


ABSTRACT

Thiopurine S-methyltransferase (TPMT) is a cytosolic enzyme that catalyzes the S-methylation of
aromatic and heterocyclic sulfhydryl compounds such as 6-mercaptopurine (6MP), 6-thioguanine
(6TG) and azathioprine (AZA) which 1s first converted to 6MP through reduction by glutathione S-
transferases (GST). The compounds, generally referred to as thiopurines, are immunosuppressants
used to treat childhood acute lymphoblastic leukemia (ALL), autoimmune disorders and transplant
rejection. Thiopurines are prodrugs which require metabolic activation to give thioguanine
nucleotides that exert their cytotoxic effects by incorporation into DNA or inhibiting purine
synthesis. The methylation reaction by TPMT utilizing S-adenosylmethionine (SAM) as the methyl
donor prevents their conversion to these toxic compounds. The catalytic activity of TPMT in
metabolising these compounds has been associated with occurrence of genetic variations. The
variations that result to missense mutations cause amino-acid changes and in turn alter the
polypeptide sequence of the protein. This could alter functionality and structural dynamics of the
enzyme. This study sought to understand the underlying mechanism by which 7 specially selected
mutations impede metabolic activity of the enzyme on 6-MP using in silico techniques. VAPOR and
PredictSNP were used to predict the effects of single nucleotide polymorphisms (SNPs) on the
stability and function of the enzyme. Of the 7 mutations, only H227Q was predicted to be
functionally benign while the rest (L49S, L69V, A80P, R163H, R163C and R163P) were predicted
to be deleterious or associated with disease. All the SNPs were predicted to destabilize the enzyme.
Molecular dynamics (MD) simulations were preformed to mimic the behaviour of the apo, holo and
drug-bound WT and mutant enzymes in vivo. This was followed by post-MD analysis to identify
changes in the local and global motions of the protein n the presence of mutations and changes in
intra-protein communication networks through contact map and centrality metrics calculations.
RMSD and Rg analyses were performed to assess changes in global motions and compactness of
the enzyme n the apo, holo and drug-bound states and in the presence of mutations. These revealed
that binding of the ligand had a stabilizing effect on the WT enzyme evident from more steady
trends from the analyses across trajectories m the holo and drug-bound enzymes compared to the
apoenzyme. The occurrence of mutations had an effect on the global motions and compactness of
the enzyme across the trajectories. Most mutations resulted in destabilized systems and less
compact structures shown by unsteady RMSD and Rg across trajectories respectively. The drug-
bound systems appeared to be more stable in most of the systems meaning that the binding of 6MP

stabilized the enzyme regardless of the presence of a mutation. RMSF analysis recorded local
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changes in residue flexibility due to the presence of mutations in all the systems. All the drug-bound
mutant systems lost flexibility on the aA helix which caps the active site. This could have an effect
on drug binding and result to defective drug metabolism. The A8OP mutation resulted to a more
rigid structure from both global and local motions compared to the WT enzyme which could be
associated with its nearly loss of function in vivo and in vitro. Dynamic cross correlation
calculations were performed to assess how the atoms moved together. Correlated, anti-correlated
and areas of no correlations were recorded in all the systems and i similar places when compared
to each other. This meant that occurrence of mutations had no effect on how the atoms moved
together. Contact map analysis showed that occurrence of mutations caused changes in interactions
around the positions where the mutations occurred, which could have an effect on protein structural
dynamics. The A80P substitution which occurred on the surface away from the binding site was
identified as an allosteric mutation that resulted to changes in the catalytic site. Contact maps for the
drug-cofactor complex in the mutant systems in comparison with the WT protein revealed changes
that could suggest reorientation of the drug at the catalytic site. This could be an implication to
altered drug metabolism. Eigenvector centrality (£C) and betweenness centrality (BC) for the most
equilibrated portions of the trajectories were calculated for all the studied systems to identify
residues connected to the most important residues and those that were spanned the most in shortest
paths connecting other residues. Areas that scored highest in these metrics where mostly found in
regions surrounding the catalytic site. Top 5% centrality hubs calculations showed loss of major
hubs due to mutations with gaining of new ones. This means that mutations affected communication
networks within the protein. The gained hubs were in areas close-by the lost ones which could have
been an attempt of the protemn to accommodate the mutations. Persistent top 5% BC hubs were
identified at positions 90 and 151 while one persistent top 5% EC hub was identified at position 70.
This positions play important roles in shaping the catalytic site and are in direct contact with the
ligands. It was concluded that in sifico techniques and analysis applied in this study revealed
possible mechanisms in which genetic variations affected the structural dynamics of TMPT enzyme

and affected 6MP metabolism.
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CHAPTER ONE

