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Abstract

With recent events, suds the Covidl9 pandemic, it is increasingly important to develop
strategies t@ombat viraldiseasesDue totechnologcal advancementsomputeraided drug
design andnachine learningML)-basedhit identification strategiebave gained popularity.
Applying these techniques to identify novel scaffadaislor repurpose existing therapeutics
for viral diseases ia promising approaclAs an avenue to improvexisting classification
modelsfor antiviral applicationsthis thesiaimed to make improvements torrbindingdata
selection withinthesemodels We createl a classification modelsing moleculafingerprints

to assess the performancemfchine learningredictiors whenthe model igrained using
randomly selectednd rationally selectedon-binding datasets. Our analyses revealed that
machine learningredictiors can be improved usingrationalselecton approach. We further
used thisapproach andrainedthreemachine learningnodels based oKGBoost, Random
Forest, and Support Vector Machiteepredictpotential inhibitors for th6ARSCoV2 main
protease Nlpro) enzyme Probability-ranked hits from the combined modelwere further
analyzed usinglassicaktructurebasednethods. The binding modes and affinities of the hits
were identifiedusing AutoDock Vina, andmoleculardynamics simulationrenabledMM -
GBSA calculationsThe top hits identifid from thismulti-step screening approach revealed
potential candidates that show improved affinity and stability than existingovaientMpro
inhibitors. Thus, our approach and the model could be useful for screening large ligand

libraries.
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Chapter 1

l ntroducti on

Just over 100 years ago, when the Spanish Flu spread across the world resulting in the deaths
of 20-50 million people, no effective treatments werailable. The only approaches were
mandatory masks, physical distangiagd washing of hand4]. Over the next century, we
learned from this pandemic and othefs. current days, we have immunizations and drug
treatments available, but as new dgsssaarise, we need to develop ways to combat them more
quickly. Towards this goal, & now have updated public health and research strategies at our
disposal, includinghigh-throughput screening otherapeutic candidates for testing and
employinginnovativecomputational methodsuch asnachine learning and structdpased

drug discovery

Investigation and development of drugs to combat these diseases is a crucial strategy.
Thisprocess has a high cost, ppaoximately$1.3 billion per drug?], and ishighly selective,
resulting inaless tha 10 % chance for a drug to reach market apprf®jalThe approved
drugs have undergone rigorous testing with a pipeline of preclinical, phase | and phase Il trials,

taking a significant investment of time and ¢@st shown irFigure 1.

De Novo Drug discovery; 10-17 years.

Target Discovery Discovery & Lead Optimization ADMET Development Registration
Screening
2-3 years 0.5-1 years I-3 years I-2 years 5-6 years 1-2 years

Drug repurposing; 7-12 years.

Compound Compound Development Registration
identification acquisition
I-2 years 0-2 years 5-6 years 1-2 years

Figure 1. Drug discovery pipelin®eprinted (adaptedyith permissiorfrom [4]. Copyright
2004 Nature Reviews Drug Discovery



In the past, drugs that could be repurposed were identified through serendipitous
discoveries and experimental measures, and then more recently through computational efforts,
known as -AiCdenpg uDewug Desi g@GADD ¢tratégedhave bdeh e s e
attributed to the discovery of protein inhibitors Saquinavir and Indinavir for Hprotease
through structurdbased computational approaches in 1995 and 1996, respefiiv€lythese
strategies, tsucturebaseddrug desig{SBDD), where3D informationon the protein target is
used to find ligands that bind and providiiaéremains a promising strategy@QADD. When
3D structure is not available for use, ligdmased virtual screenin@BVS) can be employed
to identify hit candidateprovidedthere is some knowledgegardingthe known binderin
LBVS, the binders are useds a templateto compareand identify oher ligands that share

similar structure and/or propertiassimilar ligands are assumed to have similar actiégty

Recently,there have beesome impressivantiviral screeningfforts usingmachine
learning (ML) Oneexample ig h deepdocking a p p astuztarébaseddeep learning
model that usesa samping procedure teefficiently compute scores for a large number of
structuresThis approaciasusedfor screeninga library of1.3 billion druglike compounds
leading to thedentification of11 hitsaspotential inhibitors foSARS CoV-2, and 585 unique
scaffoldg7]. Anotherstudyreported thesuperviseanachine learningcreening ofwo subses
of the ZINC15 databaseone comprisng 39,442 compounds an@nother containind577
approved drugsA third screening sentainedl15 natural productextractedrom literature
[8]. This combination approacihisedvirtual screeningthrough Aut®ock VindDOCK®6, and
a machine learninglassification modeto find hits for three SAR&0V-2 target proteins
spi ke, nucl ®obose mathyltansfeeasEie top D00 hits per dataset and target
underwent further processingnd the finalesults indicated thatomeanti-hepatitis C drugs
could be promising candidatésr treatment againsSARSCoV-2. Similarly, other targets
from different virusesg.g., protein targets fom West Nile and Dengue viras have also

undergone computational screenin@ne example is aotable pharmacophorbased



approachwhich screeneaver a billion compoundsom PubChemThis effort resulted in a

shortlist of ranked lead compouni@g.

Despite the development of multiple strategietentifying promising hits and
transforming them to marketable drugs is highly challenging due to safety and efficacy
problemsHowever by screeninghe set ofirugs meeting human safety protocadise pipeline
can be shortenedesuling in both time andcost savings. Additionally, rase of previously
approved drugs for a new indication (drug repurposing)raidoces the risk afrug-induced
toxic side effectsIn the case of viral infections, a drug can be used on the same target protein
against a new virus, such as an approved antiviral @nggting proteases on one vithat
can berepurposed for targeting proteases in another itG$ Currently, nirmatrelvir and
ritonavir areantiviral dugsthat are repurposed drugs used in combinatiareat SARSCoV-

2 [11]. On the other handa drug mayalsobe reused for a new target protein with a new
indication, as with an antiancer drug being reused to treat a respiratory infe@iooethese

drugs hae already undergone clinical trials and have been approved for an alternate use with
no adverse effectslrug repurposingpas ahigher likelihood of approval singghases of the

drug trials may be bypassed (preclinicalfdnd). Through $se of computational methods,
either byway of largescale screening efforts to find novel scaffolds, or eemurposing
computeraideddrug designthese methodsare used with the goal ofinimizing time and

costs within the drug discovery pipeline.

The aim of thisthesisis threefold. First, to studytheimpactof molecular featureand
proportions of binding/nohinding dataon the prediction accuracy usiagpasicclassification
model.Secondto applythe optimal classification modehd a probabiliybased rankingo
screena small moleculedatabasdo identify potential druglike candidateswith antiviral
propertiesFinally, to understandhe mode of interactionsstability, and affinities ofthe top
hits from the machine learningnodel through structurebased methods such amlecular

docking and dynamicsimulations

Chapter 2 outlines the tools and methodology. For model building, there is an overview

of datasets availabteatareused for model traininggndalong with this, tkere is a description
3



of machine learning model algorithnasd proceduresFollowing this, nethodsfor i hi t 0
validation including molecular docking, molecular dynamics, and binding free energy
calculationsare described

Chapter Dutlinesthetraining and testing dhe classification machine learning malel
andreportsthe impact of the quantity and type of Aoimding data on model performance
using the DUDE datasetln this chapter, we alsapply thisclassification model tthe Mpro
antiviral case, wheréwo Mpro externaldatasets aréested withthe optimal classification

model

Finally, Chapte# investigates tascreened hits from theombined machine learning
model forthe Mpro targetprotein through use oftie Chemispace virtual screeng dataset
Unique posesre then validatedstructuraly for interactions, binding modestability, and
affinity with molecular dynamics simulations, to determine the rfeosiurable binders for

futureexperimental validatian



Chapter 2
Met hods

This chapter outlinesnethods required to complete the stepsrofterativevirtual screening
procedureto determine proteiligand bindingfor an Mpro proteinthat isscreened against a
setofl i gands, or .fidally databases ¢omtaining @ing information for
proteins with small moleculeand druglike compoundlibraries are introducedNext, a
description of machine learniradgorithms and methods applied to the dsageeningipeline

and the common evaluation metrics used for assessing the qualities of the ML models
provided Finally, other structurebased analysis methqdsuch asproteinligand docking,
molecular dynamics, and binding free energy calculatizesl for validating subset of ML

scr een arddeschbed s 6

2.1 Datasets

A machine learningpased predictivenodel was trained using th&eatures from thehree
dimensional3D) structures of thégand-bound complegsof the biological targets-urther,
we usedlifferent snall moleculdibrariesfor training and testing the performance of khie

models Thedata sourcesgsed for this are listedithin this section

2.1.1 Binding Information

The Protein Data Bank (PDBR)2], is a comprehensive repository for experimentally resolved
structures obiomoleculeslt is comprised of thethreedimensional D) structures oprotein
(187,536), DNA (9055), RNA (6141), NAybrid (230),and othemolecules Eachfour digit
DB ID6 value points to anddescribes 8D structure The binding data for ligarsiwere
obtained from théDBbind datasdtl 3], whichis a curated set from the full PDB collection
and includes entries witKq and K experimental binding datd.he PDBbind set contains
multiplesubsetstheo ri enfe d 6 cdliexkecdandvalidated entries of thghest qualityand

th e 0 g e nietheardmainder ®ftthe PDBbind entribat have a lower crystal structure
resolution These PDBbind dcitasets are typically released annualiyth updated crystal

5



structures extracted frothePDB.From theseets, benchmarkingrotocols have been created
such amwith the 2007 collectionamed by the year it was createdntaining 1300 proteins
Thisbenchmarlsetis typically used to compare regressimadels andhstructs users timllow

a specificprotocol These datasets are widely used for benchmarkiaiging,and testing of
ML models. Since this curated data is considered as astgnhdlard dataset, we usbeé 2007
dataset from the PDBbind fanitial training and testing procedures to determine a fingerprint

threshold value.

In contrast, The Directory of Useful DecoysEnhanced (DUEE) [14], contains a
muchsmaller number of target proteins (1&G2) ong wi th corresponding
|l i gands-biand n@o mr Tdhdee csceyt 6 odhiaigszo tadesonyore data
points than the positiveet andvereidentifiedbased on physicochemical characteristics and
similarity measure Table 1 provides the summary of all databases used for riviidel

trainingand testing



Table 1. Proteindatabaseased for ML model training and testing.

Database Name Quantity Description
Protein Databank (PDB)Y2] 191565biological Collection of
macromoleculastructures experimentally

determined crystal

structures
PDBbind2020[13] 23,496biomolecular Curatel to contain
structures only binding pairghat
19,443 proteirigand, havecorresponding

experimental

2,852 proteinprotein, ) .
P P information

1,052proteinnucleic acidand .
P A Updatedbi-annually
149nucleic acidligand

complexes

2007 benchmarkt300
proteinligand complexes

Directory of Useful Decoys 102 proteins Collection of 102

Enhanced (DUEE) [14] proteins Eachprotein

Actives 224 per target

has a set
Decoys~11,200 per target ; .
y P J andbdecoy o

molecule binders

2.1.2 Small Molecule Screening Libraries

Multiple libraries of small moleculese available foin silico screeningf hit candidates~or

drug repurposingapplications database such asDrugBank [15] provide a collection of

7



approved,nvestigationaland experimental molecules that may be screened. However, this
database is smallith only 11,682 moleculeslo expand the diversity of the hits and identify
novel scaffoldswe performed virtuascreening otheChemspace virtual screenidgataset

which includes 3,878821 compounds[16]. Given the higher efficiency of current
computational methods, especiaily.-basedechniqueslarger databases magscreenedo

find novelpotential inhibitordor agiventarget

2.1.3 Molecular Representations and Similarity Indices

Molecular fingerprints are a method of describthg chemical features of a molecule; two
fingerprints may be compared to one another to evaluate similarity between two molecules
[17]. Thus, this method is employed in ligahdsed virtual screening, a procedure where only
the structure of &nown activdigand moleculas used in a screening procedure to search for
similar molecules that could ba potential bindeffor a given targetSpecifically, two-
dimensional (2D)molecular fingerprints are used as descriptors by way loit-ancoded

representation of a particular molecule.

