while vital for binding processas,insufficient for effective binding
classification of the 74 ligands with SERT protdihis wasalso confirmed by théact that in Random
Forest SHAP valueand PDR, the binding affinity ¢ not show anyiscriminative power towards a
specific classThe top ten poses were generated from the software and from them the best five were

selected through a custom Python @ictiat rankedthem based on binding affinity and RMSD values.

Severalmachine learningnodels were tested and evaluated for their ability to classify ligands based
on SERT inhibition into thethree classeswith a nested cross validatiostrategy Among he
algorithms, the most promising and robust evees Random Forestwith a mean training accuracy
across folds~-84% and mean test accuracy 61.9%. The gap between train andategtceptable,
showing minimal overfitting possibly due to the small datazet $1lowever, iwasstill reliable and

can possibly form the basis for future studies in this field. Serorahk camethe VotingClassifier

which is an ensemble method that predicts based on the decisions of other known individual models.
In the preset thesis, for the Voting l@ssifier, Random Forest and XGBoost were integrated. It
achieva mean train accuracy92% and mean test accuracy 60.4%. Notably, thaga high risk of
overfitting since the difference between train anduwestmore than 30%Another possible cause for

this could be that the model memorizes the sample set instead of learning frgragaendue to the

small sample size. Finally, XGBoost performed moderately with 91.22% and 52.6% in train and test
meanaccuracy respectivelywhich was close to theVoting d a s s i f i eur. Bhe relmanm@g v i o
models underperforad The ranking order based on the-$tbre and precisiowas similar to the
accuracy for thehree models. Random Forest predidtcorrectly more strong binders followdxy
nonbinders andlastly moderate binders, indicating that it can easier detect samples in the

diametrically opposedategories, while in the intermediate class which is in a boundary condition
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with the adjacent 2 classes, it underperimdmVoting clasdier performed similarly to Random
Forest, whileXGBoost aotd oppositely tathe other two modelby focusing mostly on the moderate

to strong binding spectrund underperformed ifi NO B | N Dlas®NApart from the evaluation
metrics, thetwo models hadas outputs the robust features involved in the nested cross validation
technique which represeetdfeatures that were selected in 3 or more out of the 5.folds

Several descriptors weexamined statistically (Image$-38) that reflect their distributionpatterns
across thehreeclasses, while in combination with SHAP values and PDPs, an overall bahforio

each feature can be assesdddtably, from SHAP summary plots it was clear that both Random
Forest and XGBoost relied heavily on overlapping feetwvith different weights. Across all features,
APol ar _ Su rwasdemondrater adthe top contributor in both modalses exceeded ~50

i Jwere linked to lower probabilities of strong and moderate binding case$e steep decline in
PDPsreveded, highly compatible to the box plot depicted in Image ¥ interpretation from this

lies on the fact that excess polarity atoms in ligands are less likely to interact with the hydrophobic
part of the protein. To further confirm this interpretatidil, o g, Rmbich is a measure of
hydrophobicity of a molecu)éndicated that the probabilities for a strong binder case sharply in
values more than 3, as shown in the PDPs (Image s#)i Su r f a c,aherAwas a dlear
relationship among classes amhetiwas, higher values tend to correlate easier to strong binders
argumentwas enhanced by the increased discriminative power tthiatfeature showd in the PDP

curve, where around3004 5 0 pgrf¢rmed a rise, highlighting simultaneously the optiotntact

area for a potential strong SERT inhibitBox plot in image 36 confired these findingsAs for the
angulardescriptors most important andhfluential angles werdiGAMMAO a n A NG L E _ HAdY O

last i T H E Twhich was only exhibited in Random Feterobust featuredi T H E Ts@gpored
strong binding to SERT pr owasdompatble witvbesPDPs 6f2 0 A  an
moderate binderswhere in the same rangexhibited a decreasing curve and therefdoever
probabilities.SHAP summary plots ahe other two angles displayed positive contribution effect to
class 0 and class 2. PDPs revealed decreasing probabilities for strong binders at valuesSbefond

i GAMMADd ~1 0 MAA ANGL E_,Hwhi¥eoa reversed behavior was depicted in the
AMODERABTMRDI plasofor the same valueSnother important aspect of the present thesis
was the residudevel analysis and which of themere decisive and observed in each class more
frequently. Based on the robust features from theaih algorithms and theBHAP values, the most
important  residues include ARALA_173,_ HYDLE 172 HWYWD®& 96, VDWO
APHE 34 1andfiYTDYOR _ 1 7 5 Firkt'8 @ére demonstrated in the robust features of the two
models applied, whildi PHE _ 3 4 1 wa$Yfdigd in RF andi T Y R _ 1Y7D6d0n EXGBoost
algorithm and performed moderate SHAP vallddg probability of strong binding increased in both
models wherfi Al a 173 nkeY participated in up to 3 hydrophobic interactions, while a reversed
behaviour was performed i MODERATE B kad\sbdwi B/othe PDP&.1 LE_172 _HYDO
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which wasthe most frequent residue in all classes with more than 500 records,denablé R ON G
Bl NDI blassification for number of bonds higher than 10, while at thee d&me in moderate
binders PDP&ad a negativelppe.i Al a ni n e _tBa6is i'w@wWathin van der Waals interactions
was informative for moderate and ndmndersbased on SHAP summary plotsigHer probabilities

for the n MODERATE B | chd3,| em&ged when it was involved in0-2 bonds

AP HE _ 3 4 1 whkk¥h@eécritical in class 0 and classhbweverthe probabity of a strong binder
sample wadncreased in the range df2 bonds, while in moderate bindemsas reduced. Lastly,
ATYR_ 17 5proded Bbdbe significantly influential for class 0, in whidte tprobabilities were
increased wheidl T Y R _ 1 7 5fored BlobondsThere were also additional features among those
in Random Forest, for which a more comprehensive analysis was not conducted for space, however
their SHAP summary plots and box plots addatle to this thesis and can be integrated in future
studies Generally both SHAP summary plots and PD&asmonstrated that the features asted from
Chimera, AutoDockVina and BIOVIA Discovery Studio did not have enough predictive power to
direct a modls decision, instead theyere more likely to show the tendency that these features
followed This statementvas enhanced by the low SHAP values in the SHAP summary plots,
especially in the Random Forest model and by thgiy in all PDPs, where the rasgvere narrow
(~0.30.4 in RF and 0.18.45 in XGBoost) Apart fromthat, y-axis represents the average predicted
probability of a ligand belonging to a given claas a function of a feature X. Notably the ranges are
close to the random guess in a mudissification task with 3 categories which is Q.8Biceseveral

curveswereflat around thigange

Misclassification analysis was conducted to prove that both models underpatthrento limitations

in the whole pipeline followed in the present theBasth models overeliedon some features and this
led to wrong predictions. For example,inv i | a z whicl ia lndwn as strong SSRI, both models
failed to confirm this and they labelled it as a ndwnder due toits dominant value of
APol ar _ Se a @xaimage B ilustrates. Similarly, A Ma p r o twiad falselg éablded as
strong binder instead of a némder, because both models ovelied on features like

ASur f ac,ef|PorgelPaddi GA MMAHowever, both models managed in cases such as

=13

P a rto xnetn0 combine the contributions stemmed from molecular descriptors, like
ASur f ac,d PAd e@ea o Sur dnd efduel rlildiadoL A _ 1 7 3 andi préaliat correctly
the binding class. All this analysis, though very informafimeligand binding to SERTprotein, it
underlines the complexity and the multifactorial nature of SERT inhibitibich is difficult to clarify

based solely on these tools.