LITERATURE REVIEW

1.1 Acute Lymphoblastic Leukaemia

1.1.1 What is Acute Lymphoblastic Leukaemia?

Acute Lymphoblastic Leukaemia or Acute Lymphocytic Leukaemia (ALL) is a type of cancer
resulting from immature lymphocytes in the bone marrow [1]. It encompasses a group of lymphoid

neoplasms that morphologically resemble B-lineage and T-lineage precursor cells [2].

1.1.2 Etiology of ALL

The development of leukaemia requires a hematopoietic stem cell [3] or one of its committed
progenitors to escape normal mechanisms of homeostatic control that regulate growth-factor
signalling, differentiation, apoptosis, and self-renewal [4,5]. ALL presents primarily as a de novo
disease [2,6]. The exact pathogenetic events leading to the development of ALL are not known [7].
It is thought to occur after damage to DNA causes lymphoid cells to undergo uncontrolled growth
and spread throughout the body [8]. Some genetic and environmental factors have been related to
ALL. A few cases (<5%) have been associated with inherited predisposing genetic syndromes such
as Down syndrome, Bloom syndrome, neurofibromatosis type I, and ataxia-telangiectasia [7].
Additionally, exposure in utero to ionizing radiation, pesticides, solvents or to specific
chemotherapeutic drugs has been linked to an increased risk of childhood ALL [7.9]. The clinical
onset of ALL is most often acute with a small percentage of cases evolving insidiously over several
months [7]. The most common symptoms include fever, fatigue and lethargy, bone and joint pain,

and a bleeding diathesis [2].
1.1.3 Epidemiology

Most ALL cases occur in children, with an incidence of 3-4/100,000 in patients below the age of 14
and ~1/100,000 in patients older than 15 years, in the United States. In children, ALL represent 75%
of all acute leukemias, which in turn represents 34% of all cancers in this age group. The peak
incidence of ALL is between 2-5 years of age. This percentage is much lower in adults, in whom

acute myeloid leukemias (AMLs) and chronic lymphocytic leukemias are more common. There 1s a



slight male predominance in all age groups and a significant excess incidence among Caucasian
children [2,10] in the United States. Globally, ALL typically occurs more often in Caucasians,

Hispanics, and Latin Americans than in Africans [11].

1.1.4 Diagnosis and Treatment

In diagnosis, cytochemical staining techniques have often been used [2]. With the development of
immunophenotyping techniques, the frequency with which cytochemical staining has been used is
decreasing [2]. Immunophenotyping of leukaemic lymphoblasts by flow cytometry is essential to
establishing the correct diagnosis and defining cell lineage [7]). Chromosomal analysis and other
highly specific and sensitive techniques—such as reverse transcriptase polymerase chain reaction
(RT-PCR), fluorescence in-situ hybridisation, and flow cytometry—are used to detect specific fusion
transcripts, gain or loss of cellular DNA content, or specific chromosomes with prognostic or

therapeutic relevance [7].

Treatment of ALL aims to induce a lasting remission. Clinical remission can now be induced in 96-
99% of children and 78-93% of adults [12]. Possible treatments mclude chemotherapy, steroids,
radiation therapy, intensive combined treatment (including bone marrow or stem cell transplants),
targeted therapy, and/or growth factors [13]. Chemotherapy is the initial treatment of choice, where
most people with ALL receive a combination of medications. It consists of three phases: remission

induction, intensification, and maintenance therapy [14].
i. Remission-induction phase

The goal of remission-induction treatment is to eradicate more than 99% of the initial leukaemic
cell burden and to restore normal haemopoiesis and healthy performance status. This approach
typically includes the administration of a glucocorticoid (prednisone or dexamethasone), vincristine,
and at least a third drug (asparaginase, anthracycline, or both) [7]. In adults, this also includes
Central nervous system (CNS) prophylaxis therapy. This involves cranial radiation therapy plus
intrathecal (IT) methotrexate, high-dose systemic methotrexate and IT methotrexate without cranial

radiation therapy and IT chemotherapy alone [14].
ii. Consolidation (intensification) treatment

