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Abstract

Stroke is the third leading cause of death worldwide, with 87% of cases being
ischemic stroke. The two primary therapeutic strategies to reduce post- ischemic
brain damage are cellular and vascular approaches. The vascular strategy aims to
rapidly re-open obstructed blood vessels, while the cellular approach aims to
interfere with the signalling pathways that facilitate neuron damage and death.
Unfortunately, popular vascular treatments have adverse side effects, necessitating
the need for alternative chemotherapeutics. In this study, cyclooxygenase-1 (COX-
1), which plays a significant role in the post- ischemic neuroinflammation and
neuronal death, was targeted for identification of novel drug compounds and to
assess the effect of nsSNPs on its structure and function. In a drug discovery part,
ligands from the South African Natural Compounds Database (SANCDB-
https://sancdb.rubi.ru.ac.za/) and ZINC database (http://zinc15.docking.org/) were
used for high-throughput virtual screening (HVTS) against COX-1. Additionally, five
nsSNPs were being investigated to assess their impact on protein structure and
function. Three of these SNPs were in the COX-1 dimer interface. Molecular docking
and molecular dynamics simulations revealed asymmetric nature of the protein.
Several ligands, peculiar to each monomer, exhibited favourable binding energies in
the respective active sites. SNP analysis indicated effects on inter-monomer
interactions and protein stability.
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investigating potential drug compounds discovered in the drug discovery part
of the research on the variants.

Stroke
treatment
target
Drug NsSNPs
Discovery Analysis
ZINC15
ligands In silico
dataset Molecular Prediction Homology
Docking Modelling
SANCBD (5728 ligands) (5 variants)
ligands
dataset
Molecular Molecular
Dynamics Dynamics
(100ns) (150ns)
Results,
Analyses
and
Discussion

XVii



1 Introduction

1.1 Literature Review

1.1.1 Stroke

Stroke is a disease that occurs when there is an interruption in blood supply to the brain,
resulting in oxygen—deprivation and subsequent death of neurons in areas fed by the
affected arteries. There are two main types of stroke, ischemic and haemorrhagic; due
to obstructed or ruptured arteries, respectively. Transient ischemic stroke, often
referred to as a mini stroke is due to a temporary blockage.

According to the World Health Organisation (WHO) in 2016 [1], stroke was the second
leading cause of death worldwide, after heart disease, and the leading cause of disability.
The American Heart Association [2] cites that strokes occur in the US once every 40
seconds, causing death every four minutes; while the UK Stroke Association cites an
occurrence of approximately one stroke every five minutes.

Despite these statistics, during 2005, 87% of stroke deaths and disability adjusted
life years (DALYSs) [3] from stroke worldwide occurred in low to middle-income countries,
which is about seven time more than in developed countries. From this the WHO
projected thatthe overall stroke mortality would accelerate in these countries [4]. True
to this projection there has evidence of a general decline of stroke in high income countries
and an increase in low income countries [5]. The study reported the highest ischemic stroke
mortality rates to have been observed in Russia and Kazakhstan, with the lowest in
Western Europe, North and Central America, Turkmenistan and Papua New Guinea.

According to the INTERSTROKE study [6], ischemic stroke accounts for 34% of
stroke in Africa versus the 9% in the developed world. A study in 2015 [7] cited a stroke
prevalence of rate of up to 923/100000 in Egypt. , while a separate study showed stroke
being the leading cause of elderly admission in Sudan, Tanzania and Nigeria [8]. In Sub-
Saharan Africa stroke has been shown to affect a younger age group [6]. Overall, observed
population-based stroke prevalence rate in Africa sits at nearly 387.9/100 000 population
[9]. These occurrences have a major impact on the growth and development of African
economies.

Africa has presented particularly susceptible to stroke due to population growth,
evolving industrialisation and increased consumption of western diets, which had led to
the rise of many modifiable vascular disease risk factors [10].



1.1.1.1 Risk factors

1112

Risk factors are attributes or variables that associated with an increased likelihood of
disease of infection. Stroke risk factors can be divided into modifiable and non-modifiable
factors. Modifiable factors include history of high blood pressure, diabetes mellitus and
heart disease, while non-modifiable factors include family history of cerebrovascular
diseases, age, sex, and ethnicity [11]. High cholesterol, smoking, obesity [12], high
blood pressure and diabetes are leading causes of stroke. As such a large percentage
of stroke occurrences can be prevented by correcting modifiable risk factors through
making healthy life choices [13].

Treatment of ischemic stroke

The two primary therapeutic strategies that exist to reduce brain damage after
ischemic stroke are a cellular and a vascular approach [14]. The aim of the vascular is
the rapid re-opening of obstructed blood vessels, while the cellular aims to interfere
with the signalling pathways that facilitate neuron damaged and death [15]. Efforts in
vascular therapy include mechanical removal of the blockage or administration of
thrombolytic such as, recombinant tissue plasminogen activator (tPA), anticoagulants
antiplatelet drugs within 4.5 hours [16] of exhibiting stroke symptoms. The cellular
approach, which entails administration of neuroprotective agents [17] [18], calcium
channel blockers and free radical scavengers has however proven more complicated
to tackle [19]. Although theyexist and are in use, drugs for stroke treatment continue
to have side effects. This may be due to lack of clarity on the mechanism ofinteraction.

Additionally, use of genome-wide association studies (GWAS) has become a tool
to assess susceptibility of genes for stroke [20] , to assist in treatment [21].

1.1.2 Anti-stroke target: Cyclooxygenase (COX)

Protein targets of drugs are found in diverse locations throughout the body; many are
secreted or transmembrane proteins, while others are found in specific subcellular
locations. Receptors make up the largest class of drug targets, followed by enzymes
and transporter proteins [22].

Todate, protein targets for stroke treatment play variety of biological functionsinthe
falloutfromischemia. Worth noting are glutamate receptors such N-methyl-D-aspartate
receptors (NMDAR) [23], acetylcholinesterase (AChE), angiotensin | converting
enzyme 2 (ACE2), P2Y purinoceptor 12 (P2Y12), postsynaptic density protein 95
(PSD-95) , peroxisome proliferator-activated receptor gamma (PPARY), plasminogen
activator inhibitor-1 (PAI-1) and cyclooxygenase (COX) enzymes [24], affecting
different processes from excitotoxicity neurotransmission and synaptic plasticity to
thrombosis and atherosclerosis. Also of interest are non-coding RNA [25] which have
been studied for their role in regulation of gene function at the transcriptional and post-
transcriptional level, thus providing neuroprotection Studies continue to be conducted
to expand this list .



1.1.2.1 COX-1 structure and function:

COX-1, also known as prostaglandin G/H synthase 1, prostaglandin endoperoxide
synthase 1, is a monotopic membrane protein that, in humans, is encoded by the ptgsl
gene. The protein is a bifunctional enzyme involved in the committed step of
prostaglandin synthesis from arachidonic acid (AA). Prostaglandins are autocrine
signalling molecules mediating physiological processes such as inflammation and
platelet aggregation. Prostaglandins produced from AA metabolism are shown in
Figure 1.2.

There are two main isozymes of COX (COX-1 and COX-2) that share nearly 60%
identity [26] and the same secondary structure, existing as homodimers [27].The
monomers share an interface that covers an area of over 2600 AZ, consisting of 22
molecular inter-monomer interactions [28].

The precursor structures of COX-1 and -2 consist of 600 - 604 amino acids, before
cleavage of the signal peptides at the N-terminal [29]. Each monomer consists of an
epidermal growth factor-like (EGF) domain, a membrane binding domain (MBD) and
a C-terminal catalytic domain which takes up 80% of the protein. The EGF-like domain

is made up of two anti-parallel f-sheets linked by disulphide bonds. The domain leads
into the four a-helical MBD, which anchors the protein into the lipid bilayer [30]. The

catalytic domain, containing conserved a-helical structures, accommodates a
cyclooxygenase active site, which is the binding site for a majority of nonsteroidal anti-
inflammatory drugs (NSAIDs); and a peroxidase active site containing a heme
cofactor. Although physically separate, these sites are functionally and structurally
complementary.

Figure 1.1: Structure of COX-1, where the EGF-like domain, the MDB and the C-
terminal catalytic domain are shown in blue, pink and brown, respectively. The
heme co-factors are shown in green.



AA is bis-oxygenated into unstable hydroperoxide prostaglandin G 2 (PGG2)

in the cyclooxygenase site, then reduced to the prostaglandin H 2 (PGH2) in the
peroxidase site. A long hydrophobic channel spans from an entrance at the MDB to
the core of the catalytic domain, with Arg-119, Tyr-384 and Ser-529 being exceptions
to the hydrophobicity. Residues Arg-119, Tyr-354 and Glu-523 [31] separate the
cyclooxygenase active site from the entrance to the channel. The AA binding site
occurs from Arg-119 to Tyr-384, where Arg-119 form a salt bridge or hydrogen bond
with the substrate; Ser-529 coordinates it and Tyr-384 forms tyrosyl radical responsible
for initiating the cyclooxygenase reaction. Ser-529, at the centre of this active site, is
additionally the site of acetylation by aspirin which results in the irreversible and
reversible inhibition of COX-1 and COX-2, respectively. The peroxidase site is
essentially a cleft located furthest from the MBD, in which His-206 is a crucial proton
donor and the heme co-factor iron metal is coordinated by His-387.

The COX active site channel is larger in COX-2, due to three amino acid differences
between the isozymes. Two isoleucine/valine substitutions in COX- 2 are chief in this,
one at position 522 that causes a structural modification that affords access to an
additional side pocket, and another at position 433 that al- lows neighbouring Phe-517
to be flexible, further exposing said side pocket. Access to the side-pocket is the
foundation of COX-2 drug selectivity. A third amino acid difference changes the
chemical environment of the active site. COX-2 has an arginine in place of histidine in
position 512 (His-512) of COX- 1, which can interact with polar compounds, further
affecting the selectivity of possible inhibitors [32] [33] .COX-2 specific inhibitors that
have been developed are often called coxibs.

1.1.2.2 Monomer asymmetry

Contrary to the assumption that both monomers are active simultaneously, recent
studies suggest that substrate or inhibitor binding in the cyclooxygenase active site of
one monomer impedes binding of another molecule in the other. COX isoenzymes are,
therefore, sequence homodimers and conformational heterodimers [34] [35] [36].

The first evidence of possible asymmetric behaviour of the COX monomers was
provided by Kulmacz and Lands [37] who found that NSAIDs inhibited COX- 1 at a
stoichiometry of one NSAID per dimer, and that the COX-1 heme binding sites had
slightly different affinities for heme [38]. Maximal cyclooxygenase catalysis occurs when
the site with higher affinity was occupied by heme.

The monomer with the higher heme affinity performs catalytic operations and is
designated E.:. Its allosteric partner, Eao, likely affords stability and plays an enabling
role [39] [40].The catalytic efficiency of Ec: is governed by its interaction with Eqio, Which
differs per substrate or inhibitor binding to the allosteric monomer [36] [39] [41] [42].
Despite the conformational asymmetry, both monomers are necessary for function as
monomeric species of the enzymes have proven to be inactive.

4



1.1.2.3 1 Role of COX-1in ischemia:

Neuroinflammation is a defence response to pathogenic events or traumatic injury,
such as a stroke; but is also recognized as a major contributor to neurological damage
[43]. COX enzymes are the key and rate-limiting enzymes in the synthesis of
prostaglandins, which are lipid metabolites that are involved in several physiological
and pathological processes, including neuroinflammation. COX metabolites, such as
thromboxane A 2 (TBX2) and prostaglandin E 2 (PGE2) [Figure 1.2] contribute to post-
ischemic cerebral blood flow reduction, brain oedema, inflammation, and neuronal
damage [44].
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Figure 1.2: COX metabolic pathway of arachidonic acid (AA).Prostanoid products are
thromboxane (TBX2), prostacyclin (PGI2),Prostaglandin F 2a (PGF2a), prostaglandin E2
(PGE2), prostaglandin D2 (PGD2)

COX-1 has been classically considered to be responsible for homeostatic
prostaglandin synthesis [45] as it is constitutively expressed in most tissues. In the
central nervous system, COX-1 is largely expressed in the microglial cells, which are
chief protagonists in the cascade of events leading to tissue injury after cerebral
damage [46]. This suggests a pro-inflammatory role of COX-1 in the post-ischemic
fallout [47] [48] [49].

Although the actual mechanisms by which COX-1 is involved in
neuroinflammation, its pharmacological inhibition and attenuation of microglial
activation [47] reduces the inflammatory response and neuronal loss [50].This
therefore qualifies COX-1 as a probable target for neuroprotection.



1.1.3 Related studies

Due to the high mortality brought about by stroke, several studies continue to be
conducted to find novel drugs and protein targets.

The P2Y1 receptor (P2Y1R), which facilitates platelet aggregation presents
potential anti-thrombotic drug target. A docking study was performed to screen for other
ligands to act as nucleotide antagonists of P2Y1R in the Traditional Chinese Medicine
Systems Pharmacology Database and Analysis Platform (TCMSP) to identify potential
anti-thrombotic drugs from natural medicinal plants. The study yielded compounds
and plant chemical constituents which were not previously widely used for anti-
thrombosis treatment [51].

Additionally, various drugs anti-thrombotic, thrombolytic, neuroprotective, and anti-
neuroinflammatory drugs are undergoing or have completed phase | and Il trials for the
treatment of acute ischemic stroke [52]. New targets in excitotoxicity, the immune
system and the blood brain barrier are being exploited using novel NMDAR antagonists,
calcium channel blockers, anti-inflammatory agents, neurotropic factors, monoclonal
antibodies, as well as non-coding RNAs [53].

While not stroke treatment studies, studies have also been conducted into inhibition
of COX-1, with some targeting parasite invasion and cancer [54] induced inflammation.
Several of these use aspirin covalent inhibition [55] as a reference [31] [56] .Similar to
the current study, Dewi [57] has screened for potential COX inhibitors based on natural
products.



1.2 Problem Statement

Stroke is a global problem, which does not discriminate against any ethnic groups. In
2013 the global estimation of incidence was 10.3 million new strokes, with 67% [11] of
these being ischemic strokes; making it a leading cause of disability worldwide.

