Computational studies in human

African trypanosomiasis

A Thesis Submitted In Fulfilment Of The Requirements For The Degree Of
DOCTOR OF PHILOSOPHY
Department of Biochemistry and Microbiology
RHODES UNIVERSITY
by
Tendai Muronzi
ORCID ID: https://orcid.org/0000-0003-2616-7178

April, 2023



Abstract

Human African trypanosomiasis (HAT) is a neglected tropical disease (NTD) caused by two
subspecies of the parasite, namely Trypanosoma brucei (Tb) gambiense (g-HAT) and
rhodesiense (r-HAT). HAT is endemic in sub-Saharan countries, where the parasite
transmission vectors, tsetse flies, breed. An estimated 70 million people remain at risk of
contracting the disease, where the infection is classified as acute or chronic for g-HAT and r-

HAT, respectively, with both forms ending in fatal meningoencephalitis when left untreated.

Both g-HAT and r-HAT are responsible for widespread fatal epidemics throughout sub-
Saharan African history, resulting from the complex molecular interplay between
trypanosomes and humans through unique, innate immunity evasion mechanisms. Of interest,
the Tbr subspecies expresses a serum resistance-associated protein (SRA), which binds to
human serum lytic factor, apolipoprotein L1 (ApoL1), nullifying any trypanocidal activity. In
response, ApoL1 (G1 and G2) variants found in humans of sub-Saharan African lineage have
been cited for conferring resistance to the r-HAT infection in an interaction that is not fully

elucidated

In the event of successful infection, current HAT chemotherapeutics are plagued with
complexity of administration, poor efficacy, toxicity, and potential drug resistance,
highlighting a need for improved approaches. The parasite folate pathway provides a strategic
target for alternative anti-trypanosomal drug development as trypanosomatids are folate
auxotrophs, requiring host folate for growth and survival. Validated drug targets pteridine
reductase (TOPTR1) and dihydrofolate reductase (TODDHFR) are essential for salvaging
cofactors folate and folate biopterin crucial to parasite survival, making them viable targets

for anti-folate investigation.

The overall aims of this thesis were to a) provide insights into the molecular and dynamic
basis of the SRA and ApoLl interplay in HAT infection and b) identify safer and more

efficient anti-folate anti-trypanosomal drug alternatives through in silico approaches.

To achieve our first aim, in silico structure prediction was applied to generate 3D models of
ApoL1 C-terminal variants GO, G1, G1G/M, G2 and G1G2, and four SRA variants retrieved
from the NCBI database. The SRA and ApoL1 structures were inspected dynamically to

identify the effect of the variants through molecular dynamics (MD) simulations. Dynamic
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residue network (DRN) analysis of MD trajectories was fundamental in identifying residues
playing a vital role in the intramolecular communication of both proteins in the presence of
mutations. Protein-protein docking was then applied to calculate plausible SRA-ApoL1 C-
terminal wild-type complex structures to further elucidate the nature of SRA-mediated
infection. Through MD simulations, twelve SRA-ApoL1 dimeric structures were narrowed
down from five to two energetically sound complexes. The two feasible SRA-ApoLl
complexes (1 and 2) exhibited favourable communication observed through DRN analysis,
including the retaining key communication residues identified in prior monomer DRN
calculations. ApoLL1 C-terminal variants were additionally incorporated into SRA-ApoL1

complexes 1 and 2 for further complex dynamics analysis

This investigation into the nature of SRA-ApoL1 binding resulted in five primary outcomes:
1) highlighting the intramolecular effects ApoL1 variants have on the stability of the protein,
2) the identification of crucial SRA and ApoL1 communication residues in both monomeric
or dimeric form, 3) the isolation of feasible SRA-ApoL.1 complexes determined through
global and local structural analyses 4) identification of residues crucial to the complex
formation and maintenance of SRA-ApoL1, overlapping with those identified in (1), and 5)
the minimal dissociative role of the G1 mutations in the complex, but compounding effect of

the G2 deletion mutation.

Computational modelling and drug repurposing were employed to achieve the thesis's second
aim as they drastically cut down the costs involved in drug discovery and provide a more
time-efficient screening method through numerous drug candidates. Using high throughput
virtual screening, a subset of 2089 approved DrugBank compounds were screened against
TbPTRI. The outputs were filtered to 24 viable compounds in 54 binding poses using binding
energy and molecular interactions. Through subsequent MD simulations of 200ns, thirteen
potential hit compounds were identified. The resultant hit compounds were subjected to
further blind docking against TODHFR and molecular dynamics to identify compounds with
the potential for dual inhibition. The filtered subset was also tested in in vitro single
concentration and dose-response bioassays to assess inhibitory properties against
Trypanosoma brucei, complementing in silico findings. Post-molecular dynamics, four
compounds exhibited high stabilities and molecular interactions with both TOPTR1 and
TbDHFR, with two presenting favourable results in the in vitro assays. Three compounds

additionally shared common structural moieties.
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In all, the in silico repurposing highlighted drugs characterised by favourable interactions and
stabilities in TOPTR1, thus providing (1) a framework for further studies investigating anti-
folate HAT compounds and (2) modulatory scaffolds based on identified moieties that can be

used for the design of safe anti-folate trypanosomal drugs.
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Thesis Overview

The main objective of the research was to investigate human African trypanosomiasis (HAT) as: 1) a
result of a molecular arms race between the causative parasites and humans, and 2) a target for anti-

folate drug discovery.

CHAPTER 1
This chapter introduces African trypanosomes and the disease human African trypanosomiasis (HAT)
caused by the trypanosome subspecies. Additionally, computational methods typically used to study

protein structural dynamics are highlighted.

CHAPTER 2
Apolipoprotein L1 (ApoL1) is introduced in chapter 2. The ApoL1 C-terminal variants GO, Gl1,

And G2 are modelled, and the structural consequences of the mutations are highlighted.

CHAPTER3
Chapter 3 describes variants in Trypanosoma brucei rhodesiense (Tbr) Serum Resistance-
associated protein (SRA). Variants of the protein retrieved from the NCBI database were

structurally compared, leading to the identification of mutational cold spots.

CHAPTER 4
This chapter expands on Chapters 2 and 3 by incorporating SRA and ApoLl1 into protein-protein
docking. Plausible SRA-ApoL1 complexes are calculated, and the effect of ApoL1 variants in the

complexation investigation.

CHAPTERS

Chapter 5 describes the use of high throughput virtual screening (HTVS) for drug discovery. Potential
anti-folate compounds are identified though docking a DrugBank dataset against TOPTR1 and
ThDHFR.

XV



CHAPTER 6
Finally, the findings from chapters 2-5 are summarised. The significance of the research

outcomes is highlighted in addition to detailing future work.
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Chapter 1

Introduction

1.1 Literature Review

1.1.1 Disease background

2

African trypanosomiasis is a disease endemic in sub-Saharan African countries ' where the

transmission vectors, tsetse flies (Glossina spp.) 3, breed. Compared to less conventional

1 4-6 t 7.8

transmission means, such as cross-placenta and sexual contact "°, a tsetse fly bite is the

most prevalent. Protozoan parasites, African trypanosomes Trypanosoma brucei, cause the
disease to varying infections and hosts, depending on the infecting parasite subspecies °.
Trypanosoma brucei brucei (Tbb), for example, causes animal African trypanosomiasis
(AAT), also known as Nagana, in livestock but cannot infect humans due to lysis by human
serum. Nagana is a wasting disease that contributes significantly to the socio-economic burden

10,11

of African trypanosomes as infected animals seldom survive.

Trypanosoma brucei rhodesiense (Tbg) and Trypanosoma brucei gambiense (Thg) are
responsible for human African trypanosomiasis (HAT), with each causing geographically well-
delineated infections that present unique characteristics in the human host. Trypanosoma
brucei rhodesiense HAT (r-HAT) is an acute and fast-progressing '>!* zoonotic infection,
primarily isolated to eastern and southern Africa, while Trypanosoma brucei gambiense (g-

14

HAT) causes an anthroponotic '* chronic disease localised to western and central Africa.

Though both parasite subspecies are non-pathogenic in domestic and wild animals, the animals

serve as epidemiologically significant reservoir hosts *!°.

HAT pathology is divided into the early haemo-lymphatic and the meningo-encephalitic stage
1617 "In the early haemo-lymphatic stage, following an infected tsetse fly bite, the parasites
proliferate in the blood and lymphatic system. This first stage of the disease is initially

asymptomatic, save a chancre at the site of inoculation '®. As the infection progresses, it is



characterised by several symptoms, including general malaise, headaches, fever,

lymphadenopathy, arthralgias, and myalgias.

Progression to the second stage has been estimated at over one year and three weeks for Thg,
1920 and Thr HAT 2!, respectively. In the final stages (the meningo-encephalitic stage), the
parasites cross the blood-brain barrier (BBB) ?? into the central nervous system (CNS) 2
causing severe mental health complications such as sensory disturbances or insomnia and sleep
cycle disruptions '®!7-?* hence the colloquial name. Additional complications and symptoms
include motor problems such as tremors, ataxia, endocrinological disturbances, seizures and

ultimately, fatal comas %°.

The parasites undergo antigenic variation to effectively evade the host’s immune system 2628,

making preventive vaccines challenging to develop.

1.1.2 Parasite Life-cycle

Once a host is infected, T. brucei undergoes several developmental morphological and
enzymatic changes in its life cycle in Figure 1 to facilitate host-host transfer of the parasite
and adapt to the different environments within the tsetse vector such as the midgut or the
mammalian host lymphatic system and the central nervous system. When an infected tsetse fly
bites a human host, the metacyclic forms of the parasite from its saliva are introduced into the
host’s bloodstream. The parasites multiply at the site of infection, passing between the lymph
and blood *°. The parasites differentiate into the long slender form in the bloodstream
infecting various tissue and organs. These cells express the bloodstream-stage-specific VSG
coat to evade the mammalian immune response *'. During the progression of infection, the
parasites morph into the short stumpy form that stays dormant in the blood, ready for vector
feeding (Figure 1). The stumpy form exists in division-arrested forms to limit the increase in
parasite numbers, prolonging host survival for further transmission 3'. The tsetse fly segment
of the cycle takes approximately three weeks, beginning when the fly feeds on an infected
blood meal . The stumpy parasite forms differentiate into procyclic forms and resume
proliferation in the insect mid-gut. The division is arrested once more as the procyclic parasite
travels to the tsetse fly salivary glands, transforming into the intermediate epimastigotes, then

the human-infective metacyclic trypomastigotes 2.



Figure 1: A schematic illustration of the life cycle of T. brucei in the human host and tsetse fly vector.
Developmental forms of the parasite are shown in both hosts. The long slender parasites proliferate
in the human bloodstream, infecting the blood as well as the tissue (such as the brain). The parasites
then differentiate into the non-proliferative short stumpy form, which is taken up by the tsetse fly,
morphing into the procyclic form. Procyclic parasites rapidly divide in the mid-gut of the fly and
transition into non-dividing metacyclic forms in the fly salivary glands for transmission into the

human bloodstream via a bite.
1.1.3 Disease management and treatment

Sleep sickness management uses several strategies, spanning prevention, diagnosis, and

treatment.

*  Prevention: As no vaccines are available for HAT, prevention aims to reduce disease
incidence by disrupting the parasite life cycle. Controlling the tsetse fly population is
vital to prevention as it curtails transmission >33, Vector control measures such as
using insecticides and clearing bushes near residential areas effectively reduce the
incidence of the disease. These techniques, as well as rudimentary ones such as
wearing protective clothing and use of repellent, work well when combined with

educating the population in affected areas on risks and prevention endeavours.
3



Infection control in livestock is also vital to disease prevention, as they serve as a
parasite reservoir '*3*3. This can be done through uses the same methods to protect
livestock from tsetse flies through the use of insecticide-impregnated ear tags or mass

anti-parasite drug administration

*  Early-stage diagnosis: Screening of the population in endemic areas and any travellers
to the area play a crucial role in preventing the spread of the parasite as both infected
human and animal hosts act as a reservoir for the parasite '“*°. Diagnosis is also vital

for medical intervention to prevent the death of infected individuals.

Diagnosing sleeping sickness can be challenging due to vague or absent symptoms in
the early stages and the need to test cerebrospinal fluid for conclusive results, hence the
need for frequent screening. Diagnosis methods such as physical examination, blood

and serological tests, lymph node biopsy, and molecular (PCR) tests are often used .

*  Treatment: The administration of drugs to kill the parasites and cure the disease
requires knowledge of the stage of progression to and the parasite species causing the
infection. Treatment typically involves chemotherapy that targets the parasites, such as

37

pentamidine or suramin for the early stage of the disease 3’, and melarsoprol * or

eflornithine **4° for the late stage. Eflornithine is also used in a recommended

T 442 | with nifurtimox *, a drug used in Chagas

combination therapy called NEC
disease treatment **. Fexinidazole * is an orally administered drug, recently available
from 2020, that can be used against both stages of g-HAT, while acoziborole *® is in the
final stages of promising clinical trials *’. Patients treated for HAT ideally receive

follow-up surveillance and care to ensure parasite clearance.

Overall, the management of sleeping sickness requires a comprehensive approach that includes
prevention, early diagnosis, and effective treatment. Efforts are ongoing to improve
surveillance, control and treatment of the disease in affected regions *®. To date, through the
application of the HAT management techniques, Benin, Uganda, and Rwanda have received
validation from the World Health Organisation (WHO) for elimination of at least one form of
HAT as a public health problem **. Uganda, where both g-HAT and r-HAT are endemic,

has achieved elimination of the former and continues efforts in targeting r-HAT.



1.1.4 Knowledge gap and motivation

As HAT mostly affects rural, resource-poor communities in sub-Saharan Africa, HAT is
considered a neglected tropical disease (NTD). During the 20th century, it was responsible for

a number of devastating epidemics %!

, with the latest upsurge in infections in the late 1990s
52 peaking at a reported over 25,000 cases. This spurred on coordinated interventions, with
WHO, in 2001, launching an initiative to reinforce HAT surveillance and control in all

endemic countries.

From the year 2000, there has been a steady decrease in the prevalence and incidence of both
Tbg and Tbr HAT 3375¢ due to the combination of government and internationally assisted
disease control measures. Despite these efforts, HAT is unfortunately far from being eradicated

305457 in regions

and remains a public health risk causing considerable morbidity and mortality
where the parasite and its vector are present and in remote and rural areas where access to
healthcare and control measures may be limited . There have alarmingly been reports of new
cases in ordinarily HAT-free areas **°>°, While this may be due to previous underreporting

3660 or vector distribution being affected by climate change *°, it is cause for concern.

Additionally, common HAT chemotherapies are plagued with adverse side effects, poor
efficacy, and emerging drug resistance, in combination with complex treatment and
administration protocols impractical in impoverished areas ®'. While effective against both
stages of g-HAT and r-HAT ®, melarsoprol is restricted to second-stage r-HAT % due to

64

toxicity and reported occurrences of resistance . The drug contains arsenic that can

8 and

accumulate in the body, causing a reactive encephalopathy fatal in 50% of cases
damaging the liver and kidneys. Suramin, used for the first stage, is less toxic but requires
complicated prolonged administration, while pentamidine is primarily used to treat stage one
g-HAT as it is a less effective alternative for r-HAT. Eflornithine, effective in both stages of g-
HAT 629 is also difficult to administer, coupled with a short drug half-life. The drug's
shortcomings are improved by administering it in combination with nifurtimox, which is
cytotoxic to both forms of HAT . Fexinidazole is currently only administered for g-HAT, but
clinical trials are underway to assess its alternative use for both stages of fast-progressing r-
HAT (Clinicaltrials.gov: NCTO03974178). Fexinidazole and acoziborole are considered

I and have less

improvements over previous treatments as both can be administered orally °
severe side effects. However, more research is needed to determine their long-term

effectiveness and safety. A potential chemotherapy avenue to explore can be noted in targeting

5



the anti-folate drugs, which at present are in use for malaria treatment®, and are of interest in

67,68

other anti-parasite therapy such as , leishmaniasis and Chagas disease (American

trypanosomiasis)®>-"" .

Due to the continued status of HAT as an NTD and the lack of comprehensive and safe
treatment for both forms of the disease, coordinated effort is still required for the elimination
of gambiense and rhodesiense HAT as public health problems in central, and eastern southern
Africa "!. In the project, we aim to support elimination efforts by exploring the mechanism of
r-HAT infection and potential anti-folate drug discovery as an alternative to existing

chemotherapies.
1.2 Computational approaches

Various computational methods are used for the analysis of HAT to supplement and

complement conventional wet-lab experimentation, as with many bioinformatics approaches.
1.2.1 Protein structure prediction

In silico protein structure prediction fills in the gap left by unsolved protein structures,
calculating models comparable to what would be achieved experimentally and simultaneously
providing an alternate solution where experimental techniques such as NMR analysis, cryo-
EM or X-ray crystallography fall short. Calculated models can be used in numerous studies,

72,73

including structure-based drug design , protein function analysis, variant analysis, and

rational design of proteins for increased functionality.

Structure prediction can be achieved using either ab initio or template-based approaches. The
template-based methods make use of alignment with experimentally solved protein structures,
while the ab initio approach builds models from scratch using physics- or knowledge-based
energy functions '#7°. The template-based approach can further be divided into threading 778
and homology modelling, with the latter as the favoured approach 7°, though the two can be

used in tandem.

1.2.1.1 Homology modelling

80

Homology modelling is based on the established notion * of evolutionary-related proteins

sharing highly conserved structural features, regardless of differences in primary amino acid

sequence 81-82,



The process of homology modelling consists of four main steps:

1. Template selection
2. Target and template alignment
3. Model construction

4. Model assessment.

Template selection is the first, and thus the most crucial step in the process, as errors trickle
downstream to the final step. Templates are typically identified based on sequence identity or
similarity, where a match above 50% is ideal. Search tools, such as BLAST %3 and HHPred %,
use pairwise alignment to match homologous sequences and can be employed for template

identification.

However, numerous studies 33 have revealed that protein structures can be generated with
lower sequence identity. In such cases with weak sequence identity, secondary structure
prediction plays a significant role *>°. Apart from sequence similarity, additional factors to be
considered for template eligibility include phylogenetic similarity between template and target
sequences, presence of ligands, as well as experimental structure resolution and R-factor

quality °!.

Once a template is identified, it is aligned with the target sequences with consideration of gaps
and insertions. Pair-wise alignment between the target and template or preferably multiple
sequence alignment °? including related sequences, are applied to generate the basis for model
construction. Accuracy in target-template alignment is crucial to model quality®®, as a single

residue misalignment can result in an error of approximately 4A %4,

Model construction entails backbone generation, loop and side-chain modelling, and model
optimisation °!. Backbone generation provides the skeleton that the rest of the protein will be
modelled onto, filling gaps and insertions during loop modelling. Loops are generally the most
variable regions of a protein, often determining the functional specificity of a protein structure
9 Protein side chains occur in energy conformations called rotamers, which are selected and

fixed onto the backbone coordinates using defined energy functions and search strategies **”.

Proprietary standalone or webserver-based programs such as MODELLER *%, SwissModel®”,
RaptorX'® | and ROBETTA!'"! are typically applied to for model generation, including a

scoring functionality. Also worth mentioning is AlphaFold '°>1% an emerging tool combining

7
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neural networks and homology modelling to generate models. Specialised tools "™ such

as DaReUS-Loop'” , Loopy'® and ModLoop!® for loop modelling, or SCWRL and

MOolIDE! for side-chain prediction and modelling, exist as well.

The resultant structures from the model generation need to be optimised to resolve any

conformational inaccuracies in bond lengths and angles through an energy minimisation

110

procedure "7, as well as molecular dynamics (MD) to tackle steric clashes with minimal

1. Additionally, webservers can be employed for further structural
validation. Examples of external servers include ProSA !'!12. ERRAT '3, PROCHECK 4115,

PROVE ", WHATCHECK !'7 and Verify3D !!8.

structural distortion

1.2.1.2 Threading

0

Threading ' , also known as fold recognition '?°, is a protein structure prediction method that

entails aligning the target amino acid sequence to a library of known protein structures '*!12? to
identify the best match. The basic assumption of the threading algorithm is the conservation of
the tertiary structure over secondary structure and sequence as in homology modelling . It is
particularly useful for identifying structurally similar folds between proteins with low
sequence identity through profile alignment methods that consider both sequence and
structural similarity, providing insights into protein function and evolution. Therefore,

structural modelling can be better detected through 2D or 3D structural homology instead of

sequence homology.

Threading involves steps similar to homology modelling except for the fold identification and
fold fitting step in the template identification, where the protein sequence is divided into
fragments threaded through 3D structural databases '*, such as the RCSB Protein Data Bank
(PDB) (https://www.rcsh.org/). Some factors considered in determining structural similarity

include predicted secondary structure and predicted solvent accessibility!'?°.

A scoring function'?* | typically based on a 2D matrix of inter-residue distance and solvation
terms, is assigned to assess the fit of a sequence to a given fold, with the lowest energy fold
being taken as the most suitable match. After the library of candidate structural fragments
(templates) are identified, the target sequence is fitted onto the template scaffold using
optimization algorithms, allowing for relative insertions and deletions in loop regions,

adjusting side chain conformations, and refining the protein backbone.


https://www.rcsb.org/

As in homology modelling, the structures are refined and evaluated after model generation to
improve accuracy and quality. Threading can typically be combined with other structure

prediction methods to generate more accurate models'?.

1.2.1.3 Incorporation of SNPs/SNV's

Single point gene mutations can alter pre-mRNA splicing, amino acid sequence, and,
ultimately, protein structure '2°. Mutations in nucleotide sequences are called single nucleotide
variations (SNVs) and single nucleotide polymorphisms (SNPs) when observed in a population
with a frequency of at least 1% 267128, At the protein level, non-synonymous SNPs (nsSNPs)
alter the amino acid sequence of the resultant protein and can be further divided into missense
and nonsense mutations which result in amino acid substitution and polypeptide sequence
truncation through premature stop codons, respectively. As a result, missense mutations play a
significant clinical role as they can inadvertently alter protein structure and function through
the disruption of folding and stability, physiochemical properties, and modification structure

flexibility.

Additionally, SNPs can play a role in the determination of the susceptibility or resistance of
individuals to certain diseases '*°. Genome-wide association studies (GWAS) can be applied to
analyse phenotype and mutation associations '**. Due to this importance, these can be studied
computationally to elucidate any protein function-altering properties by inclusion in protein
model structures. Inclusion of mutations can easily be achieved by altering the target sequence
as outlined above. Alternatively, tools such as PyMOL '3!, Discovery Studio (DS) '*, and
UCSF Chimera '** offer functionality to introduce mutations to 3D protein structures, which
can then be optimised, and further studies for the identification of their functional and

structural effects

In the current work, protein structure prediction was applied using MODELLER *® and

132

Discovery Studio to generate structurally sound models for the analysis of structural

variants of ApoL1, SRA, and their complexes.
1.2.2 Molecular docking

Molecular interactions, such as protein-protein, enzyme-substrate, protein-nucleic acid, or
drug-protein, play vital roles in essential biological processes. Naturally, there is a need to
study these processes for varying fields of biological study. However, obtaining complex

structures through experimental initiatives such as X-ray crystallography or NMR is often
9



difficult and expensive. As such, an alternative approach to understanding is required.
Molecular docking aims to computationally model complex biological structures, showing
interactions between the components at an atomic level and facilitating the characterisation of

their behaviour and elucidation of fundamental biochemical processes.
A typical docking procedure entails:

1. definition and representation of the system
2. conformational search (for a complex)

3. scoring and ranking of possible complexes

These are achieved in varying ways depending on the participating molecules of the docking.
1.2.1.1 High-throughput virtual screening

High-throughput virtual screening (HTVS) is an increasingly valuable tool for drug discovery

73,134 135

, functioning as a low-cost and effective alternative to traditional experimental

screening. HTVS aims to calculate a feasible protein (receptor) and compound (ligand)

complex structure by performing molecular docking with multiple ligands '3,

1.2.1.1.1 Receptor and ligand preparation

System definition in protein-ligand docking constitutes pre-processing of both components.
Receptor pre-processing involves adjustment of residue protonation states and tautomeric form
dependent on functional pH, as well as general structure clean-up such as removal or inclusion
of water molecules, cofactors and metals, and consideration of missing residues or atoms,
according to the parameters available. Most important is the assignment of a potential binding
site, usually obtained from literature on similar proteins or co-crystallized protein-ligand
structures. Assigning a singularly known binding site results in targeted docking, while
working without any assumption of the binding site is called blind docking. Blind docking is

generally considered unbiased and closer to mimicking experimental screening 37 .

Preparation of the ligand entails assigning the correct atom types based on the ligand’s
appropriate ionisation states, chirality, and tautomeric states. As with the receptor, protonation
states and tautomeric forms of a ligand influence ionic and hydrogen bonding abilities
necessary for binding. Ligand filtering can also be included, assessing chemical property filters

138-140

such as Lipinski rule of 5, pan assay interference (PAINS) assays , and blood-brain

10



barrier (BBB) #7145 to assist in discerning amongst non drug-like candidates. Ultimately, the

amount of pre-processing required is chiefly dependent on the database source of ligands.
1.2.1.1.2 Docking calculation

The docking experiment, whether targeted or blind, predicts the ligand conformation, position
and orientation within the binding site using assigned parameters and a predefined search
algorithm '*®. Based on the “induced fit” theory ¥, the receptor and ligand would ideally be
treated as flexible during the calculation to accommodate conformational changes that may
occur *8. However, in the interest of computational and temporal efficiency and practicality
199" several docking programs define a flexible ligand and a rigid receptor. Docking programs
such as AutoDock '*°, FlexX ! and MDock '°271°* adopt this asymmetric flexible-ligand (or

semi-flexible) docking approach.
1.2.1.1.3 Scoring

The binding poses are subsequently assessed using a scoring function, applied in accordance
with the force field with which atoms of the protein and the ligand were parameterised. In this
study, a Lamarckian genetic algorithm (LGA) and an approximation of the AMBER force field
specific to AutoDock were used !>, A typical scoring function is developed through free-
energy estimation techniques, as enthalpic and entropic effects play essential roles in ligand
binding events '*°. Some estimation is employed as scoring functions aim to identify ligand
binding mode and predict binding affinity within reasonable computation time. Co-crystallised

protein-ligand structures '’

, when available, can additionally be used to validate docking
parameters through re-docking to recreate the co-crystallised pose. 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+ °%!% BIOIVIA DS

132 and Arpeggio '%°.
1.2.1.2 Compound databases

Most compounds or fragments used in molecular docking are housed in compound libraries as
2D structures, molecular formulas, or SMILES strings that are parametrised for use. While
generic repositories such as CheMBL '®! and ZINC !¢ exist, most are compiled and
categorised thematically around research areas, diseases (PfalDB '®%), geographical regions

(SANCDB 64165 ConMedNP ' TCMSP !¢7), or even compound properties and sources

11



(DRUGBANK %), The final selection of databases is based on the aims of the study and the

quality of entries '6%170,

This work applies protein-ligand docking for HTVS of hit compounds against HAT drug
targets TOPTR1 and TODHFR (see Chapter 5

Anti-folate Drug Discovery).
1.2.1.3 Protein-protein docking

As protein-ligand interactions are to drug discovery, knowledge of protein-protein interactions
(PPI) is vital to understanding the molecular mechanisms in biochemical processes and cellular
pathways. Multi-protein assemblies often execute complex biological processes '’! where
individual proteins are assigned to specific functions and perform correlatedly !’>. As such,
interactions between proteins are intrinsic to their function, and dysfunction in their inter-
communication can cause or contribute to the pathogenicity of diseases. Understanding PPI is,
therefore, a crucial step in biological system investigation and a possible starting point in
rational drug design. To facilitate PPI study, protein-protein docking can be applied to generate
protein complex models to enhance and complement classical structural biology techniques.
The general procedure for protein-protein docking carries similarities to that for protein-ligand
molecular docking. Some notable tools used for protein-protein docking include
HADDOCK!'”, ZDOCK'™, ClusPro'”®, and HDOCK'®, each applying a unique algorithm to

docking procedure.
1.2.1.3.1 Setting the system up

As in protein-ligand docking, one of the molecules is designated the receptor for ease of
reference. A binding interface is defined for both proteins. Residues selected should be of
central importance to the interaction, usually obtained from experimental procedures such as
amino acid knockout, chemical shift perturbation (CSP) !”’, or hydrogen—deuterium exchange
mass spectrometry (HDX-MS) '7®. Throughout the simulation, these residues are restrained to

being part of the interface.