The findings of the present studyigned well with prior works related t&SERT inhibition and
computational modeling of ligand binding mentioned in Chapter 2. Key residues such as
Al LE_172 andYWDWE _ 3 4 1, WhYtID oonsistently appeared in this thesis as critical

98



discriminators fori ST RONG B | diaBs| We@oalso identified in experimental studies by
Andersen et al. (2009) and Adejoro & Adewara (2025) confirming their key role in SERT inhibition.
Nencetti et al., 201and Andersen et al. (2008)so highlight theessential role of residu® Yrosine

9 5 thatwasamong the robust features Rhndom Foresn SHAP summary plotsApart from key
residuesfiPo | ar _ Sur fissemghasiked &yaCGrampon et al. (2022) as a meaningful molecular
descriptor for ligand binding affinitycompatible with the present study, in which P&as a key
discriminator especialljor ai NO B 1 N Dlasdabdl. In additionKong et al. (2019), achieved
high precision using Random Forest and Voting Classifier models on SERT inhiyitapplying a
binary classification task. The present thesis confirmed this tendency, althougfaltietien metrics
were much lower possibly due to the three number of classes instead of Ammther common
conclusion with the study (Crampon et al., 2022) is that the accuracy of molecular docking scores is
guestionable and for this reason an integrat@chine learning pipeline is considered a more optimal

solution for classifying ligarsbinding interactions.

5.2 Assumptions Limitations and Challenges

The present thesis whidhcorporaté several computational techniques, like docking simulations,
extraction of specific molecular and residue details and construction of a supervised machine learning
model to classify ligands based on their SERT inhibitieas governed by several assungts,
limitations and challenges that requireareful consideation. Assumptionsweregroupedinto 4 main

parts

Docking Environment Assumptions

1 Protein structuresource It was assumed that the 516X crystallization structure freR@SB
Protein Data Banlwassuitable for docking purposes.

1 It wasalso assumed that gein and ligandreprocessing stegsemoval of unwanted atoms
and ligands, addition of hydrogen atoms, assigning of charges, energy minimization of
structure and sterieffects and dock preparatiomeredone correctly.

1 It wasassumed that sodium, chlogidons, water molecule and cholesteridl dot disturb the
correct execution of the docking simulations.

1 Construction of Grid Box: The grid box dimensions weefined manually in Chimera
software, considering that theitial structure with the boungaroetine at the central site of
the prokin wascorrect. In addition, it waassumed that the box dhtéhe suitable dimensions

whichincluded all the central sitef the proteirthat the present thesis focdsen.
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1 Docking scores validity: While docking is vély used in the drug discovery community and it
reveals approximate biological aspects, it does not reflect a realistic-ligagtidg simulation,
since the receptowas considered rigid, the ligandias partidly flexible and the scoring
functions simplify the overall interactionshat occur without consideringotential steric
effects.

1 Another assumptiowasbased on the formulas used in 3.3 chapter for the evaluation of best 5
poses, where binding affinity and RMSD values contributdqually to these. Hoswer,
another approach, for example an increase in the weight of binding affinity could lead to
alternative 5 best poses and possibly better and more realistic results.

Feature Extraction & RepresentationAssumptions

1 The selection of the best 5 poses tigiothe custom Python script relieth a combination of
binding affinities and RMSD values. Nevertheless, there is uncertainty in the da¢héise
poses may not reflegiossible realisticconformationsduring ligandSERT binding orthey
may not be fun@bnally effective.

9 Molecular interaction details and resideeel profiling: Similar to docking validity, all the
descriptors and residues were extracted from BlOYJi&covery Studio which represents
static snapshots of the ligand with the SERT transpdtieugh in reality these imactions
emerged from dynamicenvironments under specific conditions, for example pH or
temperature.

1 MedianAggregation: During aggregation aiolecular descriptoraith the median valugit
wasassumd that themedian captwes the most representative interaction pradil@ ligand,
effectively downweighting outliers while still assuming thall 5 poses adstl value to the
overall binding behaviar.

1 The strategy used for residues was summation, meaning that for the fige thesealues for
each residue were summed in order to get one value for each residue and for each ligand.

1 For each ligand pose, the mean value of geomptdperties, including the aalar features
AANGLE DWAN&GLE HANGLE XBNGLE DHARHEDAGTHETA 20
AGA MMA as well as thdeatureACL OSEST ATOM bds&mputedTbese
values represent averaged structural features per passpective of the specific residues
involved in the interactionand are computed across all interactiotries associated with that
pose.

1 I'n cases wher e AmiddPii Statkedr irvalvedi naultiple (residugs. the
interactionwas classified based on its type (in this casehydrophobi¢ and contributd to
the hydrophobic interaction count feachof the residues involved. Thensure that multr

residue contributiongereintegrated in the final model.
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1 While in the docking process, all ligands that support the functional part of the protein were
kept, such as ions of sodium, chloride, water and cholesterol, they were exclused fr
machinelearning model, since it focuseth amino acids. However, among these ligands, only
Na' ion was present wittomevan der Waals interactions

1 The mean values of hydrogen and hydrophobic bonds length distances ccinengehe
average distanced the individual bonds that participatén the respective categoryhis
approachwasquite confusing, because detailed informatiasput aside, but itvaseasier to
integrate such feature in a machine learmipgline

1 In the other interactions feawyr electrostatic bondand halogen bondswere included,
although their action is different.

Machine Learning Pipeline Assumptions

1 The machine learning models us@®andom Forest XGBoost, Voting Classifier) assume
independence among input features, ehengh molecular descriptors are often correlated.

1 Collinear featureslescribed in chapter 3.5W8ere maintained in tredased models that are
more robust in handling multicollinearity, while in Logistic Regression and Support Vector
Machines were droppeddm the training process.