To compare these Hitased representations, similarity between molecules can be
calculated using mathemadicoefficients that include Tanimoto, dice, cosine, [@f8]. These
mathematical methods/similarity metrics are used to compare the fingerprints to each other
andyield a score between 0 and 1 depagdn their similarity, where the score range is from
0 (completelydissimilar) to 1 (identical)Fingerprint similaity comparison is outlined in
Figure 2. The simplistic representationsf fingerprintsallow for fastercomparisorbetween

molecules andus,can be used for virtual screening efforts for a large database.



Fingerprint generation and compar.i

-»ﬁest si mi | airiid
eg,.Tani moe 6 f>08

¥ ' v
Lo ] ] ] ] o] i a2 [ ] | x]
T T T z T

A
I 1 1 1

Reference stTructure

Figure 2. Example of structural comparison between two molec&eprinted (adaptedyith

permission fronj19]. Copyright 2@2ElsevierincSub st ruct ures t hat ar e
within the array. Differing substructures resultan 6 0. 6 Tot al similarity
using a mathematical coefficient, such as the Tanimoto coefficient, to determine whether the
fingerprint is achitd (0 0.8) or not (< 0.8), when compared to the reference structure using a

particular threshold \ae.

Fingerprints have different strengths/weaknesses. For example, topglogipakh
basedfingerprints give more weightage towards structures with a sindleeletond In
contrastfingerprints such as MACCS (Molecular ACCess Sys)esne keybased, which can
aid with scaffold hoppingand finding hits with different core molecular structuj23]. To
use these differences as an advantage, combined scoring strategies can be used to minimize
individual weaknesses, where a hit is deemed suitable based on the avénagengerprint
group. To incorporate these into computational workflows, fingerprints are included in
common molecular toolkifssuch adfkDKit, asit contairs base functionality of molecule and

protein data structures.



Types of fingerprints that wilbe utilized in this study are substructure, pagised, and
circular fingerprints. Specifically, fingerprints were chosen from RDKit and include Daylight
based substructure (RDKit implemented), topological (substructure/layered fingerprint), key
based (MACS), and circular (extendedonnectivity subtype, Morgan)The (RDKitd
implementation of th®aylight fingerprintis a method that uses hashiagd linear pathways
to encodea moleculg21]. Bits are not assigned to one specific characteristic in the Daylight
fingerprint. Next, the layered fingerprint utilized in this study is an adaptation of the
topological fingerprintwhere a more generic approach is useth pre-defined substructures
but the same method of searching through the moleélternatively, MMACCSO6 is a
fragmentkey-based approach that uses Bdfctural keysrepresenting important chemical
features,to determine the bitepresentationFi nal | vy, 0 Mor graairdularf i nger
fingerprints,wherea circular radius is used for determination of the fingerprint encoding.
These fingerprintarealso known aECFP (extendedonnectivity fingerprints); a radius of 6

was used for the Morgan fingerprint within this study.

2.2 Machine Learning Methods

Machine learning methodsarnfroma | ar ge amount of datadyand me
determining a mathematical relationshigt ween a set othe6t apgetdf eat
[22]. In cheminformatic applications, ¢hfeature dataould consist ofmolecular wajht,
charge, solvent accessible surface aneayber of hydrogen bond donpesad moreIn the
ideal case, enachine learning model trained witr¢e amounts dfigh-quality datawill learn
the overall trendswithin the dataandaccuratelypredicta propety of interest[23]. Machine
learningis typically performed througld s uper vi sed, @semdsunpseurpeirsvd sée d

6rei nf or ¢ e mefour mainé¢ypes of machyne @arrting. e

Of these, he two mostcommony used learning methodsare 6 super vi sed?o
0 uns up.@First thes’sa g e r vmodeked|wres labellethput and outputlata that is to
be predicted by the modeJ24]. Supervised learning can bRrther categorizedinto
classificationbased and regressitmased models. In the classification schetheaim is to

use classifier labels (e.g., binary)to train a modelto predict that label For examplea
10



classification model in hitdentification canpredicta molecule to be @ bi nderad ( 1)
6 nonbi n @redadsifief Prgbabilities can also be extracted and utilizegrawide
additional information focategorical predictiondn theregression schemepzodelis trained

on quantitativedataand learns to predict thepecific valuesor rank them For example, a

simple regression model can predictéhb i n d i n galuasffof ditmolecyledn contrast,
unsupervised learning aims to predict trends within data, buthwitiettarget labe[24]. This
approach ispplicablefor categorizationfor example, unsuperviséearningcan beusedfor

clusteringprotein families based dhe protein sequeneseor binding sites
2.2.1 Algorithms

2.2.1.1 Random Forest

The random forest (RF) algorithosest he o6 b aggi n g aquantty df dedision wher e
treeseach receivarandomset of features to produce an output fri@%]. There is an equal
probability foranyfeature to be used consensus scois dderminedfrom the decision tree
predictions Either the trees make a classification prediction (0 or 1), with the maijakien

as the predictioror have a regression prediction with the average number as the outisme

process is visualized irigure 3 [25, 26]

11



Input data (Ligand, protein,
interaction, etc.)

@ @ @ @

e O e O @@ O @ O N additional trees
0000 0000 0000 o000 (maybe 100)
Tree 1 Tree 2 Tree 3 Tree 4

Predict 1 Predict 1 Predict o Predict 1

Take average of scores: Binder (1)

Figure 3. Visualization ofrandomforestalgorithm.Vi sual i zati on of use
method The resulis from the averaged treeandany feature has an equal probability to
contribute to this, since each decision tree that makes up the result is comprised of a random

selection of features.

2.2.1.2 XGBoost

Il n contrast to Obag gnetmod thdt usésbdecmsisrnt tiees godomakesa a n ¢
prediction. In this caseach decision tree is built upon to improve the predictigrerethe

feature weighting for the next decision tiedased on the last onas depicted by¥igure 4.

Extreme gradient boosting refines gradient boost and provides advantages such as faster

execution speed and improved handling of noise and sparsR diata

12



Single decision tree Gradient boosting

Error

AL (
) 0
Y O ~ ~
U O Q
N ava' N .
| oV VR, O U l 2
terations O °**

Figure 4. Gradient boostingRows represent the ability for this method to learn from
previous decision tree®) make an improved predictioBDuplicated fron[28].

2.2.1.3 Support Vector Machine

Support Vector Machine (SVM} analgorithm that was created to use feature data to group

inputs into two categorigl9]. In this sense, it is an excellent choice for a model requiring
0binding {lndaiamgd (doha hecaegaizatomn of FVMtoccurs through

creating cuoff values for feature data and clustering the binding anebimaating features of

each. Through use of mathematical operations, all feature data can be plotted onto a graph that
represents Miimers i on a l space, ihppermlanéd er h ato o @ malr atthees
categoriesillustrated inFigure 5[24]. Understandably, points closer to the hyperplane are the

most cru@l, as they dictate where the optimal hyperplane will lie. This further emphasizes the
importance of validated data inputs, as a few crul@d pointslose to the hyperplane could

make a significant difference in overall model accuracy.

13



Margin plane

I

‘ Optimal hyperplane

[
Mar'gi\n‘. ®

Figure 5. Support vector machine graphical depicti@ategorizatiorof the SVM algorithm
shows the division of data on either side of a defined hyperplahéhe optimal separation
between datapoints of two different categari®sprinted (adaptedyith permissiorfrom [29].
Copyright 2005 American Chemical Society.

2.2.2 Evaluation

Model evaluation can occur throutite useof standardized datasets and performance metrics.
This gives armbjective gaugef model effectivenedsetweercomputational methodg0]. In
addition to the common evaluation metrics of accuracy, precision, and recall used in ML model
evaluation AUC (AreaUnderthe Curve) andCohen Kappa scora@ealso used irstructure

based virtual screenirgpplicationsA summaryof important metrics isutlined inTable 2

14



Table 2. Evaluation metrics antheir mathematical significanc&Vithin the table: TP = true

positive, FP = false positivE&N = false negative and TN = true negatised N = TP + FP +

TN + FN[30].
Metric Description
AreaUnderthe Curve Measure of ability to distinguish between
classes, compared to random chance.
Precision "YO
YO "O0
Recall/Sensitivity/True positive rate Y0
YO OO0
Specificity/Selectivity/ Tue negative rate YO
YO "O0
F1 Score Ui Qoay@edada
ST Qo Y@EGED & &
Accuracy YO YO
YO O06 YO OO
FM Index "YU
YO 00 O'00 "O0

Mat t hGometatoon Coefficient
Jaccard Index

Cohen Kappa

False Positive Rate

False Negative Rate
Informedness

Markedness

Balanced measuraseful when data classes
are of different sizeganges from1 to 1

Y0
"YO "O0 "O0

Level of agreement between twiass labels,
ranges fromlto 1

"00
00 Y0
00
o6 YO
"YO YO
"YO OO0 YO "O0
Y0 YO
00 00

p

Y

YO YO

15



Specifically, the AUC metric is determined graphically by counting backwards from
highest to lowest ranked compounds and plotting that against the number of [A&jvébe
area under the curve is calculated, with a higher value indicating more accurate predictions.
Mat t hewod s caeflicent,elhceatdilndex, Cohen Kappanging from-1 to 1) and
informedness/markedneaee useful ratricswhen evaluatinglataset performance where true
positives and true negatives are equally imporfa@}. The informedness angharkedness
metrics arevariations on recaland precision, respectivelj31]. These metrics take into
consideration all aspects of thenfusion matrix (true positive, true negative, false positive
and false negativeand range froma-1 to 1scorevalue Informedness$uilds upon recall and
indicatesprobability of predictingtrue positives and true negativesimilarly, markednes
builds upon precision and an indication of the trustworthiness of these predictions.

2.2.3 Over and under-sampling

For imbalanced datasetsSMOTE ©ynthetic Minority Oversampling Technigue
oversampling, and undsampling step can be added tainimize biases that are introduced
due to class imbalanc®versampling proceduraseate additionalata points by estimiag
according to the feature spa¢®?]. These procedureperform well within drugtarget
interactionprediction strategie§33]. Additionally, their combination with undexampling
techniquesas been shown to provide good performandadersamplingremoves samples
to equalize the quantities for class d@4]. Thesestes can be helpful to avoid biases within

machine larning models, while still taking advantage of an imbalanced dataset as input.