1.2.1.3.2 Conformational search

179 must be defined to

As in protein-ligand docking, an appropriate degree of approximation
address molecule flexibility. Both molecules are considered flexible, though to a limited or

simplified extent, unlike the semi-flexible docking model where the receptor is regarded as
12



rigid. A two-stage docking process tends to be applied, first generating a large number of
plausible candidates through systematically scanning the entire search space, then subjecting

180,181

candidates to minimisation or an MD simulation using classical force fields , such as

OPLS used in HADDOCK ', focusing on a smaller portion of the search space.
1.2.1.3.3 Complex scoring

Properties like accessible surface area (ASA) and buried surface area (BSA), interface residue
conservation, hydrogen bonds, and electrostatic and hydrophobic interactions play significant
roles in determining the nature of the protein interfaces. Knowledge of interface characteristics

can be further used to score protein complexes.
1.2.3 Molecular dynamics

In order to obtain a molecular-level understanding of biochemical processes and systems, one
needs to know the predominant conformations of the participating elements, their
thermodynamic weights, and transition rates between these states. This information can be

obtained from ensembles produced by molecular dynamics simulations 33,

MD simulation computationally imitates the natural motions of atoms and molecules in a

molecular system in a time-dependent manner '®

, which can be used to supplement and
complement conventional wet-lab experimentation, as with many bioinformatics approaches.
Due to the ability to manipulate numerous aspects of a simulation, it is possible to capture and
analyse data in a way that would be impossible to do in wet-lab experimentation. Additionally,
computer-simulated analysis is faster and less expensive than the alternative. Some biological

applications of MD simulations include molecular docking and drug design '*, refinement of

1 187,188

structure prediction ', protein motion and functional conformation analysis , and

protein folding analysis '*°.

Simulation typically entails the determination of molecular and atomic trajectories through
integration to solve Newton’s classical laws of motion for a system of interacting particles.
Inter-particle forces and potential energy for these calculations are defined by molecular
mechanics force fields '°, all run through simulation engines such as AMBER !, CHARMM
2. GROMACS '**, and NAMD "%,

13



1.2.1.4 Running an MD simulation

The basic properties needed to run an MD simulation system are the topological describing
connectivity of atoms, the structural providing atomic position and conformation, the energetic
defining forces acting on the system, and the thermodynamic to assign experimental

conditions. The application of these properties occurs in four general steps:

1. Setting up the system. The biological system is defined from either experimental
structures or homology modelling data, typically as an atomistic or coarse-grained
reproduction of experimental systems, from which the topology is derived. The system
is contained in a simulation box defining boundaries and size. In order to combat
surface interactions with the boundary and approximate an infinite system, periodic

boundary conditions (PBC) are typically preferred.

The standard procedure entails parametrisation of the biological system based on a
force field of choice, definition of size of the entire system, resolving structural errors,
1onisation of titratable amino acids, addition of structural water molecules, counter-ions
and solvents, and energy minimisation. As many biological processes occur in an
aqueous solution, solvation of the system is crucial to determining molecular
conformation, electrostatic properties and binding energies 195. Solvent representation
is therefore essential to this end, with the most effective being the explicit molecule
representation 196197 whose advantage lies in the ability of the solvent molecules to

maintain most of the entropic solvation effects of natural solvents.

The system must then be neutralised to avoid polarisation or set to a desired pH at a
defined salt concentration. An energy minimisation run then serves to combat steric
clashes by computing an equilibrium configuration of all molecules now in the system.
As atoms are reoriented mathematically from a non-equilibrium state, the lowest

energy configuration is achieved, and ideally, the global minimum.

2. Equilibration. To prevent a collapse of the system post-minimisation, equilibration of
the solvent and ions around the protein is conducted at desired temperatures, pressure,
and density '*®. Integration of Newtonian equations of motion allows for a constant

energy surface of the system that excludes temperature and pressure.

Thermodynamic ensembles are therefore used for system equilibration, where the

correct ensemble distribution for specified temperature and pressure allows

14



interpretation of the trajectory conventionally. The common ensembles in this regard
are the constant-energy constant-volume, microcanonical ensemble (NVE); the
constant-temperature constant-volume, canonical ensemble (NVT); and the constant-
temperature constant-pressure, isothermal-isobaric ensemble (NPT). The NVE solves
Newtonian equations without temperature and pressure control, thus conserving energy
in the system '°°. The NVT ensemble, on the other hand, is obtained by controlling the
temperature with the maintenance of constant volume throughout the run. The amount
of substance (N), volume (V) and temperature (T) are conserved, while the energy of
any endothermic and exothermic processes is regulated via a thermostat. A temperature
plateau is reached at the desired value signifying that the temperature has stabilised.
Finally, the NPT ensemble allows control over both the temperature and pressure,
where the pressure adjustment corresponds to the volume. The NPT approach tends to
be used to achieve the equilibrium density corresponding to the desired pressure and
temperature. The amount of substance (N), pressure (P) and temperature (T) are
conserved, and a thermostat 2°>?°! and a barostat *** are needed. While choice in the

thermostat and barostat is not critical, an equilibrated state is crucial.

3.  Production. In order to begin production, position restraints can be released once
equilibrium is achieved at the desired pressure and temperature. Ideally, the simulation
time should be sufficient to allow the macromolecule to explore all possible

configurations.

4. Assessment. The simulated trajectory must be analysed to collect data and extract the
desired properties. Assessment of protein motions can be conducted at a global and

local level based on atomic positions, velocities and even forces as a function of time.

This study used GROMACS 329 on the Lengau cluster of the Centre for High-Performance
Computing (CHPC) in Cape Town, South Africa. The force fields to parametrise the system in
each investigation were elected on a case-by-case basis. Additionally, the steepest descent
algorithm was employed for the minimisation procedure, while the Particle Mesh Ewald
(PME) method 2°*?% and Linear Constraint Solver (LINCS) 2% were applied for handling
electrostatic interactions and bond length constraints, respectively, during production runs. The
short-range non-bonded interactions were defined based on the Verlet algorithm 2°7, using a

cut-off of 1.4nm.

15



1.2.1.5 Forece fields

Force fields are equations used to deduce the potential energy of a molecular structure, applied
in the topology building segment of an MD simulation and maintained throughout the run.
Typically, force fields are split into bonded and non-bonded interactions, as shown in

Equation 12%

Ur = YUbonded (?) + ZUnon—bonded(?)

where:
Uponded (77) = Upona (77) + Uangle (F) + Udihedral(iz)

Unon-bonded (77) = UvdW(F) + Ugtec (F)

Equation 1: Simplified Force Field Calculation

The representation of molecular features in force fields comprises springs for bond length and
angles; periodic functions for bond rotations and Lennard-Jones potentials 2°; and Coulomb’s
law for vdW and electrostatic interactions, all of which assure that energy and force
calculations are relatively fast. Force fields can be defined as either united-atom or all-atom,
with the former joining several atoms, such as methyl groups, into a single interaction site and
the latter utilising explicit representation of aliphatic hydrogen atoms. A similar molecular
representation philosophy 2!° is combined with bespoke empirical and quantum mechanical
calculations to generate parameters for the varying force fields currently used in MD
simulations. Commonly used families of force fields include AMBER 2!!, CHARMM 22,
GROMOS 2'3, and OLPS 2!4, where the resulting simulations remain comparable >!>2!® despite
the consequently unique parameters and atom/molecule types. Choice in force field is

determined on a case-by-case basis 2!"?!5,

However, due to the vast number of possible atom types, numerous compounds and co-factors
are not catered for in existing force fields. Non-protein topologies and parameters tend to be
derived externally based on the force field of choice, using quantum mechanical (for OPLS,
AMBER and CHARMM) and semi-empirical (for GROMOS) calculations. These parameters

d 219-221

can either be fitte or generated through automated tools such as ACPYPE 2%,

PRODRG %2, MKTOP ?** and Automated Topology Builder (ATB) ?2°.
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1.2.4 Analyses of computational methods

Most computational analysis is conducted post-MD simulations as this gives the most
informative run down. Analyses are conducted on either static or dynamic structures. In this
study, static calculations were conducted on the low energy conformations of structures, while
dynamics calculations were conducted on converged sections of MD trajectories. The extent of
post-MD analysis naturally depends on the aim of the investigation and the biological system

of interest, with the most robust or informative being elected per study.
1.2.1.6 Global analyses

Global protein analysis typically refers to the large-scale computational analysis of protein
structures. This involves predicting the motions and conformational changes of proteins and
intermolecular interaction over time or examining the overall structure properties such as
folding and stability. As this analysis approach aims to garner structural information about the
protein as a whole, global analyses can help to identify critical regions involved in specific

functionalities such as ligand binding or allosteric regulation.

1.2.1.6.1 Root mean square deviation and Radius of gyration

Analysis of protein MD trajectories typically relies on classical measures, such as the root
mean square deviation (RMSD) and radius of gyration (Rg), conceived and developed for the

holistic analysis of single macromolecules.

RMSD measures the averaged distance deviation of the atom coordinates in a protein structure
from those of a reference structure. The comparative analysis can be applied to investigate the
similarity of protein structures during homology modelling ', and conformational changes %>
or molecule stability in molecular docking. In its application to protein MD trajectories,
RMSD is typically calculated by fitting Ca atoms or protein backbones over the simulation

frames, with the MD starting point structure as the reference as depicted in Equation 2:

N
1 2
RMSD = MZ m; (r,(¢) — 1)
i=1

Equation 2: Generalised RMSD calculation
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where M is total mass, mi and ri(t) is the position of atom i at time t after fitting the overall

structure with respect to the reference r''.

Rg in Equation 3 depicts protein compactness 2>’ and measures change from initial to final
structure as in RMSD. Rg is calculated with respect to the centre of mass (CoM) of the

molecule:

N
1
Rg = MZml (Ti—R)Z
l=

Equation 3: Generalised Rg calculation

where mj and r; are the mass and position of atom i, respectively, and M is the total mass of the

molecule consisting of N atoms with the centre of mass R.

The molecular spatial packing of amino acid residues is an essential aspect of protein stability

228229, a5 such, changes in Rg can suggest conformational deterioration.

RMSD and Rg values are typically presented in line or violin plots where conformational

change, convergence or stability can be deduced.
1.2.1.6.2 Essential dynamics analysis

Proteins exist as an ensemble of conformational substates aiming to achieve dynamic

230 231

equilibrium across an energy landscape. In conceptualising protein dynamics as a
conformational energy landscape 2*? capturing both discrete minima states separated by energy
barriers to traverse 2*%, it is crucial to note the equilibrium fluctuations and non-equilibrium
effects in transition phases between the initial and final states. Protein motions observed in

their stable equilibrium conformations seem to govern function in biological processes
232,234,235

MD simulations aim to explore the multidimensional energy landscape covering the amplitude
or directionality of functional protein motions on a breadth of timescales 2*2. Applying
conformational substates to analyse MD trajectories allows for a physically reasonable

interpretation of the runs and extraction of meaningful information from these large datasets.
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As methods such as RMSD are inadequate in identifying molecular equilibrium or
convergence in simulations 23®, principal component analysis (PCA) can be applied for
investigation. PCA essentially converts correlated atom movements to a set of linearly
independent coordinates (principal components (PC)). Mathematically, PCA analysis
transforms movement data to the coordinates, where the variance abates with each sequential
coordinate. Ultimately, in the distillation of the dataset, the PCs preserve most of the

differences between the data.

In protein analysis, PCA isolates the statistically meaningful conformations sampled during the
trajectory. As such, it can be used to reveal the essential protein dynamics filtering observed

motions from the greatest to minor spatial scales by applying the decomposition process.

In this work, PCA was applied through the essential dynamics (ED) tool of MDM-TASK-web

237 to track the conformational changes of the proteins over the MD simulation run.

In the ED tool, variance in simulation data analysed over the trajectory length is presented as a
plot, where each point on the plot represents the conformation of the protein at specific time

frames during the simulation.

For comparison, the trajectories were internally aligned before a covariance matrix based on
the protein Co and CP atoms and diagonalised **’. The eigenvectors and eigenvalues solved
from the matrix were projected onto protein coordinates and represented the directions of
functional motions, respectively. As a result, the magnitude of the motions was captured in the
corresponding eigenvalues. Additionally, potential equilibrium low energy states could be

identified using k-means to sample centroid conformations 2*’.
1.2.1.6.3 Visual analyses

Snapshots of MD simulation at specific time frames can be visualised using software such as
PyMOL ! LigPlot+'%’, DS 32, and Schrodinger Maestro 2*®. These snapshots capture
intermolecular interactions within the system. Additionally, all simulation frames can be
visualised as video in software such as Visual Molecular Dynamics (VMD) ?*° without the

PBC box.
1.2.1.7 Local analyses

In contrast to global analyses, local protein analysis focuses on the dynamics and properties of

specific regions or features of a protein, such as individual amino acid residues, protein
19



domains, or binding sites. At a residue level, the coalition of individual properties tends to

influence the overall functional properties of the protein.

Both global and local protein analyses are crucial to protein study and function
complementarily. Global analysis is typically useful for understanding the overall protein
architecture and intermolecular interaction, while local analysis is useful for the detailed

studying of intramolecular mechanisms underlying protein function.
1.2.1.7.1 Root mean square fluctuation

Root mean square fluctuation (RMSF) measures the local average deviation in the flexibility of
residues over the course of a simulation. RMSF is typically calculated for the Ca or backbone
atoms based on residue contribution. Where the RMSD measures structural divergence from a
reference (over time), the RMSF can reveal areas of the system contributing to mobility,

highlighting regions of flexibility which may be overlooked in the global analysis.

RMSF is averaged over time as depicted in Equation 4, giving a value for each particle i,

while the averaged RMSD is taken over the particles, giving time stamps.

T
1 2
RMSF = TZ(ri(t) —17)
t=1

Equation 4: Generalised RMSF calculation

where T is the averaged time over the simulation, and ri" is the reference position of particle i.

1.2.1.7.2 Dynamic Residue Networks

Dynamic residue network analysis (DRN) uses the concept of graph theory to explain the
dynamics of residue contacts during molecular dynamics simulations ?*°. In the case of
proteins, nodes refer to individual residues and their connections. Centrality depicts and
measures the importance of an element (node) in a network. The relationships between
residues are quantified based on how specific centrality metrics are defined 2*!**?, the outcome
of which can be used to define communication within the protein and identify key residues. In

this work, we applied network analysis as defined by 237-40:

1. Betweenness centrality (BC) is measured by the sum of the shortest paths between

residues ' that pass through the residue of interest. As a result, residues with large
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betweenness values function as bridges and gatekeepers for communication between
points in the network.

Averaged BC is calculated in Equation 5 2432% :

5(sy, tilvy)

— 1
BC(U) = Eziﬁlzs,tev 6(5 t)
1220

Equation 5: Averaged betweenness centrality calculations

where V is the given node between S and t (amino acid residues), and (S,t) symbolises
the number of averaged shortest paths. The number of said shortest paths going through

node Vv other than s, t is indicated by (S,t|v), at the time i over averaged total m frames.

Closeness centrality (CC) identifies the residues closest to the others in the network
based on the length of the path. As closeness scores the residues on their distance and
ability to reach others, residues with a high closeness centrality have the shortest paths
to all other residues and are best positioned to influence communication in the rest of

the network. The metric is calculated using Equation 6 :

— n—1 _ 1
CC(v) = 721721 3:11m
i\Y,

Equation 6 Averaged closeness centrality calculations:

Averaged CC calculates the reciprocal distance of the shortest path of residue v to all
other residues U as denoted in Equation 6 ***?%, 1t is normalised by the overall sum of

1 237

minimum possible distance n- , where di (v, u) is the shortest path distance between

residues Vv and u, and n is the number of residues in the network.

Degree centrality (DC) measures the number of paths a residue possesses to others,

thus identifying residues with the highest connections.

_ 1
DC@) = mz’r‘ilzﬁl,jii“lijk

Equation 7: Averaged degree centrality calculations

21



DC defines immediate local connectivity of k, normalised by the highest possible
degree in the network (n-1). An adjacency matrix is generated where Aijk in Equation
7 2% is a 3D tensor consisting of adjacency matrices in which j and k denote the residue
indices. A central residue, therefore, presents high DC as it has a high local

connectivity 27,

Eigenvector centrality (EC) measures the influence of residues by incorporating the
sum of all connections to the residue of interest and those of the corresponding

residues. The centrality of neighbouring residues adds to the initial residue,

compounding the influence and thus ranking the importance of the neighbours 24,

1
ECy = ZZZLlAijk - ECjy

Equation 8: Averaged eigencentrality calculations (i)

The eigencentrality calculation is an extension of degree centrality, assigning residue
importance by solving the eigenvector EC with the adjacency matrix A to convergence.
Equation 8, where AijK is an adjacency of the frame, k is the eigenvalue, and n is the
number of nodes, can be rewritten to Equation 9 2*+?*72%  Averaged EC for i-th

residue is then calculated using the time averaged from m frames in Equation 9ii %7 .

— 1
ECQ) = — 2= ECy

Equation 9: Averaged eigencentrality calculations (ii)

Katz centrality (KC) is similar to eigencentrality *¢ in that it calculates the relative
influence of a residue within the network by measuring the number of direct
connections, and all other residues in the network connect to the residue of interest
through these direct neighbours. However, the paths are weighted in KC, and

connections made with distant nodes are penalised.
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KC(l) = aZ]TLIAinC}' + ﬁ
— [
KC(i) =—X L KC;
( ) m k=1 ik
Equation 10: Averaged Katz centrality calculations

KC is a permutation of EC where a and B in Equation 10 *****7 are constants denoting
a damping coefficient and a basal adjacency assigned to the connected neighbours of
residue i. Resulting residue centrality can be attenuated to desired extents, resulting in

KC and EC converging %’

A collection of MDM-TASK-web  ?*7 and MD-TASK suite 2% scripts (GitHub:
https://github.com/RUBI-ZA/MODE-TASK & https://github.com/RUBI-ZA/MD-
TASK/tree/mdm-task-web) were implemented in conducting DRN analysis on MD trajectories
in this research. The networks are constructed using CP atoms (Ca for Gly) regarded as nodes
and an edge is created when two nodes are within a certain distance from each other. The cut-
off distance between two nodes was specified as 6.7A 824 To identify nodes important to
communication in the residue network, cal_network.py (GitHub - RUBI-ZA/MD-TASK at mdm-
task-web) was used to calculate the centrality metrics BC, CC, DC, EC, and KC.

1.2.1.7.3 Bond analyses

Monitoring intra- and inter- molecular bonds over the course of MD trajectories provides
further insight into the folding or stability of biological systems. Disulphide bridges and
hydrogen bonds are typically monitored based on the bond distance. Disulphide bonds play a
crucial role in proteins, with the distance and angle between the participating cysteine residues
modulating protein stability and conformational dynamics 2°°2%. In addition to the
maintenance of protein secondary structure elements 2>+ hydrogen bonding is also vital to

257-259

protein-ligand binding, contributing to ligand stability, binding affinity 2®°, and site

recognition 26!,

As bond strength is dependent on the bond length and angle 62%, those are the attributes
monitored in protein structural analysis in tools such as VMD 2*, AmberTools21 2% and

GROMACS 1932 Visual analysis of trajectory snapshots complements bond analysis.
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1.3 Aims and motivations

HAT remains a lethal NTD responsible for enormous suffering in endemic areas in sub-
Saharan Africa. While a decline in cases has been noted, coordinated effort is still required for
the elimination of gambiense and rhodesiense HAT as public health problems in central,

eastern, and southern Africa ’!. In the project, we aimed to support elimination efforts through:

1. Investigating the pathogenicity of HAT by studying the proteins that participate in the

parasite’s resistance to human serum.

2. Improving existing chemotherapies by identifying alternative drug hits that can be

developed to replace current antiquated drugs.

To achieve aim 1, the following steps were followed:

- Modelling variant structures of ApoL1 C-terminal and Thr SRA

- Establishing a dynamically sound SRA-ApoL1 dimeric complex

- Elucidation of communication between the two proteins

- Investigation of the effect of the structural variations on the protein-protein interaction.
To achieve aim 2, the following steps were followed:

- Identifying anti-folate hit compounds viable in both PTR1 and DHFR

- Elucidation of communication between the two proteins

- Investigation of the effect of the structural variations on the protein-protein interaction
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1.4 Research Objectives

The research objectives of the project were addressed in two workflows, highlighted in Figure 2:

Figure 2: A schematic illustration of the methodological objectives of the overall project for research

aims 1 and 2
Aim 1:
1. Homology modelling and calculation of ApoL1 C-terminal and SRA variants

2. Protein-protein docking of ApoL1 and SRA models

3. All-atom molecular dynamics simulations of the best-ranked SRA-ApoL1 C-terminal

dimeric complexes
4. Trajectory analysis:
—  Stability analysis of the molecular dynamics trajectories
—  Dynamic residue network analysis
—  Conformational analysis: Essential dynamics and Normal mode analysis
—  Intermolecular interaction analysis and alanine scanning

—  Energy calculations
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Aim 2:
1. Homology refinement of Tb PTR1 and DHFR
2. Preparation of ligand dataset
3. HTVS using protein-ligand molecular docking

4.  All-atom molecular dynamics simulations of the top-scoring PTR1/DHFR-ligand

complexes
5. Trajectory analysis:
—  Stability analysis of the molecular dynamics trajectories
—  Binding energy calculations
—  Intermolecular interaction analysis

6. Bioassays
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Chapter 2

Variations in ApoL1

2.1 Introduction

Human African trypanosomiasis infections are only caused by Trypanosoma brucei gambiense
(Tbg) and Trypanosoma brucei rhodesiense (Thr) 2% due to their resistance to the cytotoxic

267,268

action of human serum . The innate immunity 2 resulting from parasite lysis is

) 269-271

facilitated by trypanosome lytic factors (TFL , where TFL1 consists of apolipoprotein

272

L1 (ApoLl) and haptoglobin-related protein (Hpr , with ApoLl as the main lytic

component.

ApoL1 is an HDL-bound lipoprotein, existing in both a membrane-bound and localised form
that imparts innate immunity to the Thb parasite. The lipoprotein has a five-helix pore-forming
domain and a pH-sensitive membrane-addressing domain consisting of two helices 273274,
which depolarise the parasite lysosomal membrane, leading to osmotic swelling and rupture of

the lysosome, and lysis of the trypanosome 273275278,

At full length, the human lytic factor ApoL1 is 398 residues long 2”° with three main domains
273280 the pore-forming, pH-sensitive membrane-addressing, and SRA interacting (SRA-ID)
domains. The C-terminal of ApoL1 (R305-L398) consists of an a-helical hairpin with a leucine
zipper domain (LZD) housed in the SRA-ID 28283 The LZD, a series of leucine heptad
repeats from L371-L392, is suggested by ?** to play a significant role in possible SRA-ApoL1

coiled-coil formation.

Two non-synonymous coding variants, G1 and G2 2%, with high frequency in individuals of
African ancestry 2%62% occur in the ApoL1 C-terminal **»*2. The G1 (G1GM) mutation
consists of missense substitutions at positions S342G and 1384M occurring in nearly absolute
linkage disequilibrium 2”*! while G2 (del388N389Y) is an in-frame deletion of residues
Asn388 and Tyr389, in the same functional domain as Gl, resulting in a truncation of the
protein in the LZD. Due to the variants’ location in the ApoL1 C-terminal helix cited for the
sole responsibility of SRA binding 2%!, their presence disrupts the SRA-ApoL1 interaction,
27



281,283,291,293,294

restoring protection against Tbr . The truncation of the C-terminal has

particularly been shown to affect SRA-ApoL1 binding ?°° thus restoring ApoL1 activity.

Unfortunately, the presence of both alleles results in a “gain of function” ¢

scenario by
strongly increasing the risk of chronic kidney disease (CKD) in carriers, garnering increased

interest in the protein.

Figure 3: A) The C-terminal of ApoL1, showing the SRA-binding site and B) the location of the G1
(5342 and 1384) and G2 (N388/Y389) mutations in firebrick and salmon, respectively. (Structure

source : Homology model)

A third ApoL1 variant characterised by a homozygous missense substitution (N264K) in the
membrane-addressing domain has been cited to affect the lytic activity of ApoL1 against Thb.
rhodesiense. The variation increases the risk of contracting HAT when accompanied by the C-

terminal SRA-interacting domain substitutions 2*7. This observation highlights the possible
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participation of ApoL1 regions beyond the C-terminal domain **® in the human-trypanosome

infection interplay.