Popular medication to treat ischemia, not only has a time-limit, but has side-effects.
tPA is one such treatment with an associated risk of intra—cerebral haemorrhage.
Studies show that every hour delay in treatment results in an almost 8% decrease in
functional independence of victims [58]. Additionally, susceptibility to stroke varies
according to ethnicity, sex and age, making it probable that medication may have varying
efficacies across the different population groups.

For these reasons, there is a pressing need for more efficient, less toxic stroke
therapeutic approaches, based on a cell apoptotic (and necrotic) processes and tissue
repair; that factor in variations target protein structure.

Single nucleotide polymorphism (SNP) analysis of anti-stroke targets presents a
method to improve drug design factoring in populations living with the target variants.
This study attempts to analyse effects of selected non- synonymous SNPs on protein
structure and subsequently, function. Compound screening is performed to identify
possible target protein inhibitors for design and development of novel stroke drugs.



1.3 Research Aims

The first aim of the research is the analysis of structural variations of COX-1 due to
non-synonymous single nucleotide polymorphisms (SNPs).The second is drug
discovery, by screening compounds against the COX-1 wild-type, for possible inhibitor
design. Analysis of variants will allow better understanding of the protein, and pave
way for further studies into variant targeted inhibitors, guided by wild-type drug
discovery study.

Obijectives:

1. Identification and in silico analysis of nsSNPs to understand the effects on protein
structure and function.

2. Homology modelling of COX-1 homologs for further in silico studies

(@) Modelling of COX-1 wild-type for molecular docking and molecular
dynamics analysis

(b) Modelling nsSNP variants for molecular dynamics analysis to further
understand effect on protein structure and function

3. Molecular docking of ligands against COX-1 wild-type for discovery and identification
of potential drug compounds

(a) SANCDB subset of natural compound ligands
(b) ZINC subset of synthetic compound ligands

4. Molecular dynamics of homologs and protein-ligand complexes for analysis protein-
protein and protein-ligand interactions

(a) Wild-type molecular dynamics to analyse protein motions and residue
interactions; and use as a reference for variants.

(b) NsSNP variants molecular dynamics to analyse effect of the SNPs on
protein behaviour relative to the wild-type.

(c) Protein-ligand complexes molecular dynamics to analyse docked ligand
stability and protein-ligand interactions.



2 In silico nsSNP Prediction

2.1 Introduction

A single point mutation in a gene can alter pre-mRNA splicing, amino acid sequence
and ultimately protein structure [59]. Such mutations in nucleotide sequence are called
single nucleotide variations (SNV). When a SNV is observed in a population with at
frequency of at least 1% [60], it is then referred to as a single nucleotide polymorphism
(SNP). SNVs alone account for almost 90% of genetic variations observed in humans
[61].

SNPs which do not alter the amino acid sequence of resultant protein are referred
to as silent or synonymous mutations, whereas those that do are referred to as non-
synonymous mutations [62] [63]. Non-synonymous SNPs (nsSNPs) can be further
divided into missense and nonsense mutations. In missense mutations, the nucleotide
difference results in an amino acid substitution, while it results in the introduction of a
premature stop codon in nonsense mutations, giving a truncated polypeptide sequence
and ultimately non-functional proteins [64] [65] . Missense mutations can also
immensely alter protein structure and function [66] in various ways, such as, disrupting
folding and stability, altering binding site physiochemical properties and modifying
structure flexibility.

Protein structure plays a major role in drug design and development [67], as such
mutations that cause a change in structure can confer patient variability in drug response.
Missense mutations occurring in a drug target protein may have a pharmacodynamics
[64] effect, while those occurring in a protein involved in drug metabolism may alter
drug pharmacokinetics [64] [65].

It is assumed that SNPs occurring in highly conserved functional regions are more
likely to directly disrupt protein activity [68]; however, those occurring in less conserved
regions can still affect protein folding, dynamics, stability and activity. Thus, accurately
predicting the effect of a SNP, without delving into protein structure is near impossible.

Apart from their influence and relevance on drug discovery, SNPs can also be used
to determine the susceptibility or infer protection of individuals to certain diseases [69].
GWAS can be applied in the analysis of phenotype and mutation associations
[70].SNPs are thus significant in clinical research and drug development. As such, the
ability to distinguish between protein function-altering nsSNPs and functionally neutral
ones is important for prioritising research. However, due to the prevalence of nsSNPs
[71] per gene, it is not always financially and temporally feasible to carry out wet
laboratory experiments to determine their biological significance. For this reason,
bioinformatics SNP prediction tools are used by researchers for initial screening to
identify potentially deleterious SNPs.



2.1.1 SNP prediction

Deleterious SNP prediction attempts to determine SNP effect using structure and
sequence-based approaches. Protein sequence-based predictions identify important
residues using homology and evolutionary conservation information [72] [73]. This
approach has an advantage over structure-based as protein sequence information is
more readily available for all proteins than three- dimensional structural information.
The structure-based approach concentrates on the protein mechanistic attributes and
stability, providing an understanding of phenotypical effect of the SNPs. SIFT [74],
SNAP [75], MutPred [76] and PANTHER [77] are examples prediction tools that use
the sequence-based approach, while ERIS [78] and CUPSAT [79] use the of structure-
based approach. An integration of both approaches such as used in PROVEAN
[80], PolyPhen [81] and MUpro [82] has the obvious advantage of cross-referencing
the results from both approaches, thereby providing a wider coverage of the different
aspects of SNP analysis.

Unfortunately, none of the methods are perfect, nor do they always return similar
results. This is due to the different algorithms used per tool, and the varying datasets
used to trainthem. The choice in training data can significantly affect SNP classification
and estimated error rates [83].

To tackle this problem, the best approach is to get a consensus from several
different prediction tools before proceeding with further SNP analysis.

Web servers such as VAPOR [84] which merges predictions from several tools into a
table, and PredictSNP [85] which combines the predictions to generate a consensus
score, can be used for comprehensive prediction results.

2.1.2 SNPs in COX-1

According to literature, COX-1 exhibits high variability [86] which may be responsible
for the clinical evolution of several diseases and adverse drug reactions [87] [88] [89]
[90]. The variants concentrated on in this study P126T, N143K, L237, R244W and
I557T, are listed in Table 2.1 and positions of the SNPs in the protein highlighted in Figure
2.1. While these variations were selected based on their location on the protein to better
assess monomer interaction as well as active site activity; some such as L237M, are
already of wet-lab interest.

P126T lies in monomer crosstalk region. A study substituting residue in this
position with a cysteine [41] exhibited cross-linking, but decrease in COX activity.
Given these wet-lab observations it was of interest to see how an amino acid
substitution in said position would influence change in protein motions. N143K on the
other hand occurs at a well conserved site of glycosylation [91] that potentially plays
a number of roles in the protein.

L237M has been studied for its effect on drug efficacy in COX-1 [92] [93], and
possible susceptibility to stroke [94].Of interest is the role L237M may play in aspirin
intolerance, in conjunction with other allele variants in some cases [92] [95]. Asian
populations have been widely studied for polymorphism induced resistance to aspirin
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[95] [96] which is at times used as anticoagulant in post-ischemic treatment.

To date no wet-lab work, or extensive literature exists on R244W and |557T.
However, the two substitutions occurred in areas of interest to the study.

Figure 2.1: SNP positions mapped onto COX-1 wild-type; P126T in yellow, N143 in pink,
.L237M in green, R244W in orange and I577T in maroon.
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2.2 Methodology

2.2.1 Data retrieval and query submission

The SNP dataset used in the study is shown in Table 2.1 below. The initial dataset
was provided by collaborators at the University of Maryland (UM), and additional SNPs
were obtained from Ensembl [97] (release 93) based on proximity to dimer interface.
SNPs chosen were located in either the catalytic domain or the dimer interface, to
analyse effect on protein catalytic activity or dimer interactions, respectively. Most
SNPs fell under both domains.

The query sequence and amino acid substitutions were given as input for the
several prediction servers. Default parameters were used in all instances.

Table 2.1: Non-synonymous SNP dataset associated with stroke drug target, COX-1.

dbSNP - S AA . )
i Allele Position Classification Substitution Domain Source Population Frequency
catalytic/ A=0.00001
rs147795437 C>A | chr9:122378798 missense P126T dimer Ensembl global ;
P (1/125568, TOPMED)
catalytic/ A=0.000
rs368871343 C>A | chr9:122378851 missense N143K dimer Ensembl global ’
P (175008, 1000G)
catalytic/
. f [ UM A=0.01841
rso789 C>A chr9:122381694 missense L237M in(tinlar:fae(r;e el global (2312/125568, TOPMED)
) ; ) UM T=0.00039
rs201936137 C>T chr9:122381694 missense R244W catalytic RS global (49/125568, TOPMED)
catalytic/ ©=0.00002
rs20101676 T>C chr9:122392414 missense 1657T dimer Ensembl global )
ot e (4/246246, GnomAD)

2.2.2 Programs used to predict SNP effect

The varying programs used for SNP effect prediction and the algorithms they use are listed
in Table 2.2.

2.2.2.1 PhD-SNP

The Predictor of human deleterious SNPs (PhD-SNP) method utilises support vector
machine (SVM) classifiers [98] based on sequence information and conservation.
Three slightly different algorithms exist, classifying variations from neutral to disease-
related [98]. The tool output is a prediction of whether an amino acid substitution is a
neutral or deleterious polymorphism.

2.2.2.2 PolyPhen-2

Polymorphism Phenotyping v2 (PolyPhen-2) predicts the consequence of amino acid
substitutions on protein structure and function using a naive Bayes classifier [81] [99].
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This utilises multiple sequence alignments and protein structural properties to
estimate the position-specific independent count (PSIC) score for every variant and
calculates the score difference between them [100].

2.2.2.3 SIFT

2224

The Sorting Intolerant from Tolerant (SIFT) algorithm [101] predicts the potential
impact of amino acid substitutions on protein function. Sequence homology is used to
assessthe likelihood of adverse effects from amino acid substitutions. It is based on the
idea that evolutionarily conserved regions are likely to be less tolerant of mutations;
therefore, making amino acid substitutions, insertions or deletions in these regions are
more probable to affectfunction.

The query sequence is aligned with homologous sequences, and a normalised
probability score of observing a different amino acid in the positions of interest is
computed.

PROVEAN

The Protein Variation Effect Analyzer (PROVEAN) algorithm predicts the functional
impact for all classes of protein sequence variations. In addition to single amino acid
substitutions, the algorithm is capable of handling in-frame insertion, deletions, and
multiple substitutions [99] enabling a higher accuracy of prediction.

The algorithm entails calculation of a delta score from a set of homologous
sequences. The PROVEAN score, which is an unbiased average delta score is then
computed and used to make the predictions. The scores correlate with biological
activity level and can therefore be used to gauge the degree of functional impact of a
protein variation.

2.2.25 PANTHER

Protein analysis through evolutionary relationships (PANTHER) analyses protein
sequence evolutionary information using multiple sequence alignments and Hidden
Markov Model (HMM) libraries to predict SNP effect [102]. A position specific
substitution score called subPSEC is used to estimate the functional impact of any
particular nsSNP on the protein [102].

PANTHER additionally classifies proteins by function, further refining SNP
prediction. The output generated by the tool is a probability of the queried variant being
deleterious.

2.2.2.6 SNAP

Screening for nonacceptable polymorphisms (SNAP) uses neural networks and
improved machine-learning methodologies to predict the functional effects of SNPs.
Functional and structural annotations of the sequence, and biophysical and
evolutionary characteristics are used for prediction of gain or loss in protein function
[75]. A reliability index which measures the accuracy of the prediction is also included
in the output, allowing further filtering of predictions.
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2.2.2.7 PredictSNP

PredictSNP is a consensus classifier, that integrates tools such as MAPP [103],
nsSNPAnalyzer [104], PANTHER, PhD-SNP, PolyPhen-1, PolyPhen-2, SIFT and
SNAP. The six best performing of these tools are used to give a consensus prediction
[85]. Confidence scores of the integrated tools incorporated into the final score which
is finalised by calculation of the PredictSNP confidence score

2.2.2.8 VAPOR

The Variant Analysis Portal (VAPOR) [] tool is incorporated into the HUMA [105] web
server from the Research Unit in Bioinformatics (RUBI).The tool compiles predictions
from PROVEAN, PolyPhen-2, PhD-SNP for functional impact; and I-Mutant 2.0 [106]
and MUpro [82] for change in protein stability. The two types of predictions are each
presented in a separate table.

2.2.2.9 ConSurf

ConSurf [107], while not a SNP prediction tool, used for predicting functional regions
in proteins based evolutionary conservation. The server automatically collects
homologues based on the query sequence, generates an MSA and constructs a
phylogenetic tree that reflects evolutionary relation. This information is used to
estimate the evolutionary rates of each position in the protein, using a probabilistic
framework.

Resulting conservation information can then be used to predict whether a
substitution in any specific position would be tolerated.

Table 2.2: Methods implored in different in silico SNP prediction tools.

Prediction tool Method

PhD-SNP SVM based

PolyPhen-2 Naive Bayesian based

SIFT Alignment score — MSA based
PROVEAN HMM based

PANTHER Alignment score - HMM based
SNAP Neural network based
PredictSNP Consensus classifier

VAPOR: MUpro SVM based
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2.3

Results and Discussion

In this study five SNPs located in the catalytic domain or dimer interface of COX-1 were
identified for analysis. The SNPs were subjected to in silico prediction using various
prediction tools to provide comprehensive insight on the possible effect of each SNP on
protein structure, function and stability. Results of the in silico analysis are shown in Table
2.3. Outputs and scoring systems of each of the tools differ, as such they were interpreted

based on set thresholds to assign an overall prediction.

Table 2.3: Predictions and scores on effect of nsSNPs of interest on COX-1, from various
programs with distinct algorithms.