2.3 Additional Computational Analysis Methods

Either used as standalone methods, or in combination, molecular dookieguladynamics,
and binding free energy (MMBSA/MM-GBSA) methods are utilizeth evaluate binding

affinity predictions.
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2.3.1 Molecular Docking

Molecular dockings a high throughputomputational approach used to predm mode of

bindingof a moleculeandits binding afinity to a targef35]. Themodel of binding i®btained

through arexhaustive sampling of ligand conformations inth@ pre i n 6 s ,landhd i ng s |
affinity of the molecule is predicted usiagscoring functionWwe used molecular docking to

obtain thebinding modes and affinities of thats identified through the ML modeAll

docking calculationsvere performedusing Autdock Vina v1.1.2 an efficient docking

program, which uses a mixture of empirical akmbwledgebasedmethods to make a
prediction[36]. This program was selected for tigual screening processes in this study due

to AutoDock Vingd fast performancethis programcanutilize multiple CPUs in parallel to

further increase performance

2.3.2 Molecular Dynamics

Molecular dynamicgMD) simulationsuse mathematical approximations describethe

motionsand time-dependent conformational chang#smolecules.n drug discovery,tiis
commonlyused for studyinghe proteinligand dynamics interactions,and their affinities

Forces that act onoth bonded and nebonded atoms arestimated using thieinctions and
parameters described layforce field Bonds,atom to atom angles, dihedeaigles, and nen

bonded atomsare approximated witls pr i ng s, sinusoi dal f,unctio
respectively [37]. The MD simulations in this thesiswere carried out using the
AMBERff14SB6 f o r oféhe Amberl8 pdickageThe ligands were parameterized using

General AmbeForcefield( GAFF2)as shown irfEquation 1, and atom/bond types and patrtial
chargesssi gned t hr o AgIhBCE patkagdd8la mber 6 s

Equation 1. Amber forcefield functional form [39].

0 B 0 1 i B 0 — — B —p G & %ol
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Next, parmchk2 checked for missing forcefield paramet&re tleap program was
utilizedto prepare the system for the moleculgnamicssimulations andwith this program,
a 12 A box was createdth TIP3P water moleculeandNaCl counter ions in a concentration
of 150 mM Simulations consisted of five steps: 1) energy minimizat@nheating, 3)

equilibration, 4) preproduction and 5) production.

First, five stages of mergy minimizatiorwere performeginitial stages were carried
out with 10,000 stepsind strong harmonic constraints of 100, 50, 25, 10, and 5 kcal/mol/A
applied to solute atom# final minimization with 20,000 steps and no constraints was then
performed. Three steps of quilibration took placewith restraint masks of,50.1, 0.01
(backbone only)each 100 ps in lengtht a constanB810 K A fourth equilibration stepvas
performed with no constraints and for 43)fpllowed by a2 nspre-production phaskeld at
constant temperature and pressdremperature throughout the simulations was controlled
with the Langevin thermost§40], and pressure, with the Berendsen barddtgt Finally,
three production runs were performed, at 10 ns,egith sampling at 2 fs, resulting ir5,000
production framesThese simulations were riam the University of Waterlod stqtmasted

cluster.

To analyze these trajectory fild3oot Mean Squared Deviation (RMSpipts are a
method to visualize how atom placement and protein structure changes ovdd2ime
Different aspects can hasualized such aghe conformational changes of a ligand over the
course of a molecular dynamics simulationpostein backbone fluctuations that are taki
place. Another analysis methodReotMean Squared Fluctuation (RMSkhich operates on
the same principal, but in this case, specific residue changes are recorded and visualized.
Through RMSF analysisegions of high and low flexibility may bdentfied within a protein.
Additionally, hydrogen bonihg was examined strong hydrogen bondg aids in ligand
stability within a proteinbinding site
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2.3.3 Binding Free Energy

Mol ecul ar mechanics Poi & @¢MMPBIAD bBnd éemolecalar s ur f

mechanics generalized Born surface a1 -GBSA) aretwo major endpoint methods used
widely in drug discoveryor calculating thévinding free energyof the hit molecules towards
their target proteis These methodgse implicit solvent model® estimag the free energy of
binding of ligandgrom the dynamic trajectoriesd hae been shown tbave betteaccuracy

in relative ranking of the hit molecul&3].

The main difference between these two methods is that the polar solvation term is
calculated differently; in MMPBSA, this term igalculated through thBoissonBoltzmann
equation, whileMM-GBSA solves this term using the Generalized Born equaliornsolve
the polar solvation term oMM-PBSA the AVIBER program containdinite difference
solution methods (a manner of approximgt differential equations)tour linear and six
nonlinear for obtaining this terni43]. Alternatively, polar solvation is calculated the
Generalized Bormethod througlthe approximation of molecules as charged spiveitaghe
goal of determining thelectric field strength based on molecule proximity and amoumlieof
screenin@if two molecules are close to each otf3]. Of the two, the Poisson Boltzma
methodis more resource intensive and time consuming,di&® more accurate. However,
studies have shown that tMM-GBSA methodcan provide results that are close to that of
MM-PBSA, depending on the systemnd specifically that this method also can provide
accurate relative binding affinities when compatogind ligands for a system
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Chapter 3

Classification Model

3.1 Introduction

This study was comprised of three main components. First, an investigation of individual and
combination fingerprints through use of the known binders anebmaters of the DUEE

dataset was carried out, where the selected fingerprints would be congered gne random

selection method\ext, there was further exploration using these fingerprints within a smaller
dataset to select a similarity threshold value. Finally, thesebmuling dataset parameters

were utilized for creation of a model that wabsequently tested with two Mpro external test
sets. The final model was wutilized tspaceassi st

virtual screeningdé dataset, containing 3, 8738

Databases such as the RCSB Protein Data Bédlk and PDBbind databagé5]
provide high quality structural data and curated experimental binding/inhibition/dissociation
constants. However, these datasbkysdefinition,contain only binding information for these
complexes, and do not contaiknown nonbinding crystal structure complexes and
information Despite the lack of nehinding data, it is important to provide wdlalanced
datasets to be used in machine learning modetsting strategies supplement this data
through two main approhes.

The first approach is through random selection, where a potentiabinder is
randomly chosen from the binder pool of ligands. In this case, it is assumed that a randomly
chosen ligand is likely not to bind. Another strategy is the use of spdciffcalg e ner at ed 0 «
molecules, such as with the DI datasefl14]. This is a more rigorous approachhave
potential norbinders are created based on a protein and its binding dataset. However, using
specific property information can introduce biases. This strategy is very restricted in terms of
the target space covered and computationally expensive &vagerihe noibinder dataset
prior to training.To implement an efficient process for selecting 4amders for training a

model, we propose to use a fingerpidatsed selection approach. Fingerprints are widely used
20



for finding molecules with similar orissimilar structure$17]. Utilizing the fingerprints to

pick the norbinders could offer a more rational way for training models and may improve the
overall learning when compared tbe traditionalrandom norbinder selection method.
Nevertheless, it is important to verifyetiyeneral applicatiorof this approach for various

targets, as the performance could change with different targets.

Therefore, we studied the impact thfe fingerprintbased negative data selection
method on the model performance. We used a simple classification model andetbthpa
performance of the models using gseldndard dataset$Ve explored differenfactors
including the type of fingerprinthe proportion of the nehinding data, anthe performance
with different classificatioralgorithms Types of fingerprints that will be utilized in this study
were chosen from RDKit and include Daylightsed substructuréRDKitd implemented),

0 dpologicab (substructure/layered fingerprint), képsed @ACCSH, and circular
(extendeeconnectivity subtpe,Morgard.

3.2 DUD-E Fingerprint Screening

To evaluate the DUIE dataset of actives and decoys, various fingerprints and their
combinations were examined and assessed through analysis of top scores acreSs DUD
targets for binding/nobinding predictabitly and contributionbreakdownwithin multi-

fingerprints.

3.2.1 Methodology

For each DUBE target (102 total)molecularfingerprints were calculatetor both the
Obinding/ actithvendi (hn)Y de o dy @ingP@honwithi tle&kDKdt s et s
packagg46] andthenstored as bit stringa | ong wi t hé&actud valudmeanmaqitd 6 s

| abel of &dact i EahofthelDUBtargettset eontaing subsét® of known
bindersaswellax omput ati onal | y ge n®lecaléiehed combiredtsety s . 6 |
of d6act i ve,8arandomydselaztddebmaewas chosen to compute the fingerprint
similarity via the Tanimoto coefficienger eactingerprint typeThis procedure was replicated

50 timeswith uniqueactive moleculeghosen and hen anaveragevalue was computed per
21



the selectethdividualfingerprint types (RDKit, Morgan, MACCS, Topologicalpata values
were stored indPandaé data framesper target, to be used for further calculatiombis
procedure is outlined iRigure 6.

DUD-E Target
A Loor_J through for each - ‘actives’ (binders) B. Test each against a randomly chosen ligand from the
target in the DUD-E set (102 + ‘decoys’ (non-binders) known binders/positive set.
total). + actives : decoys-> 1:50 Al ligands
All Ligands
- RDK Top Maccs | Morga Ligand | Type
Ligand | Type n a 5
1 0 RDK, |Top, |Mac, [Mor, 2 ) Ligand | Type
2 o RDK, |Top, [Mac, |Mor, 3 0 A a
3 o | RDK; | Topy Mac; | Mors 4 1
& 1 RDK, |Top, |Mac, |Mor, 2 4 m
5 1 RDK; | Tops Macg Morg
RDK; | Topg Macg Morg m
b /| RDK, | Top, Mac, | Mor,
C. Computed fingerprints per type over n = 50 trials for m D. Take average of the entries per 50 trials. Table consists of four fingerprints x m
number of ligands. ligand entries.
1 5 3 - Fingerprint 1 2 3 m
. Name//Ligand #
Topological; | Topy; | Topy, |[Topys | - | Topin T L& L& A 1
RDKit, Rdk,, | Rdk,, |Rdk,s | . | Rdk.,, EZ Top ;Z Tops ;Z Tops HZ Topmi
Morgan, Mor,, | Mor,, |Mor,; | .. | Mory,, P 1“1 ":’ ‘:1 ":‘
J e
MACCS, Mac,, |Mac,, | Mac,5 | .. | Mac,,, l - Z Rdk, ; lz Ry, lz Rdles, lz Rk, ;
= e S e
Topological, | Top,, |Top,, | Top,s | Top, Morgan 1% . v m 1v e w1 M
y o Ty = oy = or3; = Ol i
RDKit, Rdk,: |Rdk,; |Rdkis | . | Rdkyy = = = =
Morgan, Mor,, | Mor,, |Mor,; | .. | Mor,, MACCS 1 Z " 1 2":” 1 Z " = | i y
- ac; - ac; - ac: - ac,
MACCS, Mac,, |Mac,, |Mac,s | .. | Mac,, nL L L, 2L | L Lt e L

Figure 6. Workflow for DUD -E fingerprint generation. A. Each target in the DUHE dataset
was processed102 total). B A randomly choserigand was tested againghe known
binders/positive set. &ingerprintswere computegber type over n = 50 trials for m number
of ligands an average of 11,424 ligands per targefTheentrieswereaveraged acrosbe50

trials per each target and each ligand
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Next, combination fingerprint scores were determinedthrough usingeach of the
6 mimumg dmaxmumg ando6 a v e methpa. Given an array of single fingerprint values
for a particular ligand of a target protej t hneum® mfi mnmnct i on t ook the sn
the set as the score for that ligattte6 mawmd t ook t he Itkevgeetr agabu

took the average valu&otal combination fingerprints tested were:

1. Pairwise fingerprints (6)minimum, maxmum, averagg18 total)
2. Triplet fingerprints (4) minimum, maximum averageg12 total)

3. All combinedfingerprints(1): minimum, maximum averagg3 total)

3.2.1.1 DUD-E Prediction Ability of Binders/Non-Binders

The first method evaluated wad 4 ratio (actives vsdecoys)datasetwhere the total number

of 6activesd along with their computed si mil
subset of the total decoys was extracted frontdted datasetOnce this datavascompiled,

the ideal fingerprints were determined through examination of the prediction ability of the 1:1
Ssubset t o eval uate -btihnedi 9o ndaibnigd t aed, danp
minimunymaxmunvaveragemethods to pursue in the xtesteps. This subset was sorted

small est to I-mirmgesrts & ogett,heamdolnar gesand t o s
the top 26, 2%, and 1@6 were examined for best performance acrttss DUD-E targets.
Additionally, the top 1% of predictionsere also examined through heatmap visualization

between individual targets.