Despite great interest, the full-length ApoL1 experimental structure has yet to be reported as of
the compilation of this thesis. The protein and its multiple coiled-coil domains have proven
unstable in concentrated solution for crystallography®®* . At the same time, NMR spectroscopy
has a protein size limit, 2°**% and cryogenic electron microscopy (cryo-EM) lacks information

on intramolecular interactions or protein dynamics due to high output resolutions 3°13%2,

Previous studies have used homology modelling 2%} supported by NMR spectra 284

, threading
303 and ab initio 2°>*% to determine the ApoL1 C-terminal structure. While these have resulted
in differing structures, all have supported the a-helical characterisation of the C-terminal. The
full length of the protein has further been modelled by Kumar et al., ** using threading and
separately ** in AlphaFold 2. The ApoL1 N-terminal has recently become the only portion

to be the crystallographically solved 3%,

In this chapter, we aim to investigate the protein dynamics of ApoLLl1 C-terminal through
modelling of the wild-type (WT), GO, and structural variants G1, G1G/M and G2 of the
protein. The effects of the mutations on the protein will provide further insight into their role in

the SRA-ApoL1 interaction.

2.2 Methods

2.2.1 Homology modelling

In the absence of an experimentally solved full-length structure of ApoLl, other research
groups have calculated in silico predicted models of the whole protein and fragments to
varying degrees of success. The latest model worth noting at the time of thesis compilation
was an AlphaFold predicted structure of the full-length protein 3** . Due to the limitations of
AlphaFold in transmembrane protein prediction 3°73% the resultant structure comprises
disordered loops (https://alphafold.ebi.ac.uk/entry/AOALB2FJP1), contrary to secondary
structure predictions of the protein using threading software such as ROBETTA (see Figure S
1). While AlphaFold23'° has been rolled out to improve membrane-associated protein

prediction, work still needs to be done to compensate the lack of transmembrane training data

311 307,310

required for membrane predictions
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Sharma et al. *'? | conducted a study focusing on a shorter 2-helix fragment (339-398) of the
protein as predicted in studies prior to it?*!13 | which was not suitable to our study aiming to
study a larger segment of the C-terminal. Additionally, contrasting results were observed
between this and a similarly timed study by Madhavan et al. 3! using a longer 3-helix
construct (305-398) cited to be more stable. This second study determined the C-terminal
structure using threading and ab initio approaches, later enhancing the work with NMR

9

analysis. However,?>> a considerable divergence was noted between the NMR and threading-

generated models. This is cause for caution regarding the existing models.

Considering these observations, we aimed to generate our models of the ApoL.1 C-terminal to
corroborate or provide a resolution to the current knowledge on the computationally

determined protein structure.

Modelling of ApoL1 GO C-terminal (301-398) was achieved through a combination of both
homology modelling and threading. Secondary structure prediction from PsiPred 34315,
HHPred’s Quick2D #3!® and ROBETTA 3!7 enabled suitable templates to be identified (see
Figure S 1). The crystal structures for Apolipoprotein E3 (APOE3) (PDB ID:INFN 3! and
6V7M 31%) and the structural motif of Tb VSG (PDB ID: 2VSG) were used as templates, with
2VSG 2% functioning as a secondary template for the leucine zipper domain (LZD).
MODELLER v9.20 3% was then employed for model construction using the slow refinement
option of the automodel class to build 100 models that were ranked by z-DOPE score. The
lowest z-DOPE models were consequently structurally validated using ProSA and the

SAVESv6.0 web server housing ERRAT '}, PROCHECK !'*!!5 PROVE !''®, WHATCHECK
17 and Verify3D 8,

The models were additionally subjected to energy minimisation and 20ns MD production runs
(as described in 1.2.1 and the methodology below ) to curtail steric clashes. The five ApoL1
variants were modelled by incorporating the respective variations G1 (S342G/I384M), G1G
(S342G), GIM (1384M), G2 (del388N/389Y) and G2G1 (S342G/1384M/del388N/del389Y)

into the target sequences for each modelling run.
2.2.2 Molecular dynamics simulations

The CHARMM36 *?! force field was applied to parameterise the ApoL1 C-terminal wild-type
and variant proteins in the all-atom molecular dynamic simulation runs. The protein systems

were solvated using the TIP3P water model in a dodecahedron box of 1nm cut-off and
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neutralised to a concentration of 0.15Mm using Na" and CI ions. The subsequent minimisation
to achieve a conformational equilibrium for the molecules was set at a Fimax <1000.00kJmol
'nm™! with a maximum of 50000 steps. Equilibration applied the NVT and NPT ensembles to
bring the systems to 300K temperature, using modified Berendsen temperature coupling and 1
bar of pressure using the Parrinello-Rahman barostat, respectively. The PME method 2042%
was used for long-range electrostatic interactions, and the LINCS 2% for bond length
constraints. Short-range non-bonded interactions were defined based on the Verlet algorithm
207 using a cut-off of 1.4nm. Finally, the production runs of 400ns were conducted using

240CPU cores, using a step size of 2fs for data collection.
2.2.3 Classical trajectory analysis

The GROMACS gmx trjconv module was used to correct for the PBC of trajectories and fit the
Co atoms of the starting structures to eliminate any rotational and translation artefacts from the
entire system before analyses. RMSD, Rg, and RMSF were calculated by gmx modules rms,
gyrate and rmsf to investigate protein stability and flexibility. RStudio ggplot and R-base were
used to plot these properties.

2.2.4 Principal Component Analysis

Comparative ED was calculated on the 400ns trajectories using the compare_essential.py
script (https://github.com/RUBI-ZA/MODE-TASK)  of the MODE-TASK functionality of
MDM-TASK at a step size of 1 frame. The comparative calculations were conducted in two
sets due to the two residue deletion in the G2 and G2G1 variants. To maintain corresponding
Ca and CPB, the PCA calculations for the 96 residue variants (G2 and G2G1) were run
separately from the 98 residue long proteins (GO, G1, G1G, and G1M).

2.2.5 Dynamic Residue Network analysis

DRN calculations were conducted on the last 350ns of each MD trajectory. The
calc_network.py (https://github.com/RUBI-ZA/MD-TASK/tree/mdm-task-web) script from the
MDM-TASK suite calculated BC, CC, DC and KC using a step size of 50 frames and a node
cut-off of 6.7A. The top 5% of the centrality nodes (residues) per protein was then extracted
from each calculated metric to shortlist residues potentially contributing highly to

communication in each ApoL1 variant.
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2.2.6 Contact map analysis

Additionally, weighted residue contact maps and subsequent heatmaps were calculated through
the contact_map.py and the contact_heatmap.py scripts (found at https://github.com/RUBI-
ZA/MD-TASK/tree/mdm-task-web) 2*7 using the same parameters as the DRN calculations.
Contact map analysis was conducted on the sites of variation to assist in the elucidation of

their effects on a residue-residue level.
2.3 Results and Discussion

The global dynamics of the modelled ApoL1 C-terminal structures were investigated using
RMSD, Rg and ED calculations, while DRN and contact map analysis were applied for residue

level analysis.
2.3.1 Homology modelling

We modelled the WT and five variants of the ApoL1 proteins, as explained in the
methodology section (see 02.2.1 Homology modelling). These models were first ranked

according to their
z-DOPE score (see Table 1).

Table 1: Homology model evaluation and validation scoring from varying programs. Model
evaluation was conducted on the top Z-DOPE scoring structures. The Z-DOPE scores were calculated

i) post model calculation and ii) post minimisation and a 20ns MD production run

ApolL1 z-DOPE«i z-DOPEqii ERRAT scoreb ProSA VERIFY3D4
model score score (%) Z-score¢ (%)
GO -0.657 -1.182 98.89 -4.14 53.06
G1 -0.661 -1.092 98.87 -3.86 45.92
G1G -0.606 -1.392 98.85 -3.34 44.69
G1M -0.563 -1.230 98.68 -3.72 43.88
G2 -0.667 -0.960 97.88 -3.78 17.71
G2G1 -0.546 -1.171 96.69 -4.07 36.58

a. MODELLER Z-DOPE score calculated (i) before and (ii) after a 20ns MD production run.

b. The ERRAT score measures the overall structural quality factor 113

c. PROSA Z-score, accompanied by the plot in Figures 4A

d. The VERIFY 3D score - at least 80% of residues should score >= 0.2 in the 3D/1D profile to PASS 118
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Figure 4: Model validation of the ApoL1 C-terminal structures from A) ProSA, B) PROCHECK and C)
ERRAT servers. The RMSF of the ApoL1 variants post MD simulations in D reveal the flexible loop
regions of each variant that are highlighted on the structure in E. The significant number of loops in

the structures contributes to the validation scoring. (Structure source : Homology model)
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The highest-ranked modelled structure of the C-terminal domains after minimisation and a
20ns MD simulation of GO showed good stereochemical quality, with 96% of residues
occupying favoured regions in the Ramachandran map (Figure 4B) and conforming to
adequate backbone conformation and non-bonded interactions by scoring 98% in the ERRAT
overall quality score (Figure 4C). The ProSA calculated Z-scores (Table 1) further validated
the reliability of the structures, with scores within the range typical of native structures, as seen
in Figure 4A. It is worth noting that, despite the modelled structures showing good
stereochemical quality, model assessment tools such as ProSA and Verify3D have a shortfall

322

in accurately assessing non-globular protein folds 3*? and loops *** , and may thus present low

SCOrcs.

The structural fold of the GO model comprised an N-terminal helix from 301-335, and two a-

helices, H1 (338-360) and H2 (368-397) joined into a hairpin, as observed by 24. The ApoL1

G1 and G2 models exhibited similar secondary structure elements to GO, especially with helix
aH1 (338-360). In the G2 models, the H2 helix was truncated due to the N388/Y389 deletion,
resulting in the loss of secondary structure and a helix-to-loop transition from residue Asn386.
RMSF of the subsequently modelled variants corroborated the secondary structure predicted.

This transition was observable in the motion of the structural elements of each variant.

In the RMSF calculated throughout the MD trajectories, notable fluctuation was observed in
the loop regions between defined helices N-terminal and aH1 and oH2 helices. Higher

flexibility was additionally noted for the truncated ends of the ApoL1 G2 C-terminus.

2.3.2 Principal Component, Rg and RMSD analysis

The RMSD and Rg of the protein trajectories were coupled with the ED calculations to obtain

a comparative overview of the global motions of the proteins.

Essential dynamics calculations of the 96 residue structures, G2 and G2Gl1, and 98 residue
structures, GO and G1 variants, represented a variance of over 60% (Figure 5A). Each of the
variants was removed from the wild type to varying degrees. Due to the ordering of observed
motions decreasingly, a large part of the conformational fluctuations was described by the first

324

few principal components “*, meaning these PCs are most relevant.
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Figure 5: Essential Dynamics of ApoL1 C-terminal structures for A) GO, G1,GIM and G1G and B) G2 and G2G1
variants of the ApoL1 C-terminal structures. The structures in A are 98 residues long, while those in B are 96
residues long due to the G2 deletion. The C) RMSD and D) Rg values of the structures over the 400ns simulations

are represented in kernel density violin plots in .
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G2G1 sampled more conformational space along both PC1 and PC2 than G2. G1 traversed the
most conformational space compared to GO, GIM and G1G along PC1. The GO and Gl
variants exhibited multimodal higher RMSD and inversely lower Rg than their companions,
mirrored in the PCA, as they converged after the 200ns, as seen in the line graphs. Conversely,
the G1G and G1M variants, which differ by a single residue, sampled similar conformational
space, especially along PC1, sharing comparable medians as seen in the RMSD violin plots in
Figure 5. When visually inspected, the GIM N-terminal helix displayed a higher rate of
fluctuation, resulting in three equally sized peaks recorded, which appeared adjacent in the
PCA. Of the 96 residue variants (G2 and G2G1), G2G1 sampled less conformational subspace
along both PCs, showing a higher but more stable Rg **’ than G2.

2.3.3 Dynamic Residue Networks

DRN was calculated using a top 5% cut-off for BC, CC, DC, and KC, in Figure 6, to deduce
the role C-terminal variants of ApoLl had on the overall communication network in the
protein. Shifts in residue importance have implications on the functionality of the protein.
Overlap was observed in the centrality metrics due to the size of the ApoL1 structure. Most

high centrality residues, hubs 3232

, were shared by the wild-type and at least one variant form
of ApoL1. For this discussion, we defined prominent hubs, which are shared across at least

three of the six structures being studied.

The BC and DC analyses captured the most extensive wild-type communication changes
against variants. DC and KC concentrated the neighbouring residues in the surrounding residue
networks, while CC was concentrated in the core of the a-hairpin identifying residues crucial

to structural integrity.

BC highlighted residues strategically located to provide the shortest path between points in the
protein segment. The variance in BC hubs suggested a shift in bridging residues due to the
presence of the mutations. The G2 mutations resulted in the removal of two nodes in the BC
residue network. This was manifested in the absence of hubs beyond Lys381 and the gain of

Phe343 as a prominent hub.

Val346, centrally located in the core of the structure, was the most prominent in the four
centrality metrics calculated, with its hub status being shared by at least four of six ApoLl

structures. For BC, the location of Val346 in aH1 provided access to the terminal ends of the
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structure, both along the length of the structure and through interhelical contacts. In the DC
and KC calculations, KC revealed a more extensive reach in hubs as the metric includes the
added global influence of nodes over DC, highlighting residues with an increase each in
neighbours. The result of this difference in the two metrics was the inclusion of Phe343 as KC

prominent hub.

Most notable was the high CC and prominent status recorded for both residues Phe343 and
Val346 in all variants but the GIM. While the substitutions of isoleucine and methionine are
considered safe mutations >’ due to both being non-polar and the structural similarities, they

allow the methionine side chain conformation to mimic that of isoleucine 32832,

DRN analysis of both G1 and G1M mutations showed predominantly unique communication

paths across all the centrality metrics compared to the other variants and the wild-type.

This observation was complemented by the unique BC hubs (Val349 and Asn388) shared
between G1 and GIM or common losses in DC and KC (Val346 and Tyr350). The difference
may be due to the change in hydrophobicity 3?7 between the two residues rather than steric
differences. Additional hubs gained in the G1M variant include Lys345 in BC and CC, Val321,
Val349 in DC, and Leu352 and Lys381 in KC.
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Figure 6: Heatmaps of DRN calculation, showing the top 5% values of the centrality metrics A) BC, B) CC,
C) DC, and D) Katz Centrality of ApoL1 variants. Residues detected as hubs are annotated with the
centrality value in the cell. The increment of centrality values for each metric corresponds with the

intensity of the colour bar on the right of each heatmap.
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2.3.4 Contact maps analysis

Contact map analysis revealed the contact, and intra-molecular interaction, between the
adjacent a-hairpin helices (aH1 and aH2), disrupted to varying degrees by the presence of the
ApoL1 variants. While ApoL1 GO Asn388 reveals contact with residues 326-333, that is

observably lost in the variants.

Figure 7: Contact heatmap analysis was conducted on residues that were sites of mutation in the
ApolL1 C-terminal, namely residues A) 342, B) 384 and C) 388/390. Due to the deletion of 388 and
389 in the G2 variants, 388 in C is compared with 390. Notable changes in the contact network of

high-profile residues due to the substitution and deletions are encircled in red.

Asn388 in, Figure 7, exhibits contact in the G1 variants with Leu335, Ala339, Res384 and
Leu385, which is lost with its absence in the G2 bearing variants of the ApoL1 C-terminal.
Residues 335 and 339 both lie in aH1, likely contributing to the stability of both helices in the
a-hairpin. Interestingly, the asparagine residue also facilitates contact with both variations of

residue 384.
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The 1384M substitution introduced minimal changes in adjacent contacts in G1, GIM, and
G2Gl, likely due to the identical hydrophobic side chain packing for Ile and Met **7 Notably,
the presence of Met384 appears to encourage contact between Asn388 and Phe343. Lys390,
which moves up in G2 deletions, lacks these contacts, additionally opting for increased contact
with Asn383 and 386 versus the G1 residues observed with Asn388. We also observed that the
presence of Gly342 initiates contact with Pro344 and Phe340 not present on the serine-bearing
variants. All variants of residue 342, however, maintain interaction with their iteration of
residue 384. Met384, especially in the G1, exhibits the most pronounced effect on the network

after the deletion mutations, echoing observations noted in the DRN analysis.
2.3.5 Hydrogen bond occupancy analysis

Hydrogen bond occupancy analysis was conducted to validate and expand the observations
noted in the local analysis. We tracked the occupancy between aH1 and aH2 residues in
Figure 8, to assess the effect of the variants on intramolecular hydrogen bonding and the

stabilising effect resulting from hydrogen bonding.

We noted the hydrogen bond participation of Asn388 with aH1 residues of the G1 variants that
was inadvertently absent in all G2 variants. This observation is likely the cause of the
stabilising effect noted for G1G and GIM in the ED, RMSD, and Rg analyses. The contact
maps showed the stabilising effect with the Asn388 contact frequency with residue 342 and
higher 384 frequency compared to the wild type.

Aside from the hydrogen bonding lost due to the absence of Asn388, a drastic reduction in
inter-helix was recorded in the G2G1 variant. This largely suggested a compounding effect of

both G2 and G2 co-occurring, as noted in the Rg analysis.
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Figure 8: Hydrogen bonding between aH1 and aHZ residues was tracked over 300ns in hydrogen
bond occupancy. Occupancy is ranked from 0-1 (in the colour bar), with an occupancy of 1 signifying

the continuous maintenance of the bond throughout the simulation

2.3 Conclusion

Here, we analysed the WT and five mutants structures of the ApoL1 C-terminal region to
elucidate the role mutations play in the intramolecular dynamics of the protein. Understanding

the effect of ApoL1 variance is crucial to the pathogenicity of r-HAT.

Data analysis was run in two steps: Global analysis, which included PCA, RMSD, and Rg, and

local analysis, consisting of RMSF, DRN, contact maps, and hydrogen occupancy calculations.

Our global analysis showed how the mutations affected the entire C-terminal of the protein,
including conformational stability and flexibility. The differences in sequence resulted in

notable changes in the global and local behaviour of the protein as exhibited in the RMSD, an
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observation likely amplified by the smaller size of the protein segments allowing greater
flexibility. The differences in Rg indicate these changes in the spatial conformation of the
ApoL1 coiled-coil, where variants recording higher radii exhibit pronounced internal

disruption 7.

Local analyses revealed that the presence of the variant residues in ApoL1 had a noted effect
on the intra-molecular interactions of the hairpin. Interestingly, we noted that GIM imposed a
more pronounced effect on the residue network than the combination G1 due to the disruptive
nature of the methionine substitution. The effect of the variations appeared amplified in the
combination of G1 and G2 as contact map analysis revealed active interaction between the
residues involved 342, 384, 388 and 389. The glycine and methionine substitutions
maintained contact with Asn 388, which was not re-established with Asn390 in the presence of
G2. The observations were highlighted in hydrogen occupancy analysis and in agreement with

| 304

studies by Mayanja et a , which suggest a more significant effect of the G2 deletion on the

structural stability of ApoL1 3%,

Site-directed mutagenesis®®? in combination with binding assays to ApoL1 partners such as the

), *12 could be employed to

SNARE protein, vesicle-associated membrane protein 8 (VAMPS
further investigate the role residues 342, 384, 388 and 389 play in the stability of the ApoL1 C-
terminal coiled-coil, as well as exploit the possible role of residues identified through DRN

analysis.
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Chapter 3

Variations in SRA

3.1 Introduction

The Trypanosoma brucei rhodesiense (Tbr) and Trypanosoma brucei gambiense (Thg)
subspecies of trypanosomes can cause acute and chronic HAT, respectively, due to having

developed mechanisms to resist human serum ApoL1-dependent apoptosis 264268,

The mechanisms by which the Tbg parasite evades the host immune system are complex but
are known to involve the protein T.b.gambiense-specific glycoprotein (TgsGP). Parasite lysis
in human serum is restored upon deletion of TgsGP %33, Thr, on the other hand, bypasses
innate immunity through the expression of the serum-resistance-associated (SRA) protein, a

truncated trypanosome variant surface glycoprotein (VSG) 283332,

The SRA gene coding for the protein was discovered and characterised from a Ugandan strain
of T. b. rhodesiense *3733¢ and has been identified in most Thr variants tested >¥-37-3% The
resulting protein is 396 residues long, consisting of eight helices (H1-H8) held together by
ordered and disordered loops and a single disulphide bridge (Cys101-Cys180) **° ( Figure 9).

The resistance of Tbr to ApoL1-mediated apoptosis results from the direct binding of the SRA
protein to the SRA-interacting domain of the ApoL1 C-terminus 2%33%° While it is related
evolutionarily to the VSGs lining the outside of the trypanosome plasma membrane **!, SRA is
localised in endocytic vessels #3*. As a result, the SRA-ApoL1 interaction is theorised to

280,332

occur in the lysosome, leading to blockage of ApoL1 pore formation and, ultimately,

loss of lytic function 276283,

Undoubtedly, the role of SRA in Tbr infectiveness is vital. As such, a detailed structural
investigation of SRA is crucial to understanding immune escape by the parasite. In this study,
we aim to investigate structural variants of serum resistance-associated protein using structural
bioinformatics approaches and literature-identified ApoL1 binding sites ** to assess the effect

of the variations. We additionally aim to further understand SRA protein behaviour by
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identifying residues critical to communication within the protein, as this may provide further

insight into the nature of the interaction.

Figure 9: A) The structure of SRA (PDB ID:6elu), consisting of eight helices, represented in B,
including the location of Cysteines 101 and 180 of the disulphide bridge in maroon. Helices H1, H2,
H3, H4, H5, H6, H7, and H8 are highlighted in grey, black, yellow, teal, green, orange, and navy blue,
respectively. The multiple sequence alignments in C) present the location of the SNVs in the four SRA
variants identified in sub-Saharan Africa with the asterisks. The locations of the SNVs identified are

mapped onto the structure in A as spheres, corresponding MSA colouring.

3.2 Methods

3.2.1 Data retrieval and Sequence analysis

The NCBI ** and Uniprot 3% databases were the primary sources of the SRA sequences. In
total, the sequences were filtered down to four (accession numbers: AJ345057, AJ345058,
AF097331 and Z37159) which, for this study, were assigned names SRA1-SRA4 and aligned

using the ClustalW **¢ tool of Jalview **7 with default settings.
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3.2.2 Homology modelling

The crystal structure of SRA was retrieved from RCSB PDB ((PDB ID:6ELU) **°, which had
missing residues 142-158. MODELLER v9.20 *?° was used to rebuild the mentioned section
using the Trypanosoma brucei Variant Surface Glycoprotein motif structure (PDB ID:2VSG).
The rebuilt SRA structure was subsequently used as a template to generate 100 models of each

SRA variant, using the modelling parameters and validation procedure applied in Chapter 2.
3.2.3 Molecular Dynamics

The CHARMM36 32! force field was applied for the parametrisation of the proteins in the all-
atom molecular dynamic simulations run in GROMACS 2018v6 2% to achieve 300ns
production runs. All the MD simulations were performed under periodic boundary conditions,

maintaining the systemic parameters utilised in Chapter 2.

The MD trajectories were corrected and fitted using the gmx trjconv module and subjected to
classical conformational analyses of RMSD, RMSF and Rg using the respective gmx modules.

The resultant values were plotted for interpretation in RStudio ggplot and R-base.
3.2.4 Intramolecular bond analysis

Hydrogen bond analysis was conducted using a maximum bond distance of 3.5 A and a bond
angle >30 in AmberTools21 2% facilitated in CPPTRAJ 3*; where hydrogen bond occupancy
measured the number of frames in which hydrogen bonds were maintained as a percentage of

) 239

the whole simulation. Additionally, Visual Molecular Dynamics (VMD was used to

monitor disulphide bridges and their bond length throughout the MD production runs.
3.2.5 Comparative essential dynamics

A step size of 1 frame, with a k-mean clustering setting of 3, were set for the comparative PCA
calculations of the SRA variants. The k-mean clustering functioned to estimate single

237

conformations from K possible probability density maxima . The procedure and analyses

applied were parallel to those used in Chapter 2, apart from running a single calculation, as all

structures were the same length.
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3.2.6 Dynamic Residue Networks

MDM-TASK-web 237 was applied for the calculation of the DRN, using a distance of 6.7A
between nodes and a step size of 50. To identify nodes important to communication in the

residue networks, 250ns runs from equilibrated sections of the MD trajectories were used to

calculate the BC, CC, DC, and KC.

Additionally, weighted contact maps and subsequent heat maps were calculated for residues
that were sites of variation and had high centrality scores, using a step size of 1 frame for data

collection.
3.3 Results and Discussion

We applied RMSD and ED calculations to quantify the global motions of the SRA variants and
RMSEF for local residue motions. The intramolecular behaviour of the variants was investigated

using hydrogen bond occupancy, DRN, and contact map analysis.
3.3.1 Principal Component and RMSD analysis

PCA is widely used to predict essential protein motions in low-dimensional subspaces 2*’. The
ED was calculated to investigate the functional dynamics and the number of low-energy
conformations sampled by each SRA variant in order to deduce the probable effect of the
mutations on the overall protein. The majority of the variance was captured in PC1 and PC2, at
over 69.98% of the total variance over 300ns. The two PCs accounted for 55.54% and 14.44%
of the variance, respectively, as shown in Figure 10A. Each structure experienced overall
conformational displacement that pointed to the ease with which each SRA variant settled into

an energy minimum conformations.

For most variants, the largest displacement was recorded along PCI1, which incidentally
represented a significant portion of the variance for most variants except SRA3. Noteworthy
was SRA4, which sampled the most conformational space along both PCs compared to its
counterparts, in contrast to SRAI, which sampled the least. The RMSD analysis was
complementary to the PCA findings of SRA4, which presented the highest RMSD median
(Figure 10B) and a trimodal distribution in the violin plots. SRA2, which, like SRA4, sampled
relatively significant space along PC2, also exhibited a trimodal RMSD density distribution,

suggesting increased conformational changes, notable in the line plot flexibilities.

46



SRA1 and SRA3 had bimodal RMSD density distributions, with SRA1 settling at a lower
RMSD peak observed in the Figure 10B violin plots and SRA2 at a higher peak. The
conformational subspace sampled by these two variants along both PCs in Figure 10A mirrors
the PMSD observations, suggesting increased conformational stability for SRA1 and SRA3

compared to their counterparts.

Figure 10: A) Essential dynamics of the SRA variants, determined through PCA calculated over
times (300ns). The colour progression of the colour bar characterises the progression of the time in
MD simulation. PC1 captures 55.54%, and PC2 14.44%. The RMSD of the protein backbones, in B,

plotted in line and kernel density violin plots, is representative of the global motion exhibited during

the simulation and is mirrored in the PCA.
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3.3.2 RMSF and intermolecular hydrogen bonding

RMSF analysis was conducted to deduce residues and regions of the proteins likely
contributing to RMSD fluctuations. The RMSF observations were corroborated the
observations recorded in the hydrogen bonding occupancy, as hydrogen bonds play a key role

in protein structure stability®.