With the restoration of normal haemopoiesis and body function, intensification treatment is

generally used to eradicate drug-resistant residual leukaemic cells, thus reducing the risk of relapse



[7). CNS prophylaxis in adults sometimes continues even to this phase [14]. Frequently used
strategies include high-dose methotrexate plus mercaptopurine, re-induction treatment with the
same agent that was given itially, frequent pulses of vincristine and corticosteroid plus high-dose
asparaginase for 20-30 weeks, and an augmented regimen consisting of reinduction treatment and
additional doses of vincristine, asparaginase, and intravenous methotrexate during periods of

myelosuppression [7].
iii. Maintenance therapy

Patients with ALL need continuation treatment to prevent or forestall relapse. Although about two-
thirds of childhood cases can be treated successfully with only 12 months of therapy, they cannot be
identified prospectively with any degree of certainty [15]. Hence, all patients receive chemotherapy
for 2-2.5 years. Daily mercaptopurine and methotrexate every week constitute the backbone of

continuation regimens [8].

1.1.5 Metabolism of 6-Mercaptopurine and its mode of action

Thiopurines were originally developed in the 1950s for the treatment of ALL in children by
Gertrude Elion and George Hitchings [16,17]. The first step in the intracellular activation of 6-
mercaptopurine (6MP) mvolves being catalyzed by hypoxanthine-guanine
phosphoribosyltransferase (HPRT), which yields thiomosine monophosphate (TIMP) [18].
Subsequently, TIMP is converted to thioguanine triphosphate nucleotides by inosine
monophosphate dehydrogenase (IMPDH) [19], which are incorporated into DNA [20]. Thiopurine
s-methyltransferase (TPMT) is responsible for the last step in the formation of methylated TIMP,
which inhibits de novo purine synthesis and leads to the lack of endogenous nucleotides needed for
replication [21]. Figure 1.1 illustrates the general metabolic pathway of 6MP with a secondary
metabolic pathway for 6MP by TPMT [22]. This secondary metabolic pathway leads to subsequent
conversion of 6MP into nactive S-methyl-mercaptopurine thereby decreasing the amount of pro-

drug available for active thioguanine nucleotides (TGN} [20].






» O6MP modifies the transcriptional activity of hypoxia-inducible factor 1a (HIF-1a) [33] and
inhibits enzymes involved m glycolysis, such as phosphofructokinase 2 (PFK2) and
hexokinase (HK) [34].

1.1.5.1: Role of metabolic pathways inhibited by 6MP in cancer

Metabolic reprogramming promotes glycolysis, glutaminolysis, and biosynthesis of nucleotides and
lipids to support cell growth and proliferation [31,35] which 1s a major feature of cancer cells. To
produce ATP, proliferating cells shift glucose metabolism from oxidative phosphorylation
{(OXPHOS) to aerobic glycolysis [36—38]. The process far 1s less efficient than OXPHOS [31,35,36]
but generates biosynthetic precursors through the pentose phosphate pathway (PPP) [39] thereby
facilitating the production of a pool of purine and pyrimidine nucleotides to support cancer cell
growth and proliferation [29,35]. AMP-activated protein kinase (AMPK), mTOR and the oncogenes
Myc and HIF-1a are critical regulators of metabolic reprogramming m proliferating cells and are
referred to as metabolic checkpoints [29,35]. Although they are effective drugs, thiopurines have a
relatively narrow therapeutic index and are capable of causing life-threatening drug-induced

toxicity [40,41].
1.1.6 Pharmacogenomics in ALL treatment

Pharmacogenomics is the study of how human genetic information impacts drug response and aims
to improve efficacy and reduce side effects [42]. Genetic polymorphisms of drug transporters,
receptors, targets, and drug-metabolising enzymes can affect the effectiveness and toxic effects of
antineoplastic drugs [4,7]. Key genetic variations need to be combined with clinical variables and
responses to therapy to avoid over- or under-treatment [43]. Such variations could be in genes
encoding for drug metabolising enzymes like thiopurine S-methyltransferase (TPMT), glutathione
S-transferase, cytochrome P450 3A4 and methylene-tetrahydrofolate reductase [2]. Despite the
promise of pharmacogenetic studies to enhance treatment outcome in ALL, only polymorphisms
and the activity of TPMT—an enzyme that catalyses S-methylation (inactivation) of thiopurines—
have been useful in clinical practice [44—46]. About 10% of the total population inherit one wild-
type gene encoding thiopurine methyltransferase and one non-functional variant allele, resulting in
intermediate enzyme activity, whereas 1 in 300 people inherit two non-functional variant alleles
with no enzyme activity. When treated with conventional doses of thiopurines, up to half of the
patients with the heterozygous deficiency and all homozygous-deficient patients develop

haemopoietic toxic effects, which can be fatal in the homozygous group [44]. The enzyme


