Substitution PANTHER | PROVEAN SIFT Score PhD'—SI.\IP PhD-SNP pph2_score SI\!AI?' SNAP Predicl:tSINP PredilctSNP MUpro
_PSEP Score Prediction Rl Prediction Rl Prediction |Confidence AAG
P126T 911 -7.663 0.0 Disease 4 0.995 Non-neutral 2 Deleterious 87% -1.112580
N143K 750 -6.462 0.0 Disease 9 0.999 Non-neutral 2 Deleterious 87% -1.561699
L237M 456 -1.259 0.12 Neutral 5 0.2 Non-neutral 0 Neutral 68% -0.6630431
R244W 1628 -7.768 0.0 Disease 8 1 Non-neutral 5 Deleterious 87% -0.6687723
1557T 176 -4.245 0.07 Disease 5 0.972 Non-neutral 1 Deleterious 87% -1.805353
2.3.1 PhD-SNP

PhD-SNP does not output any score values, but instead prediction of whether the
variant is disease-related or neutral, with an associated reliability index (RI) out of ten.
In Table 2.3, PhD-SNP ranked all SNP, except L237M as disease causing. The Rls of
N143K and R244W were high, ascertaining the accuracy of the predictions. P126T
and 1557T score intermediately in this respect, with P126T having the lowest R,
suggesting a lower impact of the protein.L237M was classified as neutral with a
median RI, and thus a slight possibility of disease causing effect.

2.3.2 PolyPhen-2

2.3.3 Sl

The PolyPhen-2 score (pph2) ranges from 0O to 1, where the former is benign and the
latter deleterious. All SNPs were predicted as deleterious, with R244W ranking highest,
implying it is the most deleterious; and L237M the least damaging with its low ranking.

FT

The output scores of SIFT range from O to 1, with O being deleterious and 1 being
neutral [108], allowing a quantitative comparison of the biological significance of
SNPs. Additionally, a score between 0 and 0.05 is predicted to affect protein function.
Based on the scoring system, all five SNPs of interest were predicted as deleterious,
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scoring below 0.5. L237M and 1557T however scored above 0.05 [Table: 2.3],
suggesting no adverse effects on COX-1 function.

2.3.4 PROVEAN

The default threshold score is -2.5, where variants with a score above it are considered
neutral and those equal to or below are deleterious. As seen in the PhD-SNP
predictions in Table: 2.3, all the SNPs but L237M scored below —the threshold and
were therefore classified as deleterious. L237M scored above -2.5, classifying as
neutral.

2.3.5 PANTHER

PANTHER scoring is based on PSEP (position-specific evolutionary preservation)
measured in million years (my).The thresholds used in the output are "probably
damaging”, “possibly damaging" and "probably benign" for a time greater than 450 my
, between 450my and 200my, and less than 200my respectively.

Based on these thresholds, I557T fell in the probably benign range, denoting that
the position is poorly preserved; while the remaining SNPs were comfortably classified
as probably damaging. L237M narrowly classified as probably damaging, meaning the

substitution in the position is likely more tolerable than the rest.

2.3.6 SNAP

While all SNPs of interest were classified as non-neutral, the RIs, which in this case
are both a measure of accuracy and a reflection of the degree of functional effect of a
substitution, differed. As in the pph2 [Table: 2.3] prediction, L237M and R244W were
at opposite ends of the scoring range signifying L237M had the highest probability to
affect protein functionality and R244W the lowest.

2.3.7 Predict SNP

The PredictSNP prediction for the classified all the SNPs but L237M as deleterious with a
confidence score of 87% The L237M had a lower confidence score of 68%. The raw output
from the PredictSNP, in Supplemental Table 1 showed a general low accuracy score for
L237M predictions across all the tools in relation to the other SNPs. These attributed to the
final accuracy score. Six out of eight of the tools used maintain that L237M was neutral.
The SNAP and SIFT predictions were in agreement with the standalone analyses shown
in Table 2.3 The consensus generated by PredictSNP was a fitting reflection of the
prediction of all the tools.

2.3.8 VAPOR

As some of the tools integrated in VAPOR are already covered in previous sections,
only predictions peculiar to VAPOR were analysed.
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The tools concentrating on protein stability, MUpro and I-Mutant 2.0, were
concentrated on. SNPs can cause changes in the internal energy of proteins, affecting
structure and stability. As a result change in Gibbs free energy (AAG) can be used to
measure effect of a SNP on protein stability [109]. Both MUpro and I-Mutant 2.0predict
change in AAG using SVMs and state of whether the change will result in increase or
decrease of stability.

MUpro predicted decrease in AAG for all the SNPs, while I-Mutant 2.0 returned
partial results which were therefore discarded. Although the degree of energy change
varied for each SNP, all were predicted to destabilise the protein; this is due to the
direction of energy change being more relevant than the magnitude [110].

2.3.9 ConSurf

Much like the PANTHER PSEP predictions, the ConSurf results shown in Figure 2.2,
are based on evolutionary conservation. Evolutionary conservation of any amino acid
in a protein implies intolerance to change due to the influence of the residue in
maintaining structural integrity and function [111]. As such, SNPs located in conserved
regions are likely to have more deleterious effects than those falling in regions tolerant
of variation.

Residue positions in the ConSurf output amino acid sequence were classified
from variable through to conserved, to varying degrees, using a nine-colour pallet.
Additional information on residue solvent accessibility and functionality is provided,
differentiating between buried region in the core of the protein and those exposed on
the surface. Buried residues tend to be structurally important, while the exposed are
functionally important [112]. The combination of position conservation and solvent
accessibility information provides a more exhaustive view of importance of said
position in the protein.

ConSurf results assigned positions 126, 143 and 244 to conserved regions,
predicting them to be exposed and therefore functionally important. Positions 237 and
557 were predicted to be buried, with 557 being the least conserved followed by 237.
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An exposed residue according to the neural-network algorithm.
A buried residue according to the neural-network algorithm.

A predicted functional residue (highly
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Insufficient data - the calculation for this site was
performed on less than 10% of the sequences.
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Figure 2.2: ConSurf results showing varying degrees of conservation for each position in the amino
acid sequence, using a colour code ranging from 1-9. Positions of SNPs in the experimental dataset

are highlighted by a black circle
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2.4 Conclusion

The aim of this chapter was to assess the potential effect of SNPs in COX-1, P126T,
N143K, L237M, R244W and I557T on protein structure, function and stability using in silico
methods. A summary of the predictions is presented in Figure 2.3 as a histogram.

Insilico nsSNP predictions

P126T N143K L237M R244W 1557T

o2}

~

n

B Neutral H Deleterious

Figure 2.3: Compilation of results from SNP prediction tools PhD-SNP, PolyPhen-2,
SIFT, PROVEAN, PANTHER, SNAP, PredictSNP and MUpro.

Prediction tools were in unanimous agreement for three out of the five nsSNPs
analysed. ConSurf conservation results [Figure 2.2] conform to the prediction tools,
where consistently deleterious SNPs, P126T, N143K and R244W, lie in highly
conserved regions; while L237M and I557T, do not. Predictions for the latter are
contradictory.L237M is cited in literature [87] [94] [95], to possibly have adverse effects
on COX-1 function, which is not necessarily corroborated by all the prediction tools.

Since prediction tools are notinfallible, beyond getting a consensus, further analysis
needs to be conducted. This can be conducted in a wet-lab point mutation experiment
followed by functional assays [113] or in silico by introducing the SNPs to the structure
and subjecting said structure to a molecular dynamics (MD) simulation [114].
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3 Homology Modelling

3.1 Introduction

Structure prediction can be achieved using either ab initio or template-based
approaches. The template-based approach is further divided into threading and homology
modelling, where the latter is most accurate approach [115]. The main aim of protein
structure modelling is calculating a model comparable to what would be achieved
experimentally. In silico structure prediction modelling generates protein models for
varying purposes such as structure-based drug design [116], protein function analysis,
antigenic behaviour analysis, and rational design of proteins with increased function
or stability. It provides an alternative solution in situations where experimental
techniques like NMR analysis or X-ray crystallography have failed.

3.1.1 Steps in homology modelling

Homology modelling is based on the notion that evolutionary related proteins are highly
likely to share conserved structural features, despite differences in primary amino acid
sequence [117] [118]. A study by lllergard [119] and colleagues of has shown that
protein structure can be ten times more conserved than sequence.

The process of homology modelling consists of four main steps, template selection,
targetand template alignment, model construction and model assessment. These steps
can be repeated until a satisfactory model is built.

Template selection The very basis of homology modelling is dependent availability of
homologous proteins, as such accuracy of a model generated is reliant on the
template used. Sequence identity, which is the percentage of amino acids that match
between a target and template sequences [120], is one of the major considerations
when picking a template for homology modelling. It has generally been established
that proteins of similar length, that share a sequence identity above 40%, tend to adopt
similar structure [121], though exceptions to this rule exist [122] [123]. This region
above 40% identity is dubbed the homology modelling "safe zone”. According to Rost
[124], sequence identities between 20-35% lie in what is called the “twilight zone”
where homology between proteins is precarious. Here significant attention needs to
be given to sequence coverage and length. Recent studies have shown that homology
models can be generated on a sequence identity of as low as 20% [125]. Search tools,
such as BLAST and HHPred, which use pairwise alignment to match homologous
sequences, can be used for template identification.

Evaluation of template quality is also crucial to the template selection process.
Features such as R-factor and resolution, as well as presence of co-crystallised ligands
need to be considered [126]. To aid with this evaluation, the Protein Data Bank (PDB)
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provides a summary of structure quality with its entries.

Seguence alignment Once a suitable template has been identified, the next step is
mapping target amino acid sequence onto the template structure. This is done by
aligning the target and template sequences. While a pairwise alignment can be used
in cases of high sequence identity, the method is not always reliable [127]. As such it
is necessary to conduct generate an MSA as it is more sensitive in detecting
evolutionary relationships among proteins and genes [128] .MSAs are useful in
homology modelling, to place deletions or insertions in regions where the sequences
are highly divergent, and map hydro-phobic and -philic regions.

Template selection

l

|
{ Target and template

alignment

l

Model construction

l

Model assessment

Figure 3.1: Flowchart of the four main steps in homology modelling: template selection,
alignment, model construction and model assessment. The steps are reiterated if the
model produced is not acceptable.

Alignment errors tend to be the main cause of deviations in homology modelling even
when the correcttemplate is chosen, hence it is at times necessary to generate several
MSAs and manually edit them.

Numerous programs exist to date to construct MSAs, using different algorithms
such as MAFFT [129], Clustalw [130], MUSCLE [131] and T-Coffee [130]. To generate
accurate MSAs these program algorithms employ either dynamic or heuristic
programming, with most shying towards heuristic .Heuristic methods, that are
classified as either be progressive or iterative, are used to achieve this.

Model construction Model generation can be further broken down into back- bone
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3.1.1.1

generation, loop modelling, side-chain modelling and model optimisation [126].
Backbone generation essentially copies template residue coordinates where they
match the target and backbone coordinates where they do not. It is on this skeleton
were the rest of the model is built. Gaps and insertions are filled in during loop
modelling.

Loops are considered as the most variable regions of a protein and often determine
the functional specificity of a protein structure [132] .Loop modelling is, therefore, a
paramount to determining the usefulness of homology models. Protein side chains
exist in energy conformations called rotamers. In side chain modelling, side chains are
fixed onto the backbone coordinates and rotamers are selected based on target protein
seguence and the given backbone coordinates, by using defined energy functions and
search strategies [133] [134].

Even with all the pieces in place, the model produced may have still be
conformationally inaccurate, with errors in bond lengths and angles. Model refinement
aims to resolves these issues by optimising the model through an energy minimisation
procedure [135]; or molecular dynamics, thus ridding the model of steric clashes. Care
needs to be taken not to distort the model during the minimisation procedure [132].

While building a protein homology model is complicated, several programs and
servers are available that can build a complete model from query sequences relatively
easily, using different methods. MODELLER [136], ROBETTA [137], SwissModel
[138] and PRIMO [139] are examples of such, where MODELLER exists as a stand-
alone program, ROBETTA and SwissModel as web-servers, and PRIMO as an
interactive pipeline. Additionally, specialised servers for specific steps of the process
exist [127], such as ModLoop [140] for loop construction, and SCWRL [141] for side-
chain prediction and modelling.

MODELLER

Using a template and target sequence alignment as input, MODELLER uses spatial
restraints [142] to calculate and model a structure containing all non-hydrogen atoms.
Restraints included are from the template structure and arepresentative set of known
structures. Energy terms from the CHARMMZ22 [143] force-field are used to ensure the
proper stereochemistry is combined with the spatial restraints. The output is assessed
using a Discrete Optimized Protein Energy (DOPE) [144] score that analyses energy
of the model, and a GA341 [145] composite fold assessment score. A normalized
DOPE (z-DOPE) score can be derived from the statistics of raw DOPE scores, where
a positive score is likely to be a poor model, and any lower than -1 is likely to be more
native-like.

3.1.2 Model Validation

Each stage of homology modelling is reliant on the previous, meaning any errors
introduced propagate downstream into the final model. Model validation and
assessment is thus necessary to interpret and pick out any errors. Validation programs
can be roughly into two categories, one that checks for proper protein stereochemistry
and another that checks the fitness of sequence to structure and scores the fitting of
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each residue to its current environment [127]. Some examples of validation programs
which assess different aspects of the model include ProSA-web [146], Verify3D [147],
PROCHECK [148], QMEAN [149] and WHAT-IF [150].

3.1.2.1 ProSA-web

ProSA uses C-a atoms to calculate model quality by comparing it to empirical energy
potentials observed from a database of all known protein structures. ProSA output is
a z-score of the overall model. The z-score measures the deviation of the total energy
of the structure with respect to an energy distribution derived from random
conformations [151]. A z-score outside the range characteristic for native proteins of
similar size indicates an erroneous structure. A plot highlighting problematic regions
on the model is also provided, thus showing local model quality.

3.1.2.2 Verify3D

The program assesses compatibility of a model to the 3D profile predicted for its
sequence. The assessment is based on the location and environment of each residue
position and compares these to databases of known high quality structures. The
DSSP [152], which is a database of secondary structure assignments for all protein
entries in the Protein Data Bank (PDB), is used for this.

Verify3D then scores each residue on a scale of -1 to +1, where a score greater
than 0.2 suggests that the residue is in a structurally favourable environment. Regions
scoring below 0.2 are assumed to be lessreliable.