The regions exhibiting low hydrogen bond occupancy corresponded to regions with high
RMSF, especially in SRA1 and 2. Naturally, most fluctuation can be attributed to the loops
joining each helix. Notably, the high RMSF observed from residues 116-130 can be attributed
to the orientation of H3. The helix packs anti-parallel to H1 and 2, resulting in decreased
intramolecular hydrogen bond participation with the core of the protein and, thus, increased
flexibility. Cys101 in H2 is reported to form a disulphide bridge with Cys180 *°. The
disulphide bridge likely confers stability and compactness to the predominantly helical SRA
by tethering the C-terminal loop of the protein to a helix in the N-terminal. The length of this
bond was monitored and shown unaffected over the course of the simulation across all variants

(Figure S 7).

SRA4 presented increased backbone fluctuation in most regions, including some outside of the
expected loops inFigure 11A, tying in with the observed conformational sampling noted in the

RMSD and PCA calculations in section 3.3.1.
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Figure 11: A) Backbone RMSF and the B) hydrogen bonding occupancy of the SRA variants over the course of
the 300ns simulations. Notable regions of high flexibility in SRA in A and low hydrogen bond occupancy in B
coincident with the loop region of SRA highlighted navy blue in the structure in C.

(Structure source : PDB ID 6elu)

3.3.3 DRN analysis identified potential communication cold spots amid SRA

mutations

A commonality in communication hubs was observed between SRA1 and SRA2 versus SRA3
and SRAA4, likely due to the mutations shared between each of the duos. Despite the split in
observations, residues Val98 and Alal05 were persistent hubs, which, as defined by Boateng

et al. 3* |, are retained across all systems compared in the analysis. Despite each metric
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isolating different measures of importance within a network, the residues maintained persistent

status in all investigated metrics highlighting the cruciality of communication (Figure 13A-D).

Persistent hubs aside, the BC captured the most divergence in the top 5% hubs compared to the

subsequent metrics due to the nature of the metric.

The BC analysis captured the most divergence in the top 5% hubs across the SRA variants
compared to the subsequent metrics. Due to the accumulative nature of the shortest paths
calculation of BC, the changes in the residue networks brought on by the mutations, regardless
of location, were discernible in the heatmap of Figure 12A. This is demonstrated in SRA3 and
SRA4, which exhibited unique BC hub candidates in trading the inclusion of HI1 residues as
high scoring (top 5%) hubs for excluding a number of H2 residues.

Figure 12: Persistent hubs identified in centrality metrics A) BC, B) CC, C) DC and D) KC are mapped
onto the SRA structure in the coloured spheres, highlighting the position of the hubs. Each metric
emphasises a different measure of importance within the network, resulting in a unique

distribution of persistent hubs. (Structure source : PDB ID 6elu)
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However, regardless of distinct BC profiles, persistent hubs were recorded for the variants.
Notable persistent hubs in BC included I1e97, Ala98, Cys101, Alal05 and Leul97 (Figure
13A), which mostly resided in H2, except residue Leul97 in H6, playing a bridging role
between the N and C terminals of the protein. These residues are well-positioned to provide

the shortest path across the two ends of the protein, as shown in the structure in Figure 12A.

The CC analysis revealed high agreement across the variants, with the top 5% hubs (Figure
13B) populating the core of the protein traversing H1, H2 and H5 when mapped onto
structures in Figure 12B. Due to their location in the protein core, residues with high CC
values are typically important for maintaining structural integrity. A maintained consistency
noted in the CC hubs points to the presence and location of the mutations having minimal
effect on the function of the core residues. In SRA, this was encapsulated in the inclusion of
both participants of the structure stabilising disulphide bridge*°, Cys101 and Cys180, in the
shortlist of persistent hubs (see Figure 13 B).

The high connectivity nature of DC and KC analysis highlighted a similar residue profile to
that of CC analysis, with the exception of mutating residue 75 in DC and Ala71 in KC
analysis, denoted in Figure 13. KC is an extension of DC (see 1.2.1.7.2), while CC accrues

residue

significance unrelatedly. DC assigns residue importance based on local contacts, while KC
incurs penalties with increased neighbouring resides. A result of the derivative nature of the
two metrics was the considerable number of shared persistent hubs in GIn64, Ala67, Ala68,
Ala98, Alal05, and Val187 (Figure 13C & D). On the other hand, CC identified residues with
the easiest and shortest access to the rest of the network, a property that, due to the helical and
smaller nature of SRA, overlapped with local connectivity sought out by DC and KC. The
persistent CC hubs Ala98, and Alal05 were both centrally located and a short path from
neighbouring residues. Interestingly, we observed the most pronounced difference in the KC
hubs of SRA1 compared to counterpart variants, including alanine residues 54, 116 and 119,

but excluding Glu72 and Met75. This was likely an aggregated effect of each

mutation residue as the variant shared each of its residue states/substitutions with at least two

other variants, thus lacking a unique substitution to attribute the distinct KC profile.
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Figure 13: The top 5% centrality hubs of metrics A) BC, B) CC, C) DC, and D) KC per SRA variant. The
annotated heatmap cells represent identified hubs meeting the 5% cut-off. Persistent hubs were those
observed in all complexes per metric. Low to high centrality values for each metric correspond to the intensity

of the colour bar on the right of the each heatmap.
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The regions of the SRA structures housing low CC, DC, and KC residues 79-84 and 207-210
(Figure S 6) corresponded to loop regions, which were understandably poorly connected to the

core of the protein.

Overall, despite the unique pathways induced by residue substitutions in position 75 in HI,
201 of H6, 220 and 223 of H7, persistent hubs were identified in all metrics. This observation
infers the crucial participation of residues persistent in all metrics, such as Val98 and Alal05,
to the functionality of SRA. Additionally, our observations revealed the minimal role the SRA

mutations have on the internal functionality of SRA.
3.3.4 Contact Maps

The residue networks around prominent centrality residues Gln64, Ala65, Ala67, Ala68,
Ala71, 1le97, Val98, Cys101, Alal05, Cys180, Vall87 and Leul97, identified from DRN
were further analysed to investigate shifts in residue contacts due to presence of the mutations.
SRA2 demonstrated distinct changes, while most residues inspected maintained their network

across the variants, as shown in Figure 14.

Contact map analysis of persistent hubs and mutation residues in SRA2 revealed the most
deviation in residue contacts compared to the other variants, likely due to the unique M75L
and L220M substitutions housed by the variant. The Met to Leu substitution in position 75
triggered contact with Gly227 and increased frequency with Val98, while the reverse
substitution at residue 220 had a nominal effect on residue contacts. Contacts introduced in
SRA2 maps included S127-1130 for Ala65, Asnl178 with Cysl101, and Thr178-179 with
Alal05, while Cys180 and Ala223 had varied frequencies with Thr178, His190, and GIn227,

respectively.

Contact networks around the investigated residues in SRA1, SRA2 and SRA4 were
comparable. Worth noting were Ala67, Ala68, Ala71, 1le97, Val98, Alal05, Vall87 and
Leul97, which at most showed minimal changes in both the contact and magnitude of contact
with surrounding residues, despite the location of Ala71 and Leul97, four residues upstream of

a mutation residue.

The retainment of residue contacts reinforced DRN observations, further highlighting the
importance, likelihood of conservation, and the overall inconsequential local effect of the

mutations. We additionally noted that the presence of mutations and change residue contacts,
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as noted in SRA2 contact maps, was not an automatic analogue for a change in inter-residue

communication and importance as defined by DRN analysis.

Figure 14: Contact heatmaps for SRA variants highlighting sites of mutation or high communication
residues identified through DRN analysis. The frequency of contacts between residues in a network
was monitored over the course of the MD simulations and is represented on a scale from 0.0-1.0 in

the colour on the bar on the right.
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3.4 Conclusion

In this chapter, we analysed the protein dynamics of four variants of SRA to elucidate the

effect of the mutations on protein functionality and, consequently, the nature of SRA motion.

We investigated SRA variants using global and local analyses to achieve this role, as seen in
Chapter 2. Global analyses included RMSD and ED, which were coupled with DRN, contact

map and hydrogen bond occupancy for local analyses.

Global analysis of the SRA variants revealed SRA4 as the most structurally flexible. The
variant sampled a larger conformational subspace than its counterparts, exhibiting higher
RMSF and, consequently, RMSD values. SRA4 carries a unique Val201 substitution compared
to leucine in the other variants. While both residues were non-polar and aliphatic, leucine has a
larger side chain affording it more hydrophobic interactions than valine. We, therefore, suggest

SRA4 global dynamics were due to a decrease in structure stabilising hydrophobic interactions
350,351

In contrast, substitutions in SRA1, SRA2 and SRA3 revealed minimal global differences were
observed in protein behaviour across the structural SRA variants, putting to question the effect

of the mutations on the SRA-ApoL1 interaction and, subsequently, the infectiveness of Tbr.

Our DRN analyses identified Ala98 and 105 as important across all centrality metrics studied,
indicating that the residues play vital roles in bridging, influencing, and directing the flow of

326 within SRA. Regions expressing high centrality coincided with the

communication
experimentally determined ApoL1 binding sites **°. High persistence in the BC, CC, DC and
KC calculations and the general maintenance of comparable residue contacts suggested a
marginal effect of the investigated mutations at residues 75, 201, 220 and 223 on protein
integrity and functionality. It is likely that the parasite still manages to evade the host immune

system regardless of which of the four SRA variants is expressed.

Overall, we concluded that the SRA mutations were inconsequential to the protein’s function
but were able to identify residues that are plausibly consequential. The identified residues
through DRN analysis are likely mutational cold spots 3** key to the protein. In the case of
SRA, these residues could be vital to the SRA-ApoL1 binding and represent promising targets
for site-directed mutagenesis studies to disrupt SRA functionality. In addition, focusing on

neighbouring residues, as informed by KC, could alter the protein activity and be relevant for
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the disruption of a larger region of the protein, such as the dimerisation site cited to participate

in ApoL1-binding *'°.

56



Chapter 4

Protein-protein interaction in SRA-ApoL]

41 Introduction

The spread of HAT epidemics throughout history in sub-Saharan Africa > has been spurred on

by a molecular arms race (Figure 15) between trypanosomes and humans 281293

through
unique, innate immunity evasion mechanisms by the parasite. Specifically, the expression of
ApoL1-binding serum resistance-associated protein by Trypanosoma brucei rhodesiense

results in the nullification of any trypanocidal activity 3>*3>* by host serum.

In turn, genetic polymorphisms in the human host have been shown to contribute to different
responses to trypanosome infection **°>. Two genetic variants of ApoL1, G1 and G2, occurring
at high frequency in humans of African descent %7 encode proteins that confer protection
against the pathogenic subspecies of trypanosomes through circumvention of parasite evasion,
restoring lytic activity 282%. As such, the inter-play between SRA and ApoL1 hinges the

progression of r-HAT and is crucial for understanding and curtailing of the infection.
While it is related evolutionarily to the VSGs lining the outside of the trypanosome plasma

membrane **!, SRA is localized in endocytic vessels **>*%. As a result, the SRA-ApoLl
interaction is theorised to occur in the lysosome, leading to blockage of ApoL1 pore formation
332,340 and, ultimately, loss of lytic function 2’3, Due to the helical nature of both proteins,
SRA-ApoL1 binding has been proposed to occur via coiled-coil packing %%, or dimerization 3!
between the ApoL1 C-terminal helix and the SRA N-terminal helix *° as observed in VSGs
homodimerisation 2*!. However, the arrangement of helices in the SRA structure and location
of the membrane-binding domain in ApoL1 bring these suggestions to question. The third N-
terminal helix H3 of SRA packs against the coiled-coil of helices H1 and H2, potentially
blocking the proposed dimerisation interface of the protein **°. A separate study proposes a

transmembrane pore-lining region in the ApoL1 (L335-S356) ¥, which would occlude

participation in a coiled-coil structure 3.
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Though the study by Zoll et al.**° demonstrates stable binding SRA and ApoL1, two lower
affinity binding sites are identified in addition to the SRA N-terminal helix, suggesting a more
complex binding. SRA has been documented to participate endosomally, localising in the
cytoplasm 3% to confer Thr-infectivity, yet it remains unknown if ApoL1 participates in
trypanolytic activity in membrane-associated or cytoplasm localised form 276, Regardless of
the membrane relation of ApoL1, the dynamic nature of protein orientation in membranes

360.361 "allows for the possibility of a membrane-bound ApoL1 to exposing the C-terminus to

the cytoplasm to facilitate protein-protein interactions 3522,

Figure 15: A schematic of the relationship between SRA and ApoL1, and its effect on the

pathogenicity of HAT presented in a simplified correlation matrix.

In light of the questions surrounding the nature of the SRA-ApoL1 interaction, we designed
this chapter to address the nature of the complexation. With the assumption of a localised form
of ApoL1, we performed computational modelling of SRA to the ApoL1 C-terminal binding to
understand the protein-protein specificity of the complex. Additionally, the role of ApoLl
variants, G1 and G2, in the protein-protein complex stability is investigated to understand the

protein-protein specificity of the complex formation.

4.2 Methods

58



4.2.1 Protein-protein docking

Wild-type models used for ApoLl and SRA were attained from Chapters 2 and 3,

respectively.

Protein-protein docking was run on the HADDOCK2.4 server !73:182:363.364

using the default
and bioinformatics intensity settings in Table 2. Using the ApoL1 **° and SRA 277-283.2%
binding sites identified in the literature, ambiguous interaction restraints (AIRs) defining active
and passive interface residues were generated. Run 3 SRA AIRs were specifically based on
residues identified by Zoll et al.’*° for site-directed mutagenesis. The AIRs complexed the
two proteins through a first iteration (it0) of rigid-body docking and minimisation to generate
SRA-ApoL1 dimer models. The best-ranked dimers were then subjected to a second iteration
(itl) for semi-flexible annealing using SA cut-off 3, and finally refined (water) by simulation
in an explicit solvent (TIP3P) at 300K. The models were clustered on structural similarity
using fraction of common contacts (FCC) and ranked in-cluster to give the top four models

used for cluster scoring. Final cluster selection was based on the resultant HADDOCK score,

cluster size, electrostatic energy, and the Z-score.

The HADDOCK Score is calculated based on the weighted sum of a number of energies,

Evaw» EetecsEdesomvsEarr, and the buried surface area (BSA), broken down in Equation 11:

itoHADDOCKScore = 0.01E,4,, + 1.0E,0c + 1.0E o501 + 0.01E4z — 0.01BSA
i1 HADDOCKScore = 1.0E,g, + 1.0Es10e + 1.0E 5010 + 0.1E4 5 — 0.01BSA

waterHADDOCKScore = 1.0E,q,, + 0.2E,10c + 1.0Eges0m + 0.1E4z

Equation 11: Calculation of the HADDOCK score

The top clusters and models were visually inspected, and the top four models of the best
scoring cluster were selected for further analysis *%¢. All protein structures generated in this

study were visually examined in the PyMOL viewer 3!,
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Table 2: The docking input used for complex generation on the HADDOCK webserver. The AIRs were
selected based on surface residues in the literature highlighted binding sites. Use of the

bioinformatics settings increased the sampling size of the calculations

Docking

un SRA active AIR residues Apol1 active AIR residues Parameters

341,342,344,345,346,347,348,349,351,352,354,

355,356,357,358,359,360,361,362,363,364,365,

58,59,60,62,63,65,66,67,69,70,72, 366,367,368,369,370,371,372,373,374,375,376,

73,74,76,77,78 377,379,380,381,383,384,386,387,389,390,391,
392,393,394,395,397,398

Bioinformatics

341,342,344,345,346,347,348,349,351,352,354,

355,356,357,358,359,360,361,362,363,364,365,

58,59,60,62,63,65,66,67,69,70,72, 366,367,368,369,370,371,372,373,374,375,376,

73,74,76,77,78 377,379,380,381,383,384,386,387,389,390,391,
392,393,394,395,397,398

Default

341,342,344,345,346,347,348,349,351,352,354,

355,356,357,358,359,360,361,362,363,364,365,

3 59,63,66,70 366,367,368,369,370,371,372,373,374,375,376, Bioinformatics

377,379,380,381,383,384,386,387,389,390,391,
392,393,394,395,397,398

4.2.2 Molecular dynamics

To determine the dynamic stability of the HADDOCK generated dimeric complexes, MD
calculations were performed. The system was set up as described in Chapter 1 (section 1.2.3)
using the parameters applied in both Chapters 2 (section 2.2.2) and 3 (section 3.2.3) in
GROMACS 2018v6 **3. The production runs of 500ns were conducted on twelve HADDOCK

generated complexed systems to filter out any dissociating complexes.
4.2.3 Trajectory analysis

Using the gmx trjconv module, the trajectories were corrected and fitted in preparation for
analysis as outlined in the post-MD processing established in Chapter 2 (see 2.2.3) . To
investigate protein stability and flexibility, RMSD, Rg, and RMSF of the backbone atoms
based on residue contribution were calculated. Additional analyses included CoM distance
calculations between the two proteins, implementing the gmx distance module. RStudio *¢’

was used for any statistical analyses of these calculations.
4.2.2 Intramolecular bond analysis

Hydrogen bond analysis was conducted in CPPTRAJ 2% to monitor interactions between
the two proteins, while VMD 2*° tracked disulphide bridge bond length throughout the MD

production runs.
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4.2.3 Dynamic Residue Network analysis

The first 50ns of the MD trajectories were skipped in the calculation of DRN in favour of post-
convergence last 450ns of the runs. Centrality values was calculated per monomer in each
complex to isolate any shared communication hubs across the systems. The top 5% of SRA
values were shortlisted, while a cut-off of 10% was used for ApoL1 instead as this was more

informative in analysing the shorter length protein.
4.2.4 Contact maps

Additionally, weighted residue contact maps and subsequent heat maps were calculated
through the contact map.py and the contact heatmap.py scripts (available at
https://github.com/RUBI-ZA/MD-TASK/tree/mdm-task-web) 2¥7, using the same parameters as

the centrality calculations.
4.2.5 Conformational Analysis

Principal component analysis (PCA) and normal mode analysis (NMA) were additionally used
to characterise and investigate the conformational changes of the proteins over the length of
the MD trajectory 2*"***. For PCA comparison, the essential dynamics script of MDM-TASK-
web(https://github.com/RUBI-ZA/MD-TASK/tree/mdm-task-web)

compare_essential_dynamics.py was used.
4.2.6 Protein-protein complex and interface validation

Additional analysis of the protein-protein interfaces was performed using the PDBePISA
(Protein Interfaces, Surfaces, and Assemblies service at the European Bioinformatics Institute)

3

webserver %% which assessed complex stability through chemical thermodynamic calculations

and provided further insight into the participating interactions.

The PISA algorithm calculated the change in Gibbs free energy on dissociation from the
estimated free energy of binding and the entropy of complex dissociation to determine which

complexes were probable and expected to remain stable in solution.
4.2.7 Interface alanine scanning

The computational alanine scanning was run on the ROBETTA web server '°3°, Through

defining interface residues as being within a 4A radius of one or more atoms from the partner
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monomer, residues in the respective SRA-ApoL1 interfaces were systematically mutated to
alanine. The procedure then used a free energy function to calculate the changes in the binding

Gibbs free energy (ddG) between the monomers upon each alanine substitution.
4.3 Results and Discussion

Protein-protein docking was implemented to generate SRA-ApoL1 complexes which were
filtered using interface analysis, energy calculations and DRN analysis to isolate energetically
feasible complexes. We then introduced ApoL1 mutations into the identified complexes and
investigated using DRN and alanine scanning to rationalise complex formation the role key

residues play.

4.3.1 Identification of feasible SRA-ApoL1 complexes

4.3.1.1 HADDOCK output

HADDOCK generated clustered datasets of protein structures from each run, to filter for

identification of thermos-feasible structures.

Of the 200 water-refined structures generated by HADDOCK from each run (see Table 2), 116
were clustered in 16 clusters during run 1, 131 were in 12 clusters for run 2, and 141 were
placed in 13 clusters for run 3, representing 58%, 65%, and 70.5% of the models, respectively.
The top ranked dimeric structures were inspected based on the HADDOCK score, in-cluster
RMSD, electrostatic energy, Z-Score, and the FCC. The FCC measures the shared
intermolecular contacts across the clustered complexes *’°, favouring a higher score. Based on
the highlighted metrics, a representative cluster was identified per run, resulting in clusters 1, 4
and 9 of runs 1,2 and 3, respectively. Of the final clusters, cluster 1 scored the lowest
HADDOCK score at -78.68 = 5.42 (Tables S2-4), while the largest FCC of 0.8 was noted in
cluster 9 (Figures S4-6), increasing the possibility of either of the runs producing adequate
dimeric models. Four structures from each final cluster were selected for further analysis,
which entailed MD simulation runs to ascertain the structural stability in solution. Of the
twelve structures filtered via MD, five potential structures remained in-complex after 500ns.
For simplicity, the remaining five SRA-ApoL1 structures were renamed complexes 1-5 (Table

S 4).
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4.3.1.2 Principal Component Analysis

PCA was used to predict the protein motions in low-dimensional subspaces 2*’. The ED was
calculated comparatively to investigate the functional dynamics and identify low energy
conformations sampled by each distinct SRA-ApoL1 complex highlighted in Figure 16 and
Figure 17.

Figure 16: A) The principal component analysis (PCA) of the SRA-ApoL1 complexes over the length

of the MD simulations. The CoM, RMSD and Rg calculations for the complexes are shown in line (C-

E) and violin plots (Cii & Dii), with a colour key presented at the bottom of the plots. Correlation is
observed between the backbone flexibility calculations and the conformational space sampled in the

PCA.
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The majority of variance was captured in the first two principal components, at 89.97% of the
total variance over a time frame of 500ns, as shown in Figure 16A. The most significant
conformational displacement of the observed PCs was recorded along PC2, which held 9.42%
of the variance. Minimal fluctuation was noted in the conformational distribution of complexes
1 and 2 along both PC1 and PC2, suggesting the identification of a stable conformational state.
By comparison, larger conformational space was notably sampled along PC2 in complexes 3,
4, and 5 for the 500ns, with significant variance noted along PC2 in complex 3, an observation
corroborated in the RMSD, Rg and CoM calculations in Figure 16C-D. Three local minima
were identified in each of the five cases and used to determine structures with the lowest
energy and highest conformational stability for further static calculations, illustrated in Figure
17. Visual inspection of the minima structures revealed two distinct binding orientations of
ApoL1 across the complexes rotated nearly 180° from each other. The contrasting ApolL1
binding conformations were incidentally split between complexes 1 and 2, and complexes 3-5,

coinciding with the PCA distributions.

The ApoL1 hairpin of complexes 3-5 faces away from the N-terminal end of SRA (Figure 17),
resulting in conformational mobility of these regions, as seen in Figure 16. This trend was in
agreement with normal mode analysis (Figure S 17), where the largest motions coincided with
the loops and shorter helices of both structures across all complexes. We also observed
significant displacement in the H3 of SRA and its surrounding loops and in the a-hairpin of

ApoL1, consistent with findings of the RMSF analysis and favoured complexes 1 and 2.
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Figure 17: The PCA calculations identify the low energy conformations presented in the figure above
, Which show the unique binding orientations of the monomers per complex differentiated unique

ApolL1 colouring.

(Structure source : HADDOCK protein docking output)

4.3.1.3 Energy analyses

The five distinct minima structures obtained through ED analysis (Figure 16B) were evaluated
and ranked based on the solvation/dissociation energy, interaction energy, and buried surface
area (BSA) along the dimerisation interface (Table 3). As a rule of thumb, dissociation
energies greater than zero and low interaction energies complement complex formation 367!,
Interface participation in complex formation was further scored based on the complexation
significance score (CSS). Complex 1 and complex 2 notably scored more favourably than their
counterpart complexes 3, 4 and 5, maintaining a trend observed in the analysis of the ED (see

Figure 16). The positive dissociation energies of 7.7 kcal mol! and 10.2 kcal mol, in

combination with low interaction energies of -17.4 kcal mol™! and -19.9 kcal mol™!, observed in
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complexes 1 and 2, respectively (Table 3), were indicative of the stability of the complexes in

solution, and by extension physiological relevance.

Table 3: Probable stability of SRA-ApoL1 complexes in solution as predicted by the PDBePISA server.
AGint indicates the solvation free energy gained upon formation of the complex, while AGdiss
indicates the free energy of complex dissociation. Complexes with AGdiss>0 are likely to be

thermodynamically stable in solution

Interaction

Complex Energy Dj?;;iag:; IE,: j Ir}g)y gfﬁ; " t(e;g;we Si‘;‘z;]r:irc)ie:ce Stabili%y In
AG™t (kcalmol?) Score Solution
Complex-1 -17.4 7.7 2260.0 1129.6 1 yes
Complex-2 -19.8 10.2 2280.0 1138.3 1 yes
Complex-3 -6.5 -2.7 1467.0 733.5 0 low
Complex-4 -2.3 -5.6 1129.5 564.7 0 low
Complex-5 -6.1 -2.4 1574.7 787.3 0 low

Each dimer-forming interface buried over 1000A2 (1129.6A2 and 1138.3A2, respectively, of
the 2200A2 buried surface area (Table S12), stabilised by hydrogen bonding and salt bridges
(Table S14). Consistent with these observations, the CSS (scored from 0.00 to 1.00) was
determined to be 1.00 for both interfaces. By contrast, CSS values of complexes 3, 4 and 5
were scored at 0.00, which was supported by the smaller dimer-interface surface areas of
735.5A2, 564.7A and 787.3A2 noted for the complexes, respectively. The interface areas
matched the below 2000A2 BSAs determined in the three complexes. The negative dissociation
energies also contributed to the unlikelihood of thermostability for the three complexes. At the
lowest, complex 4 scored an interaction energy of -2.3 kcal mol! and low dissociation energy

of -5.6 kcal mol™!, consistent with the conclusion that the dimers would be unstable in solution.

4.3.1.4 Dynamic Residue Networks analysis

The use of DRN analysis allowed for mapping communication pathways throughout the

protein complexes distinct to each metric and protein system.
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A common communication pathway from H6 (Leul97) flowing into H2 of SRA was
highlighted by the concentration of high BC values along helices H1 and H2, with H5 and H6
in Figure 18. Depending on how the protein was oriented in reference to SRA, the
communication channel of ApoL1 was restricted to one helix on either side of the a-hairpin.
Complex 4 offered an exception to this rule, as the path diverted through the involvement of

346, positioned in the next helix (Figure 19).