3.2.1.2 Whole Dataset Prediction Ability for Individual Targets

Next, all ligands from thedatasetvere examinedcross alltargef or t-bendhnhagd cas
In this caseparticular threshold percentagyef correctdo n - m n dpredigtiGnsacross each

methodper targetvereselectedstarting with55%, and then proceeding increments 06%)

andmethod type and threshol@hetargets that fithese criteriavere summedwith a final

comparison across the thresholds and metheagymade.
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3.2.1.3 Unique Ligand Prediction Ability

To further examine thadividual ligand prediction abiliesamong actives and decoys from
each DUDE target forthe 50 trials,a uniqueness test wagrformed In this caseput of a
proportion of the datany correctly predicted neloinder was extracted from a fingerprint type
and assigned an ID value. Among each of the 11 fingerp@avergge wasaken for the
combined), any subtype with the same prediction as another was summed dntorthimed
fingerprint, and individual fingerprints wereounted separately.ln the case of the two
fingerprint combined methodper each targethe proportion of th@alues predicted by each
individual fingerprint and the combination fingerprint wezemputed, Were an overall
average pethese combined fingerprints yields the overhtribution of these combined
fingerprints versus them aloneith a score between) where a score of 0 would indicate
each of the two fingerprints prediohly different ligands, ando ligands are predicted the
same A score of 1 would indicate that all predicted ligands thee same, and that these
methodscomplementach otherThe scores between fingerprint methods can be compared to
each otherand visualizatiomwith heatmapss an efficient method to determinegmdividual

fingerprints that contribute the most per each ofcthrabinedfingerprints.

3.2.2 Results and Discussion

Althougha 1:50 proportion of fingerprintlata exists foeach target within the datastte 1:1
predictionratio was used for this aspeitte to the largely disproportionate datad to be able

to observe trends more clearly among the bindingbinding predictions. Although random

chance selection is caleut e d , the 1:1 approach additional
onddmndi ngd strategies are uni f dhe positvsnahd can L
negative predictioh may be consideredith equal chance of random selection, and equal

weight towara the fingerprint selection criteria, while examining the entiresgathrough

other analysis methods
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3.2.2.1 DUD-E Binding Ability Prediction

Based on this evaluation, t@aximundanddninimumbdprediction methods performed very

similarly, as exemplified irFigure 7. Notably, fingerprints perform almosto timesbetter

compared to the random selection method for the 1%, 2%, and 10% predictions among the
minimum and maximum methodédditionally, for the top10% of predictions the best
performance was obsew among theAMACCS6 and dMorgard individual fingerprints
Furthermore, from the minimum/maximum top 10% predictigejeral of the pairwise
fingerprints, namelyRDKit/Topologicali dMlorgan/Topologicali anddRDKit/Morgan and
multi-combined fingerprints, specifically GMACCS/RDKit/Topologica
Morgan/RDKit/Topologicdband 6 MACCS/ RDKi t / T o p cshowaglihe lzest/ Mo r g «

bindingpredictive capabilities.
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Minimum Top 1% Across All Targets Average Top 1% Across All Targets Maximum Top 1% Across All Targets
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Figure 7. Positive predictions 1:ITop 1%, 2%, andL0% scores. Scores are calculated per
target as a percentage based on the maximum total based on the number of ligands within the

top percentage.
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3.2.2.2 DUD-E Non-binding Ability Prediction

As shown inFigure 8, when thedmini mu,né v e raadfead mu fmgerprints are

compared acrogsbke topl% values, théminimumbmethod yields highepredictive values for

the individual fingerprints, which remain constant across each of the 1, 2, and 10% metrics,
when compared to the camkeirmagteidonasnd |ohmaoxd mtur
perform similarly across methods, with the
Within these methods, and the top 10%, fingerprints providing the highest perfonwenece

O0Mor gand and it/oopblgicals./ WeeK all fingerprint predictions were only

about 5% different from these top predictions. Similar to the positive 1:1 prediction method,
fingerprints perform just under two times better compared to the random method for the top

1% of predictions.
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Figure 8. Negative predictions 1:Top 1%, 2%, and 10% scores. Scores are calculated per
target as a percentage based on the maximum total based on the number of ligands within the

top percentage.
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To further illustrate the trendkigure 9 displays the normalized heatmaps per target for the
negative and positive 1% prediction calculations. To account for the differendep in
predictionvalue totals among the targets, the percent of correct pedatias computed per
target. Lighter areas of the heatmap show the fingerprint types that predictbohders in a

better capacity than the darker portions.

method performs significantly worse wheontgpared to any of the fingerprint methods. For
example, the random methstiowed decreased performance when comparédderprint
met hods for targets o6comt, 6 O6kitho, and

performance across all methodsb &ndd x i targetpredictions are close to zero. However,

this visualization does not give a good indication as to how each fingerprint performs compared
to each other; additional trends cannot be well observed in this case. This is why additional

analyses were performed, so that fingerprint performance could be visualized in different

capacities.
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A. Non-binder 1% Prediction Heatmap fingerprint predictions across all targets
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B. Binder 1% Prediction Heatmap fingerprint predictions across all targets
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Figure 9. Heatmaps that display top 1% predictions across all takget®p 1% predictionsacross all targets in predicting rbmders.
B: Top 1% predictionsacross all targets in predicting binders. Lighter regions show more accurate predictions. Clearly, fingerprints

predictthe top 1% of each of these targets with increasedaxrgompared to random selection (last row).
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3.2.2.3 Best Fingerprint Based on Top Prediction Ability

To more easily visualize the performance differences among the various method types,
comparison per target dbtal prediction ability wagperformed from 55% © 95%. This

analysis and graphical representatiofigure 10 outlines performance across targethe y

axis represents how many targets are predicted, and the value is determinednbdesed

many targets fit the percentage critefrathe case 055%, a target is tallied for a particular

selection method if 55% or greater of thgands are predictedorrectly. For this 55%
prediction, al | pr edi dave ahmgh pnedictioroadcsirach fiwes | d e s
binding ability of 55% of the ligands or greatdr.h e 6 r methibd givés no correct
predictionswhentargets ar@nly tallied where85% or greatehave been correctly predicted

There is increased separation between the prediction ability of thegiimgeruntil 95%,

where O6Morgand and OMACCS/ RDKit/ Topol ogi cal
ligands correctlyfor about 70/102 target<learly, there is an improvement among the

combined fingerprints compared to the individual fingerprints.
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Figure 10. Percentage of correct predictions across all targets using fingerprints and random selection method.
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3.2.2.4 Pairwise Fingerprint Comparison

Next, paired results were extracted from the &0% of predictions, and checked for
compkementry effects, as seen iRigure 1L.Si nce a threshold 40 def
binderdé has not yet been I mposed, using 100
results. Thus, the top 50% of predictiongresselected for this analysis. Per target and
fingerprint pair type, a fractrowas computed per each of the contributing fingerprints to the

par. This value was then averaged across all targets to give an overall contribution of each
individual fingerprintés contribution to the
(0-1). These combined values were organized into the heatmap, as shogurénll, where

the highest combinati onTop®!| begit wakd 1t hegarRbrl
fraction of 0.62, greater than half of the predictions, are through a joinibzdittn. These
observations would indicate that, since the performance of this fingerprint combination is
greater than the individual fingerprint contributions, these combination fingerprints show a
compkmentary effect. ThéMlorgan/MACCSfingerprint comlination has the next best score

with the joint contribution equalingraost half (0.49) of the total contributions.

Fingerprint Complementary Comparison
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Figure 11. Combination fingerprint pairwise uniqueness vatomparisorComparison

among combineéingerprints for the top predicted 50% per fingerprint type.
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3.2.2.5 Combined Fingerprint Unique Prediction Ability

Although this method does not considersalbcombinations within the three and four type
fingerprints, thesare considered for the triplet andmase when they are compared to each
other with other methods. The objective is to see how each type of combination fingerprints
complement each other. Amotige fingerprint types thefingerprints that were the best at
predicting the correct bindergerethe total combinationgr 6 lafingerprints6 The top three

were: 1) All_fingerprints (0.76), 2)MACCS/TopologicalRDKit (0.63), and 3)
RDKit/Topological (0.62)represented graphically Figure 12

Unique Combined Fingerprints; Top 50% of predictions
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Figure 12. Numbers ofunique total combination fingerprintgalues were normalized in the
range of 81 based on the total number of ligands per target.
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3.2.2.6 Conclusions

Based on thé&:1 prediction of notbinders, the@averagémethod was deemed to be the most
suitablefor use withother analysis methods, and to make aIioer prediction. However,

t he indlumé na n dmudénamet hods perfor med verWithmsi mi |l a
the nonbinder predictions, fingerprinthat proved to be the best at making predictions were
6Morgano and O MACCS/ RDK/ Ibobionodecal Ghe e Vi ¢t h
O6mi ni mumé and O maxi mu mderfameng haoddhewedvimpraved t he b
predictive capabilities with thepaired combired fingerprints (RDKit/Topologicaf
@organ/Topological and ARDKit/Morgam triplet fingerprints
GMACCS/RDKit/Topologicab and dMorgan/RDKit/Topologicali and the alkcombined

0 MACCS/ RDKi t/ Topolfaqigealp/rMartg an

Further investigation into the performance of the-border6 av er agewas met ho
performed When all targets were observed forgbathrough a heatmap visualizatiahwas
clearly observed that fingerprint methods outperformed the rarsétentionmethod Next,
throughét op abi | isthotablytieido Mo ir gaindn a n d it/Gopbldgicalls / RD K
fingerprints correctly predicted95% of ligands for 70/102 targetsWhen compmentary
effects arénvestigated for the pairwise fingerprints, hd(k DKi t 6 and &6t opol ogi
were deemed toomplementach other the most. Finally,he o6uni que predict.
investigated within the top 50% of the data$¥ithin this analysis, the cdsmation with the
most compdémentary effects was theéd MA C C S /it/Rdpdtogical/Morgan) o r oal |

fingerprintsdé combination.