3.1.3 COX-1 3D structure

To date, no experimental atomic resolution 3D structure is available for the human
COX-1 enzyme. The enzyme therefore needs to be modelled for in silico work.
Fortunately, the enzyme shares 60% identity with COX-2 which has been widely
studied and crystallised, as mentioned in Chapter 1. Additionally, COX sequence is
highly conserved among mammals [29], with important domains, such as the heme-
binding motif, being conserved in other peroxidases beyond the kingdom [27]; this is
shown in the MSA in Figure3.2.
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3.2 Methodology

3.2.1 Template Selection

The human COX-1 amino acid sequence (accession number P23219) was
obtained from UniProt [153] and was submitted to NCBI BLAST [154], HHPred
[155] and PRIMO to attain a suitable templates for modelling.

HHPred detects and predicts homology among distantly related proteins by
implementing pairwise comparison of profile HMMs. A wide number of databases,
such as the PDB, SCOP [156], Pfam [157] and CDD [158] are available for the
search process. The PDB was searched for template identification.

Alternatively, PRIMO avails both protein BLAST (BLASTp) or HHsearch
.BLAST is set as the default search option as it runs faster than HHsearch,
identifying any closely related templates in the PDB.

3.2.2 Homology Modelling

3.2.2.1 Wild-type

MUSCLE and MAFFT were used to generate the initial template-target alignment
and then further generate an MSA using default parameters. Sequences used to
generate the MSA are listed in Table 3.1. Both MUSCLE and MAFFT use
progressive-iterative alignment, with one of main the differences being the use of
Fast Fourier Transform (FFT) in sequence alignment in MAFFT [159] [160]. The
resultant MSAs were compared

A suitable template was identified, based on template coverage, identity and
overall template quality. This template was used to create an alignment (PIR) file
with the target sequence, which included the heme co-factors. This alignment file
was used as input for MODELLER.

Model construction was conducted using MODELLER (v9.16), run on a local
cluster. Instructions on the modelling run, such as the PIR file, refinement settings,
number of models to generated and the assessment method to be used were
specified in an in-house Python script that called on the program.

Using arefinement setting of "slow”, a100 models were generated and assessed
using the z-DOPE score. The scores were used to rank and select the top three
models for further validation.

3.2.2.2 Variants

The SNPs were introduced into the target sequence for each of the variants. The
resulting mutated sequences were used for model generation in MODELLER as
described in section 3.2
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3.2.3 Model Validation

The high-ranking models were validated by submission of to the ProSA [146] and
Verify3D [147] web-servers. Default parameters were used in all instances.

Table 3.1: Protein sequences used to generate the MSA. COX-1 (PGHS1) and
COX-2 (PGHS2) sequences of various organisms were used Sequences in the table
in the order they appear in the MSA in Figure 3.2.

NCBI Accession ID Organism Protein
P23219 Homo sapiens PGHS1
NP_035328.2 Mus musculus PGHS2
NP_000954.1 Homo sapiens PGHS2
NP_001009476.1 Ovis aries PGHS1
XP_006939501.1 Felis catus PGHS1
XP_026369696.1 Ursus arctos horribilis PGHS1
XP_020028681.1 Castor canadensis PGHS1
XP_425326.4 Gallus gallus PGHS1
XP_00601955.1 Alligator sinenis PGHS1
XP_007423361.1 Python bivittatus PGHS1
XP_022620892.1 Seriola dumerili PGHS1
XP_008334142.1 Cynoglossus semilaevis PGHS1
XP_027326714.1 Anas platyrhynchos PGHS1
XP_022328617.1 Crassostrea virginica PGHS?2
XP_014768109.1 Octopus bimaculoides PGHS2
WP_113066573.1 Nitrosospira muitiformis PGHS1
WP_090657908.1 Nitrosomonas marina PGHS1
XP_014289700.1 Halyomorpha halys PGHS1
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3.3 Results and Discussion

In this study, homology models of human COX-1 wild-type, as well as five of its
variants were built as no experimentally resolved structure currently exists
The models were built and scored using MODELLER, and further validated

using external servers.

3.3.1 Template selection and sequence alignment

Recurring hits in template selection were, ovine COX-1 (PDB ID: 1Q4G) and
murine COX-2 (ID: 3NTI), which are shown in Table 3.1. Murine COX-2 was
chosen as a suitable template, due to better overall metrics as seen in Figure 3.2
and a structure resolution of 1.73A, versus the ovine 2A.

Table 3.2: Qualities of potential templates identified from the PDB using HHpred and NCBI

BLASTp.

Templallbe PDB Uniprot Acession D Organism name Identity Coverage Res((}ilitlon
1Q4G P05979 Ovis aries 91% 92% 2.00
3NT1 Q05769 Mus musculus 63% 92% 1.73
Metric Percentile Ranks Valug Metric Percentile Ranks Valug
Rfree I [r— o213 Riree IENNE 0 0.200
Clashscore I 1 . 11 Clashscore I 2
Ramachandran cutliers IS I 1% Ramachandran outliers I o
Sidechain outliers EN]) T 0% Sidechain putliers I I T 1
RSRZ putliers IS I 4.0% RSRZ putliers I T 7.0%
Vinrse rtter Vimes Hrtinr
B Fenc_ s velative Lo all ¥ ray sl e BRI edatio L o
U Perce~t e relatlve bo K- structs "es of simllar resolution ﬂr\erce". e relatlve to y Structy es of shinllar resolutlon

Figure 3.2: Structure metrics summary of ovine COX-1, PDB ID:1QAG (left) and murine
COX-2, PDB ID:3NT1(right) as found in RCSB PBD.
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Figure 3.3: MAFFT generated multiple sequence alignment, showing conservation between COX-1 and

“COX-2 with species and across taxonomic classes. Highlighted are the heme-binding motif (encased in
red), that is conserved among heme peroxidases such as the COXs and myeloperoxidase; sites of
active site residue differences between COX-1 and COX-2 are (in blue), and sites of SNPs focused
on in this study (in black)
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3.3.2 Model generation and validation

While the structure-based residue numbering scheme generally applied to both
COX isoforms in literature corresponds with ovine COX-1, from which the first COX
3D structure was resolved [27]; the residue numbering of the models generatedin
this study is based on the human COX-1 amino acid sequence. As a result, some
amino acid references from literature will be one position off.

MODELLER in-program scoring of COX-1 models for the wild-type and
variantswas az-DOPE score =-1.00, signifyingthe models were good. Additional
model validation corroborated these scores as shown in Table: 3.2. The ProSA
generated Z-score for the template 3NT1 was -8.97, which is comparable to the Z-
scores attained for the models. Overall model quality for the wild- type matched X-
ray solved proteins structures of similar size as seenin Figure 3.3, with a score of -
8.73, indicating similarity of the model to native structures. The local model quality
plot shows per residue energies, where negative values indicate a good modelling
and positive values problematic regions.

a) Verify3D: COX1_WT.pdb
=] Averaged Score [N Raw Score
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Figure 3.4: COX-1 wild-type homology model validation results, from Verify3D (a), and
ProSA-web overall (b) and local (c) model quality
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Based on the window size 40 assessment, most of the model residues had
negative scores, further agreeing with the overall assessment.

ProSA pegged problematic areas and those scoring below 0.2 from Verify3D
[S. Figure 2], coincided with loop regions in the structure, which are notorious for
being difficult to crystallise. Fortunately, these regions did not cover SNPs to be
investigated or catalytically important regions. COX-1 variant models followed a
similar trend [Table: 3.2 and S. Figures 3-7], as such the models were deemed
suitable to proceed with the study.

Table 3.3: Evaluation scores of homology models generated through MODELLER and
further validated by Verify3D and ProSA programs. The protein sequence was
mutated manually at all the respective SNP position.

Model z-Dope score ProSA Z-score Verify3D
COX-1 WT -1.02 -8.73 Pass - 89.60% score >=0.2
COX-1 P126T -1.07 -8.68 Pass - 86.44% score >=0.2
COX-1 N143K -1.01 -8.75 Pass - 88.88% score >=0.2
COX-1 L237M -1.00 -8.67 Pass - 86.17% score >= 0.2
COX-1 R244W -1.02 -8.70 Pass - 89.97% score >=0.2
COX-11557T -0.99 -8.59 Pass - 89.42% score >=0.2
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3.4 Conclusion

The aim of this chapter was to build homology models of COX-1 for both the drug
discovery and SNP analysis parts of this study. The models generated were of a
high quality, with low scoring regions on the structures lying in regions
inconsequential to this study.

The COX-1 wild-type model was to be used for molecular docking, in the drug
discovery part of the study in Chapter 4, while, both the COX-1 wild-type and
variant models were to be used to analyse SNP impact on the protein. MD
simulation was to be used to analyse the consequence of the SNPs on the protein
structure and function, with the wild-type as a reference in Chapter 5. The
homology models were, therefore, of a suitable quality for both these purposes.

It is worth noting that MD simulations have an added benefit of refining
stability the models [161] through the structure minimisation performed during
said simulations that further optimises residue geometries. As such the models
were further refined in these downstream processes.
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4 Molecular Docking

4.1 Introduction

High-throughput virtual screening (HTVS) has become an increasingly important tool
for drug discovery [67]. Compared to traditional experimental screening, virtual
screening has the advantage of low cost and effective screening [162].

HTVS can be classified into ligand- and structure-based methods. Molecular docking,
which encompasses both these methods is the most common form of HTVS. The main
aim of molecular docking is to model a ligand-receptor complex structure, showing
interaction between the two at an atomic level. This allows characterisation of ligand
behaviour in the binding site of target proteins as well as elucidation of fundamental
biochemical processes [163]. The docking process involves the prediction of ligand
conformation, position and orientation within the binding site and assessment of the
binding affinity using a scoring function. Ideally, pose prediction algorithms should be
able to reproduce the experimental binding pose and the scoring function should rank
said pose highest among all generated conformations.

Knowledge of the binding site location, which can be obtained through literature of
similar proteins or co-crystallized protein-ligand structures significantly improves the
docking process. In cases, where the docking is focused on a known binding site, the
process is called targeted docking; while docking without any assumption about the
binding site is referred to as blind docking. Blind docking therefore has unbiased, and
mimics experimental screening [164]. Co-crystallised structures can additionally be
used to validate docking parameters through re-docking to recreate the co-crystallised
pose.

Based on the "induced-fit" theory” [165] the ligand and receptor should be treated
as flexible during docking due to conformational changes that occur [166]. However due
to the computational expense that would entail, docking is popularly performed with a
flexible ligand and a rigid receptor as a trade-off between accuracy and computational
time [167].Docking programs such as AutoDock [168] and FlexX [169] have adopted
this methodology. Different search algorithms are used to implement these methods,
such as systematic, molecular dynamics and genetic [170].

Scoring functions aim to separate correct poses from the incorrect inreasonable
computation time; as a result, they involve estimation rather than calculation of the
binding affinity between the protein and ligand. Scoring functions can be divided into
force-field (physics), empirical and knowledge-based scoring functions [171].
Extensions of force-field based scoring functions, such as in AutoDock, consider
hydrogen bonds, solvations and entropy contributions.
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4.1.1 Steps in molecular docking

The docking procedure essentially contains four steps, that is, the ligand and receptor
preparations, the docking process and pose scoring.

Receptor preparation: The protein is usually pre-processed by adding the appropriate
number of hydrogen atoms, particularly, the protons required to define ionisation and
tautomeric states of the amino acids in the protein. Further processing includes
removal or inclusion of water molecules, cofactors, metals, as well as consideration
of missing residues or atoms, according to the parameters available. After the
preparation of protein, the binding site should be assigned. Some receptors possess
more than one active site, hence the one of interest should be specified.

Ligand preparation: Preparation of the ligand entails assigning the correct atom types
based on the appropriate ionisation states, chiralities and tautomeric states of the
ligand. Protonation states and tautomeric forms of a ligand are of importance as they
influence ionic and hydrogen bonding abilities. Various parameters such as desired
pH, pKa, structure optimisation and partial charge calculations can be set using semi-
empirical quantum chemical methods; and structure minimisation using a molecular
mechanics force-field. Chemical property filters such Lipinski rule of 5, pan assay
interference (PAINS) assays [172] and blood-brain barrier (BBB) [173] [174] can
additionally be used to assist in discerning amongst non-drug like and drug like ligand
candidates. The amount of pre-processing required tends to depend on database
ligands are retrieved from.

Docking: The docking methodology used mainly depends on the search algorithm in
play and the subsequent scoring function. The scoring function is applied in
accordance to the same force field atoms of the protein and the ligand have been set
up in. In addition to the aforementioned binding energy scoring, docking results can be
further assessed via visual analysis of the ligand-protein interactions using software
such as LigPlot+ [175] or BIOIVIA Discovery Studio (DS) [176].

4.1.2 Ligand/compound databases

Existing compound libraries usually contain 2D structures generated from molecuar
formulas or SMILES strings. The ZINC Database [177] maintained at University of
California San Francisco (UCSF) provides commercially available compounds for
structure based virtual screening. The compounds are grouped in different property
subsets that can be downloaded in various structure file formats for virtual screening.
The PubChem database [178] maintained at NCBI provides information on biological
activities of small molecules, storing the vital information from a multitude of
depositors. Other important databases include the directory of useful decoys (DUD)
database [179] derived from ZINC, and ChEMBL [180].
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Several natural products databases also exist to assist with in silico drug discovery,
comprising of compounds extracted from various plant and marine sources. Natural
product scaffolds are crucial to drug discovery, with a numerous existing drug being
derived from or inspired by them [181]. The Traditional Chinese Medicine (TCM)
Database@Taiwan [182], ConMedNP [183] and the South African natural compound
database (SANCDB) [184] are examples of such, all containing region-specific
compounds.

4.1.3 COX-1 and aspirin

Aspirin (acetylsalicylic acid) is unique among NSAIDs due to its covalent modification of
COX-1 and COX-2 via the acetylation of the hydroxyl group of Ser-529 [31]. The
reaction irreversibly inhibits COX-1 activity and subsequently the production of
prostaglandins While Ser-529 on its own is not a catalytic residue, its acetylation
blocks the cyclooxygenase channel, thus preventing productive binding of AA within
the channel.