Persistent hubs 3% | as established in Chapter 3 (see 0), were observed in SRA across the five
complex conformations in Figure 19, specifically Alal05, identified as a crucial hub in
Chapter 3, and Leul97, which correspond to the BC consistency of SRA. Complexes 1 and 2
were found to have a noticeable divergence in hub distribution from their last three
counterparts. Except for Val346 from complex 4, most complex 3-5 BC hubs were missing
from complexes 1-2 in ApoL1, where this trend was particularly pronounced. This absence of
shared hubs in ApoLl was probably influenced by different protein orientations in the

individual complexes.

When complex 1 and 2 hubs were mapped onto the energy minima conformations, they were
distinguished by probable communication across the interface (Figure 18). Overall, the BC
analysis identified residues that bridged the protein binding interfaces, indicating residues

crucial to the stability of the SRA-ApoL1 interaction.

The CC analysis revealed a non-linear communication path that traversed through the cores of
both SRA and ApoL1l. Accordingly, SRA with high CC residues were in H1 and H2, with
Ile62, GIn64, and Val65 serving as the only persistent hubs. Shared communication hubs were
absent in ApoL1, as seen in the BC analysis (Figure 19). The high CC path seen in ApoL1 was
isolated to a single helix in complexes 3-5 but traced both adjacent hairpin helices in

complexes 1 and 2.
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Figure 18: High A) BC and B) CC residues mapped onto energetically stable minima structures for
five complexes. Paths of communication (in white) can be traced along the high centrality scoring
hub residues in grey for ApoL1 and in blue for SRA, showing top 10% and top 5% residues,
respectively. The persistent hubs in SRA are denoted as “significant hubs”. (Structure source :

HADDOCK protein docking output)

CC hubs in complexes 1 and 2 notably scored higher, while visibly populating the interface
(Figure 19) key to protein complex stability. The positioning of the high CC residues such as
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[le62 and Val65, or Lys349 and Leu352, was indicative of cross-interface communication, as

validated by contact map analysis in Figure S 15.

Figure 19: Top 5% and 10 % A) BC and B) CC hubs detected for SRA and ApoL1 are denoted by the
annotation in their heatmap cells compared to their residue counterparts. Persisents hubs were
those observed in all complexes per metric. Low to high centrality values for each metric correspond

to the intensity of the colour bar on the right of the each heatmap.

Additionally, key monomer CC hubs such as Val98 and Alal05 in SRA (Chapter 3) and
Leu346 in ApoL1 (Chapter 2) were maintained in both complexes, lending further confidence

to the viability of the aforementioned complexes. In contrast, peripheral residues Cys180 and
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Vall187 were relegated from CC persistent hub status, as their access to neighbouring residues

decreases in the complex compared to the monomer in Chapter 2
4.3.2 Effect of ApoL1 variants on the complex

The effect of the ApoL1 variants on the complex integrity of the SRA-ApoL1 complexes was

investigated through DRN, alanine scanning and contact map analysis.
4.3.2.1 Dynamic Residue Networks

Further DRN analysis of the mutants allowed for the identification of significant complexation

residues in ApoL1.

The residues found included Val346, Val349 (persistent hubs) and Ser356 using BC, and
Leu345, Asp348, Val349, Leu352, Leu353, Ser356 and Val374 through CC, all validated in
duplicated runs (Figure S 21). While introducing the ApoL1 variants resulted in increased
conformational mobility of the complexes, DRN analysis revealed a retainment of the
communication pattern between SRA and each iteration of ApoL1 (see Figure S 20). Though
some change in network contacts was expected due to the steric differences of Gly342 and
Met384 substitutions, the established BC and CC communication paths were not adversely
affected, reinforcing the significance of these communication hubs to maintaining the SRA-

ApoL1 complex.

Noteworthy residues in this regard were [1e97, Alal05 and Leul97 in SRA, as observed in the
wild-type BC analyses, which retained the short path within the monomer, even in both an
ApoL1 bound and unbound state (see 0). An additional hub noted in the SRA-ApoL1 complex
is Alal13 which is promoted to persistent hub state in the complex located in the binding

interface.

In CC calculations, persistent hubs included Val65, Ala68, Val102, Alal05, Asp348, Val349,
Leu352, Leu353, and Val374 as noted in Figure 20B. The residues were located in the

interface of the complex, thus attributing significantly to the stability of the complex.

GIM appeared to have the most pronounced effect on ApoL1 communication. In BC, a lone
loss of significance for residues Ser356 and Leu359, and a gain of Glu377, was noted (Figure
20A). This resulted in a more disrupted communication path compared to the other complexes.
In CC analysis, more disparity was observed with G1M as well as with the reduction in CC for

H1 residues Ile62 and Thr69. Additional hubs triggered by the presence of mutated Ser342 and
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Figure 20: A) BC and B) CC hubs observed in the SRA-ApoL1 complexes over a stabilised section of
the MD simulations. Detected hubs within the cut-off % were annotated with their centrality values
for comparison against counterpart residues in other variants. Low to high centrality values for
each metric correspond to the intensity of the colour bar on the right. Key residues were noted to

maintain hub status in all the variant complexes for both metrics
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[1e384 included Thr69 for BC. BC hubs gained solely in the variant complexes included Ala68
(in G1G) and Val98, and ApoL1’s Val350, Tyr351, Glu355 and Glu377, absent in the
ApoL1G0 BC pathways. In contrast, Val98 is gained as a CC hub only in the G1 and GO
complexes. Due to the steric differences of Gly342 and Met384 substitutions, a reduction in
some network contacts was expected. However, this is outweighed by the pathways
maintained regardless of the variation, as these appear significant to the retainment of the

complexing across the interface.
4.3.2.2 Alanine scanning

Alanine scanning determined residues with a destabilising effect on the SRA-ApoLl
complexes. Specific residues were common in both the wild-type and the G1 mutation

complexes.

Figure 21: Alanine scanning highlighted destabilising residues that were common across all the
SRA-ApolL1 variant complexes (i). The residues were found to be in the binding interface, as

illustrated in (ii). Destabilising alanine substitutions had free energy values (ddG) 21 kcal mol-1,
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while neutral values ranged from -0.8 to 0.99 kcal mol-1, which is represented on the colour bar.

(Structure source : HADDOCK protein docking output)

The destabilising residues were especially noted in the interaction interface between the two
proteins, with the commonality in the identified residues suggesting a similar binding pattern
of the ApoLL1 GI variants to SRA. Agreement was observed between the destabilising and
high centrality residues, especially in ApoL1. Residue Ile62, located in the N-terminal H1 of
SRA, is destabilising across all complexes, with a notable effect of Leul17. Leucine residues

345, 352 and 359 are chief destabilising agents in ApoL1, with Leu345 and Leu352 recording

significant centrality status in both BC and CC (Figure 21 & Table 4).

Table 4: Destabilising protein-protein interface residues identified through in silico alanine

scanning for each dimeric complex and their G1, G1-M, G1-G and G2 variants. BC hubs are in bold,

and CC hubs are italicised.

Dimeric structure

Destabilising residues

SRA

ApolL1

Complex-1

Complex-1 G1

Complex-1 G16

Complex-1 GIM

Complex-1G2

Complex-2

Complex-2 G1

Complex-2 G1¢

Complex-2 GIM

Complex-2 G2

58,59, 62,63,117

55,62,70,117,136, 139

55,62,72,106,109,117,130

62,63,106,109,117,127

55,59,62,77,117,136

55,62,65,72,106,109,117

55,62,77,130

62,63,66,77,117,122

55,62,117,125,152

47,55,59,62,63,103,106,109

334, 345, 349, 352, 359, 360, 370, 374

345,352, 355,359

334, 345, 352, 359, 381

345,352, 359,370,373

334, 345, 351, 352,359, 360

334,335, 345,351, 352, 356, 359, 360,
374

335,338, 345,352,359

334, 341, 345, 352,359,377,381

345,351, 352,355,359, 374

345
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Due to the helical nature of both SRA and ApoL1, leucine residues play a significant role in
the structural stability of helices 32, which in turn affects the nature of the inter-protein helical
interactions. In ApoL1, the leucine residues align along the outside of the helix, most exposed
to binding with SRA, supporting a concept similar to that defining the LZD heptad (residues

Leu371, Leu378, Leu385 and Leu392) cited to facilitate the SRA-ApoL1 coiled-coil binding
280

Other centrality hubs with destabilising potential included Leul09, Lys334, Val374, and
Vall06. Overall, communication hubs identified through network analysis were corroborated

key residues identified in alanine scanning, highlighting their importance to the integrity of the

SRA-ApoL1 complexes.
4.2.2.1 Contact map analysis

Contact map analysis further enlightened interactions between the two proteins, as an expected
shift in the residue networks was noted due to the presence of ApoL1 variants. Inter-protein
interaction was chiefly observed between 72-99 (H1 and H2) of SRA in the G1G mutant and
SRA. All variants with the mutated Gly342 (G1G and G1) resulted in a general reduction in
contact with the linkage disequilibrium partner Ile/Met384 as opposed to the wild-type Ser342

as noted in Figure 22.

This effect on the residue network is highlighted in the BC and CC analyses. The two residues
are located in adjacent helices of the ApoLL1 C-terminal, likely affording the section some
stability. Decreased contact between residues 384 and 342 probably affects helix stability,
which is enhanced in the presence of the G2 mutation resulting in the dissociation of the
complex. G1-G2 contact was observed as Asn388 (part of the deletion mutation G2) interacted
with both Ile/Met384. The residue also interacted with H1 residues of SRA, which is not

observed with counterpart Tyr389.

Further contact was noted between Ala73 (and Thr76) with primarily the wild-type complexes
and some of the Ser and Gly variants. Interaction with Pro344 and Phe344 is gained in the
presence of Gly342 in both G1 and G1G complexes (as opposed to Ser342). It is also worth
acknowledging that G1G infrequently occurs in the absence of the GIM mutation 283287373,

while SRA-ApoL1 dissociation is primarily attributed to the presence of the G2 deletion
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mutations. In merit to these findings, we noted minimal difference in the communication

networks between the G1G and G1M ApoL1 variations.

Figure 22: Contact heatmaps for ApoL1 mutation residues A) Ser/Gly342, B) lle/Met384, C) Asn388,
and D) Tyr389 in the SRA-ApoL1 wildtype complexes. The inter-residue contact frequency was
tracked over 500ns MD simulations and is denoted by the colour bar at the bottom of the figure.
Complexes 1 and 2 G2 contacts are absent in C and D due to the deletion of Asn388 and Tyr389 in
both.

44 Conclusion

We see that binding affects the path of communication with the binding sites. As observed in

Chapter 2, the ApoL1 variants have an intramolecular effect on the stability of the protein.

This study aimed to further identify and elucidate the nature of SRA-ApoL1 binding,
highlighting three main observations. Firstly, feasible SRA-ApoLl1 complexes were

determined based on global and local structural analyses. Our findings corresponded with the
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external thermostability, and complexation analysis used. Additionally, the orientation of both
proteins in the isolated complexes was practicable, dismissing the SRA’s H3 obstructing
binding **. Secondly, we identified residues that are credibly key to the complexation of SRA-
ApoL1 and the maintenance of dimer integrity. Consistency was observed between the sites of

complex destabilisation and the primary communication residues as isolated by DRN analysis.

Furthermore, identified key residues supported the theory of LZD facilitating the ApoLl
binding as opposed to a dimerisation along the entire interface 3!2. Leucine residues appeared
to play a significant role in the maintenance of both the individual structures as well as the
SRA-ApoL1 complexes. Lastly, we noted the minimal dissociative role of the G1 mutations in
the complex. This observation was consistent with wet-lab studies that highlighted the

necessity of G2 for dissociation experiments 2%,

Additionally, computational studies have shown the more significant effect of the G2 deletion
on the structural stability of ApoL1 3%, It is important to note that the study was conducted
using a segment of ApoL1. Use of the complete protein would provide further insight into

SRA-ApoL1 complexation and ApoL1 variants.
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Chapter 5

Anti-folate Drug Discovery

5.1 Introduction

Apart from the parasites’ efforts to evade host immunity, most drugs in chemotherapy for HAT
have numerous drawbacks *™*. Drugs for the treatment of first-stage HAT have adverse effects

375,376

after prolonged use , while those used for the treatment of stage two Tbr infection —

melarsoprol — can induce encephalopathy in patients, with a death rate of 5% 3””. The treatment

for the Tbg meningo-encephalic infection is expensive and challenging to administer 2.

64,378,379 380,381

Furthermore, the available drugs are plagued with resistance and inefficacy
Undoubtedly, new and better drugs to treat HAT are vital **? to a continued decrease in disease

prevalence.

An attractive target in anti-parasite and anti-microbial chemotherapy is the folate metabolic
pathway 3% Trypanosomes are pteridine auxotrophs, requiring folates exclusively from
host organisms **>%%¢ for growth and survival. Reduced folates are essential for thymine and,
consequently, DNA synthesis, such that a lack of the co-factors results in cell death 7. As a
result, the parasite folate pathway 1is an objective target for anti-trypanosome

chemotherapies*®

. Anti-folate therapy has already been used to target plasmodia successfully
in malaria treatment *%33%°  Chemically validated drug targets involved in folate and pterin
salvage include pteridine reductase 1 (PTR1) **° and dihydrofolate reductase (DHFR) 388391392,
The proteins act by reducing the co-factors folate and biopterin with NAD or NADP in
eukaryotes to their tetrahydro-forms in two successive reactions. Through a Lys-Asp-Tyr triad,
PTR1 and DHFR participate in a hydride and proton transfer required for substrate reduction
393 In its reduced form, biopterin plays a vital role in folate biosynthesis and defending against
oxidative stress >°*. DHFR is currently targeted using the drug methotrexate (MTX) 3%°.
DHFR-targeted therapy alone, unfortunately, does not work due to the presence of PTRI,
shown in Figure 23B, a tetrameric short-chain dehydrogenase (SDR) responsible for 10% of

the tetrahydrofolate production %3¢, While this substrate turnover is low, inhibition of DHFR

triggers PTR1 up-regulation, resulting in parasite survival 3**. As such, both targets need to be
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inhibited using synergistic therapy 72 for effective treatment. As DHFR and PTR1 have
similar substrates (Figure 23), it is plausible that inhibitors designed for one protein may also

modulate the other.

Figure 23: The structures of a) TbDHFR (PDB ID:3qfx) and b) ThPTR1 (PDB ID:2x9n) . Residues
active in the substrate binding and reduction reactions are shown in maroon, as well as the
substrate-binding loop of PTR1. The NADPH co-factor (shown in stick figure representation), crucial
to the catalytic activity, is shown in green, blue, and orange. The native substrates of both proteins
are shown as 2D stick figures, highlighting their structural similarity, pathway, and the end product

of the reductions.

A key aim in drug discovery is the rapid identification of pharmacologically active compounds
with minimal side effects. Drug repurposing can partially address this aim which entails
reusing approved drugs for alternative medical purposes **°. The re-profiling has the benefit of
bypassing initial research on drug pharmacology, formulation, safety, and adverse effects, as
well as FDA approval %, to skip right to clinical and efficacy trials. This decreases

401492 and results in higher success rates than original drugs owing to their
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prior documentation 4%, In cases where identified hit drugs are not adapted for therapy, there is
an opportunity to attain valuable data for scaffolding and lead optimisation. A long-standing

403

example of successful drug repurposing is thalidomide *~, an anti-emetic drug with

404,405

detrimental teratogenic side effects which is now safely used in treating myeloma and

leprosy. More recently, the drug niclosamide has shown activity to combat Zika virus #0648,

409

among many other conditions *. More relevantly, the repurposed anti-tumour agent

eflornithine #'°

is currently used for treating second-stage Thg HAT. Unfortunately, its use is
accompanied by adverse reactions characteristic of cytotoxic drugs used in cancer treatment
62410411 ‘Nonetheless, the use of eflornithine shows both the potential of drug repurposing as a
strategy in HAT drug development and the need to develop less toxic alternatives for
chemotherapy. While earlier examples of drug repurposing were either from accidental
discoveries or based on prior knowledge of drug pharmacology being applied to a new
pathology *!?, computational methods can now be used to expand this scope using a larger
chemical space *'*#!%, In essence, computational drug discovery has drastically reduced the

t 415 and time *!¢ required for drug discovery. High throughput virtual screening has been

cos
applied to complement in vitro experimental assays *!7 by narrowing down the number of drug
candidates to be evaluated #'3*%. Aside from lead identification, in silico methods have also
been used to predict and elucidate drug mechanisms and interactions with reasonable accuracy
by applying biomolecular simulations ****?!. Several compounds that have entered late-stage
clinical trials and even therapeutic approval **? are a consequence of integrating computational
approaches into the drug discovery pipeline, including HIV-1 protease inhibitors **. In this
chapter, we employed HTVS using a subset of approved compounds from DrugBank to be
repurposed as potential anti-folate-based HAT chemotherapeutics. Further evaluations of the

effectiveness of the top thirteen hit compounds targeting both DHFR and PTR1 were carried

out by describing the molecular dynamics and energetics of the ligand-bound complexes.

5.2 Methodology

5.2.1 Molecular Docking
5.2.1.1 Ligand Preparation

Approved drugs were retrieved from the DrugBank database '6®. After examination of the data

set, entries with compound mixtures were separated. Additionally, in order to perform virtual
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screening using the AutoDock Vina *** potential from QuickVina-W %% any halogen or metal-
bound complexes were removed from the docking set. The RDKit library **® was used, by Rita
Afriyie Boateng and Olivier Sheik Amamuddy, to build fully protonated 3D structures for the
resulting 2089 compounds, using their corresponding SMILES strings. Gasteiger charges were
assigned, and non-polar hydrogen atoms merged using MGLTools Python script

prepare_ligand4.py from AutoDockTools (v1.5.6) 4?7428,
5.2.1.2 Receptor Preparation

The crystal structure of TOPTR1 (PDB ID:2X9N) #** with missing residues modelled in was
obtained from previous work done by K. Magambo *° while that of ToDHFR (PDB
ID:3QFX) ! was retrieved from the RCSB PDB. The proteins were protonated at pH 6 using
the PlayMolecule ProteinPrepare tool **2, which allowed for the presence of the co-factor in
the calculation of pKa values. MGLtools prepare_receptor4.py scripts were then employed to
prepare both proteins, including the NADPH co-factors, for molecular docking. The scripts
applied AutoDock-compatible atom types through the addition of Gasteiger charges to the

protein.
5.2.1.3 Docking Experiment

Blind docking was conducted on all systems using docking grid dimensions and grid centre
Cartesian coordinates (Table S 9) calculated using BIOVIA DS !2. These parameters were
validated by re-docking the co-crystallised inhibitor cyromazine (AX3) into TOPTRI. The
procedure was parallelised using GNU parallel ***. Each docking run generated nine protein-
ligand complexes, ranked according to their Vina binding scores. The docking procedure was
repeated in TbDHFR after potential hit compounds were identified. TbDHFR-specific
parameters (Table S 9) were used and validated by re-docking pyrimethamine (CP6) into
3QFX.

5.2.1.4 Binding Pose Assessment

An in-house Python script was developed, by Olivier Sheik Amamuddy, to facilitate the
visualisation and analysis of the ligand binding locations in the multimeric protein after blind
docking. In order to do so, each ligand from a highly exhaustive search was assigned to the
protein chain closest to it before aligning the complexes to a common reference chain. This

enabled the calculation of ligand pose clustering based on different distance metrics, such as
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the ligand centroid, the RMSD, and the CoM distance. After calculating the distances between
each pair of ligand poses, hierarchical clustering was applied, and a cut-off distance was
selected. In addition to consideration of hierarchical clustering, Euclidean distance in relation
to all four active sites of the tetramer and Vina scored binding energy were used to screen
ligand binding poses. An energy range of less than -8kcal mol! and a clustering percentage
greater than 80% were considered for filtering. Additionally, a visual assessment of the poses
and intermolecular interactions was conducted using LigPlot+ *%15° BIOVIA DS '*? and
Schrodinger Suite Maestro 2% to attain a consensus. Favourable interactions such as hydrogen

bonds, hydrophobic (n-stacking), and electrostatic interactions were especially noted.

5.2.2 Molecular Dynamics

5.2.2.1 Simulations

GROMACS v2018.6 233 was employed for the all-atom molecular dynamics simulations on
the eight favourable protein-ligand complexes. The AMBERO3 force field ?!' was used to
parametrise the co-factors and ligands, and proteins through ACPYPE ??> and GROMACS,
respectively. Thirteen complexes were solvated in a cubic box using the SPC water model,
neutralised in 0.15 mM NaCl and subsequently energy-minimised terminating at an Fmax
<1000 kJmol'nm! and maximum steps of 50000 using the steepest descent algorithm. The
converged protein, ligand and co-factors were coupled, and the systems were equilibrated to a
temperature of 300K and pressure of 1 bar using the NVT using Berendsen temperature
coupling and NPT ensembles, respectively. Production runs of 200ns were conducted, at a
time step of 2fs, applying the PME method 2** for long-range electrostatic interactions and
LINCS 2% for bond length constraint. Short-range non-bonded interactions were defined based

on the Verlet algorithm 2%7, using a cut-off of 1.4nm.
5.2.2.2 Trajectory Analysis

Using the gmx trjconv module, the trajectories were first corrected for the PBC. The
trajectories were additionally fitted by the Ca atoms of the starting structures to eliminate the
rotation and translation of whole systems before analyses. The gmx make_ndx was applied to
isolate each of the components in the system to investigate their conformational properties. To
assess protein and ligand stabilities, the RMSD of protein backbone atoms and heavy atoms of
the ligands in relation to the protein was calculated. Ligand RMSD was mainly used to filter

out unsatisfactory ligand binding conformations. The effect of ligand presence on the system
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residue flexibility was evaluated using RMSF of the backbone atoms based on residue
contribution. Lastly, a mass-weighted Rg calculation was also employed to investigate the

7

compactness of the protein. RStudio *¢7 was used for value plotting and any statistical

calculations analyses.
5.2.2.3 Interactions Assessment

The ligand-protein interactions profile from an energy minimum state of each simulation run

160 for a 3-

was analysed as before the MD simulations, with the additional use of Arpeggio
dimensional assessment. Furthermore, VMD 2*° was used to visualise the movements of both
ligand and protein throughout the trajectory. The frequency of hydrogen bonds between the
protein and the ligands was analysed using a setting of 3.5A and < 30° in CPPTRAJ ** . The
analysis aimed to identify hydrogen donors and acceptors and track and quantify the number of
hydrogen bonds per frame throughout the trajectory. The tool was additionally used to

calculate hydrogen bond occupancy, which measures the number of frames in which hydrogen

bonds are maintained as a percentage of the entire simulation.
5.2.2.4 Blood-Brain barrier Filtering

In order to target the meningo-encephalitic phase of the disease, drugs must be able to cross
the BBB. For this reason, hit ligands from all thirteen systems were filtered using the BBB
Prediction Server by CBligand *!*. The tool applies the support vector machine (SVM) and
LiCABEDS algorithms to predict permeability.

5.2.2.5 Binding Free Energy

The Molecular Mechanics Poisson-Boltzmann Surface Area (MM-PBSA) approach was used
to calculate the binding free energy of the complexes, using the g_mmpbsa ***. During the
equilibrium phase of the simulations, the calculations were run on a 10ns segment by taking
samples at 50ps intervals. Here the binding free energy of the ligand-bound complex is
estimated using the equations:

AGbind = Gcomplex - (Gprotein + Gligand)

AGy = Em — (TS - Gsolv)

Equation 12: Calculation of MM-PBSA (i)
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The free energy of the complexes in solvent (Gping) results from the isolated free energy values
of the complex Geomplex, the protein Gprotein and the ligand Giigand. The Gibbs free energy (Gx) of
each of these elements is calculated by combining the molecular mechanics potential in a
vacuum (Emm), the desolvation energy (Gsolv) and the entropic contribution (TS) (where T is the
temperature and S is entropy). The Emm encompasses bonded energies as well as van der Waals

and electrostatic interactions, while Gsoiv can be further broken down into Gpolar and Gapolar-

Enm = Epondea — (Eelec + EvdW)

Gsory = Gpolar + Gapolar

Equation 13: Calculation of MM-PBSA (ii)

Furthermore, a decomposition of the energy contribution of each residue, notably those

binding to the ligand, provided further insight into the protein-ligand interactions.
5.2.3 Trypanosoma brucei experimental assays

These experiments were performed by our collaborators Prof Heinrich Hoppe and the team of

the Centre for Chemico- and Biomedicinal Research *°.
5.2.3.1 Single concentration screen

To assess anti-trypanocidal activity, the identified compounds were added to in vitro cultures
of T.b.brucei in 96-well plates at a fixed concentration of 20uM for pure compounds. The
number of parasites surviving drug exposure was determined by adding a resazurin-based
reagent after 48 hours. Living cells reduce resazurin to resorufin, a fluorophore (Excsso/Emsoo)

that can be quantified in a multi-well fluorescence plate reader.

Using pentamidine, an existing drug treatment for trypanosomiasis, as a positive control drug
standard, the compounds were tested in duplicate wells, including a standard deviation (SD).
The results were expressed as percentage parasite viability, which is the resorufin fluorescence
in compound-treated wells relative to untreated controls. Note was taken of compounds that

reduced parasite viability to < 10-20% for further testing.
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5.2.3.2 Dose response assay

Compounds noted from the single dose assays were tested in triplicate wells with resorufin
fluorescence as in the single dose assays, using 3-fold serial dilutions with 100uM as the
highest concentration (100 uM - 0.0457 uM). For dose response, each compound percentage
viability was plotted against Log(compound concentration) and the ICso (50% inhibitory
concentration) obtained from the resulting dose-response curve by non-linear regression.
Pentamidine was once more used as the control drug standard yielding ICso values in the range

0f 0.01-0.05 uM.
5.3 Results and Discussions

Hit compounds will be discussed using their DrugBank IDs.
5.3.1 Pharmacology of the hit compounds

Thirteen drugs that presented favourable behaviour from the molecular docking experiments
and dynamics simulations in TOPTR1 and TODHFR were identified. Of these, three had anti-
depressant properties, three were acetylcholine antagonists, two were anti-emetic agents, and
the remaining five were an anti-convulsant, an anti-bacterial, an insect repellent, an antiseptic,
and an anti-oxidant serving various purposes. All these drugs can cross the BBB %7 making
them particularly useful in targeting the parasite in the meningo-encephalitic phase. The
properties and binding energies of these drugs are summarised in Table 5. For the remainder of

this article, the hit compounds are referred to by their DrugBank IDs.