Based on t he perfor mance of the yari ou.
6 MA C C S /it/Rdpdfogicalh and 6 MA C C S /it/Rdpdfogical/Momgard methods were
selected to be further tested with a machine learning classification model, and further compared
with the 6randomdé met hod.
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3.3 Classification Model Refinement

3.3.1.1 Dataset Preparation

Given a set of fingerprints to test, nrbimding data was gersted to be used with a
classification machine learning modé&b generate an-binding data pesamplethe binding
data was processed with a Python script, wisipht the protein features from the ligand
features. NexteachPDB ID/sample was iterated itugh, and a random ligand entry was
selected and checked if it met ttiweshold Threshold valuesanged from0.2 to 0.6, with
intermediate valuesvith a step value 0f0.1 between0.2 and 0.6In the case of single
fingerprints, théranimoto similarity between the bound ligand and a potentiabirwter were
calculated through use of the ligabd vectos corresponding to this fingerprinkultiple
fingerprintsfollowed this same procedure, lautombined/alue was used to check against the
threshold similarity. If thealculated score value wgeeater than the threshold, the ligand was
logged, so that it was not-thecked, and thprocedure was repeated with another random
ligand. To improve efficiency, and for simplicity with memory constrainfer any large

datasetthe nonbinders were computad subsets, and then merged afterwards.

3.3.1.2 Threshold Value Determination

The nonbinder fingerprint generation method was next testétth a machine learning
classification modefrom the Sikit-learn Python library47] using default model parameters

and a fixed seed valuénitially, a trial setbetween the fingerprints was performsdh the
benchmark PDBbind subg@i300 proteins)and a limited featre se{(280 binding site features

and 280 ligand featurggo test the fingerprint selection threshold values on a small dataset
acrossl) data proportion2) machine learning model type, and 3) fingerprint method types.
Proportions ohonbinding datavere generated to be 1, 2, 5, 10, 20d 50 times the binding

data with the selected ligand chosen based on: A) random selection, and B) fingerprint
selectionacrosghreshold valug(0.2, 0.3, 0.4, 0.5, 0.6\Vith the PDBbind benchmarking set,

top combinabns of fingerprints were iterated through for 25 trials each, averaging the AUC

score values and calculating the metrics based on the averaged values for true positive, true
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negative, false positivandfalse negativerhis procedure was repeateidh machine learning
models of random forest, support vector machine »d&adoost to testfor an ideal threshold

value to proceed with.

3.3.1.3 Model Training and Cross-Validation
A more comprehensivieatureset, ofligand (280), binding site(280) and sequencgl810)

featureswere generated for tHall PDBbinddatasetusing a mixture of the Python libraries
ODDT [48], RDKIit [46], and PyBioMed49]. Over and undesampling steps were performed
on this dataset as welFeature data was generated for BBBbind full datasetwhich
contained18,100 known protein binders after data geeration and cleaning. The chosen
threshold valuavas now used for testingith the full PDBbind datasetp investigatenon
binding dataset selecti@bility with differences betweeh) data proportion size2) machine
learning modktype, 3) fingerprint selection threshold values, a)dingerprint method types,
where each fingerprint usegasone from among the top fingerprints determined through the
investigationof the DUDE methodsModels were evaluated through-fiddd cross alidation

to provide a rigorous comparison, each creagdation fold was computed and saved prior to

training, to ensure that models were provided with an identical fold of data.

Then the full PDBbind dataset was used to determine the proportion hasmtle
fingerprint types to use&ithin the selected threshold valaed comparisofor each fingerprint
and proportion in théhresholdset, along with the randoselectionwas performedAmong
the top three fingerprintsthreeaspects were comparet) the summation ofthe best sore
value per category?) an averageacrossall indices and 3) apercent improvement metric,

comparing the average cregalidation score to the equivalent modahdom selection

3.3.1.4 Model Testing with External Test Set

Finally, two Mpro sets werprepared andsedas external test sets fmodels containing nen

binding data determined by the optimal fingerprint, and its varying proparfibedirst Mpro

test set was generated fronofein Data BanKPDB) extracted Mpro crystal structuresA

similarity search was performed in the PDB, and then the correspondin{CRDRE&resaved
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ThesePDB IDswererun using the same Python cddefeature generatioas per the PDBbind
sets The structures were filtered to belependent from PDBbin(258 unique entrigsand
10 times the proportion of binders were used for generatingah®inderdataset usinghe

fingerprint method.

To provide further validation for this model,sacond Mro dataset wassed as an
additional screening datas&he binding datavas downloaded fror®hemspaceandnamed
fiPart 3 Fight COVID2 set 6ontaining5346 inhibitorsfor PDB id = 5RF7. Thesstructures
from Chemspace [16] were compiled from structwigased screening calculationé.
proportionequal tol0 nonbinder dataset was also created for this dataset with the fingerprint

method.

Both datasets were evaluated with a range of metaied additionally, the prediction
probability threshold values wemmnsidered, through choosing an optimal threshold value

based on the datasetds Cohen Kappa value
3.3.2 Results and Discussion

3.3.2.1 Threshold Value Determination

A comparison betweethreshold vales wasmadeto determinethe optimal value, based on
observations madeom models trained using tiDBbind benchmar#atasetwith thelimited
feature setThis smaller set was used to generaia-binding data foreach threshold value
(6), model type (3)proportion(6), andfiltering type fingerprintor randon) (4), totaling 342
models The three fingerprints tested were those determined tbebkest performing based
on the DUDE analyses.This threshold value was selected through observation of the
numerical trendbetween important metricahich areexemplified through heatmaps and line

graphsn Figure 13, which highlight an overall trend
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Figure 13. Threshold valuselectionHeatmaps and line graph&regenerated from average

values between the random forest, support vector machine, and XGBoost.models
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When thdrend across the averaged dataset is obserlezaly,alower threshold value
usedfor generabn of non-binding dataesulted irhigherobservedcores This can be clearly
observedin Figure 13, wherethe averaged results between the three models (XGBoost,
support vector machine, and random forest) illustraterdresbetween the metricAUC,

Jaccardndex, and PPV (positive predictive value/premis.

3.3.2.2 Model Training and Cross-Validation

Next, © evaluate the full PDBbind model, -f6ld cross validation was performed@he

averaged values are shownTable 3, whereresults are summarized paodel and type. This

summary includesop results for the tallied number of metrics that wigrthe maximunper
metricwithin eachof the threanodel typs (support vector machinéGBoostfandom forest

2) the average value of the computed indices,3@ahimprovement scorayhich is apercent
improvementalculated based on th@ndom score per proportiowithint ha X6 c ol umn,
for XGBoost, randomforest and support vector machinethe total number is 18, which

corresponds to thetal number of metrics.
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Table 3. Summary of 1€fold crossvalidation Categorized based goroportions(P) and

fingerprinttypesfor XGBoost(XGB), random foresfRF), andsuppat vectormaching(SVM)

modelsWi t hi n

binding dataThedVlaxécolumnshows out of the 18 metrics, how many times the fingerprint

model combination achieved the maximuomatric valug compared to other fingerprint models

tPhh ei n chibd &t e

with the same machine learning algorithéAvgd

studied,and6d

random valueThe highesimprovement scoreesult among each colunmhighlighted within

i s

t he

t toe-bindimg @aiaccontpared o the f

i s

t hamong theeight igdees

| hopaoperteat Impreversepigrnease compared to the

this table.
XGB RF SVM

Fingerprint P Max Avg | Max Avg | Max Avg |

All fingerprints 1 0 0.92 1851 0O 0.89 2184 0 094 0.73
Maccgrdkit/top 1 5 0.95 22.83 7 0.94 28.13 5 096 3.13
Morgan 1 0 0.77 -0.02 0 074 1.15 0 0.75 -19.76
Random 1 0 0.77 0.00 0 0.73 0.00 0 0.93 0.00
All fingerprints 2 0 0.93 17.67 0O 090 17.82 0 094 139
Maccs/rdkit/top | 2 0 0.96 21.46 2 094 2381 2 096 393
Morgan 2 0 0.79 0.57 0O 0.77 0.78 0 0.77 -16.69
Random 2 0 0.79 0.00 0 0.76 0.00 0 0.93 0.00
All fingerprints 5 0 0.94 19.98 0O 090 17.93 0 094 0.52
Maccs/rdkit/top | 5 1 0.96 23.40 0 0.94 23.60 0 096 290
Morgan 5 0 079 137 0 077 142 0 0.78 -16.97
Random 5 0 0.78 0.00 0 0.76 0.00 0 094 0.00
All fingerprints | 10 0 094 21.03 0 090 20.34 0 095 155
Maccs/rdkit/top | 10 0 0.96 24.42 0 0.93 2491 1 096 3.30
Morgan 10 0 0.78 0.83 0 076 1.09 0 0.78 -16.39
Random 10 0 0.78 0.00 0 0.75 0.00 0 0.93 0.00
All fingerprints | 20 0 094 25.03 0 091 2571 0 094 186
Maccs/rdkit/top | 20 1 0.96 28.53 0 0.93 28.81 0 096 3.62
Morgan 20 0 0.77 1.99 0 074 239 0 0.77 -16.35
Random 20 0 0.75 0.00 0 0.72 0.00 0 0.93 0.00
All fingerprints | 50 0 094 30.24 3 091 3242 10 094 133
Maccs/rdkit/top | 50 11 0.97 34.36 6 0.93 36.33 0 0.62 -32.71
Morgan 50 0 074 234 0 071 3.5 0 0.74 -20.16
Random 50 0 0.72 0.00 0O 0.68 0.00 0 0.93 0.00
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3.3.2.2.1 XGBoost Proportion Comparison

Wh e n compared t o t he average 6randomb

GMACCS/RDKIt/Topologicabcombination yields the highest improvements that range from
2171 34 %, anddMACCS/RDKit/ TopologicalMorgardcombination scores range fral@i 30
%. ThedVorgardfingerprint scores the lowest of the three, with improvements fror@ .
Clearly, the AMACCS/RDKIit/Topologicab and AMACCS/RDKIit/TopologicalMorgard
fingerprints yield the highest performance. Adthglly, thedorgarb fingerprint performs
eithersimilarly, or slightly beter thanthe @dandondmetiod, depending on the data proportion
The highest performing fingerprintMACCS/RDKit/Topologicafi performs he best at a
proportion = 50with an average score of 0.97. However, it shdaddhoted that the is only
a small difference betweenislnighest predictiomnd the lowestvherethe proportion = 1 and
score = 0.95 Additionally, when the best performing selection type
(AMACCS/RDK:it/Topologica), is compared t@aMACCS/RDKIit/TopologicalMorgarg the
addition of thedMorgarbfingerprint yields acore only slightly lowemwithin a range of 2.1

3.3 % across proportions

3.3.2.2.2 Random Forest Proportion Comparison

Next, the random forest algorithm displayed a similar trend to XGBowsdth the
GMACCS/RDKIit/Topologicab and AMACCS/RDKit/ TopologicalMorgard methodsshowing
23.607 36.33% and17.827 36.33 %improvement over theandom method, respectively.
These two methods also perform very similarly to each othergifithiences ranging between
2.27 5.3 % across all proportion#n contrast, thedMorgard fingerprint hasonly slight

improvementgompared to the randomethod (0.78 3.15 %).

3.3.2.2.3 Support Vector Machine Proportion Comparison

Lastly, the support vector machine cross validation re$stsvaried performana@mong the
proportions andingerprints The@®RDKit/TopologicaMACCS6method again performed the

best, but unlike the other methods, the best score was with proportiodr#ike the other
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methodsthe dVMlorgarbfingerprint received scores lower than the random method, within the
range of32.71t0 -16.39 %.