Experiments on point-mutated COX-2 have revealed that additional active site
residues are Arg-119, Tyr-347 and Tyr-384 [185]. Findings suggest Arg-119 ensures
the proper orientation of aspirin, rather than to directly participate in the reaction; while
Tyr-384 plays a crucial role in the cyclooxygenase reaction.

Duetoitsirreversible inhibition of COX-1, aspirin is used as a reference for docking
in this study.
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4.2 Methodology

4.2.1 Receptor and ligand preparation

Minimised structures from SANCDB and the ZINC database Drugs Now subset were
used for docking. The SANCDB subset consisted of 623 ligands and the ZINC subset
of 5105 ligands.

All molecular structures were optimised by using MGLTools Python scripts from
AutoDockTools (v1.5.6) software to add charges, assign hydrogen atoms, and set up
rotatable bonds. The RESP charges and parameters for the protein heme group were
attained from Henriques, et al [186]. The docking grid dimensions and grid centre
Cartesian coordinates to assign a binding cavity were calculated using DS, based on
size of the largest ligand and the centre of the protein, respectively. Using these
calculations, the grid box size was set to 1013A.

Blind docking was initially performed on one monomer (chain A) of the protein
using aforementioned grid box and centre. A targeted docking was then conducted
on the remaining monomer, using only ligands that successfully docked into the chain

A active site, a smaller grid box of 253A and a grid centre based on Ser-529 Ca.

4.2.2 Docking

The molecular docking was conducted using Autodock Vina (v1.1.2) [187] with GNU
parallel, on a total of 240 CPU cores. Vina configuration files were prepared to specify
the ligand and receptor; and the binding site coordinates and box size. Additional
parameters set in the all configuration files were an exhaustiveness of 120, the CPU
usage of four cores per job and an energy range of 4.

4.2.2.1 Validation docking

Vina was employed for validation of docking parameters, by re-docking salicylic acid
into a previously separated aspirin-huCOX-2 co-crystallised structure (PDB ID: 5F1A).
Targeted socking was used for this validation.

4.2.3 Results screening

Docking results were screened based on proximity to active site, Vina-based energy
scoring, analysis of protein-ligand interactions and an MD simulation with subsequent
re-scoring. Results from docking in chain A were used in analysis and paired with
whatever the corresponding chain B results were.

Proximity to the active site was calculated using Euclidean distance from the Ca

of an important residue, by applying the equation shown below. The cut-off distance
was set at 10A. Binding energy was used to screened results with a cut-off of < —
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8kcal/mol the peroxidase active site; and < -7.5 and < -9 kcal/mol for the SANCDB
and ZINC 15 subsets respectively, in the cyclooxygenase active site

d (P, Py) = J(xz — x1) + (V2—y1) + (2 —x1)

Ligands that met both the criteria were then visually analysed to assess protein-
ligand interactions. The interactions were visualised using DS (v.14.1), LigPlot+
(v.1.4.5) and PyMOL [188] (v.1.7) to determine bonds and interactions formed, including
hydrogen, hydrophobic and van der Waals (VDW). PDB 5F1A was used as a reference.

Additionally, molecular dynamics was used to assess stability of the remaining
ligands. MD simulations of 10ns were run on favourable candidates and snapshots of
the complexes captured at the end were re-scored using a Vina re-score function.
These results will be discussed in Chapter 5.
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4.3 Results and Discussion

In this chapter, select ligands from SANCDB and ZINC databases were docked against
the COX-1 wild-type to identify potential inhibitors. As COX-1 is a dimer, blind docking was
conducted on chain A, followed by targeted docking of the high-ranking ligands in chain
B. A validation docking was conducted to validate docking parameters prior to docking of
the ligands.

The resulting posed ligands were initially screened based on proximity to a crucial
active site residue and docking binding energies, which are shown in Table 4.1. Additional
screening was based on ligand interactions with active site residues.

4.3.1 Validation docking

While not resulting in a hydrogen bond Ser-529, docking parameters used were able
to reproduce the pose from the co-crystallised structure, 5F1A, as shown in Figure
4.1.As such the parameters were deemed suitable to use for the rest of the docking study.

5fla Ligand_redocked

Figure 4.1:. :Validation docking, showing re-docking co-crystallised salicylic
acid into COX-2, using 2D Ligplot+ interaction diagram.
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4.3.2 SANCDB and ZINC 15 subset docking

Euclidean distance was used to calculate distance of docked ligands in the protein.
Additional screening for any ligand docking in the peroxidase active site using His-
206.

From the initial screening, based on distance and binding energy, the
cyclooxygenase site had 31 hits from the SANCDB subset as shown in Figure 4.2 and
123 hits from the ZINC15 subset shown in Figure.4.3b. The peroxidase active site
returned no hits from the SANCDB and 17 from ZINC15 [Figure 4.3a].
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Figure 4.2: Scatter plot showing distribution of SANCDB ligands in relation to COX
active site post-docking. Ligands meeting desirable criteria are highlighted in pink.

The ZINC subset due to its sheer size compared to the SANCDB naturally returned
more hits. The Drugs Now subset consists of synthetic ligands that tend to be of a
smaller molecular weight compared to the natural product ligands [189] from SANCDB.
Based on the relatively small molecular weight (180.159g/mol) and complexity of
aspirin, it is probable that ligands of "aspirin-like" properties are likely to interact with
COX-1 as it does [190].
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Figure 4.3: Scatter plot showing distribution of ZINC15 ligands in relation to peroxidase
(left) and cyclooxygenase (right) active sites post-docking. Ligands meeting desirable
criteria are highlighted in green and pink, respectively.

Inter-molecular interactions were used for further screening of docking hits.
Hydrogen bonds are considered to be the most important of electrostatic interactions,
conferring stability to ligand binding [191]. As such ligands exhibiting VDW interactions
and at least two hydrogen interactions with relevant active site residues were selected.
Good hits in chain Amonomer of the protein were not necessarily mirrored in chain B,
as reflected in Table 4.1.

Table 4.1: Ligand post-docking binding eneraies.

Active Site s DOCkin?kEiar}fni"nS)Energy
Database ID Codename Chain A Chain B
SANC00239 SANC239 -1.7 -6.4
SANC00521 SANC521 -8.7 -7.8
SANCO00627 SANCE27 -8.1 -6.0
SANCO00721 SANC721 9.4 -4.3
Cyclooxygenase | ZINC04649897 ZINC925 -10.5 -6.4
ZINC00624371 ZINC3113 -10.3 -7.5
ZINC04525816 ZINC4587 -9.0 -8.2
ZINC01018315 ZINC4671 -10.7 -6.6
ZINC04523993 ZINC4749 -10.6 -8.8
ZINC00674446 ZINC4394 9.4 0.6
Peroxidase
ZINC02134322 ZINC4591 -9.5 -7.9
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4.3.2.1 ZINC 15 ligands

Of the 13 ligands that docked favourably into COX-1 chain A, 7 were retrieved from
ZINC15. The structures of the ZINC15 ligands are shown in Figure 4.4

ZINC4671 ZINC925

ZINC3113 e
T > y
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H
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- ¥ ¢ ZINC4591 w ZINC4T749
:©/ ZINC4587 @’M ZINC4394 “'i©/“ ©)
Ma

Ma

Figure 4.4: Structures of the ZINC15 subset synthetic ligands that docked favourably into
COX-1.

The chemical and physical properties of the ligands were extracted from the ZINC15
database. These are summarised in the table below. Unfortunately, records for some of the
ligands were absent at the time of retrieval, as such, these were not included in the table.

Table 4.2: Physical and chemical properties of the documented ZINC15 ligands at pH 7.

- H-bond H-bond | Molecular | Rotatable | Bioactivit
Ligand Popular name donors | acceptors 2’5%?31) bonds assays 4
4-[(3-ox0-1-cyclohexenyl)amino]-8-
ZINC925 phenyl-2,7,9-trioxabicyclo[4.4.0]dec-4- 0 6 341.363 2 -
en-3-one
2-(3,4-dimethylphenoxy)-N-{2-[4-
ZINC3113 (methylsulfonyl)-1- 1 7 417.531 6 2
piperazinyl]phenyllacetamide
ZINC4671 12H-chromeno[4.,3-c]quinoIine-5.11- 1 4 263.252 0 1*
guinone
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43.2.2

While no molecule records were listed for ligands ZINC4394, ZINC4587, ZINC4591
and ZINCA4749, the ligands were retained as they presented as potential drug compounds
based on their binding energies with COX-1, shown in Table 4.1, and passing the other
screening methods mentioned in Section 4.2.3. Ligands ZINC925, ZINC3113 and ZINC
4671 all met the three of Lipinski’s rules which define necessary parameter ranges for
viable oral drug compounds, which are, MWT < 500, Log P < 5, H-bond donors < 5, and H-
bond acceptor <10 [192].

Additionally, ZINC3113 and ZINC4671 were listed in bioactivity assays. ZINC3113
bioactivity was assayed and deemed inactive in two Alpha Screen-based biochemical high
throughput studies, one as an activator of E3 ligase (PubChem AID 1259310) and the other
as an inhibitor microphthalmia-associated transcription factor (MITF) (PubChem AID
1259310). Ligand ZINC4671 was synthesised for a study on Plasmodium falciparum cyclin-
dependent protein kinase (Pfmrk), but its ICso value could not be determined due to
solubility problems [193].

SANCDB ligands

After screening the SANCDB ligands docked into COX-1, based on binding energies,
proximity to active site and intermolecular interactions with active site residues, four ligands
were selected for further analysis. The structures of the four ligands, SANC239, SANC521,
SANC627 and SANC721 are shown in Figure 4.5, while the physical and chemical properties
are listed in Table 4.3.

0] OH
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HN OH

SANC239 SANC521
HsC CHs
OH © OH
HsC _ 5 |
° Q00
O O oS o) | CHs
0] N 0 0]
e
SANC627 SANCT721

Figure 4.5: Structures of the SANCDB subset of natural product ligands that docked
favourably into COX-1.
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As shown in Table 4.3, all the four ligands passed the three aforementioned Lipinski rules,
suggesting they too were viable drug compounds. SANC239, SANC521 and SANC721
have already been investigated for bioactivity in other studies. SANC239 has been cited
to have anticancer properties in a study by Whibley and colleagues [194]; while SANC721 is
recorded to have antimicrobial and antifungal properties [195]. SANC521 is listed to show
moderate anti-tuberculosis properties in an anti-mycobacterial study [196].

Table 4.3 Physical and chemical properties of SANCDB ligands selected after screening

process
. L Molecular - J
Ligand SANCDB entry name | Classification o?goaur{ics?n (‘S‘?r'r?&t) '&'O?]%?g aycgg{]odrs C%ngt;i)\s)iglnd
. i Strongylodesma Anticancer
SANC239 Makaluvamine Alkaloid alivggﬁensis 187.198 3 4 activity
SANC521 (E)-3,2:4 Flavonoid Qalenia | 256253 | 3 4 :
Trihydroxychalcone
SANC627 | Tecleanatalensine B | FUSRdBRfne | JERlea, | 313348 | 0 5 -
Antibacterial
. Aromatic Eurotium Antifungal
SANCT721 Physcion polyketide rubrum. 284.263 2 s Sun-screen
agent
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4.4 Conclusion

The aim of this chapter was to use molecular docking to screen ligands from varying
databases (SANCDB and ZINC15) against the COX-1 wild-type in order to identify
potential drug compounds.

After the molecular docking and results filtering, 11 ligands were identified that
docked favourably into the cyclooxygenase as well as the peroxidase active site of the
protein. Of these selected ligands, seven exhibited some molecular properties
desirable of potential drug compounds, based on Lipinski’s rule of five. This suggested
said ligands could be putative lead compounds.

This final set of eleven ligands was set aside for further analysis in Chapter 5 using
MD. Due to the rigid nature of the receptor in molecular docking, pose predictions are
not sufficiently accurate. MD simulations provide a more apt discrimination between
stable and unstable docked poses [197] [198] as both the receptor and ligand are
flexible.
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5 Molecular Dynamics

5.1 Introduction

Molecular dynamics (MD) is the computational simulation of the natural motions of
atoms and molecules in a molecular system in a time-dependent manner [199]. MD
can be used to supplement and complement conventional wet-lab experimentation.
Due to the ability to manipulate numerous aspects of a simulation, it is possible to
capture and analyse data impossible to do so in wet-lab. Additionally, computer
simulated experimentation is faster and less expensive than the alternative.

Some biological applications of MD simulations include, molecular docking and
drug design [200], through the analysis of protein-drug interactions; refinement of
structure prediction [201]; protein motion and functional conformation analysis [202]
[114], and protein folding analysis [203].

Several simulation engines exist to conduct MD, the most popular being, AMBER
[204], CHARMM [205], GROMACS [206], and NAMD [207]. In these programs, MD
simulations are conducted through determination of molecular and atomic trajectories
by solving Newton’s classical laws of motion for a system of interacting particles, via
integration. Inter-particle forces and potential energy for these calculations are
defined by molecular mechanics force-fields [208].

5.1.1 MD force-fields

Force-fields are essentially complex equations, where potential energy is deduced
from the molecular structure. Force-field representation of molecular features include
springs for bond length and angles, periodic functions for bond rotations and Lennard-
Jones potentials, and the Coulomb’s law for VDW and electrostatic interactions, which
assure that energy and force calculations are fast.

Force-fields additionally exist in united-atom and all-atom models. In united atom
force-fields several atoms, usually methyl groups, are joined into a single interaction
site, whereas all atom force-fields explicitly represent aliphatic hydrogen atoms. While
the molecular representation is the same, various force fields currently used in MD
simulations differ in how they are parameterised. The determination of force field
parameters requires significant empirical and quantum mechanical calculations.
Though force-fields tend to have unique parameters and molecule types, but the
resulting simulations are normally comparable [209]. Commonly used families of force
fieldsare AMBER [210], CHARMM [211], GROMOS [212] and OLPS [213].