The anti-emetic agents, DB00757 and DB11699, are structurally similar, due to DB11699
being a precursor to DB00757. The former was initially designed for the treatment of
migraines *** before repurposing, thus conferring BBB permeability to the pair. DB00472,
DBO01511 and DB02959 are anti-depressant agents functioning through the inhibition of
serotonin reuptake. DBO1151 is a tricyclic anti-depressant (TCA), usually administered after
resistance to other chemotherapies. This reluctance is due to the more significant anti-

cholinergic side effects of TCAs ¥,

DB00472 is more readily prescribed as it has less adverse effects 4. DB02959 is a naturally
occurring amino acid **!, 5-Hydroxytryptophan (5-HTP), that also functions as an appetite
suppressant and sleep aid ***. As anti-depressants are required to cross the BBB to affect

neuronal function and work, the three drugs can cross the barrier. The extent of permeability
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varies depending on the anti-depressant and its interaction with the P-glycoprotein protein
pump at the BBB membrane **#* DB00424, DB00572 and DB00809 are muscarinic
acetylcholine antagonists, with the first two, hyoscyamine and atropine, being optical isomers
45 The laevorotatory isomers are alkaloids sourced from various plants ** to treat different
conditions. Atropine is a racemic equimixture of D- and L- hyoscyamine. DB00424 is used for
symptomatic relief from various gastrointestinal disorders. DB00809 is another anti-

cholinergic agent, usually

Table 5: The chemical structures and classification of the top DrugBank compounds. The post-

docking binding energies of the compounds in each protein are shown.

Binding Energy
Drug Properties (kcal mol)
DrugBank  Chemical o
D Structure Drug Name Classification ThPTR1  TbDHFR
DB00424 Hyoscyamine acetylcholine antagonist -9.1 -8

DB00472 ) ; Fluoxetine antidepressant -9.2 -8.3

DB00572 Atropine acetylcholine antagonist -9 -7.8
DB00757 Dolasetron antiemetic agent -10.7 -9.5
DB00809 = EJ-'§_© Tropicamide acetylcholine antagonist -8.2 -7.2
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DB00891 @ Sulphapyridine antibacterial agent -8.3 -7.3

DB00949 ©_<:>7 Felbamate anticonvulsant agent -8.2 -7.7

DB01151 J) Desipramine tricyclic antidepressant -9.4 -8.5
i

DB02959 | Oxitriptan anti-depressant, appgtlte 8.8 73
suppressant, and sleep aid

DB11254 \/\/\j@/ Hexylresorcinol antiseptic, anth.elmmtlc, and -8 -7.7

local anaesthetic

DB11282 1 Diethyltoluamide insect repellent -8.5 -6.6
Lol

DB11285 # Ethyl ferulate experimental -8.3 -7.2

>
DB11699 Tropisetron antiemetic activity -9.7 -8.6




administered as an anti-parasympathetic agent *’ for pupil dilation. Like anti-depressants, anti-
cholinergic agents permeate the BBB **, especially those that are neutrally charged **°. This
property made the drugs attractive candidates for the repurposing study. DB00891 is a

1 #9041 that inhibits folate metabolism in bacteria through

sulphonamide anti-bacteria
competitive inhibition of para-aminobenzoic acid (PABA). However, sulphapyridine therapy
has been flagged for toxicity, affecting the frequency of prescription *2. DB00949 is an
antiepileptic drug *** studied for administration in both children and adults ***. The drug
suppresses N-methyl-D-aspartate (NMDA) through its affinity for the glycine recognition site
of the NMDA receptor 4. Due to its target, the drug, too, is required to cross the BBB to take
effect. DB11282 is an active insect repellent ingredient *°, while DB11254 has antiseptic,

anthelmintic %47

, as well as anaesthetic properties. The combined DB11285 properties have
led to its use in anti-bacterial lozenges ***. Lastly, DB11285, ethyl ferulate (FAEE), is a ferulic
acid derivative with anti-oxidative properties *°4°. FAEE has also been cited for its

461,462

neuroprotective , anti-inflammatory %% and antiproliferative *¢* activity.

Figure 24: The azabicyclic and indole moieties are shared across the compounds ai) DB00424, aii)

DB00572, b) DB00757, c) DB02959, and d) DB11699. (Structure source : DRUGBANK)

The indole moiety shared by DB11699 and DB00757, as well as DB02959 in Figure 24, is a

popular nucleus for several pharmacological purposes %% The architecture and
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electrophilicity of the indole nucleus are conducive to the manipulation and synthesis of

numerous derivatives *’. To date, indole derivatives have been investigated and synthesised

468,469 470,471

for the treatment of cancer
472474 and parasites “***7. In addition to the indole moiety, DB00757 and DB11699 have the

azabicyclic architecture (Figure 24) in common with DB00424 and DB00572. Azabicyclic
476

, inflammation , emesis, and infections from microbes

compounds have been investigated for anti-protozoal activity *’°, and even more specifically,

Trypanosoma *’7, pointing to the modulatory potential of these drugs.

5.3.2 Analysis of ligand dynamics

5.3.2.1 Ligand RMSD

The RMSD of the ligands was used to quantify the internal fluctuation of the ligand atoms
with respect to the protein Ca backbone. The RMSD values obtained stipulated the stability of
the ligand binding in the protein complexes. The native ligand, folate, showed the highest
fluctuation in TbPTRI1, with the RMSD distribution ranging from 0.1-0.4nm. DB00572,
DB00949 and DB02959 present the most stability in both PTR1 and DHFR, corroborating the
unimodal density seen in the violin plots in Figure 25. Here, DB00572 has a median RMSD of
0.19nm in both proteins, and DB00949 has values of 0.14nm and 0.13nm in PTR1 and DHFR,
respectively. Additionally, DB00891, DB01151, DB11254, DB11282 and DB11699 show the
most stability in PTR1, with the RMSD values showing minimal fluctuation. As a result, the
RMSD density distribution for these ligands is unimodal (Figure 25A). The TbDHFR
counterparts of these ligands exhibited multimodal RMSD distributions. DB01151 shows the
most defined conformations with one prominent one. In TODHFR (Figure 25B), DB11699
shifted between two conformations due to twisting between the azabicyclic and the

isoquinoline rings, finally settling at around 0.15nm.

DB11282, in great contrast to its mode in PTR1, sampled three conformations, which was the
most across all ligands in both systems. DB00424, DB00472, DB00757, DB00809 and
DB11285 took on multiple conformations in TOPTR1. DB00424 presents more stability in
TbDHFR than TbPTR1, with a unimodal RMSD frequency in the former. Upon video analysis
of DB00424, rotation of the amide bond of the ligand was observed, explaining the two states.
DB00757 changes conformation after 75ns, with a decrease in the RMSD. DB11285, like
DB00424, exhibits a bimodal distribution in PTR1 contrasted with the more stable unimodal
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one observed in DHFR. DB00472 exhibited bimodal distribution in TODHFR as well as PTR1,

though it was more pronounced in PTR1.

Figure 25: RMSD of the ligands in a) ThPTR1 and b) TbDHFR presented in line plots. The median of the RMSD

values is presented in the c) kernel density violin plot as a crossbar.
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5.3.3 Analysis of receptor dynamics

5.3.3.1 RMSD

The RMSD of the protein backbone was monitored to gain insight into any structural
conformational changes in the protein during the simulation. The TbPTR1-ligand complexes
converged to equilibrium within the first 20ns of the simulation, apart from the TbPTRI-
DB11699 complex, which did so after the 60ns mark. The changes in backbone RMSDs were
within the order of 0.1-0.3 nm, which accounts for intrinsic protein flexibility, but is indicative
of minimal global conformational changes '°°. A general, albeit nominal, decrease in RMSD
was observed in the ligand-bound systems compared to apo-TbPTRI, apart from TbPTRI-
DB00424. The majority of the protein-ligand complexes sampled at most two structural
conformations (Figure 26), with the exception of the complexes with DB00424, DB00472,
DB00757, DB00809, DB00891 and DB00949. The conformations sampled in these unimodal
RMSD distributions additionally had the lowest free energy.

TbPTR1-DB00572, TbPTR1-DB01151, TbPTR1-DB02959, TbPTR1-DB11254, TbPTRI-
DB11282, TbPTR1-DB11285 and TbPTRI1-DB11699 presented two peaks, with one
eventually becoming the dominant conformation (Figure 26 & Figure 27A). The TObDHFR-
ligand complexes, unlike those of PTR1, show slight increases in RMSD, with the majority
sampling one conformation (Figure 27 & Figure S 23). TODHFR-DB02959, like its PTR1
counterpart, exhibits a bimodal RMSD distribution, though with more pronounced peaks.
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Figure 26: Protein backbone RMSD of ligand-bound TbPTR1 presented as a factor of the free energy
of the protein. The colour intensity in the colour bar in the right presents the free energy (AG) in
kcalmol! . The inserts in each plot present the kernel plots density of each system’s RMSD, with

corresponding peaks showing the lowest energy conformations.
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5.3.3.2 Radius of gyration

The radius of gyration analysis of the complexes showed minimal change in the spatial
compactness of the ligand-bound protein complexes for both proteins. The values remained
within a range of 0.2nm and displayed both uni- and multi-modal distributions for the TOPTRI1
complexes (Figure 27B). A decrease in the Rg, comparable to that observed in the RMSD,

was observed in the ligand-bound PTR1 complexes compared to the apo system.

Figure 27: A) RMSD and B) Rg of the protein backbone in ligand-bound ThPTR1 and TbDHFR
presented in violin plots. The width of the plots outlines kernel probability density. Box plots

represent the median # the standard deviation.

DHFR generally had lower Rg (Figure 27B), likely due to the smaller size of the monomer as

compared to PTR1. The protein additionally maintained a unimodal distribution, suggesting
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ligand binding did not markedly alter the compactness of the complexes. A slight decrease in

the median was noted, with all values other than the apo-protein falling below 1.73nm.
5.3.3.3 RMSF

The RMSF captured provided insight into the flexibility of regions of the protein. Of
significant interest are the residues 100-120 and 140-160 in both the ligand-bound and ligand-
free complexes. These regions experienced high fluctuations as they are solvent-exposed loop
regions. The ligand-free system showed high RMSF between residues 205-220 covering the
substrate-binding loop. This increase in fluctuation was not mirrored by the ligand-bound
TbPTRI1 complexes, suggesting the presence of the ligands and AX3 decreased the flexibility
of the loop. Of note is TOPTR1-DB00424, which showed both the least flexibility in the
substrate-binding loop (Figure 28A) and the lowest Rg (Figure 28B). Contrarily, TOPTR1-
DB02959, which had the largest Rg after the apo-PTR1, exhibited high fluctuations in the
loop, thus suggesting that binding of the loop can affect the global nature of the complex.

DHFR exhibited flexibility in the loopy regions between residues 42-48 *7® shared across
numerous protozoan DHFR enzymes, 64-77, 187-210, 222-230. An increase and decrease in
RMSF in these regions may have a bearing on the changes in Rg seen in Figure 27B. The
RMSF of the DHFR-DB00472 remained similar to that of the ligand-free system, especially
along all the loops. The Rg corroborated this with a median value of 1.72nm. Contrarily, the
high fluctuation seen from residues 64-77 in the complexes of DB00949 and DB002959 did

not appear to influence the Rg.
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Figure 28: RMSF of the A) TbPTR1 backbone, with the corresponding flexible regions shown in the
B) protein structure. The MM-PBSA, per residue energy contribution, is shown in C, with the energy
range represented in the colour bar. Positions of residues contributing the most energy are
highlighted in D. The catalytically essential residues are coloured red in both structures B and D.

(Structure source : PDB 2x9n)

5.3.4 Energetics and protein-ligand interactions

5.3.4.1 MMPBSA

All eight ligands bound favourably in TOPTR1 throughout the 100ns simulations, with free
binding energies well below those of the native ligand AX3 at 43 = 8 kJmol™'. The binding and
other energies are summarised in Table 6. The ligands DB00472, DB00572 and DBO01151
exhibited the lowest binding energies at -94+11 kJmol™', -84 = 11 kJmol™, and -85 + 8 kJmol,
respectively. DBO1151 also had low energy in TODHFR, along with DB00757 and DB00809,
as observed in Table 7. The lack of hydrogen bonding observed in Figure 32 may have
contributed to the low binding energy of DBO1151. The highest binding energies in PTRI
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were recorded with DB00949, DB02959 and DB11254. This behaviour was mirrored in DHFR
with DB00949 and DB002959. DB11254 exhibited the highest binding energy in TODHFR.

Table 6: A decomposition of the binding energy components obtained from MM-PBSA calculations in

TbPTR1.

Energy Component kJmol-1
Ligand

VDW Electrostatic Polar solvation =~ SASA Binding
AX3 -68 + 11 -18+12 73 £ 20 9+1 -23+12
FOL -123 + 11 -15+9 80+11 -14 £1 -73+11
DB00424 -137+8 -21+5 91 49 -15+1 -82+10
DB00472 -158+9 -28+4 1097 -17+1 94+ 11
DB00572 -135+12 -21+6 87+9 -15+1 -84+ 11
DB00757 -115+12 -1+6 59+12 -14 £1 -71+£12
DB00809 -92+9 -33+5 61+5 -12+1 -77 £ 8
DB00891 -113 +12 -61+12 112 +8 -12+£1 -75+11
DB00949 -104+9 -12+7 69 +10 -13+1 -61+10
DB01151 -121+9 -5+3 567 -15+1 -85+8
DB02959 -82+7 -9+15 54 +16 -10+£1 -48 £+ 11
DB11254 -106+7 -2%5 58+7 -13£1 -63+10
DB11282 -114+8 -2+4 59+9 -13+1 -69 £ 11
DB11285 -105+ 11 6+4 40+12 -14+1 -72+9
DB11699 -134+9 -23+5 104 + 14 -15+1 -67 £12

Interestingly, DB00949 participated in the largest number of hydrogen bonding (Figure 32),
contrasting DBO1151. The residue energy contribution (Figure 28) highlighted critical
residues interacting with the ligands and the nature of the interaction. Substrate binding
residues within the active site region of Ser207-Trp221 and Phe97 were observed to contribute
favourably to the binding energy, as did binding pocket residues between Aspl61-Tyrl74.
Aspl161, which with Tyr174 participates in proton shuttling for pterin reduction *°, formed

undesirable interactions with all the ligands.
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Figure 29: MM-PBSA decomposition of residues in TDDHFR (in A) represented in a heatmap for each
protein-ligand complex. The energy contribution of each residue is shown in B, with the residues

attributing most to the energy highlighted in the structure A in salmon. (Structure source : PDB

3qfx)

Overall, hydrophobic amino acids such as Ala, Met, Phe and Trp, with the exception of basic
hydrophilic residues Arg and Lys, contributed favourably to the binding energy. The residues
contributing unfavourably, Asn, Asp, Gln and Glu, were hydrophilic, except aliphatic Leu and
Val.

Residues known to be involved in inhibitor binding, such as Gly45, Thr46, Met55, Arg59 and
Phe94 #3147 contributed constructively to the energy of the TODHFR ligand-bound systems.
The energy contribution of the drugs was similar to that of the known DHFR inhibitor
pyrimethamine (CP6), as shown in Error! Reference source not found.. All complexes revealed t

he energetically unfavourable participation of Asp54.
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Table 7: A decomposition of the binding energy components obtained from MM-PBSA calculations in

TbDHFR.

Ligand Energy Component kJmol-1

VvDW Electrostatic Polar solvation ~ SASA Binding
CP6 -148+9 -37+8 97 6 -13+1 -102+£9
DB00424 -116 £ 8 103 376 -15%1 -82+10
DB00472 -94 £ 10 -13£5 47 + 8 -13+1 -73 £10
DB00572 -127 +£8 -1+£3 57%5 -15%1 -85+ 9
DB00757 -157 £ 11 -14+8 8510 -16+£1 -102 £ 12
DB00809 -148 £ 10 -37+8 101 +8 -16+£1 -101£9
DB00891 -94+9 377 79%9 -10+£1 -63+8
DB00949 -116 £ 10 -13+8 899 -14+1 -59+9
DB01151 -166 £ 11 -16 £ 4 86+ 15 -16+£1 -114 £ 13
DB02959 -109+8 -19+9 82x9 -12+1 -59+11
DB11254 -115+12 -13+7 64 + 10 -14+1 -78 £ 12
DB11282 -114+9 -22+4 72 £11 -14+1 -78+ 11
DB11285 -96 + 13 -4+6 63 £ 13 -14+1 -51+10
DB11699 -133+8 -17 7 77£6 -15+1 -88+8

5.3.4.2 Intermolecular interactions
5.3.4.2.1 TbPTR1

Based on residue numbering in TOPTRI1, Aspl61 and Tyrl174 are involved in the proton
shuttling required for substrate reduction, while Argl4 plays a substrate stabilising role. The

substrate-binding loop, which is conserved among SDR superfamily enzymes #3040

, spans
Ser207-Gly215 and further holds the substrate in place. Other vital residues in the framing and
shaping of the active site pocket include Phe97, Cys168, Tyr174, Pro210, Trp221 and His267,
with the nicotinamide ring of NADPH and Phe97 creating the catalytic centre. The resultant
pocket is hydrophobic, hinting that hydrogen bonding is unlikely. As such, the protein-ligand
interactions were primarily hydrophobic and van der Waals (vdW). The acetylcholine
antagonists all interacted with NADPH and Phel71 via n-n-stacking of the aromatic groups,
with DB00424 additionally stacking with Phe97 and forming hydrogen bonds with Alal62,
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Metl163 and Gly205. The hydrogen bonding was mirrored in the isomer DB00572, which
further participated in hydrophobic interactions with Cys168 and Trp221. DB00809
furthermore exhibited hydrogen bonding with Tyr174 and an alkyl interaction with Asp161. In
agreement with the substrate interaction, Phe97 formed n-n-stacking with the aromatic groups
DB00757 and DB11699, with the added m-alkyl bonding with NADPH. Due to the structural
similarities between DB00757 and DB11699, the compounds exhibited analogous interactions.
DBO00757 had favourable binding in all four active sites of TOPTRI1, exhibiting numerous
energetically viable binding poses **!. In chain A, DB00757 interacted with Val206, Phel71
and GInl166, while DB11699 formed hydrogen bonds with Trp221 and Met163, in addition to
n-alkyl stacking with Leu209 and Phel71.

Phe97 binds with all the anti-depressants mirrored in DHFR with Phe58. DB00472 and
DB02959 interact with the co-factor, whilst DB00472 and DBO01151 form hydrophobic
contacts with Argl4, Metl163, Phel71 and Pro210. DB00949 interacts with NADPH, forming
the most hydrogen bonds among the ligands, as seen in Figure 30. The anaesthetic agent,
DB11254, participated in hydrogen bonding with Asp161, an interaction replicated in DHFR.
DB11282, like the anti-depressant agents, formed = interactions with the active site
phenylalanine residues, as well as with Metl163, Tyrl74, Met213 and Trp221. Lastly,
DB11285 formed a hydrogen bond with NADPH, a n-n stack with Phe97, and additional alkyl
and m-alkyl interactions with Leu209 and Trp221.
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Figure 30: The
intermolecular
interactions of ligands a)
DB00424, b) DB00472, c)
DB00572, d) DB00757, e)
DB00809, f) DB00891, g)
DB00949, h) DB01151, i)
DB02959, j) DB11254, k)
DB11282,1) DB11285
and m) DB11699 in the
TbPTR1 active site are
shown in 3D
representation.The inset
present a schematic of
each binding pose,
highlighting each
interaction according to

the provided key.



5.3.4.2.2 TbDHFR
The intermolecular interactions observed in TODHFR were highlighted in Figure 31.

Residues paramount to folate reduction in TODHFR include Ala34, Val32, Met55, Phe58,
Ser89, Phe94 and Tyrl66. Much like in PTRI, the active site of DHFR is a neutral
hydrophobic cavity 4’®. Due to the hydropathy of the active site, ligands were retained in the
active site via an array of hydrophobic and vdW interactions and a few hydrogen bonds. Asp54
and NADPH were responsible for most of the hydrogen bonding observed, with the former
binding to DB00757, DB00809, DB00949 and DB11254. Ile47 formed alkyl interactions and
n-stacking with DB11699, DB02959, DB01151, DB00757, DB00572 and DB00424, while
other isoleucine residues of interest, including Ile50 and Ile160, interacted with DB00809 and
DBO00891.

Of the phenylalanine residues of the active site, Phe58 facilitated m-m-stacking with the
aromatic ring-containing ligands, as well as the azabicyclic moieties of DB00757, expect in the
case of optical isomers DB00424 and DB00572, and DB11699. The residue Met55 also
attracted the ligands into m-alkyl, m-sulphur, and hydrogen bonds, with the exception of
DB00757 and DB02959. Leu90 facilitated alkyl contacts with the ligands DB00472,
DB00572, DB00809, DB01151 and DB11282. Ser89 bound exclusively to the anti-emetic
agents DB00757 and DB11699, with the reinforcement of hydrophobic Ala34. The alanine
residue also formed m-alkyl interaction with the aromatic moieties of DB00572, DB00809,
DB11254 and DB11285. Interestingly, DB01151 was the only ligand to form hydrophobic
interactions in both PTR1 and DHFR solely.
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Figure 31:
Intermolecular
interactions between the
ligands a) DB00424, b)
DB00472, c) DB00572,
d) DB00757, e)
DB00809, f) DB00891, g)
DB00949, h) DB01151, i)
DB02959, j) DB11254, k)
DB11282,1) DB11285
and m) DB11699 and
residues in the TDDHFR
the active site are
presented in 3D
structure representation.
A schematic outline of
the binding pose is
shown in the insets, with
an accompanying key for

the type of interactions.



5.3.4.3 #8Hydrogen bonding occupancy analysis

Analysis of hydrogen bonding between ligands and proteins revealed that the NADPH co-
factor attracted hydrogen bonding with numerous ligands in both TOPTR1 and TbDHFR. Other
residues of note were Aspl61 and Tyr174 in PTRI1. In DHFR, Asp54 and Ile160 formed the
most hydrogen bonds, with other isoleucine residues, Ile41, Ile47 and Ile51, making an
appearance. DB00424 formed at least four hydrogen bonds in both TOPTR1 and TbDHFR,
with an occupancy of < 0.56 in both proteins (Figure 32). DB00572 formed fewer hydrogen
bonds than its isomer in TOPTRI1, with Alal62 and Aspl61 in common. In TODHFR, the
isomers had the same number of bonds, sharing bonds with NADPH, Ser89 and Thr46.
DB00757 exhibited six hydrogen bonds in PTR1, with the highest occupancy in Metl63 at
0.48. In contrast, the ligand formed only two bonds in DHFR, including one with NADPH,
unlike its PTR1 counterpart. DB00809 formed two hydrogen bonds in both cases, with bond
occupancies higher than 0.68. Isoleucine was responsible for the hydrogen bonding in DHFR,
but aspartate and glutamate in PTR1. Antibiotic DB00891 displayed high hydrogen bond
occupancies of 0.93, 0.92, 0.83, 0.4 and 0.35 with residues Aspl61, Alal62, Metl63, Tyrl74
and Leu208, respectively. The highest number of hydrogen bonds was observed with
DB00949, where nine bonds were recorded in TODHFR. DB00949 also exhibited the most
considerable frequency in binding with the co-factor. DB02959 and DB11254 participated in a
minimum of three bonds in both systems, including those with Asp and NADPH. TbhDHFR-
DB11285 hydrogen bonding recorded five contacts, where Ala34 had the highest frequency at
0.15. The binding of the ligand in TOPTR1 was low. DB11699 formed three hydrogen bonds in
PTRI and two in DHFR. In PTR1, the highest occupancy noted was 0.34 with Tyr174, and
one of 0.42 was recorded with Asp54 in TODHFR.
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Figure 32: Hydrogen bonding occupancy of the hit ligands with the binding pocket residues in A)
TbPTR1 and B) TbDHFR. Occupancy is presented as a percentage of the total number of frames in

the MD simulations.

DBO01151 and DB11282 exhibited poor hydrogen bonding in both proteins, with a maximum
of one hydrogen bond per frame over the observed 100ns. The DB01151 hydrogen bonding
profile corroborated the observations made in the interaction analysis, where the drug
primarily only formed hydrophobic interactions. The lack of hydrogen bonding is likely due to
the hydrophobic nature of the drug, which has a log P 0of 4.9.

The Rg analysis of the complexes showed minimal change in the spatial compactness of the
ligand-bound protein complexes for both proteins. The values remained within a range of

0.2nm with unimodal distributions, with the exception of the co-crystallised 2X9N system.

5.3.5 Four compounds exhibited potential anti-trypanosomal activity

Of the 13 drugs isolated in silico, compounds DB00472, DB00572, DB01151 and DB11254,
as well as AX3 and CP6, were active at 20uM, exhibiting % cell viability <10% (Figure 33).

As a result, the samples were put forward for ICso assays.

Pentamidine was used as the assay control against the co-crystallised (cyromazine (AX3) and

pyrimethamine (CP6)) and potential hit compounds. The ICso of DB00472, DB00572,

DB01151, DB11254, AX3 and CP6 were determined to be 1.61 £ 0.08, 9.76 + 0.99, 1.87 +
103



Figure 33: Anti-trypanosomal activity bioassays: A) Single concentration assays. Percentage
parasite viability (% viability + SD) of all 13 compounds after single concentration assays at 20 M.
B) Pentamidine was used as the assay control and run in duplicate, as well as co-crystallised
compounds (cyromazine (AX3) and pyrimethamine (CP6) shown in C). Viability of DB00472,
DB00572, DB01151, DB11254, AX3 and CP6 (highlighted in red) were determined to be 0.40 + 0.46,
0.14 +#0.42,0.32 + 0.33 and 0.10 + 0.09 uM, respectively. Pentamidine % viability was 0.025-0.026

uM. C) ICsg values of compounds represented in dose-response plots and % viability + SD.
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.0.08,4.4+£0.17,0.68 = 0.003 and 1.48 = 0.01 uM, respectively. The ICso of pentamidine was
0.025-0.026 puM. CP6 had sub-micromolar activity of the compounds, as was expected of an
existing anti-folate drug. While the four DrugBank compounds exhibited super-micromolar

activity, further experimental investigation is required.