3.3.2.2.4 Further Discussion

Based on the initial DUEE fingerprint results, which indicated that #iMorgardfingerprint
performed highlyit was expected that thdorgardfingerprint would perform more similarly
to the two combined fingerprints. However, other analyses itedicdnat the combination
fingerprintsprovide compgmentary effects, so when this is considetbd, higher results for
the RDKit/Topological/MACCSD combined fingerprint and the
GMACCS/RDKit/TopologicalMorgard are in line with expectationsand asillustratedin
Table 3, wereexpected to perform more similarly. Additionally, a combined fingerprint with
greater diversity would be expected to perform better alsisconsistent that if the individual

0 Mrgard fingerprint is underperforming on thisathset, that the combination fingerprint
GMACCS/RDKit/Topological/Morgatiwould also have decreased performance.

Additionally, when scores are compared among the proportions for tfadléross
validation,results are extremely similar across the macheaening methodswhich can be
visualized inFigure 14 XGBoost shows alight improvement but besides thscore for the
support vector machine method witoportion = 50these results indicate that models using

any of the tested proportions perfomery similarly compared to each other
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A. Rdkit/topological/maccs Scores; B. Fingerprint vs Random Method, XGBoost
Comparison Between Models
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Figure 14. Visualization of machine learning model scores for XGBao@stdomforest, and
support vector machinenonbinding proportionsA. RDKit/TopologicalM A C C Sdbres
graphed by proportion and compared among the XGBmsipmforest, andupportvector
machine models. B. Comparison betweRDKit/ TopologicalM A C C Sirfgerprint model

and the random model, using XGBoost. C. Comparison between
ARDKit/TopologicalM A C C 8ngyerprint model and the random model, using random forest.
D. Comparison betweetRDKit/TopologicalM A C C Sirigerprint model and the random
model, using support vector machine.
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Finally, based on the kfbld cross validation resultshe best perdrming fingerprint
combinationwas thedRDKit/Topological/MACCSa Performance among the proportions per
model was similar, so tse proportionswere maintainedfor further investigation with ik

@RDKit/Topological/MACCS®combined fingerprint on the external datasets.
3.3.2.3 Model Testing with External Test Sets

3.3.2.3.1 Mpro Crystal Structure Dataset Observations

Key metrics for the full PDB model tested against gmdvtrystal structure dataset are outlined
in Table 4. First, for the XGBoost model, gry low thresholds yield the best Cohen Kappa
scores Proportion =10 is best performing, with lower data proportions (5, 2, 1) performing

similarly. Proportion20 and 50 appean beunfavourable for this model

Table 4. Summarized results from the Mpro crystal structure dataset, across proportions and

models.
Model P Threshold TPR Precision RecallAccuracyAUC FbetaF1l JaccardMCC Cohen kappa
1 0.90 0.52 0.42 0.52 0.89 0.72 0.49 0.46 0.30 0.40 0.40
2 0.10 0.54 0.46 0.54 0.90 0.74 0.52 049 0.33 0.44 0.44
XG 5 0.05 0.52 0.44 0.52 0.90 0.73 0.50 0.48 0.31 0.42 0.42
10 0.05 0.54 0.47 0.54 0.90 0.74 0.52 050 0.34 0.45 0.45
20 0.05 0.29 0.44 0.29 0.90 0.63 0.31 0.35 0.21 0.31 0.3¢
50 0.05 0.21 0.38 0.21 0.90 0.59 0.23 0.27 0.16 0.23 0.22
1 0.65 0.41 0.43 0.41 0.90 0.68 0.42 0.42 0.27 0.37 0.37
2 0.45 0.81 0.45 0.81 0.89 0.86 0.70 0.58 0.41 0.56 0.53
RE 5 0.45 0.92 0.60 0.92 0.94 093 083 0.73 0.57 0.72 0.70
10 0.45 0.94 0.67 0.94 0.95 095 0.87 0.78 0.64 0.77 0.75
20 0.40 0.97 0.66 0.97 0.95 0.96 0.88 0.79 0.65 0.78 0.74
50 0.40 0.96 0.70 0.96 0.96 0.96 0.90 0.81 0.68 0.80 0.79
1 0.85 0.40 0.39 0.40 0.89 0.67 0.39 0.39 0.24 0.33 0.33
2 0.75 0.40 0.38 0.40 0.89 0.67 0.39 0.39 0.24 0.32 0.32
SUM 5 0.85 0.37 0.40 0.37 0.89 0.66 0.38 0.38 0.24 0.32 0.32
10 0.75 0.40 0.37 0.40 0.88 0.66 0.39 0.38 0.24 0.32 0.32
20 0.85 0.37 0.40 0.37 0.89 0.66 0.38 0.39 0.24 0.33 0.33
50 0.80 0.36 0.41 0.36 0.89 0.66 0.37 0.39 0.24 0.33 0.33
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For random forest, proportiod®), 20, and 50arepromising due téheir Cohen Kappa
scores Threshold values for optimal Cohen Kapgaoreswere close to 0.5, and the true
positive prediction ranges from 0.92.97 for proportions 5, 10, 2&nd 50.The 20 and 50

proportionsarethe best performing, especially in terms of true positive score

The support vector machinenodel exhibits ery similar performanceacross all
proportions Threshold values have been adjusted to ~0.8 on average, for the optimal Cohen
Kappa scoreSpecifically, the true positive rates are slightly higher with the priopsrtL, 2,
and 10. However, these differences are less than 10% betiedrighest and lowest true
positive scoreOverall,the support vector machine predictions for thgrd/crystal structure
dataset are not ideaCohen Kappa scores range freinto 1,so the 0.3 scores are showing
some overall prediction ability according to this metktowever, since the rest of the
predictions should be > 0.5 to showiaformed prediction, this model is not giving adequate
performance. Additionally, due to the slari scoresone proportion cannot be chosen over
anotherfor the model on this test set.

To note, accuracy scores are high due to the high number of predicted true negative
values. An example calculation of this is show&guation 2, where the accuracylculation
from the first row ofTable 4is highlighted Other metrics do not score as well because, unlike
the accuracy measure, true negatives are not incorporated into the numerator of these

equations.

Equation 2. Accuracy calculation example; first row déble 3.
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For exampleprecision, recall, and F1 calculations do not incorpdragenegative
values Precision is calculated from true positive, and false positive values, as shown in
Equation 3. In an ideal mdel, a low number of false positives gives a high precision score

that is close to or equal to 1.

Equation 3. Precision calculation examplerst row of Table 3.
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Recall(also named true positive raie ®nsitivity) is calculated in a similar manner
but as shown ilEquation 4, is calculatedrom the set of known positivethose that are

correctly categorized dsue positive, and those that are mislabelé&ge negative

Equation 4. Recall calculation example
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Next, F1 scorauses true posite, false negative and false positive valuedmputethe
harmonic mean betwegmecision and recalbs show with an examplealculation in
Equation 5[31].

Equation 5. F1 calculation exampleirst row of Table 4.
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3.3.2.3.2 Chem-space Inhibitor Dataset Observations

Key metrics for the full PDB model tested agathstChemspacealataset are outlined fable

5. First, at the optimal Cohen kappa values, the XGBoost muakebwide range of threshold
values (0.08.95).However, within this range, proportio@sand 5 havenid-range threshold
values(0.45), close to the defaultalue of 0.5.In terms of prediction of true positives,
proportions 1, 2and 10 predict binders very well. However, in this case, it appears that
proportion =2 would be the best suited for the modedcause this proportion has the best
Cohen Kappa valuendicating high predictability for both binders and flmndersandyields

the highestrue positive rate

Next, random forest gives the strongest predictions ovalaiably, he Cohen Kappa
and true positiveraluesare the highesSince the proportios 5 performs the best across all

categories, this would seem the most reasonable to be selected for the random forest model.
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Table 5. Summarized results from the Cheapace inhibitor dataset, across proportions and

models.

Model P Threshold TPR Precision RecallAccuracyAUC FbetaFl1 JaccardMCC Cohen kappa
0.98 0.98 0.95 092 0.85 0.91

0.98 0.96 0.92 0.92
0.99 0.98 0.96 0.94
0.98 0.91 0.85 0.89

The performance of the three selected models across probabifdrethe combined
RDKit/TopologicalMACCS fingerprintare visualized irfFigure 15, where there is shown to
be an optimal separation between the binder and-border predictionsn the XGBoat and
randomforest models. However, the support vector machine model predicts sothmders

incorrectly as binders within the 0180 probability range.
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Figure 15. Predictions of binders and ndamderswithin the three machine learning
modelsClassO represent the nebinders,andclass Irepresenbinders.A. Supportvector
machine proportion = 5B. RF, proportion 5. C. XGBoost, proportion = 2.
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To address théigh scores and concerns of overfittirggpecifically for the random
forest modela check of the feature contribution was performed, shiowfigure 16; this
model contains a high fraction of ligand features, which could be biasing the model to give
ovelfitted scoresAmong these selected models, the features can also be visdalizady
the random forest and XGBoost predictions. There is no feature breakdotha f@rsion of
support vector machirteat was utilized in this casasthe format of thismnodeluseddoes not
provide feature results that can be extradRahdom forest has a majority of ligand features
contributing to the prediction, and only a small number of seqieat&es This mayexplain
thevery high predictions observed on feemspace inhibitors set, asing amodelwith a
high proportion of ligand featuresould beoverfitting/contribuing to bias.However, the
XGBoost model yields anore equitable distribution of featuresnong the threenajor
categories, with thesequencefeaturescontributing to about half of the overall feature

weightagethen the ligand features, atitenbinding sitefeatures.

A. Feature Contribution; Random forest, proportion= 5 B. Feature Contribution; XGBoost, proportion = 2
0.2
l 493 l
358
85.1
® Binding Site ®Ligand = Sequence ® Binding Site ®Ligand = Sequence

Figure 16. Feature contributionsom random foresand XGBoost In this casethe
GMACCS/RDKIt/ Topologicabfingerprintmodelwasutilized. A. The mndom foresinodel
with a proportionequalto 5. B. The XGBoostmodelwith a proportionequal to2.

51



Finally, a feature importance compariseas made amonghe top thredingerprint
types with a constant proportion valie2 for the XGBoost model, as illustratedfigure 17.
All fingerprintg ener at ed model s yielded hi ghmaromperf
method Additionally,wi t hi n t he O0MACCS/ RD(Rigute/l7A)ds@mdreo gi ¢ a |
evenly distributedeature importangevith emphasis on the sequence features (~50T%3
is anindicaion that theselectednodel s trainedfrom a variety of types of featureandnot
biasingresults highly towards a particular feature typepecially compared to the feature
importance of thether fingerprint selection models and random meiffaglures 17 B, C,

D), wheresequence importancehgghly weighted, compared to other feature types.

A. XGBoost, MACCS/RDKit/Topological, B. XGBoost, All Combined Fingerprints, Proportion
Proportion =2 =2
493 I | 19.7
35.8 65
= Binding Site mLigand = Sequence = Binding Site = Ligand = Sequence
C. XGBoost, Morgan Fingerprint, Proportion =2 D. XGBoost, random selection, Proportion = 2
' 13.3 ' 133
75.1 75.4
m Binding Site = Ligand = Sequence » Binding Site ® Ligand = Sequence

Figure 17. Feature importance comparison amaémgtop threefingerprints.Among the
trained XGBoost models with a proportion of 2, graphs depict the percentage contribution of

each of the three categories of featdoeghe top three fingerprint type&. AMACCS/

RDKit/ Topol ogical 6 f 1 MAE@QASIRDHKIt/Mdpolog sceal | e cMoirogna.n «

fingerprint selection. G Mor gandé fi ngerprint selection. D.
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Anotherfeature importance comparison was made among the top three fingerprint

types with a constant proportion value adrtid therandom forest maal, shownin Figure 18.