5.1.2 Running an MD simulation
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The basic properties needed to run an MD simulation are topological, structural,
energetic and thermodynamic properties. Each of these describes a different aspect
of the system, the topological describes connectivity of atoms; the structural provides
atomic position and conformation; the energetic describes forces acting on the system
and the thermodynamic assigns experimental conditions. Application of these
properties takes place over four general steps:

Setting up the system An initial model of the system can be obtained from either
experimental structures or homology modelling data. The system can be represented
by an atomistic representation for reproduction of the actual systems or coarse-grained
representations for large systems. The topology is derived from this structure.

The standard procedure to set up a system once involves defining the size of the
entire system; fixing structural errors; ionisation of titratable amino acids; addition of
structural water molecules, counter-ions, and solvent; andenergy minimisation.

A simulation box defining boundaries and size is set up to contain the system. To
combat surface interactions with the boundary and approximate an infinite system,
periodic boundary conditions (PBC) are most favourably used. Solvation of the system
is crucial as many biological processes occur in agueous solution; determining
molecular conformation, electrostatic properties and binding energies [214]. Solvent
representation is important to this end, with the most effective being the explicit
molecule representation [214] [215] [216], which unavoidably increases the size of
the systems [217]. Its advantage lies in the ability of the solvent molecules to maintain
most of the solvation effects of real solvent including entropic ones like, hydrophobic
effects.

The system then needs to be neutralised with the intent to avoid polarisation or set
to desired pH; at a defined salt concentration. Energy minimisation, though it does not
include the temperature, is used to compute an equilibrium configuration of the
molecules in the system, to ensure there are no steric clashes. Starting from a non-
equilibrium geometry the mathematical procedure reorients and moves atoms to find
the lowest energy configuration and ideally the global minima on the potential energy
surface.

Due to the vast number of possible atom types, not all ligands and co- factors, are
not catered for in existing force-fields. As aresult, ligand topologies and parameters are
derived externally based on the force-field of choice, using quantum mechanical (for
OPLS, AMBER and CHARMM) and semi-empirical (for GROMOS) calculations. While
parameters can be fitted, automated tools such as ACPYPE [218], PRODRG [219],
MKTOP [220] and Automated Topology Builder (ATB) [221] tend be used to generate the
necessary force-field compatible parameters.

Equilibration To avoid a collapse of the system post minimisation, equilibration, of the
solvent and ions around the protein is required at a desired temperature, pressure and
density [222].

Integration of Newton’s equations of motion allows a constant energy surface of the
system, but not the temperature and pressure. Thermodynamic ensembles are
therefore used for equilibration of the system, where the correct ensemble distribution
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5.1.3

5.1.3.1

for specified temperature and pressure allows interpretation of the trajectory in a
conventional way. Common ensembles are the constant-energy, constant-volume
ensemble (NVE); the constant-temperature, constant-volume ensemble (NVT) and the
constant-temperature, constant-pressure ensemble (NPT). NVE, also known as the
microcanonical ensemble, obtained by solving Newton’s equation without any
temperature and pressure control conserves energy in the system [223]. The NVT
ensemble, also referred to as the canonical ensemble is obtained by controlling the
temperature with the volume kept constant throughout the run. The amount of
substance (N), volume (V) and temperature (T) are conserved; and the energy of any
endothermic and exothermic processes is regulated by a thermostat. The temperature
of the system should reach a plateau at the desired value signifying the temperature
has stabilized. The NPT ensemble, called the isothermal-isobaric ensemble, allows
control over both the temperature and pressure, where the pressure is adjusted by
adjusting the volume. This ensemble tends to be used during equilibration to achieve
the equilibrium density corresponding to the desired pressure and temperature.
Amount of substance (N), pressure (P) and temperature (T) are conserved and a
thermostat [224] [225] and a barostat [226] are needed. While choice in the thermostat
and barostat is not critical, it is important that an equilibrated state is reached.

Production Once an equilibrium attained at the desired temperature and pressure,
position restrains can be released and a production run can be conducted. Ideally, the
simulation time should long be enough to allow the protein to explore all the possible
configurations.

Assessment The simulated trajectory must be analysed for data collection and to
extract the desired properties. Assessment of protein motions can be conducted at a
global and local level, based on access atomic positions, velocities and even forces
as a function of time.

Analyses of MD

Global motions

RMSD Root mean square deviation (RMSD) is a measure of average distance
between the atoms of superimposed proteins or other macromolecules. In proteins,
RMSD will be calculated from Ca atoms fitting to protein backbones. RMSD provides a
quantitative measure of several experimental properties. The analysis can be used to
measure of similarity protein structures during homology modelling [215],
conformational change over the course of a MD simulation [227] or protein and ligand
stability in molecular dockingassessment.

Principal component analysis Principal Component Analysis (PCA) of MD simulations is
a popular statistical technique used to analyse essential dynamics of a system by
applying a decomposition process that filters observed motions from the greatest to
the smallest spatialscales.
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Two types of PCA exist for analysis in MD simulations, internal and Cartesian
coordinate PCA; where Cartesian PCA shows dominant overall motion of the protein,
using mass-weighted Cartesian coordinates. The variance in simulation data is
analysed over the length of the simulation and presented as aplot. Each point on the
PCA plot represents the conformation of the protein at a specific time frame during the
simulation. Due to the ordering of observed motions decreasingly, a large part of a
system’s conformational fluctuations can be described by the first few principal
components (PCs) [228], meaning these PCs are most relevant.

5.1.3.2 Energy analyses

Free binding energy, in its most basic form is the difference between the energy protein-
ligand complex and the sum of the individual energies of the protein and ligand as
shown in the equation below. Several methods exist to estimate free binding energy
such as MM-PBSA and MM-GBSA. The MM stands for molecular mechanics, PB and
GB for Poisson-Boltzmann and Generalized Born, respectively, and SA for solvent-
accessible surface area.

AGbinding = Gcomplex - (Gprotein + Gligand)

MM-PBSA, which was developed by Kollman, et al [229], combines three energy terms
to account for the change in the free binding energy. The first one accounts for potential
energy change in a vacuum (Emm), the other for the desolvation of the different species
(Gsowvation) and the last for the entropy associated with complex formation. Emm includes
bond, angle, and dihedral energies as well as VDW and electrostatic interactions. Gsovation
can be further broken down into Gpotar and Gapolar.

5.1.3.3 Visual analyses

Snapshots of MD simulation at specific time frames can be visualised using various
software such as PyMOL, LigPlot+, DS or Schrodinger Maestro.

These snapshots capture intermolecular interactions within the system.
Additionally, all frames of a simulation can be visualised as video in software such as
Visual Molecular Dynamics (VMD) [230] without the periodic boundary conditions box.

5.1.4 Limitations of MD

Despite its obvious convenience, MD simulation has several limitations. Some of these
include an inability to model quantum effects, the quality of force- fields, and time and
size limitations. While research continues to be conducted to improve these aspects
[231] [232] [233] [234] the computational intensity of MD simulations has been
alleviated through use of high-performance computing (HPC).
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5.2 Methodology

5.2.1 Setting up MD run

5.2.1.1 Wild-type and variants

The energy minimisation, equilibration, and dynamic simulations were performed
using GROMACS (v.2016.1-dev), using a modified version of the GROMOS 54a7
forced-field that includes ATB specific atom types. GROMOS 54a7 is a united atom
force field [235] that includes parameters for standalone and Histidine coordinated
heme groups.

The system was immersed in a cubic solvent box of dimensions 1nm?, using the
SPC (simple point charge) water model with periodic boundary conditions applied. The
systems were neutralized at a concentration of 0.15mM NaCl to mimic human
physiology. To ensure conformational stability, the whole system was minimised using
steepest descent algorithm, with a maximum of 50000 steps and an Fmex not
exceeding 1000.0 kJ/mol/nm. For equilibration, the system was brought to a
temperature of 300 K and then relaxed to an appropriate density by bring it to a
pressure of 1 bar using the NVT and NPT ensembles, respectively. The Particle mesh
Ewald (PME) method was used in all simulations to treat electrostatic interactions and
the LINCS method to constrain bond lengths. Production runs of 150ns were then
performed on 24CPU cores of the Lengau cluster at the Centre for High Performance
Computing (CHPC), in Cape Town, with a time step of 2fs.

5.2.1.2 Protein-ligand complexes

Protein-ligand complex simulations performed were using the same parameters and
resources as the in section 5.2.1.2, with additional steps to account for presence of
the ligands docked into the protein.

Ligand input files compatible with the GROMOS 54a7 force field were generated
using the ATB server (v.3). The existing protein MD input files were updated to include
the ligand information generated, resulting in a protein-ligand system.

Post energy minimisation restraints were applied to the ligands; and temperature
coupling of ligands to the protein; and ions to the solvent was conducted using the
Berendsen thermostat.

The systems were then equilibrated, and production runs of 10ns, which were later
extended to 100ns after pose re-scoring, were conducted for initial filtering of-poor
docking poses.
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5.2.2 Trajectory analysis

Conformational change and stability over the course of the trajectory was analysed using
RMSD, RMSF and RG, generated using GROMACS and Cartesian coordinate PCA.

MD-TASK [236], was employed for dynamic residue network (DRN) analysis
DRN, was used to calculate betweeness centrality (A BC), average shortest distance
(A L), and additionally generate residue contact maps. The residue contact maps were
used to monitor interactions between SNPs and residues interacting with them.

Free binding energy of the protein-ligand complexes based on a 10ns excerpt was
calculated using the of GROMACS compatible g-mmpbsa suite (v.1.6), using the
solvent accessible surface area (SASA) model [237].

Additionally, visual analysis was conducted using VMD (v.1.9.2)
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5.3 Results and Discussion

In this chapter MD simulations were conducted for a) the apo/wild-type protein, b) the
protein nsSNP variants and c) the protein ligand complexes. Analyses were conducted
as outlined by Brown et al., 2017 [84].

MD simulations of the protein variants included five cases, P126T, N143K, L237M,
R244W and 1557T. Protein-ligand complex MD simulations for all 11 protein-ligand
complexes were performed though only those for ligands SANC239 and ZINC4671 were
analysed. All were analysed for global motions (RMSD, RG and PCA) and local motions
(RMSF, Average BC, Average L and Contact Maps). MM-GBSA analysis was additionally
performed on the protein-ligand complexes to calculate free binding energy.

5.3.1 Apo/Wild-type Analysis

The COX-1 wild-type MD simulations were conducted in duplicate.
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Figure 5.1: RMSF of COX-1 wild-type in duplicate, showing asymmetry between chain A
(top) and chain B (bottom).Catalytic and important active residues for the cyclooxygenase
(pink) and peroxidase (green) active sites are shown.
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5.3.1.1 RMSF, RMSD and RG

RMSF analysis of the monomers in Figure 5.1 in both MD runs exhibited dissimilar
behaviour. This suggests that COX-1 is indeed as conformational heterodimer, with
one monomer conducting catalytic operations and the other being allosteric. The
question of which monomer is catalytic cannot be answered using RMSF. None of the
important active site residues [30] [238] [239] show any exceptional behaviour in both
chains. Asymmetry in the monomers was further seen in the model B-factors, shown
in Supplemental Figure (S.Figure) 1. Subtle differences a can be seen, with chain B-factor
values.

While fluctuating regions differed between the chains, [Figure. 5.2] the helices of
the membrane binding domain (between residues 60-100) exhibited more flexibility.
This may due to these being the helices that anchors to and lie parallel to the
membrane, as suggested by Fowler, et al [30]. It is possible that the helices that would
normally be stabilised by the membrane, exhibits more free play due to lack of
membrane in the MD simulation. Additionally, residues 60-70 make up the loop
bridging EGF to first helix of MDB. Residues 260-300 of chain B constitute a loop,
whose behaviour was not mirrored in chain A, further supporting the idea
heterodimeric behaviour [].

Chain A

—— Chain A - Apo protein

Distance (nm)

M W0 W W WO M A0 0 M0 MO W0 K0 50 MO ®O MO 60
Residue
Chain B

—— Chain B - Apo protein

Distance (nm)

20 4 60 B0 100 120 40 160 180 00 20 240 260 2

M 30 W M0 WO MW M0 40 M0 M0 A0 N0 S0 SO WO S0 6N
Residue

Colour key

Figure 5.2: RMSF of COX-1 wild-type monomers, chain A (a) and chain B (b) during the MD
simulation. Flexible regions are highlighted on the graphs and on the structure in (c) based on
the colour key.
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5.3.1.2 Principal Component Analysis

PCA of the wild-type showed conformational change over the length of the MD
simulation. PC1 represented 52.6% of the variance, and as such, was the most
significant, conveying global motion of the protein. As seen Figure 5.3 the distance
between the point at frame 0 and the point at frame 150 is significantly large, along PC1.

a) b)

Cartesian coordinate PCA: COX-1 Wild-type

Time [ns]

PC1->52.6%
PC2->21.6%

Figure 5.3: PCA plot of PC1 vs PC2 showing conformational change over the course of the
simulation (a). Arrows in (b) and (c) show motions of the protein from the beginning of the
simulation to the end.

Figures 5.3 (b) and (c) further supports the difference in chain movement, where
loops in chain B (cyan) showed a more inward motion, contrasted by that of chain A.
Movement around the heme cofactor also differed in both chains [Figure 5.4].
According to literature, the catalytic monomer has a higher binding affinity for heme
than its allosteric partner [34] [38]. This difference in behaviour can be attributed to
the different heme-monomer associations.

51



Figure 5.4:: Movement of COX-1 wild-type over the course of the MD simulation; (a) shows
the top view of the protein, and (b) the bottom view.

5.3.1.3 Network Analysis

Average BC measures the frequency of contact with between residues, while average
L measures the bond length of distance between bonds. BC tends to reflect the
importance of a residue in a network, while L describes accessibility [84]. Typically, the
two have an inversely proportional relationship, where residues with highest BC tend
to have the lowestL.

Residues 372 and 371 respectively, had the highest average BC values, as seen
in Fig.5.5. Although not catalytically significant, both residues were located in the core
of the catalytic site, located in the middle of the protein. Active site residues such as
Tyr-354 and Tyr-384 fall in this region. Other regions with higher average BC, 60-100,
130-150 and 210-230 fell in the dimer interface [29] [86] [240]. Notably residues from
123-129 and 505-515, have been reported to be important to dimer cross talk [41].
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Figure 5.5: Average BC of wild-type monomer residues. Regions with peaks in BC are
highlighted on the graphs and the protein structure with corresponding colours.
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5.3.2 NsSNPs variants analysis

5.3.2.1 Global motions

RMSD of COX-1 variants

Figure 5.6: RMSD of COX-1 variants over the course of MD simulations in relation to the
wild-type.