1 Nested cross validatioinameworkwasapplied, since it is often a moideal approach when
the sample size is small.

1 For LightGBM algorithm RFE was not applied due to increased demands of computational
time.

§ Slight variations inSVM AUC metrics across runs were assumed to result from internal
randomness during probability estimation and data splifihgs could possibly be fixed with
the probability parameter.

1 Explainable Al tools used here assuhibat each feature Haan individual discriminative
power. However, it is possible that some features act cooperatively with other both in machine
learning models and in realistic SER@and binding environments.

1 The strategy for robust features that were obtained from nested criolsgioalin 3 or more
outer folds, while logical, there could be another more effective solution of picking a subset of
features.

1 In explainability analysis the thesis focused on all robust features from XGBoost algorithm
that were also displayed in Randdarest, with the addition of a few more robust features
from RF.

1 The model focusedqually to all 3 classes, although the strong and moderate binders are more
probable SERT inhibitors.
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Biological Interpretation & Validation Assumptions

1 Label AccuracyThe most important fact for the present thesis is the correclliladp®f the
74 ligands. ltwas assumed that the Ki values for these ligamdse valid from the widely
known sources and also relatable. More specifically, while the radioligand binding assays
from which the Ki values were extractegere not the same (radioligand, conditions of
experiments etc.), thayereconsidered suitable for the present thesis.

1 It wasassumed that the structural and biological information associated with the selected CID
compounds fronthe recognized sourc@gsaccurate, relevant, and suitable for docking and
classificationtaskin the presenstudy.

1 It was assumedthat the custom scripts about selection of best 5 out of 10 poses and
ALi gand _Di st ance_t deat®e wertk_cBrect, allbeught thay dare not
mentioned in the following thesis folarity and space limitations.

9 During the extraction of 2D images from BIOVIA Discovery Studio, several unfatde
interactions were revealed with red circles. While thesghtribe corelatedto severe steric
effects, the specific poses were not excluded from the dataset or penalized somehow. The
majority of them belongtoth@ NO B 1 NEdsN Go

1 The class separatiomasbased solely on real Ki values with human SERT protainsporter
and not based on tledinical antidepressant activity itself. This means that a moderate binder
can be more effective as an antidepressant than a $tiroey.

1 It wasassumed that all ligands act via the same mechanism and binding site BRI S
without accounting for allostie or atypical modes of action, although in literature there are
several articles that claim for allosteric mechanism of SERT protein.

1 Therewaszero reference in the pharmacokineticgl ADMET for these ligands, despitieeir

importance in ligand bindingnd drugdiscovery processes.

Apart from the previous assumptions therere several limitations and challenges that need to be

mentioned. These include:

1 Limited Dataset: Notably, the sample size of 74 ligasdery snall. In addition, it is a high
dimensional dataset with over 150 features, so tvasoverfitting to some extent. Thiwas
proved by the fact that training accuracies in nested cross validediamuch higher than
test accuraciesThe modelsshowed pop generalization sincéhey tenédt o fAme mor i z e
more the samples than learning the distinct padtdrom them.Only Random Forest
performeddecently.

1 Aggregation issues: While thaggregation is a highly acceptalikchnique, especially in
small datasettike in the present thesis, it may confuse the model, because it may take into

account a potential outlier case. For examplethis thesiswhere the median valsavere
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used in pose aggregations, thevas high uncertainty of whether the chossamplewas
representative or not for a specific ligand.

All descriptorswere extracted from static docking poses, where the SERT prat#rigid

and the ligandsverepartially flexible without integrating molecular dynamics phenomena.

The thesis focuskton all available residues that emeth&om the static reaction of each
ligand with SERT protein. This means that there might be more residues from SERE&rthat

not observed in the 370 poses of the 74 different ligands, but may play a vital role in SERT
inhibition. Furthermore, not all residues fall up or close to the binding pocket of SERT, so it
may be redundant to study them. Last but not least, there are residues that are useful for the
ligand-binding process and others for the stabilization of the whole leaxmphe challenge

that emerge is the fact that this thesisddnot separate them based on their realistic role, but it
consideedthem equally useful for binding.

Collinear features may be present in the thesis, since only the features related ypéseof t
bonds have been removed, because Wergthe sum of the individual residue bonds for that
specific type. Collinear features may confuse the modeladdrperform, especially Logistic
Regression and SVM that are not ti@esed models.

Lack of exernal validation setThe models were evaluated via internal nested €ross
validation, but no fully independent exterriest validationwas usedbecause it would show
potential overfitting.

The tuning of hyperparametevgas limited due to low computatiohaesources. Extended
search for the optimal hyperparameters could benefit the model and increase evaluation
metrics.

SHAP interpretability and PDPs considdithe power of features individually, without any

synergisticeffects.

5.3 Future Recommendationand Enhances

Building on the findings and limitations of the present thesis, future research could progress in several

aspectsFird and mandatoryis the expandingof the datasewith a larger number of ligandsnore

than 1000 ligandsyith experimently validated Ki valuesBy this,generalizabilitywill be enhanced

and more advanced models could be implemertadnnovative approach would be tategrat in

docking simulations, apart fronthe serotonin transporter (SERThther related monoamine

transporterssuch as the norepinephrine transporter (N&10) dopamine transporter (DAT), which are

primarily targets for SNRIs and TCAgesulting in the creation gfoly-pharmacological modekhat

will have the ability talistinguish broagpectrum antidaressant profilesThe docking scores dll
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tested compounds with the thneeptors and the extraction of all molecular descriptors and residues
will facilitate the classification task that is applied in this thesis. Additionally, the incorporation of
molecular dynamics simulationis essential, since itapture protein flexibility and reflects a more
realistic invivo environment. From docking and molecular dynamics simulatimmsh more valid
features will emerge that will be useful for possible nraehearning model. Another proposal would
be to integrate molecular fingerprintshich encode atorfevel substructures and represent detailed
chemical structurethat are more realistic than tlraditional descriptorsised in the present thesis
Furthemore, the inclusion of pharmacokinetic and ADMET
(absorptiondistribution metabolismexcretion andtoxicity) data, would bridge the ap between
binding affinity, efficacy and clinical conditionFinally, thecreationof hybrid models omadvanced
models, likeGraph neural network&NNs) may capture more distinct patterns of thgalnds and

classify them, handling the overlapping of classes more effectively.
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APPENDICES

A. Top 5 poses$or each ligard with ChimeraAutoDock Vinaand Python

Script
Top 5 Poses for AMLODIPINE:
Pose Binding
Affinity
1 -7.524
2 -7.443
4 -7.085
5 -7.037
3 -7.131

RMSD Lower
Bound

0.000
2.419
2.572
2.3%

2.765

Top 5 Poses for BROMOCRIPTINE:

Pose Binding
Affinity
1 -9.807
2 -9.604
5 -9.063
4 -9.144
3 -9.459

Top 5 Poses for CLOZAPINE:

Pose Binding
Affinity
1 -9.499
5 -8.760
3 -9.247
2 -9.319
6 -8.700

RMSD Lower
Bound

0.000
1.571
2.814
3.127

4.704

RMSD Lower
Bound

0.000
2.037
3.581
8.765

6.624

RMSD Upper
Bound

0.000
4.830
4.870
4.695

5.866

RMSD Upper
Bound

0.000
2.584
4.500
4.909

6.990

RMSD Upper
Bound

0.000
2.399
7.734
11.900

11.320

Composite
Score

1.000000
0.767533
0.648967
0.645159

0.631250

Composite Score

1.000000
0.719442
0.386319
0.372074

0.270925

Composite
Score

1.000000
0.683476
0.637632
0.396030

0.312432
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Top 5 Poses for Conformer3D

COMPOUND_CID_11310988:

Pose Binding
Affinity
1 -7.662
2 -7.400
3 -6.990
9 -6.754
7 -6.879

Top 5 Poses for Top 5 Poses i6onformer3D COMPOUND CID 11447499:

RMSD Lower
Bound

0.000
2.023
1.702
3.035

3.548

RMSD Upper
Bound

0.000
6.669
2.570
5.279

7.338

Composite
Score

1.000000
0.689447
0.646039
0.456393

0.437421

Pose Binding
Affinity
1 -7.360
2 -7.330
3 -7.172
4 -7.120
5 -6.977

Top 5 Poses for Conformer3aD COMPOUND CID 11535974:

RMSD Lower
Bound

0.000
1.151
1.162
2.419

1.630

RMSD Upper
Bound

0.000
1.340
1.456
3.363

2.663

Pose Binding
Affinity
1 -8.398
2 -7.732
3) -7.444
4 -7.512
3 -7.563

Top 5 Poses for Conformer3D COMPOUND CID 11608403:

RMSD Lower
Bound

0.000
1.976
1.899
1.486

2.381

RMSD Upper
Bound

0.000
2.545
2.622
6.160

6.427

Pose Binding
Affinity

RMSD Lower
Bound

RMSD Upper
Bound

Composite
Score

1.000000
0.920166
0.820772
0.712491

0.662581

Composite
Score

1.000000
0.744553
0.672886
0.631180

0.620233

Composite
Score
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Top 5 Poses for Conformer3D COMPOUND CID 11623136:

-8.726

-7.813

-7.874

-7.824

-7.483

0.000

1.667

1.768

2.142

2.276

0.000
1.957
6.613
6.314

3.092

Pose

Top 5 Poses for Conformer3D COMPOUND CID 11658763:

Binding
Affinity

-7.547
-7.367
-7.163
-7.252

-7.029

RMSD Lower
Bound

0.000
3.346
1.324
1.321

3.872

RMSD Upper
Bound

0.000
4.339
1.651
6.486

8.468

Pose

10

Binding
Affinity

-7.677
-7.248
-6.765
-6.814

-6.724

RMSD Lower
Bound

0.000
6.010
2.783
4.017

3.861

RMSD Upper
Bound

0.000
7.688
4.896
6.380

6.524

Top 5 Poses for Conformer3D COMPOUNODC11673089:

Pose

Binding
Affinity

-7.890
-7.693
-7.541

-7.381

RMSD Lower
Bound

0.000

1.852

2.146

2.000

RMSD Upper
Bound

0.000
2.716
3.401

2.913

1.000000
0.708850
0.620253
0.604478

0.594335

Composite
Score

1.000000
0.726730
0.722580
0.672397

0.444365

Composite
Score

1.000000
0.528387
0.503150
0.456314

0.425735

Composite
Score

1.000000
0.718743
0.618048

0.583127
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8 -7.209 2.700 4.349 0.423784

Top 5 Poses foConformer3D COMPOUND CID 11694324:

Pose Binding RMSD Lower RMSD Upper Composite
Affinity Bound Bound Score

1 -7.829 0.000 0.000 1.000000

2 -7.741 2.593 3.280 0.852055

3 -7.628 2.573 3.318 0.815793

4 -7.349 2.777 6.542 0.660779

5 -7.348 3.664 6.331 0.644944

Top 5 Poses for Conformer3D COMPOUND CID 16006089:

Pose Binding RMSD Lower RMSD Upper Composite
Affinity Bound Bound Score

1 -10.430 0.000 0.000 1.000000

2 -10.230 1.453 2.141 0.760300

3 -10.180 4.004 6.768 0.403548

5 -9.696 2.384 8.885 0.28/613

4 -10.070 4.821 7.863 0.273415

Top 5 Poses for Conformer3aD COMPOUND CID 24855949:

Pose Binding RMSD Lower RMSD Upper Composite
Affinity Bound Bound Score

1 -8.986 0.000 0.000 1.000000

3 -8.716 2.393 8.324 0.480704

10 -8.193 2.321 3.499 0.429517

9 -8.231 2.737 4512 0.389789

4 -8.649 3.246 9.113 0.382380

Top 5 Poses for Conformer3D COMPOUND CID 24855953:
Pose Binding RMSD Lower RMSD Upper Composite
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Affinity

1 -9.651
3 -8.667
7 -8.3(8
4 -8.664
8 -8.260

Top 5 Poses for Conformer3D COMPOUND CID 24855981:

Bound
0.000
1.731
2.860
4.310

4.629

Bound
0.000
2.234
4.408
7.563

7.313

Pose Binding
Affinity
1 -10.530
3 -10.120
4 -10.100
5 -9.925
2 -10.390

Top 5 Poses for Conformer3D COMPOUND CID 24856012:

RMSD Lower
Bound

0.000
1.800
2.464
2.340

5.274

RMSD Upper
Bound

0.000
2.337
9.066
9.459

11.450

Pose Binding
Affinity
1 -9.634
4 -0.228
9 -8.750
5 -9.000
3 -9.257

Top 5 Poses for Conformer3D COMPOUND CID 24856046:

RMSD Lower
Bound

0.000
2.274
1.687
3.098

3.796

RMSD Upper
Bound

0.000
2.831
2.317
4.613

8.683

Pose Binding
Affinity
1 -10.080
3 -9.578
8 -9.028

RMSD Lower
Bound

0.000

1.547

2.648

RMSD Upper
Bound

0.000
1.809

3.135

Score

1.000000
0.650647
0.468666
0.411505

0.313507

Composite
Score

1.000000
0.693584
0.456693
0.388982

0.347788

Composite
Score

1.000000
0.649327
0.531373
0.471443

0.399562

Composite
Score

1.000000
0.730895

0.480455
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5 -9.367

6 -9.347

Top 5 Poses for Conformer3D COMPOUND CID 24856107:

3.705

3.455

5.412

5.865

Pose Binding
Affinity
1 -10.600
3 -9.937
4 -9.682
2 -10.340
7 -9.471

Top 5 Poses for Conformer3D COMPOUND CID 24947569:

RMSD Lower
Bound

0.000
4.285
4.185
6.246

4.561

RMSD Upper
Bound

0.000
7.633
7.606
11.360

7.177

Pose Binding
Affinity
1 -9.335
2 -9.263
4 -8.765
9 -8.156
5 -8.713

RMSD Lower
Bound

0.0000
0.8117
1.8450
2.6330

4.3130

RMSD Upper
Bound

0.000
1.056
2.846
4.209

7.265

Top 5 Poses for Conformer3D COMPODNCID 24947939:

Pose Binding
Affinity
1 -10.190
3 -9.794
2 -9.934
4 -9.640
5 -9.597

RMSD Lower
Bound

0.000
1.410
2.001
2.561

5.489

RMSD Upper
Bound

0.000
1.813
3.001
3.763

7.796

Top 5 Pose for Conformer3D COMPOUND CID 24964158:

0.474801

0.468723

Composite
Score

1.000000
0.435235
0.374716
0.353193

0.313788

Composite
Score

1.000000
0.916583
0.697736
0.473574

0.455903

Composite
Score

1.000000
0.816973
0.799177
0.694763

0.483775
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Pose Binding RMSD Lower RMSD Upper Composite

Affinity Bound Bound Score
1 -9.353 0.000 0.000 1.000000
2 -8.989 1.530 1.872 0.723190
3 -8.970 1.825 2.201 0.687595
4 -8.668 1.799 2.729 0.573182
9 -8.390 1.963 2.717 0.472402

Top 5 Poses for Conformer3D COMPOUND CID 44351345:

Pose Binding RMSD Lower RMSD Upper Composite Score
Affinity Bound Bound

1 -11.080 0.000 0.000 1.000000

3 -10.540 1.040 1.840 0.769295

9 -10.070 1.978 3.182 0.573985

7 -10.240 2.782 3.870 0.563039

10 -9.755 2.599 3.458 0.460074

Top 5 Poses for Conformer3D COMPOUND CID 44390396:

Pose Binding RMSD Lower RMSD Upper Composite
Affinity Bound Bound Score

1 -7.644 0.0000 0.000 1.000000

2 -7.374 0.9077 1.115 0.854380

3 -7.318 2.1340 2.858 0.740583

4 -7.096 1.6210 2.142 0.716419

6 -6.831 2.6120 6.355 0.479039

Top 5 Poses for Conformer3D COMPOUND CID 44456154:

Pose Binding RMSD Lower RMSD Upper Composite
Affinity Bound Bound Score

1 -10.030 0.000 0.000 1.000000

2 -9.996 1.329 1.873 0.84872
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3 -9.768 1.550 1.972 0.773039
4 -9.766 2.067 2.617 0.720116

6 -9.250 2.752 3.816 0.503481

Top 5 Poses for DANTROLENE_COMPOUND_CID_6914273:

Pose Binding RMSD Lower RMSD Upper Composite
Affinity Bound Bound Score

1 -9.284 0.0000 0.000 1.000000

2 -0.258 1.1960 1.781 0.872258

3 -9.239 1.7070 2.073 0.828532

4 -8.961 0.9312 2.016 0.791366

6 -8.468 2.0760 2.717 0.556085

Top 5 Poses for Diphenhydramine COMPOUND CID 3100:

Pose Binding RMSD Lower RMSD Upper Composite
Affinity Bound Bound Score

1 -7.836 0.0000 0.000 1.000000

2 -7.442 0.3864 4.309 0.617308

3 -7.325 2.1910 5.086 0.419748

7 -7.171 2.5440 3.172 0.410435

9 -7.105 2.0870 3.273 0.405202

Top 5 Poses for FLUTAMIDE_COMPOUND_CID_3397:

Pose Binding RMSD Lower RMSD Upper Composite
Affinity Bound Bound Score

1 -8.199 0.000 0.000 1.000000

2 -7.813 2.066 2.731 0.795774

3 -7.714 2.256 2.935 0.759441

8 -7.385 2.562 3.294 0.651121

5 -7.546 4.445 6.828 0.594228
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Top 5 Poses for INDATRALINE_COMPOUND_CID_3703:

Pose Binding RMSD Lower RMSD Upper Composite
Affinity Bound Bound Score

1 -9.796 0.000 0.000 1.000000

2 -90.672 1.876 2.503 0.878129

3 -9.571 2.129 2.925 0.837126

4 -9.202 1.630 2.471 0.756060

7 -8.862 3.680 5.652 0.558608

Top 5 Poses for IPRINDOLE_COMPOUND_CID_21722:

Pose Binding RMSD Lower RMSD Upper Composite
Affini ty Bound Bound Score

1 -8.240 0.000 0.000 1.000000

2 -8.158 1.770 5.066 0.793670

3 -8.048 1.212 4.172 0.785478

5 -7.975 1.501 4.250 0.744781

4 -7.994 1.759 5.004 0.727217

Top 5 Poses for LOSARTAN COMPOUND CID 3961:

Pase Binding RMSD Lower RMSD Upper Composite
Affinity Bound Bound Score

1 -9.809 0.000 0.000 1.000000

3 -9.304 3.045 3.701 0.386599

7 -8.898 2.066 2.538 0.385310

6 -8.938 2.122 3.184 0.366317

2 -9.398 2.622 7.062 0.313633

Top 5 Poses for METOCLOPRAMIB COMPOUND_CID_4168:

Pose Binding RMSD Lower RMSD Upper Composite
Affinity Bound Bound Score
1 -6.760 0.000 0.000 1.000000
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4 -6.547 2.696 6.338 0.468835

3 -6.575 3.698 6.893 0.399112
9 -6.237 2.899 4.056 0.382474
7 -6.305 2.711 6.090 0.349849

Top 5Poses for MIRTAZAPINE Conformer3D COMPOUND CID 4205:

Pose Binding RMSD Lower RMSD Upper Composite
Affinity Bound Bound Score

1 -8.735 0.000 0.000 1.000000

6 -8.518 1.080 1.355 0.720238

3 -8.582 1.262 4.741 0.571578

4 -8.555 2.717 4.450 0.439059

8 -8.464 2.262 4.808 0.414710

Top 5 Poses for NALTREXONE_COMPOUND_CID_5360515:

Pose Binding RMSD Lower RMSD Upper Composite
Affinity Bound Bound Score

1 -8.912 0.000 0.000 1.000000

2 -8.845 2.444 4.857 0.780188

3 -8.742 2.731 3.601 0.764124

4 -8.546 2.473 5.466 0.648800

10 -8.046 2.006 2.939 0.534010

Top 5 Poses for NEFAZODONE_COMPOUND_CID_4449:

Pose Binding RMSD Lower RMSD Upper Composite
Affinity Bound Bound Score

1 -10.540 0.000 0.000 1.000000

2 -10.110 3.838 5.306 0.448241

8 -9.937 4.320 4.954 0.358037

4 -10.050 5.087 6.050 0.334267

9 -9.920 4521 5.642 0.318890
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Top 5 Poses for PIROXICAM_COMPOUND_CID_54676228:

Pose Binding
Affinity
1 -9.076
3 -8.741
2 -8.990
4 -8.717
5 -8.693

RMSD Lower
Bound

0.000
1.920
2.905
3.127

4.062

RMSD Upper

Bound
0.000
3.100
7.734
4.496

5.180

Top 5 Poses for QUETIAPINE_ COMPOUND_CID_5002:

Pose Binding
Affinity
1 -8.679
5 -8.124
2 -8.259
8 -7.818
3 -8.152

Top 5 Poses for REBOXETINE_ COMPOUND_CID_127151:

RMSD Lower
Bound

0.000
3.2%
4.557
3.254

4.049

RMSD Upper

Bound
0.000
5.796
7.809
3.907

7.881

Pose Binding
Affinity
1 -8.538
7 -7.817
3 -7.971
6 -7.907
4 -7.955

Top 5 Poses for TRIMIPRAMINE_COMPOUND

RMSD Lower
Bound

0.000
1.748
2.678
2.218

3.580

RMSD Upper

Bound
0.000
2.763
4.156
4.662

5.652

CID_5584:

Pose Binding
Affinity

RMSD Lower
Bound

RMSD Upper

Bound

Composite
Score

1.000000
0.631585
0.520041
0.499194

0.407860

Composite
Score

1.000000
0.629053
0.594568
0.577849

0.574715

Composite
Score

1.000000
0.594357
0.587815
0.566756

0.514157

Composite
Score
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1 -8.627 0.000 0.000 1.000000

2 -8.579 2.660 7.273 0.665815
6 -8.188 1.553 4.610 0.630041
5 -8.252 2.237 5.047 0.617087
3 -8.260 2.502 6.115 0.578712

Top 5 Poses for ZOLPIDEM_COMPOUND_CID_5732:

Pose Binding RMSD Lower RMSD Upper Composite
Affinity Bound Bound Score

1 -8.958 0.000 0.000 1.000000

2 -8.878 1.768 4.159 0.803351

4 -8.655 2.395 4.685 0.677699

7 -8.412 1.668 2.404 0.658587

5 -8.582 2.020 4.799 0.655180

Top 5 Poses for | ¢BzBi Agt?KA COMPOUND_CI D_548

Pose Binding RMSD Lower RMSD Upper Composite
Affinity Bound Bound Score

1 -8.230 0.0000 0.000 1.000000

3 -7.909 0.7422 2.055 0.798195

2 -8.095 1.5020 5.638 0.658978

6 -7.112 1.4230 2.632 0.541864

4 -7.318 1.7440 5.612 0.456037

Top 5 Poses for ACETAMINOPHEN_COMPOUND_CID_1983:

Pose Binding RMSD Lower RMSD Upper Composite
Affinity Bound Bound Score

1 -6.078 0.000 0.000 1.000000

2 -5.971 1.478 4.769 0.829390

3 -5.867 2.069 2.623 0.801272

4 -5.834 2.381 2.804 0.774520
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5 -5.774 2.948 3.944 0.711360

Top 5 Poses for AMITRIPTYLINE_COMPOUD! CID_2160:

Pose Binding RMSD Lower RMSD Upper Composite
Affinity Bound Bound Score

1 -8.991 0.000 0.000 1.000000

2 -8.401 2.073 5.554 0.656883

5 -8.310 2.416 4.389 0.646271

4 -8.382 2.763 5.805 0.628623

7 -8.228 4.435 7.240 0.510925

Top 5 Poses foASPIRIN_ COMPOUND_CID_2244:

Pose Binding RMSD Lower RMSD Upper Composite
Affinity Bound Bound Score

1 -6.570 0.000 0.000 1.000000

2 -6.526 1.760 3.484 0.799232

3 -6.458 2.023 2.544 0.788851

5 -6.099 2.834 4.294 0.539706

6 -6.061 2.615 5.110 0.504824

Top 5 Poses for BUBROPION_COMPOUND_CID_444:

Pose Binding RMSD Lower RMSD Upper Composite
Affinity Bound Bound Score

1 -7.263 0.000 0.000 1.000000

2 -7.189 1.985 2.630 0.772865

3 -7.091 1.808 2.775 0.730354

4 -6.868 1.722 3.040 0.620837

7 -6.617 1.954 2.483 0.513507

Top 5 Poses for CIMETIDINE_ COMPOUND_CID_2756:
Pose Binding RMSD Lower RMSD Upper Composite
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Affinity Bound

1 -6.130 0.0000

2 -6.074 0.7883

9 -5.772 1.8890

3 -5.966 1.6440

5 -5.838 3.1090

Top 5 Poses for CITALOPRAM_CID_2771:

Pose Binding RMSD Lower
Affinity Bound

1 -8.991 0.000

3 -8.240 2.085

2 -8.298 3.848

4 -8.226 4213

6 -8.103 4.871

Bound
0.000
2.159
3.353
7.098

4.244

RMSD Upper
Bound

0.000
2.753
6.322
6.023

6.692

Top 5 Poses for CLOMIPRAMINE_COMPOUND_CID_2801:

Pose Binding
Affinity
1 -8.493
3 -7.906
2 -8.115
6 -7.832
10 -7.408

Top 5 Poses for CLOPHENIRAMINE_COMPOUND_CID 2725:

RMSD Lower
Bound

0.000
1.659
2.771
2.256

2.933

RMSD Upper
Bound

0.000
2.123
5.887
5.391

5.362

Pose Binding
Affinity
1 -7.871
3 -7.393
5 -7.302

RMSD Lower
Bound

0.000

1.875

1.817

RMSD Upper
Bound

0.000
3.060

3.251

Score

1.000000
0.833194
0.519221
0.517508

0.461997

Composite
Score

1.000000
0.703838
0.601099
0.580426

0.519678

Composite
Score

1.000000
0.639394
0.493080
0.455850

0.286330

Composite
Score

1.000000
0.6279%

0.596842
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2 -7.651

6 -7.258

2.997

2.536

5.248

5.356

Top 5 Poses for DESIPRAMINE_COMPOUND_CID_2995:

Pose Binding
Affinity
1 -8.359
2 -8.051
4 -7.718
7 -7.532
3 -7.860

RMSD Lower
Bound

0.000
2.001
2.197
1.587

3.401

RMSD Upper
Bound

0.000
5.329
5.362
5.271

7.546

0.552960

0.459077

Composite
Score

1.000000
0.688746
0.563910
0.521417

0.517803

Top 5 Poses for DESVENLAFAXINE_COMPOUND_CID_125017:

Pose Binding
Affinity
1 -7.352
2 -7.286
3 -7.249
4 -7.210
6 -7.110

RMSD Lower
Bound

0.000
1.697
1.459
2.100

2.207

RMSD Upper
Bound

0.000
3.983
3.986
5.052

3.737

Composite
Score

1.000000
0.683070
0.670105
0.559244

0.538199

Top 5 Poses for DEXTROMETHORPHAN COMPOUND CID 5360696:

Pose Binding
Affinity
1 -8.997
2 -8.990
3 -8.376
4 -8.282
6 -7.809

RMSD Lower
Bound

0.000
2.222
1.961
2.174

2.731

RMSD Upper
Bound

0.000
4.155
4.138
4.732

5.342

Top 5 Poses for DOXEPIN_COMPOUND_CID 667477:

Composite
Score

1.000000
0.856418
0.709919
0.668760

0.524128

128



Pose Binding

Affinity
1 -8.607
2 -8.162
5 -8.060
4 -8.072
3 -8.129

RMSD Lower
Bound

0.000
4.657
3.920
4.559

4.724

RMSD Upper
Bound

0.000
7.271
6.612
6.596

7.447

Top 5 Poses for DULOXETINE_COMPOUND_CID_60835:

Pose Binding
Affinity
1 -8.528
2 -8.029
4 -8.000
3 -8.015
7 -7.885

Top 5 Poses for ESCITALOPRAM_COMPOUND_CID_146570

RMSD Lower
Bound

0.000
2.340
2.571
3.569

3.591

RMSD Upper
Bound

0.000
5.868
6.180
6.488

6.149

Pose Binding
Affinity
1 -9.175
4 -8.365
2 -8.489
7 -8.257
3 -8.404

RMSD Lower
Bound

0.000
2.104
3.841
4.625

5.685

RMSD Upper
Bound

0.000
3.220
6.266
6.475

7.559

Top 5 Poses for FEXOFENANE_COMPOUND_CID_3348:

Pose Binding
Affinity

1 -10.93

2 -10.89

RMSD Lower
Bound

0.000

2.061

RMSD Upper
Bound

0.000

3.445

Composite
Score

1.000000
0.555206
0.547975
0.536998

0.536928

Composite
Score

1.000000
0.550223
0.521642
0.486426

0.438085

Composite
Score

1.000000
0.635389
0.563323
0.469445

0.463302

Composite
Score

1.000000

0.764486
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5 -10.72
4 -10.75
8 -10.30

1.425

2.366

1.889

Top5 Poses for FLUOXETINE CID 3386:

Pose Binding
Affinity
1 -9.268
2 -8.629
4 -8.103
6 -7.901
3 -8.480

Top 5 Poses for FLUVOXAMINE_CID_5324346:

RMSD Lower
Bound

0.000
1.446
1.931
2.080

4.260

Pose Binding
Affinity
1 -8.007
3 -7.916
2 -7.939
4 -7.906
5 -1.477

RMSD Lower
Bound

0.0000
0.9886
1.3330
1.6230

1.8660

3.080
4.592

2.306

RMSD Upper
Bound

0.000
2.284
3.231
3.555

6.644

RMSD Upper
Bound

0.000
1.507
1.798
2.329

2.460

Top 5 Poses for IBUPROFEN_COMPOUND_CID_3672:

Pose Binding
Affinity
1 -7.505
3 -7.075
2 -7.453
7 -6.756
9 -6.612

RMSD Lower
Bound

0.000
1.226
3.690
1.724

2.578

RMSD Upper
Bound

0.000
2.057
6.342
2.413

3.486

0.744072
0.657978

0.561988

Composite
Score

1.000000
0.724027
0.562049
0.502949

0.411342

Composite
Score

1.000000
0.913120
0.904758
0.875393

0.734461

Composite
Score

1.000000
0.780508
0.775007
0.649922

0.559104
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Top 5 Poses for IMIPRAMINE_ COMPOUND_CID_3696:

Pose Binding RMSD Lower RMSD Upper Composite
Affinity Bound Bound Score

1 -8.448 0.000 0.000 1.000000

3 -8.003 1.733 5.548 0.640254

2 -8.055 3.154 7.505 0.564812

4 -7.804 1.908 5.919 0.551163

7 -7.692 2.996 5.764 0.477680

Top 5 Poses for LEVOMILNACIPRAN_COMPOUND_CID_6917779:

Pose Binding RMSD Lower RMSD Upper Composite
Affinity Bound Bound Score

1 -7.854 0.000 0.000 1.000000

2 -7.107 1.371 2.015 0.600660

5 -6.996 1.527 1.723 0.569127

6 -6.890 1.846 2.482 0.483956

3 -7.020 2.094 3.198 0.474232

Top 5 Poses for MAPROTILINE_ COMPOUND_CID_4011:

Pose Binding RMSD Lower RMSD Upper Composite
Affinity Bound Bound Score

1 -8.967 0.000 0.000 1.000000

2 -8.928 2.487 5.165 0.802928

3 -8.825 2.822 5.363 0.756733

6 -8.255 2.015 3.472 0.642726

5 -8.348 2.407 4.969 0.627659

Top 5 Poses for MAZINDOL_COMPOUND_CID_4020:

Pose Binding RMSD Lower RMSD Upper Composite
Affinity Bound Bound Score
1 -8.709 0.000 0.000 1.000000
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2 -8.686 2.778 5.187 0.605710

5 -8.411 2.696 5.034 0.522707
7 -8.110 3.483 6.165 0.323434
3 -8.522 5.168 7.462 0.304373

Top 5 Poses for METFORMIN_COMPOUND_CID_4091:

Pose Binding RMSD Lower RMSD Upper Composite
Affinity Bound Bound Score

1 -5.364 0.000 0.000 1.000000

2 -5.154 1.412 1.518 0.894515

4 -4.808 1.397 1.667 0.788814

3 -4.875 1.880 2.665 0.787595

5 -4.749 1.383 1.394 0.775192

Top 5 Poses for MILNACIPRAN_COMPOUND_CID_65833:

Pose Binding RMSD Lower RMSD Upper Composite
Affinity Bound Bound Score

1 -7.218 0.000 0.000 1.000000

2 -7.021 1.815 2.008 0.682278

4 -6.846 1.607 2.305 0.586511

8 -6.749 1.378 1.975 0.561457

3 -6.876 1.942 3.097 0.547866

Top 5 Poses for NAPROXEN_COMPOUND_CID_156391:

Pose Binding RMSD Lower RMSD Upper Composite
Affinity Bound Bound Score

1 -8.782 0.000 0.000 1.000000

4 -8.154 1.199 2.269 0.770645

2 -8.327 1.269 6.448 0.710655

3 -8.182 1.426 6.641 0.669012

7 -7.503 2.935 6.837 0.466617
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Top 5 Poses for NORTRIPTYLINE_ COMPOUND_CID_4543:

Pose Binding RMSD Lower RMSD Upper Composite
Affinity Bound Bound Score

1 -8.992 0.000 0.000 1.000000

2 -8.745 2.312 5.458 0.725699

3 -8.669 2.274 4.474 0.717858

6 -8.322 1.710 4.743 0.589444

4 -8.645 5.686 7.326 0.559641

Top 5 Poses for PAROXETINE_ COMPOUND_CID_43815:

Pos Binding RMSD Lower RMSD Upper Composite Score
Affinity Bound Bound

1 -10.090 0.000 0.000 1.000000

2 -8.475 2.841 3.936 0.433060

3 -8.439 2.912 3.813 0.427706

5 -8.390 3.148 4.010 0.400246

6 -8.350 3.472 6.180 0.298234

Top 5 Poses for PROBENECID_GAPOUND_CID_4911:

Pose Binding RMSD Lower RMSD Upper Composite
Affinity Bound Bound Score

1 -7.594 0.000 0.000 1.000000

2 -7.467 1.768 2.446 0.856924

3 -7.266 1.263 1.896 0.826020

5 -6.926 1.395 2.771 0.704417

6 -6.675 4.718 8.204 0.413108

Top 5 Posg for PROTRIPTYLINE_COMPOUND_CID_4976:
Pose Binding RMSD Lower RMSD Upper Composite

Affinity Bound Bound Score
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1 -8.882 0.0000 0.000 1.000000

2 -8.619 1.4640 2.166 0.813885
5 -8.245 1.7120 2.207 0.673190
4 -8.265 0.8695 4.643 0.648642
3 -8.269 1.8420 4.963 0.614176

Top 5 Poses for RANITIDINE_ COMPOUND_CID_3001055:

Pose Binding RMSD Lower RMSD Upper Composite
Affinity Bound Bound Score

1 -6.398 0.000 0.000 1.000000

5 -6.141 1.303 1.523 0.657612

8 -5.924 1.688 2.056 0.465515

2 -6.356 3.575 4.603 0.445504

10 -5.855 1.526 2.138 0.431936

Top 5 Poses for SERTRALINE CID 68617:

Pose Binding RMSD Lower RMSD Upper Composite
Affinity Bound Bound Score

1 -9.461 0.000 0.000 1.000000

2 -9.285 1.770 2.416 0.807273

4 -8.520 1.794 2.484 0.625660

5 -8.430 3.799 6.049 0.406762

3 -8.794 5.552 7.009 0.386596

Top 5 Poses for VENLAFAXINE_COMPOUND_CID_5656:

Pose Binding RMSD Lower RMSD Upper Composite
Affinity Bound Bound Score

1 -7.585 0.000 0.000 1.000000

2 -7.532 1.498 2.307 0.802880

3 -7.466 1.597 3.720 0.713850

4 -7.459 2.580 4.957 0.607789
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7 -7.138 1.927 2.764 0.576117

Top 5 Poses for VILAZODONE_COMPOUND_CID 6918314:

Pose Binding RMSD Lower RMSD Upper Composite
Affinity Bound Bound Score

1 -10.530 0.000 0.000 1.000000

5 -10.160 1.620 2.298 0.688417

8 -10.100 3.857 5.300 0.483140

10 -0.849 2.624 5.249 0.417318

2 -10.340 4.501 13.070 0.378059

Top 5 Poses for VORTIOXETINE COMPOUND CID 9966051:

Pose Binding RMSD Lower RMSD Upper Composite Score
Affinity Bound Bound

1 -8.832 0.000 0.000 1.000000

5 -8.074 1.377 2.376 0.553724

2 -8.313 2.288 5.737 0.412751

3 -8.203 2.006 5.516 0.408739

10 -7.775 1.463 3.965 0.382683

B. Setup and Execution of Multiple Ligand Docking Using AutoDock Vina in
Ubuntu

This code belowoutlines the stepy-step proedure used to performmultiple ligand docking using
AutoDockVinain aLinux-based (Ubuntu) environmerit includes installation of requirgehckages,
preparatio of receptor and ligand files, executionbaftch dockig via a Perl automation script and

finally extraction of the 10 poses for each ligand.

135



For installation of packages and libraries:

sudo apt update

sudo apt upgrade

sudo apt install gcc

sudo apt install cmake

sudo apt install buileéssential
sudo apt install libfftwadev # or
sudo apiet irstall -y libfftw3-dev

For installation of Open Babel and AutoDock Vina:

sudo apt install openbabel

sudo apt install autodoekna

For minimizing the ligands

obminimize-ff MMFF94 -n 1000 *.sdf

Conversion to .pdbgt Format

obabelisdf *.sdf -opdbqt-O *.pdbqt

Creaton ligand list;

Is *.pdbqgt > ligand.txt

Run the docking simulations:

perl Vina_linux.pl
ligand.txt

Get final results:
tail -n11 *.log > results.txt

Scripts and supporting files (such\dga_linux.plandconf.txf) were sourced from tHellowing

GitHub repository:

https://github.com/DweipayanG/Multiple Ligand Docking Vinna
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C. Summary of Residue Interactions and Molecular Descriptors

The following snapshots represent key portions of the dataset used for the whole machine learning

pipeline:

1 Residue Interaction Snapshot (from the i Res-Adaéys sheab):
This table contains all the interacted residues from protein with the 5 best posemafiom
ligand. Each cell is a tuple (e.g., 0,1,0,1) denoting the number of hydrogen bonds,
hydrophobic interactions, van der Waals contacts and other interactions respectively. Rows
correspond to ligan@rotein docking poses, while columns represent inteigacesiduesThe
respective chapter in the present thesis is §leth@ge 56).

1 Molecular Descriptors Snapshot(from the A Mol ecul ar Dsbeetf: r i pt or
This includes all molecular descriptors described in chapter 3.4.1 for each liganthpege
57).

These sheets wethenmerged into a single dataset that served as input for the classification pipeline

and feature selection process detailed in the main methodology.

Image 56: Residuénteraction Snapshot from my personal excel file
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