The random forest fingerprints consist primarily of ligand and sequence fedtingsrprint

selection types were compared, and the selected fingerprint combination,

0 MACCS/ RDKi t / (Figupeol8A) gitilizes ligdnd featuresas a majority As
discussedrandom forest received high scores acitusih external test setslowever, since

feature importance is skewed towarblsi g a n d (6MACCS/ ROKdt /6TAdd o |
Combi)esdedquence ( 6 Mor gthesedesudtnindicaberthatarfittimgniay)

be occurring in this caseSince lmth combined fingerprints with high importance of ligand

features received high scores within thefdld crossvalidation checkthis feature typgvould

be the moslikely cause ofpotentialoverfitting for the random forest model
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A, Random Forest MACCS/RDKit/Topological B. Random Forest, All Combined Fingerprints,
Fingerprint, Proportion =5 Proportion = 5
02 05
|

= Binding Site = Ligand = Sequence = Binding Site = Ligand = Sequence
C. Random Forest Morgan Fingerprint, Proportion = 5 D. Random Forest Random Selection, Proportion = 3
0.6
0.6 |

= Binding Site = Ligand = Sequence n Binding Site = Ligand = Sequence

Figure 18. Feature importance comparison amaémgtop three fingerprintsWithin the

trained random forest models with a proportion of 5, graphs depict the percentage

contribution of each of the three categories of features for the top three fingerprint types. A.

0 MACCS/ RDKit/ Topol ogi céaMCES/RDOKiNTpmolgeal/i nt sel ec
Morgandé fingerprint selection. C. OMorgando f

selection.

3.3.2.4 Conclusions

An efficient approachto supplement a machine learning model with informed-rinding

data was tested'his approach utilizedhdividual and combinationmmolecular fingerprints,

which were determined through an initial effectiveness evaluation witDtHe-E library.

The best performinfingerprints asdetermined from the DU{E methodswere the individual
OMorgandé fi ngemlipirnati omnfdi ndieer pcri nt afd 6 MACC
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0 MACCS/ RDKi t MargapooThesey fingeglints and a corresponding threshold
value were evaluated with benchmarDBbind dataseacross proportions 1, 2, 5, 10,,20
and50, themachine learning mode&ipport vector machin&XGBoost, and random forest
and the selected fingerprintd random selection method was also tested with each of the
proportions, and modelé.cross methodshe lowest threshold, 0.%vas deemed to yield ¢h

highest machine learning scores on the PDBbind benchmark dataset.

Additional evaluations were performeditiv the selectedingerprints and random
selection methadroportions, and modelsith 10-fold cross validation on the full PDBbind
dataset Per malel and fingerprint, @sults were very similar acrossetimetrics, with the
0 MACCS/ RDKi t / fingeppdnt giglding ¢he dighest scoresAll proportion
combinations othis combinationfingerprint werethen tested againgtvo external datasets: a
PDBbind derived Ndro dataset, and Cheraspace inhibitors dataseilthough the dataset
proportions provided similar performancegrh these external test sets it was determined that
the best proportiorfer the6 MA CC S/ R D Koigti /cTad pdo permadel argrpportion t
= 5 for random forest, proportion = 5 for SVM, and proportion = 2 for XGBoost.

3.3.2.5 Future Directions

Future directions for this work are &xpandthe type and quantity of fingerprints that were
usedin theinitial DUD-E dataset screeningdditionally, we plan tamplementmore testing
and checks withanother dataset to ensure that no forms of bias are contributitige to
performance. ldeally, an experimental dataset would be used for festiolg not a
computationdy generated dataseflthough diversity istypically important for fingerprint
screening, westill would want to be careful when considering very wakforming
fingerprints, such as 3D pharmacophorethes may introduce its own biases into the non

binding data for the dataset
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Chapter 4

StrucBased Anal ysi s

4.1 Introduction

High throughput virtual screening, through use of molecular docldag, be used as a
standalone stratedp screen for compounds with favourable binding affifil]. Given the
advancements iML-basedmodeling, it would be efficient to combine this approach with
traditional methods to improve tlspeed and hit rate of the screening procEserefore we

performed classical structubased analysesf thema c hi ne | e aprefilteredhit mode |l 6
candidatesrom thed@Chemspacédataseto assess the quality of the hits, mode of binding,

andtheir binding affinitiesWe believe thathtis would not only helpeduce thecreeningime

but mightimprove the qality of the hits

The antiviral target chosen for this screening effort ws SARSCoV-2 Main
Protease (Mpro)As a potential target for SARGoV-2, its main protease &ttractive, since
this protein is not homologous human proteases, atttereforethe chance ohegative off
target effectss decrease{bl]. Additionally, this proteinis a dimer thats characterized as
having three domainsvith the active sitdetween domains(tesiduesl-101) and Il (residues
102-184), andjoined by linker regionsas shown ifrigure 19 [52]. At the binding siteHIS41
and CYS145%orm acatalytic dyadThe Mprotarget has been studied through various methods,
and interactiondbetweenresiduesHIS41, GLY143, SER144,GLU166, and GLN189 have

been identified as important for potential dris3].
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Domain I Domain II Domain III

Figure 19. Mpro visualization of domains.Depiction of reference ligand bound in active site
of monomericMpro, along with key residuegjeneratedn Visual Molecular Dynamics
(VMD) [54].

4.2 Methodology

4.2.1 Molecular Docking and Pose Filtering

The determinedmachine learning model combinatgwere used to make predictions for 3.9
million compounds withirthe Chemspace virtual screening databaske dataset was split
into 785 sectiongjue to memory constraint§o ensureghat a manageableumber could be
docked, 0.1% of the total dataset the top~5000 structures were selected foolecular
docking Sincea probability threshold was required to be selected, probabilities starting at 0.9

with a 0.1 probabilityinterval were tested to find theombined thresholdalueresulting ina
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value of total structureslosest to 0.1%Next, this ligand setwas further processethrough

docking withAutoDock Vina.

Bash and Python scriptsrgprocessed each ligandhese scriptsautomatd the
conversion of th&Chemspace molecutefrom the SMILES format tothe .PDB3D format
(using the Python package RDKit functionalitfjo prepare for docking,capts from he
Scripps Institute convered protein and ligand filesto .PDBQT format. To generate
configuration files, calculation of the centre of mass of the bounddigad a grid box size of
¢80 the radius of gyration of each potential ligand bingdere carried outAfter the docking
procedure Python scrip collectedimportant information (binding affinity output and the
corresponding moleculs) into a summary file, where results were ranked according to

binding affinity of thetop pose from each molecule

Foreach of the ten compounds with the highest binding affiaity i-housePyMOL
plugin 6 P o s edwaslusedfar filtering the docked pas[55]. A combhnation of Simple
Interaction, &ucturalProteinLigandinteractiorFingerprint(SPLIF), andRoot Mean Squared
(RMS) comparisonswere madeto identify three top-scoring unique posesFingerprint
similarity is computedising a similarity coefficient (dice, or a tailored metric for SPLIF) to
determine the similarity between two protéigand complexes. Results are soritetd folders
based on a user specifiédu ni q u e n e svalui@antotpudesl mto fraphto visualize
similarity. The initial parametersf 2.0 A for RMS threshold and 0.5 for simple interaction
andSPLIF (default PoseFilter parametgmorted uniqguenssParameters were incrementally
changedto achieve a consensus of three unique pésesingerprints and RMSy 0.1
(minimum of 0.3) and..0 A respectivelyFurther adjustments were made until a consensus

pose was determingdarameters and posageshownin Appendix A.

4.2.1 Molecular Dynamics

Preparation and determination of protonation states wereputedfor the Mpro (PDB id =
6w63) proteinat a neutral pivith S ¢ h r o d i n g ePropkd|s6) andthreroRyMOL was

used foffinal proteinand igandpreparationMoleculardynamicssimulatians usingAmber 18
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were run fothese 3Gtructureg3 poseseach withl0 hits) each with a simulation time 003

ns The protein ligand complexes were described using the AMBERff14SB and GAFF2
forcefield asoutlinedin Chapter 2The complexes were solvated usaiglP3P water boxand
electreneutralized using Na€lons. The MD protocol described @hapter2 was followed

for equilibratingthe complexesand the dynamic trajectories wenealyzedor their stability,

conformationachanges, ligand binding affinity and interactions.

The free energy of binding for the ligandsas computed using th&IM-GBSA
calculationsThebinding free energyaluesfor theligandposes wasestimated byalculating
the energy differencéetween theproteinligand complex and the receptorand ligand
(complexi receptoii ligand), using the last 10 ns of the trajectongth a total ofL000frames
The dynamics of the hits wecempared to thdynamics othe crystal structuref Mpro bound
to anoncovalentX77 inhibitor (PDB ID =6W63, positive control in this thegis

4.3 Results and Discussion

4.3.1 Molecular Docking and Pose Filtering

Thecombinedmachine learning modstreeningesulted ird878Chemspace molecule©f
these molecules, the best scoring, or lowleskingenergy valugsvereO-10kcal/mol.From
the docking results, the maximum screened value-vddkcal/mol, and the median/meaas

-8 kcal/mol. The distribution of these scor@shownin Figure 20.
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Figure 20. Distribution oftop 0.1 % docking scoreBistribution of the docking affinity of

4878 Cherrspace molecules.

In addition, thelD values assigned to the top ten poses, along with their binding
affinity, are listedn Table 6. Further information about these structures, such asSMILES
strings 2D structuresand Cherrspace IDsareoutlinedin Appendix B. As a notethe naming
convention used for structures was based on the batch number and muledoés out of the
batdh. When docked poses are examined fitted valueafter the underscoreorresponds to

the pose number.
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Table 6. AutoDock Vina dcking scores of the three unique poses of thegiopits.

Complex Unique Binding Unique Binding Unique Binding
(Posd)  affinity (Pose) affinity (Pose®)  affinity

(Pose 1) (Pose 2) (Pose 3)
264 4209 |1 -11.1 6 -8.5 7 -8.3
267_3318 |1 -10.4 2 -9.9 9 -8.8
268 874 1 -10.2 3 -8.5 5 -8.2
268 2452 |1 -10.0 3 9.1 5 -8.8
269 1725 |1 -10.4 2 -10.2 7 -10.0
269 1816 1 -10.1 4 94 5 -9.3
269 3556 |1 -10.0 2 -9.2 4 -8.9
373 2580 |1 -10.2 5 -8.5 6 -8.4
413 1761 |1 -10.4 3 -8.8 4 -8.4
574 2168 |1 -10.0 4 -8.9 6 -8.6

4.3.1.1 MM-GBSA Calculations

All three unique poses for the top 10 hitere subjected to 30 mmolecular dynamics
simulations and the binding free energy for the ligandsswalculated usinghe MM -GBSA
method.Figure 21 provides a summary of thestimatedree energiesndthe stadard error
values. Our previous analyses on ihgro crystal structures showlat< -30 kcal/molfree
energyis a good threshold farlassifyingstrong binding Mpro inhibitorgs2]. Further, as can
be noted, the positive control (X77, 6W63 ligand, greerohdhe far rightn Figure 21) used
in this study also hadlasinding free energy of30.8kcal/mol. The free energy plaliustrates
thatat least one of the three poses for the hisstgmificant affinity comparable to thaf the

61



control molecule.This emphasizes thanportance of the combined screening protocol
incorporated in thishesis.While the affinities are significant, it is essential to chetlether
the bound ligandszmain stable in the binding pocket and satilsé/key interactionsbserved

in otherMpro inhibitors.