RMSD and RG RMSD and RG analyses of the COX-1 variants suggested aslight
change in protein stability caused by presence of the SNPs. All deviations were within
0.1nm, except variation 1557T, which exhibited a higher deviation, despite being
predicted to contain the second least deleterious SNP [Figure 2.3} after L237M. The
variant, however, does cause a very narrow change in radius of gyration.

Variants predicted to contain the most deleterious SNPs P126T, N143K and R244W,
as well as L237M, confer a reduction in RMSD, suggesting the variants stabilised
better than the wild-type over the course of the simulation.

True to the prediction of deleterious effects, variant R244W displays the largest
decrease in radius of gyration at about 0.05nm, in Figure.5.7 while the rest of the
variants converge with the wild-type. While the margin of difference is small, itimplies
asignificant change in the internal amino acid residue network.
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Figure 5.7: Radius of gyration of COX-1 variants in relation to the wild-type, over the

length of the MD simulation.
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5.3.2.2

a)

PC2

COX-1 P126T

Cartesian coordinate PCA: COX-1 P126T

Time [ns]

-10 0 10 20
PC1

PC1->51.2%
PC2->18.8%

Figure 5.8: PCA plot of variant P126T over the course of the MD simulation, showing the
variance represented by PC1 and PC2 (a). Motion of the protein is represented by arrows
in (b), where the position of the mutation is encircled in black and highlighted in red.

PCA of variant P126T observed in Figure 5.8 showcased conformational change over
the course of the trajectory, with PC1 representing 51.2% of the variance. Lack of
motion in SNP positions and residues adjacent to them in both chains, suggested
conformational change exhibited was more likely due to the asymmetrical behaviour
of COX-1 monomers, than the presence of the SNPs. RMSD [Figure 5.6] and RG
analyses [Figure 5.7] of variant P126T relative to the wild-type were in agreement with
this, as the deviation seenin both is not significant.

RMSF and Network analysis Residue 126 is in what is referred to as the cross-talk
region [] of the dimer interface, likely to be responsible for communication between the
monomers, conveying allosteric behaviour from one to the other. This cross-talk can
be seen in the contact maps [Figure 5.10], of both chain A and chain B, where the
residue network was largely maintained, suggesting no adverse effects on cross-talk
between the monomers.
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Figure 5.9: RMSF (a-b) and average L (c-d) of variant P126T, in relation to the wild-
type, highlighting position of the SNP with a black dot.

The average BC [Figure 5.10] and average L showed no distinct change, further
suggesting the variant did not affect residue interaction. The RMSF [Figure.5.9],
however, demonstrated a general change in monomer flexibility in the variant,
relative to the wild-type; but none directly in network with the position of the SNP.
Chain A showed increased flexibility in the loop residues 260-280 and the helix from
residue 440-460, not matched in chain B. The MDB region of chain B exhibited a
decrease in flexibility. Despite change from a hydrophilic to a hydrophobic residue
substitution P126T appeared to have no immense effect on the internal dynamics of
the protein, and communication between the monomers.
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Figure 5.10: Average BC (a-b) and contact maps (c) of variant P126T, relative to the wild-
type. SNP positions are represented by a black dot in the Average BC plot. The contact
maps show residue interaction between the wild-type residues (right) and the variant
(left). Interaction losses are circled in red, and gains in green. Residues interacting
across the dimer interface are circled in blue.
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5.3.2.3 COX-1 N143K

PC2
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b)

Cartesian coordinate PCA: COX-1 N143K
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Time [ns]

-5

PC1->55.1%
PC2->19.3%

Figure 5.11: PCA plot of variant N143K over the course of the MD simulation, showing the
variance represented by PC1 and PC2 (a). Motion of the protein is represented by arrows
in (b), where the position of the mutation is encircled in black and highlighted in red.

PCA The PCA of variant N143K supported the notion of conformational of the protein
during the simulation. PC1 covered the largest variance at55.1% and PC2 19.3%.
Even with the lower value, PC2 exhibited a relatively large Cartesian coordinate
difference of 25. Chain A (in green) accounted for the largest motions, as shown in
Figure 5.11(b), further adhering to the theory of monomer asymmetry.

RMSF and Network analysis Analysis of variant N143K, relative to the wild-type
revealed a general change in the flexibility and average L in the EGF and MDB regions
[Figure 5.12], which are significantly distant from position 143 in the dimer interface,
and do not appear in the contact maps in Figure 5.13 .This change in RMSF and
average was however not endorsed by average BC, where importance of residues in
the network remained unaffected. This may be due to the preservation of hydrophilicity
in the substitution.
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Protein Backbone RMSF: N143K
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Figure 5.12: RMSF (a-b) and average L (c-d) of variant N143K, in relation to the wild-
type, showing position of the SNP using a black dot.

Due its location in the dimer interface, the contact maps for each monomer showed
numerous interactions with residues in the other. However, due to the obvious
structural differences between asparagine and lysine, there was a decrease in cross-
interface interactions in the variant, including one with SNP position Leu-237 in chain
B. Interestingly, both monomers gained an interaction with Val-144 of the other (circled
in blue in Figure 5.13), though the importance of said interaction was not evident.
Chain A, however, showed an increase in residue-residue interactions
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internally, which likely contributed to the decrease in RG seen in Figure 5.7).
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Figure 5.13: Average BC (a-b) and contact maps (c) of variant N143K, relative to the wild-
type. SNP positions are represented by a black dot in the Average BC plot. The contact
maps show residue interaction between the wild-type residues (right) and the variant (left).
Interaction losses are circled in red, and gains in green. Residues interacting across the
dimer interface are circled in blue.
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As mentioned in chapter 2, Residue 143 is the site of N-linked glycosylation. COXs
are glycosylated on asparagine in all organisms, but Asn-143 is the only one that is
absolutely conserved [91] [Figure 2.1 & Figure 3.3)]. Though to date no studies exist on
glycosylation in COX-1, several exist on its function and importance in COX-2. COX-2
exists as 72 and 74 kDa glycoforms, where glycosylation of the 72 kDa glycoform at
residue Asn-580 affects COX-2 turnover and activity [241], homodimerisation [242] and
efficacy of several NSAIDs, aspirin included [243]. Other researchers have found
glycosylation of COX-2 at several asparagine residues (53,130 and 396) necessary for
proper folding of COX-2 into an active enzyme [244]. These studies point to a probable
importance of the Asn-143 glycosylation, lost in the substitution to lysine, explaining the
SNP prediction scores in Chapter 2 [Figure 2.2]. In summation, while wet-lab studies
imply importance of the position, in silico analysis of variant N143K provided insight into
the effect of an amino acid substitution in said position. As such the two complemented
each other in confirming probable impact of the SNP on protein function.
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Figure 5.14: PCA plot of variant L237M over the course of the MD simulation, showing the
variance represented by PC1 and PC2 (a). Motion of the protein is represented by in
arrows in (b), where the position of the mutation is encircled in black and highlighted in
red.

PCA The PCA plot of variant L37M in Figure 5.14a represented 87.7% of the variance
observed in the system. PC1 covered the largest variance of the system, implying
conformational change. The SNPs were located helices that contributed to movements
[Figure 5.14b]. The motion observed in that particular helix in chain B (shown in cyan)
was unique to the variant, implying an effect of the global protein motions.

RMSF and Network analysis The Leu-237 residue is conserved across the COX-1
and, interestingly, COX-2 sequences analysed in this study [Figure 3.3]. The residue
is likely involved in the dimerisation interaction, with significant contacts to sugars linked
to Asp-143 of the opposite monomer. This particular interaction was observed in the
wild-type and variant contact maps of chain B in Figure 5.16. As such, the L237M
variant was assumed to influence catalytic activity due to predicted impact on
dimerization [93]. Interestingly, the contact maps showed a greater number of cross-
monomer interactions in the wild-type chain B, which was inverted in chain A,
exhibiting an obvious effect of the SNP on dimerisation. Though the methionine
substitution maintains some interactions and hydrophobicity, the residue is larger and
more flexible.
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This structural difference is likely the cause of the changes in the residue network that
were observed in the contact maps, and the average BC fluctuations, seen in both
monomers from residue 120-150. Methionine can additionally be subject to oxidation that
could further impact the dimer contacts.
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Figure 5.15: RMSF (a-b) and average L (c-d) of variant L237M, in relation to the wild-type,
showing position of the SNP with a black dot.

The RMSF and average L analyses of the variant in Figure 5.15 showed changes in the
EGF and MDB domains of the monomers, much like those observed in variant N143K
[Figure 5.13] Whether this was due to the relation- ship between Leu-237 and Asp-143 is
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subject to further analysis.
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Figure 5.16: Average BC (a-b) and contact maps (c) of variant N143K, relative to the
wild-type. SNP positions are represented by a black dot in the Average BC plot. The
contact maps show residue interaction between the wild-type residues (right) and the
variant (left). Interaction losses are circled in red, and gains in green. Residues
interacting across the dimer interface are circled in blue.

Wet lab studies using the NSAID indomethacin [93], a non-selective COX inhibitor with

greater potency for COX-1 than COX-2, showed no significant differences in L237M

variant ICsp value compared to the wild-type. The L237M variants appeared more sensitive
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to inhibition at higher concentration of the drug, though the I1Cso value estimation was not
statistically different. These findings suggested a reduction in enzyme activity in the L237M
variant, as well as reduced COX-1 metabolic activity due to a combination of indomethacin
treatment and other variants including L237M compared with indomethacin treatment of
wild-type COX-1.

Analyses of the variant dynamics, seen in the RMSD, RG and PCA exhibited changes
in global and local motion which may attribute to what is observed in the wet lab studies.
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5.3.25 COX-1 R244W
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Figure 5.17: PCA plot of variant R244W over the course of the MD simulation, showing
the variance represented by PC1 and PC2 (a). Motion of the protein is represented by
arrows in (b), where the position of the SNP is encircled in black and highlighted in red.

PCA PC1 of the PCA analysis of variant R244W [Figure 5.17], explained 52.3% of the
variance exhibited, and PC2, 19.9%. Chain B helices on the MBD were responsible for the
greatest of the motions as seen in Figure 5.17b (in cyan); while no motion was observed
at the site of, or regions adjacent to the SNP.

RMSF and Network analysis RMSF analysis of variant R244W in Figure 5.18 showed an
increase in flexibility from residue 270-285 in chain A, that was complimented with a
decrease in chain B. Whether this was due to possible monomer cross-talk cannot be
confirmed, as it was not endorsed by the contact maps in Figure 5.19. These fluctuations
were, however, in agreement with behaviour exhibited in the PCA [Figure 5.17b]. A
decrease in average L between residues 220 and 250, in both monomers, was observed
reflecting a decrease in distance between residues, likely due to the presence of
hydrophobic tryptophan. This decrease in average L likely contributed to the lower RG
seen in Figure 5.7, in relation to the wild-type.

Though predicted to be deleterious in Chapter 2, the substitution of arginine with
tryptophan in a conserved helix of the catalytic domain appeared to minimally alter the
residue network.
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Figure 5.18: RMSF (a) and average L (b) of variant R244W, in relation to the wild-type,
showing position of the SNP using a black dot.

The interactions in chain A remained ultimately unchanged [Figure 5.19], despite the
differences in the substitution residue physiochemical properties. The similar sizes of the
wild-type and variant residues may have been the cause of this.
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Figure 5.19: Average BC (a-b) and contact maps (c) of variant R244W, relative to the
wild-type. SNP positions are represented by a black dot in the Average BC plot. The

contact maps show residue interaction between the wild-type residues (right) and the
variant (left) Interactions losses are shown in red and gains in green.
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5.3.2.6 COX-11557T

Cartesian coordinate PCA: COX-1 I557T

100

Time [ns]

-10

Plcol
PC1->56.5%
PC2->19.8%

Figure 5.20: PCA plot of variant I557T over the course of the MD simulation, showing the
variance represented by PC1 and PC2 (a). Motion of the protein is represented by arrows
in (b), where the position of the SNP is encircled in black and highlighted in red.

PCA In the PCA of variant 1557T shown in Figure 5.20, PC1 covered 56.5% of the
variance, which was the largest of all the COX-1 variants. While the minimal movement
was observed on the helices where the SNPs were located, the rest of the protein exhibited
notable motion [Figure 5.20b], with the largest being observed in the loops. This behaviour
tied in with deviations observed in variant I557T RMSD and RG [Figure 5.6 & Figure 5.7],
in relation to the wild-type.

RMSF and Network analysis Residue fluctuation was seen in Figure 5.21 in the loops of
EGF and MDB domains. Chain A exhibited the most deviation from the wild-type residue
flexibility. The fluctuation was also observed in the average L.

Contrary to its lower deleterious scoring compared to the other SNPs, the average BC in
Figure 5.22 of the variant was quite distinct from the wild-type, with highest average BC
being attributed to residue 125, as opposed to 371, thus exhibiting immense change in the
residue network. The change from hydrophobic, apolar residue to the exact opposite, likely
disrupted the residue network, resulting in the changes in average L as well.
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Figure 5.21: RMSF (a-b) and average L (c-d) of variant R244W, in relation to the wild-
type, showing position of the SNP using a black dot.

Contact maps of the variant in Figure 5.22 show a general increase in interactions with
the polar threonine. Interestingly, while global motion and behaviour of variant varied
significantly from the wild-type, the monomers exhibited similar tends in RMSF, average
BC and L; and contact maps.
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Figure 5.22: Average BC (a-b) and contact maps (c) of variant I557T, relative to the wild-
type. SNP on average BC plot is represented by a black dot. The contact maps of the
show residue interaction between the wild-type residue (right) and the variant (left).
Interaction losses are circled in red, and gains in green.
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5.3.3 Docking Analysis

In the drug discovery part of this study 11 ligands presented as viable drug compounds,
based on molecular docking poses, protein-ligand interactions and binding energy. These
ligands selected from the molecular docking aspect of the study were further screened by
performing a 10ns MD simulation to assess ligand stability. The binding poses were re-
scored after the short MD, and these scores are listed in Table 5.1. The 10ns binding energy
scores and the ligand RMSDs over the MD run were used to further screen the hits. The
MD simulations were extended to 100ns for further analysis.