The potential of active compounds can be better assessed in conjunction with cytotoxicity
assays. However, as the database used (DrugBank), !®® consists of well-known and -
documented compounds, a considerable amount of data is available to consult regarding their

toxicity in lieu of bioassay
54 Conclusion

In the chapter, high throughput virtual screening was employed to repurpose FDA-approved
drugs for use in neglected tropical disease HAT. Drug repurposing has become an increasingly
promising venture for drug discovery in ordinarily impoverished conditions. Repurposed drugs
present a financial and temporal advantage to further develop and optimise these drugs for use
in chemotherapy. The drugs identified through in silico screening process in this study showed
favourable binding to the folate pathway proteins, making them viable options for modulation.
Of these drugs, DB00572, DB00949, DB01151 and DB11699 were the most promising in both
TbPTR1 and TbDHFR, opening another avenue in dual anti-folate anti-trypanosome
chemotherapy. DB00572 and DB01151 also exhibited some potential in vitro assays screened

against the parasite.

Additionally, the indole and the azabicyclic moieties were identified across at least three drugs,
which could be instrumental in analogue screening and scaffold development of a safe anti-

folate drug for anti-trypanosome therapy.
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Chapter 6

Overall Conclusions

6.1 Findings and their relevance

In this project, we used structural bioinformatics approaches to investigate two aspects of
HAT, which remains a significant health concern in sub-Saharan Africa. Our aims were
divided in two, 1) investigating the proteins involved in the pathogenicity of r-HAT, TbrSRA
and human ApoL1 to assist the understanding of infection initiation, and 2) targeting folate

pathway protein TOPTR1 and TbDHFR as drug targets for potential alternative drugs
6.1.1 Pathogenicity

Chapters 2-4 of this study aimed to investigate the mechanism of ThrSRA mediated HAT
infection through investigations of ApoL1, SRA, and the potential SRA-ApoL1 complex.

Chapter 2 entailed the study of ApoL1 variants GO, G1, GIM, G1G, G2, and G2G1, providing
insight into the intramolecular effect the mutations play in protein functionality. The presence
of ApoL1 C-terminal variants had a destabilising effect on SRA-ID. This plausibly attributes
to the ability of the variants to evade SRA.

The study of four SRA variants in Chapter 3 highlighted the minimal effect of the investigated
mutation on the functional protein as predicted by DRN analysis. In lieu of dynamic
consequences of the SRA variants, we identified potential mutational cold spot residues noted
through DRN metrics BC, CC, DC, and KC. Residues Ala98 and 105 specifically were
recorded as persistent hubs across the centrality metrics suggesting their conservation and
importance to both the structural and functional integrity of SRA and making them viable
targets for disruption of SRA anti-ApoL1 activity.

Lastly, we isolated the potential nature of the SRA-ApoL1 complex in Chapter 4. Through

protein-protein docking, we calculated two feasible dimeric structures of the SRA-ApoLl.
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The identified complexes exhibited communication across the interface through the calculation
of BC and CC, which highlighted prominent hubs, including residues identified in both
Chapters 2 and 3. Complexes carrying these prominent hubs also proved to be energetically
feasible through PCA and external PDBePISA calculations.

The introduction of Apol.1 mutations into the complexes complemented observations noted
for the ApoL1 monomer from Chapter 2. We also recorded the significance of leucine residues

to the complex formation in a coiled-coil suggestion of interaction.

These address the knowledge gap concerning the roles of both proteins in HAT susceptibility.
Additionally, our observations identified key residues to the maintenance of the complex,

providing more opportunities to prevent complexation or disruption of existing complexes.
6.1.2 Drug discovery

Chapter 5 of this thesis was dedicated to the search for potential anti-folate drug compounds as

an alternative to existing HAT chemotherapy by implementing in silico drug repurposing.

Four compounds cross-binding in validated anti-folate therapy targets Th PTR1, and DHFR
were identified, encouraging the possibility of wholly effective anti-folate therapy against
African trypanosomes. The compounds were promising in single-concentration bioassays but
exhibited super-micromolar anti-trypanosome activity in IC50 bioassays. However, shared
indole and the azabicyclic architecture were identified across the drugs, which could be used as

scaffolding to design compounds with improved molar activity.

Overall, the aim of the chapter was achieved in the identification of DrugBank compounds
DB00572, DB00949, DB01151 and DB11699 for additional investigation towards anti-folate
HAT chemotherapy. We additionally highlighted the convenience of drug repurposing in
combination with HTVS, which reduces the development time, encouraging investment in

HAT chemotherapy endeavours.

6.2 Limitations and challenges

6.2.1 Molecular dynamics

Despite its obvious convenience, the MD simulation used in the study has several limitations.

These include the inability to model quantum effects, force field quality, and time and size
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limitations. High-performance computing (HPC) has alleviated some of the computational

intensity of MD simulations, but more work needs to be done to improve these aspects 4827483,

Additionally, singular runs we conducted for the calculation of Chapter 2, 3 and 5 in the
interest of managing computational resources. The differing lengths in MD simulations noted
in each chapter were dependent on the ease of convergence of each system. Larger

486

biomolecular™® systems tend to require more simulation time to converge and stabilise

compared to smaller counterparts.
6.2.2 Full-length structure of ApoL1

Our study concentrated on the protein region where the variants primarily associated with
HAT are located and did not take the whole protein available in the AlphaFold database'®?.
In this setting, future studies will be critical to understanding the structure and effect of the

HAT-associated variants in the context of the full-length protein.

Despite these limitations, our study provides clues to the structure and conformational
dynamics of the GO ApoL1 C-terminal and its variants, as well as their interactions with SRA.
The ApoL1 C-terminal region structure suffices for the initial aim of our study, advancing our

understanding of ApoL1 structure and function.
6.2.3 Lack of cytotoxicity assays

The potential of active compounds can be better assessed in conjunction with cytotoxicity
assays. Since these are well-known compounds, there is considerable data regarding their

toxicity '8,

However, cytotoxicity assays play a dual role as the compounds additionally need to be tested
for selectivity in in vivo or in vitro models. The successfully screened compounds may bind to
human homologs **7# of DHFR in addition to parasite’s, resulting in undesirable side
effects . Some antifolate drugs, such as sulfa drugs, are examples of selective antifolate therapy

that were once used for many bacterial infections
6.3 Relevance and Future Work

The two overall aims of this thesis were not exhaustively solved, allowing for enhancements to

our current results.

108



In our pathogenicity study, further structural studies of ApoL1 and SRA in membranes could
be implemented to provide significant insight into the molecular basis of the critical interaction
that facilitates T. b. rhodesiense and ApoL1 variant—mediated trypanosomiasis. As highlighted
in section 6.2.2, while using an ApoL1 fragment was sufficient for the current investigation,
the inclusion of a full-length structure can only improve the understanding of SRA-ApoL1

1, >, two lower affinity binding sites were identified in

interaction. In the study by Zol
addition to the SRA N-terminal helix, suggesting a more complex binding which might be
complemented by the presence of a membrane to facilitate the membrane addressing domain

of ApoL 1282362

Aside from their trypanocidal role, ApoL1 variants play a significant role in the development
of CKD?*7-21:35¢ and have been targeted in nephropathy related studies *** . As the SRA
interaction with ApoL1 prevents it from inserting into endocytic membranes it is likely a
balance between the two plays a role in the development of ApoL1 nephropathy. The SRA-
ApoLl interaction is therefore a potential target for therapeutic intervention. As such the
identification of the binding modes of ApoL1 and its risk variants are crucial in modulation of

the protein for both HAT and CKD to varying outcomes.

Additionally, expanding understanding of SRA-ApoL1 interaction may aid in the development
of druggable targets, after the example of previous studies that have inversely identified targets

that prevent Thb lysis 3.

In the drug discovery study, further docking of the identified hit compounds against human
orthologues would enhance findings, while cytotoxicity investigations would greatly
complement in silico and the data retrieval work conducted . While the use of these drugs via
repurposing likely points to the drugs being non-toxic at the concentrations used, repurposing
opens up the possibility of modulating unwanted drug targets “74%  As such standalone
assays could provide further insight into drug selectivity, ensuring only parasite proteins are
targeted. Additionally, the compounds identified can be further used as scaffolding in the
development of more effective analogues that may perform better in experimental assays
against the parasite. To date, drug repositioning has been used to identify plausible antifolate

drug for Chagas disease in a similar fashion to this study** .

In the advent of Al-driven structure prediction software such as AlphaFold2'%%, and AlphaFold
Multimer®!, we believe improvements can be made to existing homology modelling and
protein docking approaches. It is important to note that while AlphaFold has made significant

109



advancements in protein structure prediction, it still has limitations and may not be applicable
in all scenarios®**3. As of CAPRI (Critical Assessment of PRedicted Interactions)
(https://www.ebi.ac.uk/pdbe/complex-pred/capri/; http://www.capri-docking.org/) Round 50
49449 where 63% of generated models were of acceptable quality*®’, further research and
development are needed to address these limitations and improve the accuracy and

applicability of the predictions .
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Appendices

APPENDIX A : Chapter 2

Figure S 1: ApoL1 C-terminal structure prediction. Template suggestions were included from A)

PsiPred, B) Robetta C) and D) Quick2D (HHPred)
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Figure S 2: The RMSD and Rg recorded for the ApoL1 variants over 400ns simulations, represented

as line plots.
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Figure S 3: Overlayed structures of ApoL1 C-terminal at 100ns.. The mutating residues are

highlighted in the stick representation
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Figure S 4: Overall averaged DRN values of BC, CC, DC and KC of the ApoL1 c-terminal variants over

300ns trajectories.
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Figure S 5: Significant DRN hubs Phe343, Val346, 350 and 353 are mapped onto the ApoL1 C-
terminal structure in orange. G1 and G2 mutation residues are highlighted in red and salmon,

respectively.
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APPENDIX B : Chapter 3

Averaged centrality values of SRA variants

Betweenness
Centrality

Closeness
Centrality

Degree
Centrality

Katz
Centrality

Figure S 6: Overall averaged DRN values of BC, CC, DC and KC of the SRA variants over 300ns

trajectories.

160



Figure S 7: The length of the Cys101-Cys180 disulphide bridge was monitored for each SRA variant

over the course of the simulations. The bond length is represented in both line and violin plots.
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APPENDIX C: Chapter 4

Choice in protein-protein docking software

Choice in protein-protein docking software was made using CASP-CAPRI rounds 38-46%744%
rankings. Of the top ranking reputable servers , HADDOCK, ZDOCK, CLUSPRO and
HDOCK were tested for complex formation. The resultant complexes were subjected to MD

simulations using parameters outlined in section 5.2.2

The output of the MD simulations is highlighted in Figure S 8
Additional calculations

For the NMA calculations, NMA from MD tool of the server MDM-TASK-web 4% was
used. The first dominant mode was selected to analyse the larger, rotational motions of the
system. In this calculation, principal components were produced through diagonalising a
covariance matrix obtained through centring a transposed Cartesian coordinate tensor and
dotting it with its transpose 2*’. The eigen decomposition resulted in PCs of descending
eigenvalue, where the percentage variance of the first 50 modes was explained. The NMA of

each complex was calculated with the exclusion of 3 residues at each of the termini.

The results of the NMA calculation are depicted in Figure S 17
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Table S 1: Statistical analysis for HADDOCK generated SRA-Apo L1 complexes from docking run 1.

The HADDOCK score for each cluster was calculated using a summation equation of thermodynamic

energies. From the top-scoring cluster, 1 (in blue) complexes 1 and 2 were obtained and used in

further investigations.

RMSD from the Van der Waals Electrostatic Restraints Desolvation
HADDOCK Buried
Cluster lowest energy Cluster energy energy P violation energy ¢
K score 2 (Evaw) (Eoed (Ear) (Eden) Surface Z-Score
ran| structure size VAW, elec energy (Eair desol
(aw) . Area (A?)
A (kcal mol™) (kcal mol™) (kcal mol™) (kcal mol™)
Cluster -212,5 % 104,07 + 2034 +
-76,68 + 5,42 8,79 £ 0,29 16 -38,36 £1,75 -6,22 + 2,69 -1.5
1 58,17 52,33 85,35
Cluster -313,39 1721,45 +
-74,68 £ 8,71 15,77 £0,12 12 -27,63 £5,96 140,68 + 31,65 1,56 £5,79 -1.3
2 48,13 119,83
Cluster 1081,04 +
-70,64 + 5,99 6,37 £0,27 4 -28,46 + 5,4 -248,11+ 57,4 96,8 +12,73 -2,23+ 2,42 -0.8
16 79,03
Cluster -70,63 £ -192,83 + 1313,40 +
15,15+ 0,62 5 -34,62 £ 4,41 103,67 £ 63,1 -7,81 £ 3,61 -0.8
8 16,73 59,57 215,60
Cluster -164,04 + 1894,07 +
-65,60 + 4,29 9,67 £0,74 6 -39,02 + 4,39 161,24 + 51,45 -9,9 + 3,59 -0.2
7 34,09 183,54
Cluster 1894,63 +
3 -60,08 +9,1 17,0 £ 0,108 8 -45,68 £ 7,25 -126,7 29,17 139,76 + 47,73 -3,04+ 2,18 9128 0.4
Cluster -154,11 1390,59 +
-59,32+9,6 14,67 + 0,36 4 -26,03 £ 3,65 151,11 + 78,58 -17,58 £ 2,22 0.5
15 45,43 138,79
Cluster -55,621 -133,64 1531,03 =
8,69 0,38 5 -41,63 £ 5,07 210,62 17,86 -8,32 £ 2,641 0.9
10 8,71 48,53 60,26
Cluster -147,77 1763,68 +
-51,91+£9,62 8,45 +0,23 4 -31,51+1,42 102,68 + 48,34 -1,11+ 3,94 1.3
13 46,38 66,71
Cluster -227,95 + 1514,75 +
-51,81 6,39 15,79 £ 0,47 6 -21,58 £ 4,64 187,74 £ 32,8 -3,42+3,19 1.4
5 34,89 347,34
Cluster -127,93 + 1351,98 +
-49,53 £2,23 7,41+0,5 5 -32,67 £ 6,47 136,99 + 58,34 -497 + 1,55 -
9 13,81 95,59
Cluster -46,86 + -120,58 + 135895 +
6,36 £ 0,33 4 -32,11+6,72 146,73 + 47,19 -5,3+4,38 -
12 10,24 30,69 169,95
Cluster 1436,41 +
-46,68 9,73 15,1+0,51 6 -26,45 + 5,82 -94,92 + 36,35 155,94 + 33,8 -16,84 £ 3,31 -
6 179,85
Cluster 1726,66 +
-44,45 £ 2,67 15,01+0,1 7 -37,43+5,88 -84,38 + 26,52 169,6 + 50,44 -7,1+3,44 -
4 68,45
Cluster 15,53 + -119,92 1232,98 +
-43,1+6,90 4 -25,04 + 8,88 105,15 £ 56,24 -4,59 + 5,14 -
14 0,16 47,05 152,35
Cluster 1031,46
1 -36,5+3,97 9,21+0,36 4 -27,93 £2,67 -74,58 £ 6,79 93,84 + 23,62 -3,04+1,58 9354 -

a. HADDOCK score = 1.0 Evaw + 0.2 Eelec + 1.0 Edesor + 0.1 Eair

b. Non-bonded interactions were calculated with the OPLS force field 215

c. Empirical desolvation parameters were based on Fernandez et al 49°(Fernandez-Recio et al., 2004)(Ferniandez-Recio et al.,

2004)(Fernandez-Recio et al,, 2004)
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Table S 2: Statistical analysis for HADDOCK generated SRA-ApoL1 complexes from docking run 2.

The HADDOCK score for each cluster was calculated using a summation equation of thermodynamic

energies. From the top-scoring cluster 4 (in blue), complexes 3 and 4 used in further investigations

were obtained.

Desolvation
RMSD from Van der Waals Electrostatic Restraints
HADDOCK energy° Buried
Cluster lowest energy Cluster energy® energy® violation
. score 2 (Eaw) (Eae) () (Edesol) Surface Z-Score
ran structure size A\ elec ener; air
(a.u) . & (kcal mol™) Area (A?)
A (kcal mol™) (kcal mol™) (kcal mol™)
Cluster -355,1 % 532,16 = 2381,42
-59,61 £ 6,56 3,16 £ 0,61 11 -47,53 £ 11,52 5,72 + 4,68 -1.9
4 48,80 14,81 +174,86
Cluster -262,14 2241,19
-53,71+£9,25 15,46 + 0,03 12 -52,72 £5,17 533,41 £ 58,21 -1,90 £ 5,68 -1.4
3 27,18 +274,23
Cluster 506,98 2290,60
-41,82 + 4,77 15,80+ 0,138 9 -43,27 £ 13,66 -208,88 + 54,2 -7,47 £ 3,74 -0.5
6 +115,83 +129,12
Cluster -40,18 -274,07 = 2046,91
3,10 £ 0,46 9 -49,83 + 7,37 503,99 + 65,13 14,06 £ 8,76 -0.4
5 10,10 36,71 +32,78
Cluster -219,71 2080,98
-35+1,32 7,58+ 0,61 33 -46,94 + 14,34 543,24 +81,44 1,56 +4,14 0.0
1 54,37 +235,63
Cluster -28,50 + -320,36 + 1653,05
15,69 £ 0,15 5 -25,28+10,11 511,88 + 75,01 9,67 +2,072 0.5
11 12,64 28,67 +146,62
Cluster 1716,6
8 -28,32 +8,14 15,97 £ 0,245 7 -44,07 + 3,59 -170,4 +43,34 499,74 + 55,28 -0,15 + 3,45 95 49 0.5
95,
Cluster 1813,97 +
-26,83 + 8,66 17,27 £ 0,06 7 -43,12 + 7,48 -254,42 20,01 585,76 + 37,60 8,60 2,10 0.6
7 119,42
cluster 1804,27
) -20,02£5,17 10,156 + 0,28 12 -344+9 -226,92+719 548,45 + 6,85 492 + 3,64 9270 1.2
192,
Cluster 1769,67
-18,31 8,23 17,05+0,18 5 -43,31 + 3,66 -202,05 + 5,07 594,47 + 58,61 5,97 2,51 1.3
10 +83,50
Cluster -1595 + -192,36 + 1933,02
15,96 + 0,08 5 -35,48 £ 6,69 471,72 £ 58,12 10,83 + 1,03 -
9 10,37 26,73 +41,323
Cluster -170,53 + 1753,66
-15,7 £ 3,32 15,04 £ 0,13 4 -39,8+ 11,01 573,92 £ 57,83 0,82+1,03 -
12 26,93 +123,06

(Jorgensen & Tirado-Rives, 1988)(Jorgensen & Tirado-Rives, 1988)(Jorgensen & Tirado-

Rives, 1988)a. HADDOCK score = 1.0 Eviy + 0.2 Eetec + 1.0 Edesor + 0.1 Eair

b. Non-bonded interactions were calculated with the OPLS force field 215

c. Empirical desolvation parameters were based on Fernandez et al 49
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Table S 3: Statistical analysis for HADDOCK generated SRA-ApoL1 docked complexes from run 3.

The HADDOCK score for each cluster was calculated using a summation equation of thermodynamic

energies. From the top-scoring cluster 9 (in blue), complexes 5 and 6 used in further investigations

were obtained

RMSD from Restraints
Van der Waals Electrostatic Desolvation
HADDOCK the lowest violation Buried
Cluster Cluster energy energy® energy ©
score 2 energy energy Surface Z-Score
rank size (Evaw) (Eelec) (Edesol) R
(au) structure (Eair) Area (A?)
. (kcal mol™) (kcal mol™) (kcal mol™)
A (kcal mol™)
Cluster -46,54 + -338,38 = 569,26 + 10,84 + 2293,38 +
0,81 +0,48 7 -46,63 £ 9,96 -1.7
9 11,64 64,89 37,42 2,34 161,22
Cluster 15,55+ 1930,11 +
-45,4 + 6,05 7,85+ 0,29 8 -31,71 £ 6,79 -373,68 % 39,2 455+ 35,01 -1.5
8 1,366 59,86
Cluster -40,28 + -186,52 2000,37
15,93+0,17 16 -58,19+5,36 572,25 £ 33,52 -2,01£3,23 -0.7
1 10,26 77,75 109,76
Cluster -345,39 + 14,254 + 1866,57 +
-38,08 £ 2 4,31+0,82 7 -38,3 £ 3,68 550,48 + 84,89 -0.4
10 48,08 291 151,73
Cluster -247,01 = 1828,79 +
-34,3+7,68 8,64 0,12 5 -38,19 £ 6,04 477,49 + 33 5,55+0,95 0.1
12 31,27 176,01
Cluster -313,84 + 1687,81 +
-339+2,42 16,39 0,1 15 -28,31+ 1,55 504,42 + 34,4 6,74 + 1,45 0.2
2 21,35 573
Cluster -222,49 = 1731,54
-29,9+ 0,64 16,11 +0,15 14 -3641+1,1 495,28 + 25,6 1,39+3,15 0.8
3 28,17 96,68
Cluster -299,85 1755,73 =
-28,88 £ 2,59 14,7 £0,11 13 -33,63 £3,91 534,06 20,9 11,32+ 4,7 0.9
5 41,71 94,41
Cluster -234,34 + 1827,21 %
-28,34 2,89 8,243 +0,172 13 -38,3+9,38 503,07 £ 26,2 6,53 +2,42 1.0
4 50,03 58,65
Cluster -211,85 1790,46 +
-26,75+5,12 15,16 £ 0,186 10 -40,94 + 3,75 529,81 £43,6 3,59+2,71 1.3
7 36,34 75,29
Cluster 16,462 * 1518,13 +
-24,55 + 5,48 4 -39,7 + 4,06 -165,15+ 20,6 | 415,09+19,73 6,67 2,05 -
13 0,584 40,29
Cluster -142,79 + 1622,39 +
-12,18+ 3,8 16 + 0,052 10 -38,03 + 3,24 473,39 92,37 7,07 +2,86 -
6 41,34 128,47
Cluster 16,084 = -209,41 = 1842,91 +
-11,07 £ 7,44 6 -38,52+9,37 640,95 + 38,61 5,23+5,90 -
11 0,205 50,87 94,96

a. HADDOCK score = 1.0 Evaw + 0.2 Eeiec + 1.0 Edesor + 0.1 Eqir

b. Non-bonded interactions were calculated with the OPLS force field 215

c. Empirical desolvation parameters were based on Fernandez et al 4°
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Table S 4: The code names of the complexes from each of the docking runs

Cluster - model Codename
Cluster 1-1 Complex-1

Run 1
Cluster 1-3 Complex-2
Run 2 Cluster 4-4 Complex-3
Cluster 9-3 Complex-4

Run 3
Cluster 9-4 Complex-5
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Table S 5: Destabilising protein-protein interface residues identified for each dimeric complex

through in silico alanine scanning.

. . Destabilising residues a
Dimeric structure
SRA ApoL1
338, 345, 352, 359, 360, 366, 367,

Complex 1 55,58,59,62,63,109,117 370,374

Complex 2 62,117 334, 345, 349, 352, 359, 374
Complex 3 55,62,117 320,387,391, 393,397,398
Complex 4 55,59,125 387,391, 395

Complex 5 63,129 380,391

Destabilising alanine substitutions had free energy values >1 kcal mol™!, while neutral values ranged from -

0.8 t0 0.99 kcal mol!.
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Table S 6: SRA interface residues identified by computational alanine scanning. The residues in each
complex were singly mutated to alanine using the ROBETTA webserver. The change in binding free
energy indicates either destabilisation or stabilisation of the complex. The free energy scores in blue

have a neutral effect on the complex

Interface Change in complex binding free energy (ddG) kcal mol!

residues Complex1 | Complex2 | Complex3 | Complex4 | Complex5
55 2.57 0.83 1.58 1.10 0.57
58 1.34 0.31 0.61 - -
59 2.49 0.31 0.03 1.23 0.23
62 2.28 1.92 1.18 0.03 0.01
63 1.95 0.73 0.13 0.68 1.51
109 1.69 0.62 0.28 - -
117 1.16 1.33 1.77 0.33 -
125 0.55 0.42 0.95 1.21 0.83
129 0.71 - 0.75 - 1.93
132 - - 0.70 - -
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Table S 7: ApolL1 interface residues identified by computational alanine scanning. The residues in
each complex were singly mutated to alanine using the ROBETTA webserver. The change in binding
free energy indicates either destabilisation or stabilisation of the complex. The free energy scores in

blue have a neutral effect on the complex

Interface Change in complex binding free energy (ddG) kcal mol!
residues Complex 1 Complex 2 Complex 3 Complex 4 Complex 5
320 i 1 i
0.53 1.66
334 39 - 0.04
1.19 0.34
338 0.79 _ 0.24
1.84 -
345 1.33 _ -
0.91 -
349 1.20 _ -
2.71 B,
352 2.21 . -
2.79 -
359 1.81 _ -
2.77 B,
360 0.05 _ -
1.35 -
366 0.02 _ -
1.19 -
367 - - } -
1.61 B,
370 0.05 ) _
1.09 i,
374 1.27 ) ) -
380 - 0.04 2.08
- 0.00
386 - 0.05 -
- 1.25
387 - 1.76 0.23
- 0.00
389 - - 2 1.16
- 1.32
391 - 43 0.03
- 1.02
393 - 0.03 -0.17
- -0.12
395 - 2.64 0.08
- 1.39
397 - -0.17 0.25
- 2.45
398 - -
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Table S 8: Probable stability of SRA-ApoL1 complexes in solution as predicted by the PDBePISA

server. AGint indicates the solvation free energy gained upon formation of the complex, while AGdiss

indicates the free energy of complex dissociation. Complexes with AGdiss>0 are likely to be

thermodynamically stable in solution

Interaction Dissociation Complex
BSA Interface Stability in
Complex energy energy ; 3 significance score
) . (A?) (A?) solution
AGMt (kcal/mol) AGYss (kcal/mol)

Complex1 -18.5 9.4 2410 1204.3 1 yes
Complex1 G1 22 13.5 2680 1339.5 1 yes
Complex1 G1¢ -19.3 9.5 2270 1135 1 yes
Complex1l GIM -15.8 6.6 2070 1035.9 1 yes
Complex1 G2 -19.9 10.3 2240 1120.4 1 yes

Complex2 -19.9 12.7 2420 1209.7 1 yes
Complex2 G1 -13.9 5 2010 1006.5 1 yes
Complex2 G1° -12 5.1 2130 1065.9 1 yes
Complex2 G1M -16.4 8.1 2060 1027.7 1 yes
Complex2 G2 -17.8 8.1 2400 1202.4 1 yes

Interface area is calculated as the difference in total accessible surface areas of the isolated

and interfacing structures divided by two. The Complexation Significance Score (CSS), which

indicates how significant for assembly formation the interface is.
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Figure S 8: RMSD of server generated SRA-ApoL1 complexes. RMSD was used to investigate stability
of the complexes over the course of the simulations. ZDOCK, HDOCK and ClusPro output complexes

dissociated after 20ns
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Figure S 9: Structures of SRA (in teal) and the ApoL1 C-terminal region (in pale blue) highlighting
the AIR residues applied for HADDOCK protein-protein docking. SRA AIRs for Run 1 and 2 are
coloured in raspberry, while Run 3 is distinguished by the orange colouring. AIRs applied for ApoL1

coiled-coil are coloured in hot pink.