Summarized Binding Free Energy Results

W

o

-1

o

-2

o

-3

o

[
]
—a=
1
1
|
1
|
i
1
1
1
|
T
L]
i
1
1
1
|

-4

o

Binding Affinity (kcal/mol)

-50

o
o

Hl @l I\I Hl Nl @I Hl O’)l LDI Hl (Y)l LDI \—|| Nl I\I \—|| ﬁ‘l LDI \—|| Nl <f‘| \—|| L0| @I \—|| (Y)l <f‘| \—|| ﬁ‘l kOI °
c

DO OO0 T T ANNNLL O © O© O O O© O© O O O o o 00 0 0 S
O O O A d AN~ ANNNS-ASHAL0WLW 0w O© O O O O O o
N N ANMOMMOooonoS ST I ~NNDNOWOWOGWLWLWWLWLWLWDNSNSNDNS- - o
q-I <rl <r| ml o’)l ml N oo NI NI c\JI F|I P|I F|I F|I P|I F|I ml o’)l ml NI NI c\JI F|I P|I F|I NI NI c\JI :
O 0 ™

S IS O O O WO OO ) OO MMM MMOMTST I I O
© © © © © O NNNO©O O OO OO OO OO O© OI~IMNIMSCGOHAdAN~NMNDN S
AN N N N N N N AN NN N NN NANNNNOOMOS I OO0 o

Complex Name

Figure 21. MM -GBSA calculations for the ten potential hits, three unique poses each, along
with the native binder from PDB ID = 6W&8reen baon the far right

4.3.1.2 RMSD Results

Overall protein RMSD results indicate that of thel 3creened structurea/most all have
relatively lowfluctuationswithin thebackbonewith all but one structurieelow 2.5 A RMSD

as shown irFigure 22. Themajority of structure$27/30) also lie within 1.5 2.0 A, thesame
rangeasthebound crystal structur@.0 A).
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Figure 22. Average RMSD per complex.

Ligand RMSD varies more widely than the protein RMSD. Discounting the natively
bound 6w63, which achieved the lowest ligand RM8B A), of the screened compoun@s,
had ligand fluctuationsf less than 1.5 Aand 15 structureschievedan RMSD less than 2 A.
Rankedligand RMSD results are outlined iRigure 23, plotted against their binding free
energy All ligands achieved less than 3.5 A of fluctuations.
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Binding Free Energy vs. Ligand RMSD
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Figure 23. AverageligandRMSD per structure.

4.3.1.3 Energy Decomposition and Hydrogen Bonding

Among the 30 hb d s e d 6 r €BSAlotesll enekbtics were examined, along with
their hydrogenbonding. Since the key contributing residuesbitnding within the Mo
catalytic siteinclude residues GLU166, GLN189, HIS163, SER144d GLY143[52], an
emphasis on these residues was made when examinsgsthectues forhydrogen bonds
and thecorrespondinglecomposition plots. Structures with promising decomposition results
were screened for the occurrence of hydrogen bondimdy distancéetween the donor and
acceptor pag wasplottedusing VMD.

First, the 6W63 crystal structure complex had stable hydrbged interactions with

residues GLY143, GLUl16Gnd HIS163 and a weaker hydrogen bonding interaction with
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ASN 142.Within the energy decomposition graph, Figure 24A, the ASNL42 residue
contributes mostly through electrostatic interactions, M&d 165 contributions arethrough
electrostatic andan der Waal$orces.Notably, thdigandRMSD is very stable for th crystal

structure bounéigand
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Figure 24. Combined results for 6W63 native ligad.Energydecompositiorper residueB: graphical depiction of hydrogen bonding
interactions between 6W63 native molecule and ASN142, HIS163, GLU166, and GLY143. C: overall productiarDRpSduction
RMSD of protein and ligand€. RMSF plotfor reference molecule.

66



To further visualize the placement and interactions occurring in the bindinghsite, t
structure of the 6W63 positive control andhggdrogen bonding isepresented ifrigure 25
with a 2D interaction diagramalong with a corresponding 3fisualization of the residue
interactions with this molecel Within this diagram, the interactions between GLU166,
HIS163, and GLY143 are highlighted.

MET THR
49 26 —— TzH5R

Figure 25. 6W63 crystal structurenteractions depicted in 2D and 3D structufes2D
representation of hydrogen bondiggnerated with Schrédinger Maest&ronghydrogen
bonds represented by the purdiees are formed with GLU166, HIS16andGLY143. B:
3D visualization of hydrogen bonds ammderactions within the 6W63 binding pocket.

Based onMM-GBSA, protein and ligand fluctuations, and key hydrogen bond
interactions, three molecules were selected as the top three out of the molecular dynamics
simulatians thatwere run.First, molecule268 874 5 yielded abinding free energy 0f36.3
kcal/mol. According to the breakdown of decomposition energies, as shofigune 26A,
residues MET165 and GLN189 contribute throwgh der Waals forces, and residue THR26
contributes through a mixture of Van der Waals and electrostatic interadtliasnolecule
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exhibitedhydrogen bondingvith residuesGLN192, THR26, and CYS1490 visualize these
interactions,the hydrogen bondingistanceswere plotted andire shown inFigure 26B.
Similar to the reference crystal structure, this moleculealtasy interaction with GLN192
within the binding site and MET165/GLN189 are energetic contributors common to the
reference structurédowever,the THR26 interactiondoes not occur in the reference crystal
structure In this case, the proteinackbone remains relatively staldeer the course of the
simulation (Figure 26C), with an average value of 1.8 A. Additionally, the ligand remains
stable within the binding poek, yieldingan average value df1 A (Figure 26D), however,

it is less stabléhanthe reference structure
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Figure 26. Combined results for molecule 268 874 A6.Energy decompositionper residueB. Graphical depiction of hydrogen
bonding interactions between molec@&8 874 %and GLY143 and GLN18<. Overall production RMSDD. Production RMSD of

protein and ligand, RMSF plot for molecule 268_874. 5
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The 268 874 _ 5 moleculeds hydrogen bonding
Figure 27A, whereadditional hydrogen bontiheswere added to the 2D image to correspond

to the frame capture of the 3D structurd-igure 27B.

AR

RSP\
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MET . ~t
49 'A"RG/‘
188

190

Figure 27. Hydrogen bond interactions for structure 268 _874A.52D diagram generated
using Schrodinger showing hydrogen bonds between molecule 268 874 5 and GLN192,
CYS145, THR26. B. 3D depiction of hydrogen bonding occurring duriegptioduction

simulation with VMD.

Next, the 269 1816 _fnoleculeresulted in a very favourable binding free energy value
of -44.6kcal/mol The decomposition breakdown of this molecule witfigure 28A revealed
thatthe MET165 energgontribution was primarily through van der Waals interactions, and
GLN189 was through electrostatic interactions. Additionally, brief hydrogen bonding was
observed between this molecule and residues GLN189, GLN192, and GLY143; distance plots
(Figure 28B) show that these residues are within range for hydrogen bonding for some of the
simulation, but there is movement within the ligand, and these hydrogen bonds are not
sustained. As with the crystal structure, interactions consist of the potential for hydroge
bonding with residues GLN192 and GLY143. Additionally, MET165 and GLN189 are key
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energetic contributarin the reference structure as wétrotein(Figure 28C) and ligand
(Figure 28D) production RMSD graphs show gooderall stability over the course dhe
simulations, with average fluctuations b8 A and1.7 A, respectively Protein stability is
comparable to the reference structure, and the ligand stability is greater than that of the

reference.

Although this moleculeshows some neitdeal charactestics,the highly favourable
binding affinity for it is very promisingTo further investigate, first steps would be to run a
longer simulation, anthen to investigatevhetherpotentialstructuralchange<ould be made
to this molecule hito further stabilize itsince, although transient, the potential hydrogen bond
interactions ar&ey interactios thathave the potential tgreatly stabilize the ligand within the
binding pocketf sustained
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Figure 28. Combined results for molecule 269 1816A1.Energydecompositionper residueB. Graphical depiction of hydrogen
bonding interactions between molecule 269 1816 1 and CYS145 and GLNI®@&r@ll production RMSD. DProduction RMSD
of protein and ligande. RMSF plotof molecule269 1816 1
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A snapshot D molecule 269 1816 1undergoing transienthydrogen bonding
interactiongs shown inFigure 29. Bonding with esidues 189, GLN192, and GLY148n be
seenn 2D and 3D diagrams.

A.
/ I;'c': ) D MET —— 163

The — 1 165

GLN 188 i

192 w 166 ‘

‘O/\\ b /N
N ]
D

Figure 29. Hydrogen bond interactions for structt#@9 1816 1A. 2D diagramgenerated

using Schrodinger showing hydrogen bonds between molecule 269 1816 1 and GLN192,
GLN189, GLY143. B. 3D depiction of hydrogen bonding occurring during the production
simulation with VMD.

Finally, molecule 269 _355@} yielded an overall binding free energy-d¥.6 kcal/mol.
Of the individual residues that are contributing the most energeti¢agure 30A), CS145
contributesthrough van der Waals and electrostatic interactions, and MET165 and MET49
each contribute throdngvan der Waals interactionghis moleculesxhibited hydrogen bonding
with residues GLY143 and HIS4Figure 30B). CYS145 showed som@otential to create
hydrogen bonds, but the distance and angle of the interaction wasideal forthis type of
bonding For this molecule, overall protein backboR&®SD was 1.8 A Figure 30C) and
ligand RMSDwas 1.6 A (Figure 30D). Common to the refence crystal structure are the
CYS145, MET165, and GLY143 interactions.
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A. MM-GBSA Decomposition of 269_3556_4 B.
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Figure 30. Combined results for molecule 269 3586A. Energy decompositionper residueB. Graphicaldepiction of hydrogen
bonding interactions between molec@g9 3556 4ndGLY143, HIS41 and CYS145C. Overall production RMSD. D. Production

RMSD of protein and ligand. E. RMSF ploft molecule 269 3556 4.
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A 2D interaction imagef the hydrogen bonding between residues GLY143, HIS41
and molecule 269 3556 & shown in Figure 31, along with the corresponding 3D

visualization of this hydrogen bonding.

Figure 31. Hydrogen bond interactions fetructure 269_3556_4A. 2D diagramgenerated
using Schrédinger showing hydrogen bonds between molecule 269 3556G4¥43 and
HIS41 B. 3D depiction of hydrogen bonding occurring during the production simulation with
VMD.

4.3.1.4 Conclusions

Top structuresrbm the machine learning modeéreselectedand then 0.1% of this dataset,
or 4878Chemspace moleculesvere docked with AutoDock Vin&tructureghatyieldedthe
best binding affinity were examined further with molecular dynamics simulatiimsse

structures were compared to the 6W@&3Berence structureAmong the three compounds
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