Table 5.1: Ligand binding energies re-scored after a 10ns MD simulation

Binding energy t=0ns |Binding energy t=10ns | Binding energy t=0ns | Binding energy t=10ns
Active Site Ligand (kcal/mol) (kcal/mol) (kcal/mol) (kcal/mol)
Chain A Chain B
SANC239 -7.7 -4.9 -6.4 -6.8
SANC521 -8.7 -6.3 -7.8 -7.2
SANC627 -8.1 -8.2 -6.0 -6.8
SANCT721 -9.4 -8.7 -4.3 -8.9
Cyclooxygenase ZINC925 -10.5 -9.8 -6.4 -6.9
ZINC3113 -10.3 -9.6 -7.5 -9.6
ZINC4587 -9.0 -9.1 -8.2 -7.1
ZINC4671 -10.7 -9.3 -6.6 -6.5
ZINC4749 -10.6 -9.1 -8.8 -8.7
ZINC4394 -9.4 -4.2 0.6 -4.8
Peroxidase
ZINC4591 -9.5 -5.9 -7.9 -4.7

Rescoring of top-ranking ligands binding energies after 10ns MD simulations,
shown in Table.5.1, present irregular binding energy changes across the ligands and
monomers. Binding energy increase in one monomer complimented by decrease in
the other, and vice versa. Due to the inconsistency of the scores, the MD runs for all
ligands were extended.

RMSD analysis of the ligands after a 90ns MD simulation extension, seen in Figure
5.23, shows changes in ligands stability for quite anumber of ligands. As in the rescoring
procedure, ligand behaviour is not particularly uniform across the monomers. Ligands
SANC239, SANC721 and ZINC4671 are the exception to this behaviour, with the
ligands exhibit a minimal amount of deviation for both chains over the duration of the
simulation
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Figure 5.23: Ligand RMSDs in chain A (a) and chain B (b) during the 100ns MD
simulation.
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5.3.3.1 SANC239

Due to the asymmetric behaviour of ligands in each of the monomers, one monomer
was assumed to be the catalytic monomer (Eca) and discussed. In the case of
SANC239, while both exhibit stability in RMSD [Figure 2.3 & S.Figure 8]; there was a
drastic decrease in binding energy in chain A, which was contrasted by an increase in
chain B [Table.5.1]. As such protein-ligand interaction in chain B will be discussed.

Visual analysis Snapshots of the protein-ligand complex at varying stages over the
course of the MD simulation in Figure 5.24 showed a change from hydrogen bonding
with Try-384 and Met-521, to Ser-529 and Tyr-386. The newly formed hydrogen bonds
were maintained throughout the simulation, matching the interactions of salicylic acid.

COX1-SANC239 complex: t=10ns COX1-SANC239 complex: t=100ns
COXI1_Sal complex COX1-SANC239 complex: t=0Ons
@=—=@ Ligand bond niss3_ Non-ligand residues involved in hydrophobic
@@ Non-ligand bond 7€ contact(s)
.- _.-. Hydrogen bond and its length . Corresponding atoms involved in hydrophobic contact(s)

Figure 5.24: LigPlot+ protein-ligand interaction plot for SANC239 in chain B, showing the
intermolecular interaction at different stages of the 100ns MD simulation. A plot of co-
crystallised a COX-1-aspirin complex (PDB ID:5F1A) is used as the reference for the
active site pocket and important residues.

Network analysis While presence of the SANC239 minimally changed residue
interaction network for both chains as characterised by Figure 5.25, average BC was
higher in chain B in the loop regions of residues 120-160, changes in average BC and
L are not immensely different.
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Figure 5.25: Average BC (a-b) and L (c-d) of SANC239 bound COX-1, relative to the
apo-protein.

MM-PBSA calculation Residues Leu-351 and Phe-517, which shared VDW
interactions with the ligand [Figure 5.24] in the active site pocket, contributed the
highest to the free binding energy of the ligand. A significant number of residues in the
active site, interacting with the ligand, contributed favourably to overall free binding
energy. As shown in Figure 5.26, Trp-386, the electron donor in a hydrogen bond with
the ligand; Gly-525 and Ala-526 participate in the interaction electrostatically, and Leu-
383 which is a hydrogen donor fromthe main chain [S.Figure 11], all had considerable
contributions.

Studies have shown other aspirin-like compounds are valuable in the inhibition of
COX-enzymes [190]. SANC239 fits this bill, with is relatively small molecular weight
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[shown in Table 4.3] comparable to that of aspirin and its interactions with notable
residues of the aspirin active-site pocket.

Table 5.2: A decomposition of the binding energy components obtained from MM-PBSA
conducted for SANC239.

Energy (kJ/mol)

Ligand
VDW Electrostatic Polar solvation SASA Binding
SANC239_A -81.364 + 11.341 | -208.742 + 19.426 | 178.669 * 19.302 -11.073 £+ 0.646 | -122.509 * 16.088
SANC239_B -120.014 £ 9.685 -49.920 £ 7.296 104.718 + 4.619 -11.031 £ 0.580 -76.247 + 8.394

Contribution energy (kJ/mol)

Contribution energy (kJ/mol)

20 30
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-30

Per residue energy contribution chain B

31 50 69 88 109 133 157 181 205 229 253 277 301 325 349 373 397 421 445 469 493 517 541 585

Residue Number

Per residue energy contribution B

[ ] L 1 [ ]

351 380 383 384 386 517 521 522 525 526

Residue Number

Figure 5.26: SANC239 MM-PBSA per residue energy contribution in chain B,
highlighting residues with the highest contributions.
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5.3.3.2 ZINC4671

The protein-ligand interactions of ligand ZINC 4671 in chain A were analysed, due to
the better ligand stability exhibited in chain A as opposed to chain B [Figure 5.23 &
S.Figure 10].

Visual analysis Visual analysis of protein-ligand interactions in Figure 5.27, showed
constant hydrogen bonding with electron-donor Ser-529. The ligand seemed to
dislodge from active site at 10ns, butre-established interactions by the 100ns mark. This
behaviour was additionally corroborated by the slight deviation observed around the
10nsinthe RMSD [(Figure 5.23 & S.Figure 10], after which the ligand remained stable.

a5l COXI1-ZINC4671 complex: t=10ns COX1-ZINC4671 complex: t=100ns
COX1_Sal complex COX1-ZINC4671 complex: t=0ns
@=—=@ Ligand bond His 53 Non-ligand residues involved in hydrophobic
- )
: contact(s
@ —@ Non-ligand bond e contact(s)
@- ~-@ Hydrogen bond and its length @  Corresponding atoms involved in hydrophobic contact(s)

Figure 5.27: LigPlot protein-ligand interaction plot for ZINC461 in chain A, showing the
intermolecular interaction at different stages of the 100ns MD simulation. A plot of co-
crystallised a COX-1-aspirin complex (PDB ID: 5F1A) is used as the reference for the active
site pocket and important residues.

Network analysis Network analysis of the protein in Fig.5.28, showed an increase in
average BC between residue 135 and 150 in the catalytic domain. The increase was
not mirrored in chain B which exhibits unfavourable interactions with the ligand. It was
therefore highly likely the differences in BC were due to ligand presence.

MM-PBSA calculation The per residue contributions from free binding energy
analyses, of ZINC 4671 conducted using MM-PBSA, showed that Arg-119 contributed
unfavourably to the total AG.
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Figure 5.28: Average BC (a-b) and L (c-d) of ZINC4671 bound COX-1, relative to the
apo-protein.

Arg-119 plays a key role in stabilising substrate, AA, in the active site. Though it does
not appear in the LigPlot diagram, Arg-119 participates in a 7t-7t stack with the ligand,
as shown in S.Figure 11. lle-522 and Leu-351, which are among the residues that
contribute favourably to total energy, can be seen interacting electrostatically with the
ligand. Leu-351, with the second largest contribution, participates in a residue ligand
7t-0 interaction [S.Figure 11].
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Table 5.3: A decomposition of the binding energy components obtained from MM-PBSA
conducted for ZINC4671.

Energy (kJ/mol)

Ligand
VDW Electrostatic Polar solvation SASA Binding
ZINC4671_A -151.560 % 0.265 -23.66 + 0.205 99.210 + 0.239 -14.871 + 0.026 -90.849 + 0.284
ZINC4671_B -145.302 £ 0.299 -29.804 £ 0.394 93.035 £ 0.741 -11.031 £ 0.030 -95.732 £ 0.522

Contribution energy (kJ/mal)

Contribution energy (kJ/mol)
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-10
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Residue Number

Per residue energy contribution A
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Figure 5.29: ZINC4671 MM-PBSA per residue energy contribution in chain A, highlighting
residues with the highest contributions.
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5.4 Conclusion

The objective of this chapter was to perform MD simulations on the COX-1 in three different
states, a) as the wild-type, b) as structural variants due to SNPs and c) as a ligand-bound
protein.

MD simulations conducted on the COX-1 wild-type were performed to provide a better

understanding of protein’s behaviour. The MD simulations revealed that the COX-1
exhibited dissimilar behaviour during the simulations, inferring that the enzyme is in fact
a functional heterodimer. Dimer asymmetry has been cited to be important to catalytic
activity of someenzymes [245].

MD simulations conducted on the COX-1 variants showed that presence of SNPs
altered protein dynamics to varying degrees. 1557T exhibited the largest change in
global motion, despite its low evolutionary conservation and in silico prediction score.
N143K and L237M showed the greatest change in DRN produced contact maps,
affecting inter-monomer interactions. Based on the suggested importance of
communication between monomers, this may affect protein catalytic function. P126T
exhibited intermediate change, relative to the wild-type. Probable effect of the SNPs on
enzyme interaction with ligands or potential drugs catalytic cannot be confirmed based
on the trajectory analyses.

The simulations conducted on the protein-ligand complexes had the purpose of
assessing ligand stability in screening for a potential drug compound. Due to being a
functional heterodimer, the COX-1 monomers interacted with ligands in a dissimilar
manner, as seen in the MD simulations on the protein ligand complexes. Ligands
SANC239 and ZINC4671 showed reasonable stability over the course of the MD
simulations and interacted with key residues in the cyclooxygenase active site. Both
specifically bound in the aspirin pocket, though SANC 239 exhibited more hydrogen
bonding. It is assumed SANC239 bound more effectively than ZINC4671 due to its
smaller size relative to the other. The unique behaviour of ligands across the monomers
further suggested that allostery can be switched between the two. Overall, the two
ligands seem to be viable inhibitors that could benefit from further investigation in a
wet-lab study.
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6 Conclusion

6.1 Concluding Remarks

The research aims of this study were to identify potential drug compounds to inhibit COX-
1 and analyse the effect of nsSNPs on structural variants of the protein associated with
them. The experimental work outlined in this thesis investigates COX-1 in these two
aspects.

6.1.1 SNP analysis

In the SNP analysis component of this study, the wild-type motions and conformations
were studied as a reference for variant behaviour. The findings of the analysis
corroborated previous observations, that the COX-1 is a sequence homodimer, but
conformational heterodimer [] [] [].

Analysis of the structural variants of COX-1 revealed an overall effect on the global
motions of the protein due to presence of the SNPs.I557T exhibited the largest
changes in global motion, while N143K and L237M showed the biggest effect to the
residue interaction network. Interaction across the dimer interface, was also affected
by SNPs N143K and L237M. While the importance of communications is yet to be fully
investigated [41], it is suggested to be vital to the catalytic activity of the protein,
conferring allosteric and catalytic activity to the monomers [, ].

As such, investigation into the SNPs revealed their probable effect on the structure
and probably catalytic function of the protein. Functional effects of these SNPs can be
further investigated and validated in wet-lab experimentation through series of
functional assays.

6.1.2 Drug Discovery

In the drug discovery portion of the research, potential drug compounds that bound
favourably to the COX-1 monomers were identified. However, due to COX-1 being
conformational heterodimer, each monomer interacted with ligands uniquely, resulting
in varying results.

Most promising ligands interacted with Ser-529, the site of aspirin acetylation in
COX-1. Most promising ligands met at least three of the Lipinski rules for druggability.
Aspirin- like natural product ligands, such as SANC 239, bound well and in a stable
manner with COX-1, and is likely to be good inhibitor of COX-1. ZINC4671 also showed
stability in the aspirin active site pocket. These observations could be further validated
experimentally using NMR analysisand point-mutation studies and follow up assays.
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6.2 Limitations of study

The primary limitation to this study was the selection of SNP/SNVs studied. As
highlighted in Chapter 2, the criteria used in the study prioritised location of amino
acid substitution in protein over variant frequency in population [60] and, as a result,
some of the substitutions [Table 2.1] can be better categorised as private variants.

The consequence of this selection is the non-viability of the targets for large-scale
pharmacogenomics and precision medicine. The method used however, did reveal
probable effects in those small populations carrying these variants and is transferable
to SNPs of higher frequency.

6.3 Recommendations and further work

Further in silico analysis into effect of SNPs on ligand binding and interaction could
shed light on the effect of the polymorphisms on protein catalytic activity. Of great
interest is L237M, which has been cited and investigated for playing a role in aspirin
resistance, especially in Asian populations.

Additionally, the use of tailor-made ligands through scaffold-hopping [246] and
fragment linking [247] could be employed to improve in silico drug design efforts.
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Supplemental Figure 1. B-factors of COX-1 model.
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Supplemental Figure 6: R244W validation results, from Verify3D (a), and ProSA-web
overall (b) and local (c) model quality.
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Supplemental Figure 10:: LigPlot diagrams showing interactions of SANC 239 in chain A
(above) and ZINC 4671 in chain B (below).
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Supplemental Figure 12: SANC 239 B MMPBSA full energy analysis showing
energy fluctuations over the 10ns, used for analysis.
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Supplemental Figure 13: ZINC 4671A MMPBSA full energy analysis showing energy
fluctuations over the 10ns, used for analysis.
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