(Structures source - PDB ID: 6elu (SRA) + homology model (ApoL1))
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Figure S 10: HADDOCK run 1. The clusters represent are ranked based on FCC, and molecular energies.
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Figure S 11: HADDOCK run 2. The clusters represent are ranked based on FCC, and molecular energies
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Figure S 12: HADDOCK run 3. The clusters represent are ranked based on FCC, and molecular energies.
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Figure S 13: Stacked bar graph of the raw BC values of complexed wild-type SRA and ApoL1 over
500ns
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Figure S 14: Clustered bar graph of the raw CC values of complexed wild-type SRA and ApoL1 over
500ns
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Figure S 15: Contact map analysis of key residues in wild-type SRA-ApolL1 complexes over 500ns
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Complex-3

Complex-4

Complex-5

Figure S 16: Alanine scanning of wild-type SRA-ApoL1 complexes from an energy minima

conformation.
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Figure S 17: Normal Mode analysis of the wild-type SRA-ApolL.1complexes.The arrows are coloured
based on each chain, denoting both the extent of motion and direction with respect to each of the

residues.
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Figure S 18: RMSF analysis of wild-type SRA-ApoL1 complexes.
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Figure S 19: All averaged centrality values of the SRA-ApoL1 variants complexes. A) SRA and B)
ApolL1 values for i) BC and ii) CC over 500ns are measured
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Figure S 20: Mapped BC an CC values onto the complex structures form the energy minima
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Figure S 21: BC and CC hubs observed in the SRA-ApoL1 complexes over a stabilised section of the
MD simulations of a duplicate 500ns run. Detected hubs within the cut-off % were annotated with
their centrality values for comparison against counterpart residues in other variants. For each

metric, low to high centrality values correspond to the intensity of the colour bar on the right.
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APPENDIX D : Chapter 5

Table S 9: Q-Vina W molecular docking parameters

Parameter Th PTR1 Th DHFR
Box center X 31.006 -5.131
Box center Y -0.043 12.638
Box center Z 92.900 26.350
Box size 1013 1013
Energy range 4 4
Exhaustiveness 120 120
CPU 4 4

Table S 10: The median values of ligand and backbone RMSD in TbDHFR
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median (nm)

Ligand  TbPTR1 ligand RMSD | ThPTR1 protein RMSD

Control 0.03 0.293
DB00424 0.228 0.45
DB00472 0.152 0.341
DB00572 0.199 0.299
DB00757 0.101 0.390
DB00809 0.151 0.338
DB00891 0.122 0.375
DB00949 0.144 0.274
DB01151 0.200 0.221
DB02959 0.153 0.323
DB11254 0.134 0.283
DB11282 0.079 0.269
DB11285 0.137 0.282
DB11699 0.147 0.316
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Table S 11: The median values of ligand and backbone RMSD in TbPTR1

median (nm)

Ligand  ThbDHFR ligand RMSD TbDHFR protein RMSD

Control 0.05 0.172
DB00424 0.209 0.199
DB00472 0.151 0.164
DB00572 0.192 0.154
DB00757 0.107 0.162
DB00809 0.117 0.210
DB00891 0.189 0.187
DB00949 0.133 0.179
DB01151 0.060 0.176
DB02959 0.043 0.169
DB11254 0.192 0.206
DB11282 0.074 0.184
DB11285 0.078 0.174
DB11699 0.129 0.200
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Table S 12: The p-values of protein backbone RMSD distribution in ThbPTR1. The values were
calculated using the Shapiro Wilks test for normality.

TbPTR1 protein RMSD distribution p-values

Control DB00424 DB00472 DB00572 DB00757 DB00809 DB00891 DB00949 DB01151 DB02959 DB11254 DB11282 DB11285 DB11699
<2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <22x <22x <22x <2.2x <2.2x <2.2x <2.2x
Control 1 10 -16 10 -16 10 -16 10 -16 10 -16 10 -16 10 -16 10 -16 10 -16 10 -16 10 -16 10 -16 10 -16
<22x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x
DB00424 10 -16 1 10 -16 10 -16 10 -16 10 -16 10 -16 10 -16 10 -16 10 -16 10 -16 10 -16 10 -16 10 -16
<22x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x
DB00472 10 -16 10 -16 1 10 -16 10 -16 10 -16 10 -16 10 -16 10 -16 10 -16 10 -16 10 -16 10 -16 10 -16
<22x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x
DBOOS72 10 -16 10 -16 10 -16 1 10 -16 10 -16 10 -16 10 -16 10 -16 10 -16 10 -16 10 -16 10 -16 10 -16
<22x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x
DB00757 1016 1016 1016 10 -16 1 10-16 10-16 10-16 10-16 10-16 1016 1016 1016 10-16
<22x <2.2x <22x <22x <2.2x <2.2x <22x% <22x% <2.2x% <22x <22x <22x <2.2x
DB00809 1016 1016 1016 1016 1016 L 1016 1016 1016 1016 1016 1016 1016 1016
<22x <2.2x <22x <2.2x <2.2x <2.2x <22x% <22x% <22x% <22x <22x <22x <2.2x
DB00891 1016 1016 1016 1016 1016 1016 L 1016 1016 1016 1016 1016 1016 1016
<22x <2.2x <22x <22x <2.2x <2.2x <2.2x <22x% <2.2x% <22x <22x <22x <22x
DB00949 1016 1016 1016 1016 1016 1016 1016 ! 1016 1016 1016 1016 1016 1016
<22x <22x <2.2x <2.2x <2.2x <2.2x <2.2x <22x% <22x <22x% <22x <22x% <2.2x%
DBO1151 10-16 10-16 10-16 1016 10-16 10-16 10-16 10-16 ! 10-16 1016 1016 10-16 10-16
<22x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x
DBOZQSQ 10 -16 10 -16 10 -16 10 -16 10—16 10—16 10—16 10 -16 10 -16 1 10 -16 10 -16 10 -16 10 -16
<22x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x
DB11254 1016 10 16 1016 10 16 1016 1016 10-16 10-16 1016 10-16 1 10 -16 10-16 1016
<22x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x
DB11282 10 -16 10 -16 10 -16 10 -16 10—16 10—16 10—16 10 -16 10 -16 10 -16 10 -16 1 10 -16 10 -16
<22x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x
DB11285 1016 1016 1016 1016 1016 1016 1016 1016 1016 1016 1016 1016 ! 1016
<22x <22x <22x <22x <2.2x <2.2x <2.2x <22x% <22x% <22x% <22x <22x <22x%
D811699 10 -16 10-16 10-16 10-16 10-16 10-16 10-16 10 -16 10 -16 10 -16 10 -16 10 -16 10 -16 1
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Table S 13: The p-values of ligand RMSD distribution in TbPTR1. The values were calculated using

the Shapiro Wilks test for normality.

ThPTR1 ligand RMSD distribution p-values

Control DB00424 DB00472 DB00572 DB00757 DB00809 DB00891 DB00949 DB01151 DB02959 DB11254 DB11282 DB11285 DB11699
<2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <22x <22x <22x <2.2x <2.2x <2.2x <2.2x
Control 1 1016 1016 1016 1016 1016 1016 1016 1016 1016 1016 1016 1016 1016
<22x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x
DB00424 10 -16 1 10 -16 10 -16 10 -16 10 -16 10 -16 10 -16 10 -16 10 -16 10 -16 10 -16 10 -16 10 -16
<22x <2.2x <2.2x <2.2x <2.2x <2.2x <22x <22x <22x <2.2x <2.2x <2.2x <2.2x
DB00472 1016 1016 ! 1016 1016 1016 1016 1016 1016 1016 1016 1016 1016 1016
<22x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x
DBOOS72 10 -16 10 -16 10 -16 1 10 -16 10 -16 10 -16 10 -16 10 -16 10 -16 10 -16 10 -16 10 -16 10 -16
<22x <2.2x <22x <22x <2.2x <2.2x <22x% <22x% <22x% <22x <22x <22x <2.2x
DB00757 1016 1016 1016 1016 1 10-16 10-16 10-16 10-16 10-16 1016 1016 1016 10-16
<22x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x
DB00809 10 -16 10 -16 10 -16 10 -16 10 -16 1 10 -16 10 -16 10 -16 10 -16 10 -16 10 -16 10 -16 10 -16
<22x <22x <22x <22x <2.2x <2.2x <22x <22x% <22x% <2.2x <22x <22x <2.2x
DB00891 1016 1016 1016 1016 1016 1016 L 1016 1016 1016 1016 1016 1016 1016
<22x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x
DB00949 1016 1016 1016 1016 1016 1016 1016 ! 1016 1016 1016 1016 1016 1016
<22x <2.2x <22x <22x <2.2x <2.2x <2.2x <22x% <22x% <22x <22x <22x <2.2x
DBO01151 10-16 10-16 10-16 1016 10-16 10-16 10-16 10-16 ! 10-16 1016 1016 1016 10-16
<22x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x
DB02959 1016 10 16 1016 1016 1016 1016 10-16 10 -16 10 -16 1 1016 1016 10-16 1016
<22x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x
D811254 10 -16 10 -16 10 -16 10 -16 10—16 10—16 10—16 10 -16 10 -16 10 -16 1 10 -16 10 -16 10 -16
<22x <22x <2.2x <2.2x <22x <2.2x <22x <22x <22x% <22x <22x% <22x% <2.2x
DB11282 1016 10-16 10 -16 10 -16 10 -16 10 -16 10 -16 10 -16 10 -16 10 -16 10-16 1 10 -16 10 -16
<22x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x
DB11285 10716 1016 1016 1016 1016 1016 1016 10716 10716 10716 1016 1016 ! 1016
<22x <22x <2.2x <22x <2.2x <2.2x <2.2x <22x% <22x <22x <22x% <22x <22x%
DBllégg 10 -16 10-16 10-16 10-16 10-16 10-16 10-16 10 -16 10 -16 10 -16 10 -16 10 -16 10 -16 1
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Table S 14: The p-values of radius of gyration in TbPTR1. The values were calculated using the

Shapiro Wilks test for normality.

ThPTR1 radius of gyration distribution p-values

Control DB00424 DB00472 DB00572 DB00757 DB00809 DB00891 DB00949 DB01151 DB02959 DB11254 DB11282 DB11285 DB11699
Contro <22x <22x <22x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <22x <22x <22x <22x10
1 1 1016 1016 1016 1016 1016 1016 1016 1016 1016 10 -16 10 -16 1016 -16
DB004 <22x 1 <22x <22x <22x <22x <22x <22x <22x <22x <2.2x <2.2x <2.2x <22x10
24 10-16 10 -16 10 -16 1016 1016 1016 1016 1016 1016 10-16 10-16 10-16 -16
DB004 <2.2x <2.2x <2.2x <22x <22x <22x <22x% <22x% <22x% <22x <22x <22x <2.2x10
72 10 -16 10 -16 1 10 -16 10 -16 10 -16 10 -16 10 -16 10 -16 10 -16 10 -16 10 -16 10 -16 -16
DB005 <22x <22x <22x <22x <22x <22x <22x <22x <22x <2.2x <2.2x <2.2x <22x10
72 10 -16 10 -16 10 -16 1 10 -16 10 -16 10 -16 10 -16 10 -16 10 -16 10 -16 10 -16 10 -16 -16
DB007 <22x <22x <22x <22x 1 <22x <22x <22x <22x <22x <2.2x <2.2x <2.2x <22x10
57 10 -16 10 -16 10 -16 10 -16 1016 1016 1016 1016 1016 10-16 10-16 10-16 -16
DB008 <2.2x <2.2x <22x <22x <22x <22x <22x% <22x% <22x% <22x <22x <22x <2.2x10
09 10 -16 10 -16 10 -16 10 -16 10 -16 1 10 -16 10 -16 10 -16 10 -16 10 -16 10 -16 10 -16 -16
DB008 <22x <22x <22x <22x <22x <22x <22x <22x <22x <2.2x <2.2x <2.2x <22x10
91 10 -16 10 -16 10 -16 10 -16 10 -16 10 -16 1 10 -16 10 -16 10 -16 10 -16 10 -16 10 -16 -16
DB009 <22x <22x <22x <22x <22x <22x <22x 1 <22x <22x <2.2x <2.2x <2.2x <22x10
49 1016 1016 1016 1016 1016 1016 1016 10-16 10-16 1016 1016 1016 -16
DBO11 <2.2x <22x <2.2x <2.2x <22x <22x <22x <22x% <22x <22x% <22x% <22x% <2.2x10
51 1016 10-16 10-16 10-16 1016 1016 1016 1016 1 1016 1016 1016 1016 -16
DB029 <22x <22x <22x <22x <22x <22x <22x <22x <22x <2.2x <2.2x <2.2x <22x10
59 10 -16 10-16 10-16 10-16 1016 1016 1016 1016 1016 1 1016 10 -16 1016 -16
DB112 <22x <22x <22x <22x <22x <22x <22x <22x <22x <22x 1 <2.2x <2.2x <22x10
54 1016 1016 1016 1016 1016 1016 10-16 10-16 10-16 10-16 1016 1016 -16
DB112 <2.2x <22x <22x <22x <22x% <22x% <22x <22x <22x <22x <22x <22x% <2.2x10
82 10-16 10-16 10-16 10-16 10 -16 10 -16 10 -16 10 -16 10 -16 10 -16 10 -16 1 10 -16 -16
DB112 <22x <22x <22x <22x <22x <22x <22x <22x <22x <2.2x <2.2x <2.2x <22x10
85 1016 1016 1016 1016 1016 1016 1016 1016 1016 1016 1016 1016 ! 16
DB116 <2.2x <2.2x <2.2x <2.2x <22x <22x <22x <22x <22x <22x <2.2x <2.2x <2.2x 1
99 10-16 10-16 10-16 10-16 10-16 10-16 10-16 10-16 10-16 1016 1016 1016 1016
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Table S 15: The p-values of protein backbone RMSD distribution in TDDHFR. The values were
calculated using the Shapiro Wilks test for normality

TbDHFR protein RMSD distribution p-values

Control DB00424 DB00472 DB00572 DB00757 DB00809 DB00891 DB00949 DB01151 DB02959 DB11254 DB11282 DB11285 DB11699
<22x <2.2x <22x <2.2x <22x <2.2x <22x <2.2x <22x <2.2x <2.2x <2.2x <2.2x
Control ! 1016 1016 1016 10716 1016 1016 1016 1016 1016 1016 1016 1016 1016
<2.2x <2.2x <22x <2.2x <22x <2.2x <22x <2.2x <22x <2.2x <2.2x <2.2x <2.2x
DB00424 1016 ! 1016 1016 1016 1016 1016 1016 1016 1016 1016 1016 1016 1016
<2.2x <22x <22x <2.2x <22x <2.2x <22x <2.2x <22x <2.2x <2.2x <2.2x <2.2x
DB00472 10 -16 10 -16 1 10 -16 10 -16 10 -16 10 -16 10 -16 10 -16 10 -16 10 -16 10 -16 10 -16 10 -16
<22x <2.2x
DB00572 <2.2x 1016 1016 1 <2.2x <22x <2.2x <2.2x% <2.2x <22x% <2.2x <22x <2.2x <22x
1016 1016 1016 1016 1016 1016 1016 1016 1016 1016 1016
1
<2.2x <22x <2.2x <22x <22x <2.2x <22x <2.2x <22x <2.2x <2.2x <2.2x <2.2x
DB00757 1016 1016 1016 1016 1016 1016 1016 1016 1016 1016 1016 1016 1016
<2.2x <22x <2.2x <22x <2.2x <2.2x <22x <2.2x <22x <2.2x <2.2x <2.2x <2.2x
DB0080S 1016 1016 1016 1016 1016 ! 1016 1016 1016 1016 1016 1016 1016 1016
<2.2x <22x <2.2x <22x <2.2x <22x <22x <2.2x <22x <2.2x <2.2x <2.2x <2.2x
DB00891 1016 1016 1016 1016 1016 1016 L 1016 1016 1016 1016 1016 1016 1016
<2.2x <22x <2.2x <22x <2.2x <22x <2.2x <2.2x <22x <2.2x <2.2x <2.2x <2.2x
DB00549 1016 1016 1016 1016 1016 1016 1016 1 1016 1016 1016 1016 1016 1016
<2.2x <22x <2.2x <22x <2.2x <22x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x
DB01151 1016 1016 1016 1016 1016 1016 1016 1016 L 1016 1016 1016 1016 1016
1
<2.2x <22x <2.2x <22x <2.2x <22x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x
DB02959 1016 1016 1016 1016 1016 1016 1016 1016 1016 1016 1016 1016 1016
1
<2.2x <22x <2.2x <22x <2.2x <22x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x
DB11254 1016 1016 1016 1016 1016 1016 1016 1016 1016 1016 1016 1016 1016
1
<2.2x <22x <2.2x <22x <2.2x <22x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x
DB11282 1016 1016 1016 1016 1016 1016 1016 1016 1016 1016 1016 1016 1016
1 <22x
DB11285 <22x <22x <22x <22x <2.2x <22x <2.2x <22x <2.2x <22x <22x <22x 10-16
1016 1016 1016 1016 1016 1016 1016 1016 1016 1016 1016 1016
1
<2.2x <22x <2.2x <22x <2.2x <22x <2.2x <22x <2.2x <22x <2.2x <2.2x <2.2x
DB11699 1016 1016 1016 1016 1016 1016 1016 1016 1016 1016 1016 1016 1016

191




Table S 16: The p-values of ligand RMSD distribution in TDDHFR. The values were calculated using

the Shapiro Wilks test for normality.

ThDHFR ligand RMSD distribution p-values

Control DB00424 DB00472 DB00572 DB00757 DB00809 DB00891 DB00949 DB01151 DB02959 DB11254 DB11282 DB11285 DB11699
<2.2x <22x <22x <2.2x <22x <22x <2.2x <2.2x <22x <2.2x <2.2x <2.2x <2.2x
Control ! 1016 1016 1016 10-16 1016 1016 10-16 10-16 1016 1016 1016 1016 1016
<2.2x <22x <22x <2.2x <22x <22x <2.2x <2.2x <22x <2.2x <2.2x <2.2x <2.2x
DB00424 1016 1 1016 1016 1016 1016 1016 1016 1016 1016 1016 1016 1016 1016
<2.2x <2.2x <22x <2.2x <22x <22x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x
DB00472 1016 1016 1 1016 1016 1016 1016 1016 1016 1016 1016 1016 1016 1016
<2.2x <2.2x <22x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x
DB00572 1016 1016 1016 ! 1016 1016 1016 1016 1016 1016 1016 1016 1016 1016
<2.2x <2.2x <22x <22x <22x <22x <2.2x <2.2x <22x <2.2x <2.2x <2.2x <2.2x
DB00757 1016 1016 1016 1016 ! 1016 1016 1016 1016 1016 1016 1016 1016 1016
<2.2x <2.2x <22x <22x <2.2x <22x <2.2x <2.2x <22x <2.2x <2.2x <2.2x <2.2x
DB00809 1016 1016 1016 1016 1016 ! 1016 1016 1016 1016 1016 1016 1016 1016
<2.2x <2.2x <22x <22x <2.2x <22x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x
DB00891 1016 1016 10716 1016 1016 1016 ! 1016 1016 10716 1016 1016 1016 1016
<2.2x <2.2x <22x <22x <2.2x <22x <22x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x
DB00549 10-16 10-16 10-16 10-16 10-16 10-16 10-16 L 10-16 10-16 10-16 10-16 1016 1016
<2.2x <2.2x <22x <22x <2.2x <22x <22x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x
DB01151 1016 1016 1016 1016 1016 1016 1016 1016 1 1016 1016 1016 1016 1016
<2.2x <2.2x <22x <22x <2.2x <22x <22x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x
DB02959 1016 1016 1016 1016 1016 1016 1016 1016 1016 ! 1016 1016 1016 1016
<2.2x <2.2x <22x <22x <2.2x <22x <22x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x
DB11254 10 6 10 16 1016 10 16 1016 10-16 10-16 10-16 1016 10-16 1 10-16 10-16 10 16
<2.2x <2.2x <22x <22x <2.2x <22x <22x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x
DB11282 10-16 10-16 10-16 10-16 10-16 10-16 10-16 10-16 10-16 10-16 10-16 1 1016 1016
<2.2x <22x <22x <22x <22x <22x <22x <22x <22x <22x <22x <22x <22x
DBllZSS 10-16 10-16 10 -16 10 -16 10-16 10 -16 10 -16 10-16 10-16 10 -16 10-16 10-16 1 10 -16
<2.2x <22x <22x <22x <22x <22x <22x <22x <22x <22x <22x <22x <22x
DB11699 1016 1016 1016 1016 1016 1016 1016 1016 1016 1016 1016 1016 1016 !
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Table S 17: The p-values of radius of gyration distribution in TDDHFR. The values were calculated

using the Shapiro Wilks test for normality.

ThDHFR radius of gyration distribution p-values

Control DB00424 DB00472 DB00572 DB00757 DB00809 DB00891 DB00949 DB01151 DB02959 DB11254 DB11282 DB11285 DB11699
<2.2x <2.2x <22x <22x <22x <22x <22x <22x <2.2x <2.2x <2.2x <2.2x <2.2x
Control ! 1016 1016 1016 1016 1016 1016 1016 1016 10-16 1016 1016 1016 1016
<2.2x <2.2x <22x <22x <22x <22x <22x <22x <2.2x <2.2x <2.2x <2.2x <2.2x
DB00424 1016 ! 1016 1016 1016 1016 1016 1016 1016 1016 1016 1016 1016 1016
<2.2x <2.2x <22x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x
DB00472 1016 1016 ! 1016 1016 1016 1016 1016 1016 1016 1016 1016 1016 1016
<2.2x <2.2x <2.2x <22x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x
DB00572 1016 1016 1016 1 1016 1016 1016 1016 1016 1016 1016 1016 1016 1016
<2.2x <2.2x <2.2x <22x <22x <22x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x
DB00757 1016 1016 1016 1016 1 1016 1016 1016 1016 1016 1016 1016 1016 1016
<2.2x <2.2x <2.2x <22x <22x <22x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x
DB00809 1016 1016 1016 1016 1016 ! 1016 1016 1016 1016 1016 1016 1016 1016
<2.2x <2.2x <2.2x <22x <22x <22x <22x <22x <2.2x <2.2x <2.2x <2.2x <2.2x
DB00891 1016 1016 1016 1016 1016 1016 ! 1016 1016 1016 1016 1016 1016 1016
<2.2x <2.2x <2.2x <22x <22x <22x <22x <22x <2.2x <2.2x <2.2x <2.2x <2.2x
DB00949 1016 1016 1016 1016 1016 1016 1016 ! 1016 1016 1016 1016 1016 1016
<2.2x <2.2x <2.2x <22x <22x <22x <22x <22x <2.2x <2.2x <2.2x <2.2x <2.2x
DBO1151 1016 1016 1016 1016 1016 1016 1016 1016 ! 1016 1016 1016 1016 1016
<2.2x <2.2x <2.2x <22x <22x <22x <22x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x
DB02959 1016 1016 1016 10716 1016 1016 1016 1016 1016 ! 1016 1016 1016 1016
<2.2x <2.2x <2.2x <22x <22x <22x <22x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x
DB11254 10 -16 10 -16 10 -16 10 -16 10 -16 10 -16 10 -16 10 -16 10 -16 10 -16 1 10 -16 10 -16 10 -16
<2.2x <2.2x <2.2x <22x <22x <22x <22x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x
DB11282 1016 1016 1016 1016 1016 1016 1016 10716 10716 1016 1016 1 1016 1016
<2.2x <2.2x <2.2x <22x <22x <22x <22x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x
DB11285 1016 1016 1016 1016 1016 1016 1016 10716 10716 1016 1016 1016 1 1016
<2.2x <2.2x <2.2x <22x <22x <22x <22x <2.2x <2.2x <2.2x <2.2x <2.2x <2.2x
DB11699 1016 1016 1016 1016 1016 1016 1016 1016 1016 1016 1016 1016 1016 B

193




Table S 18: The RMSD values at the peaks of the distribution in TDPTR1 and TbDHFR.

TbPTR1 RMSD distribution TbDHFR RMSD distribution
peak (nm) peak (nm)
System
i ii i ii
Apo 0,449 - 0,159 -
Control 0,318 - 0,149 0,199
DB00424 0,449 - 0,149 -
DB00472 0,380 - 0,169 -
DB00572 0,299 0,399 0,149 -
DB00757 0,410 - 0,172 -
DB00809 0,374 - 0,249 -
DB00891 0,399 - 0,199 -
DB00949 0,299 - 0,199 0,249
DB01151 0,369 0,249 0,179 -
DB02959 0,3497 0,499 0,199 0,258
DB11254 0,299 - 0,279 -
DB11282 0,299 - 0,198 -
DB11285 0,299 0,359 0,199 -
DB11699 0,349 - 0,169 0,249
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Table S 19: The BBB properties of the hit compounds identified.

Druil)hnk DB00424 DB00472 DB00572 DB00757 DB00809 DB00891 DB00949 | DB01151 | DB02959 DB11254 DB11282 | DB11285 | DB11699
Muscarinic | 5-hydroxy | Muscarinic | 5-hydroxy | Muscarinic | *Dihydropteroate | Glutamate | 5-hydroxy | 5-hydroxy DNA 5-hydroxy
Target acetylcholine | tryptamine | acetylcholine | tryptamine | acetylcholine | synthase type-1 | T'€C€PtOr | tryptamine | tryptamine | topoisomerase i i tryptamine
g receptor M1 receptor | receptor M1 receptor receptor M1 lonotropic, receptor receptor 1 receptor
NMDA 2B
3A 3A
BBB* 0,093 0,076 0,093 0,031 0,094 0,3 0,032 0,081 0,032 0,033 0,079 0,053 0,06
Compound | Methotrexate | Cyromazine | Pyrimethamine | Pentamidine
BBB* -0.032 0.024 0.044 0.079

*values lower than 0.02 are classified as BBB- and are incapable of crossing the barrier.
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Figure S 22: RMSD and free energy landscapes of the TDDHFR-ligand complexes. The inserts show
probability density distribution of RMSD, with the peaks corresponding with the lowest energy

conformation.
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Figure S 23: RMSF of the ThDHFR-ligand complex protein backbone. The flexible regions are show
in the dotted lines in both the a) line graph and b) the 3D structure.
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