1.3 Problem Statement

Childhood ALL is the most common cancer in children. The purine analogues mercaptopurine and
thioguanine are drugs that have been used successfully as cytotoxic agents in the treatment of
leukaemias for more than 50 years [22]. Because the therapeutic window between toxicity and
efficacy is narrow, thiopurine drugs can potentially have life-threatening toxicity [41]. The
occurrence of deleterious polymorphisms in the drug metabolising enzyme, TPMT, makes this
therapeutic window even more narrow and poses a high risk of serious adverse drug reactions
[21,60]. Identifying the presence of record and/or novel variants is important in enhancing
individualized therapy. Even more important 1s understanding the mechanisms by which these
variations affect enzymatic activity at a molecular level. Studies have been carried out to
functionally characterize variant alleles m TPMT in vitro and in vivo [19,40,61,63-65]. Only a few
reports illustrating the effects of mutations on TPMT enzyme structure and function using
computational approaches exist [17,55,66]. Understanding how mutations might affect inter-residue
interactions, ligand binding, structure dynamics and thus enzyme function is paramount in getting
the full picture of the role of pharmacogenomics in drug metabolism during ALL chemotherapy and

TPMT enzyme kinetics. This study will apply in silico techniques to decipher these effects.

1.4 Hypothesis

This study hypothesizes that the effects of genetic variations in TPMT can be identified through in
silico techniques by mcorporation of molecular dynamics (MD} for use in precision medicine and

drug discovery.

1.5 Aim

The study aims to apply in silico techniques to analyse the effects of mutations on the structural

dynamics of the TPMT enzyme and functional implications on the metabolism of 6MP.

1.6 Objectives

« To retrieve genetic variation data from Human Genetic Mutation databases and protein sequence
and structure of TPMT from Universal Protein Resource (UniProt) and Protein Data Bank (PDB)

respectively.
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To 1dentify clinically important variants and introduce the resulting mutations into the wild-type

(WT) apo, holo and drug-bound protein structures.

To perform MD simulations on these structures and analytically compare the trajectory

calculations in both wild-type and mutant protein.

To carry out dynamic residue network (DRN) analysis and to identify the important residue

mteractions which are affected i presence of mutations and compare with WT systems.

To explicate the impact of selected mutations on the structural dynamics of TPMT and their

functional implications on 6MP metabolism and toxicity.
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CHAPTER TWO

VARIANT ANALYSIS AND STRUCTURAL MAPPING OF 6MP
ONTO THE ACTIVE SITE OF HUMAN TPMT

2.1 Introduction

Single-base substitutions (SBSs) resulting from point mutations can alter pre-mRNA processing,
amino-acid sequence and the ultimate structure of the protem [67,68]. When these pomt mutations
or single nucleotide variations (SNVs) are observed with at least 1% frequency within a population,
they are then referred to as single nucleotide polymorphisms (SNPs) [69]. SNPs are the most
common type of genetic variation [70] and occur normally throughout the human DNA sequence at

a frequency of 1 on every 300 nucleotides [71].

When occurring in the gene coding regions, SNPs can be synonymous also known as silent (that is,
not causing a change in the amino acid) or non-synonymous (when the amino acid is altered) [72].
Non-synonymous SNPs (nsSNPs) can either result in an amino acid substitution known as missense
mutation which can alter protein function and structure dynamics, or cause the introduction of a
stop/start codon referred to as nonsense mutation. This results n a truncated/extended polypeptide

sequence [71].

SNPs that occur in functionally important residue positions such as binding sites or conserved
regions are speculated to have deleterious effects on protein structural dynamics and function

[40,65,73].

There 1s a need to effectively and efficiently identify functionally important variants which may be
deleterious or disease-causing and to identify their molecular effects [74]. Predicting the effects of
SNPs is important in gaining insight mto their impact on gene function and the protein’s structure-
function relationship [62,71]. Various tools exist for such analysis [71,75,76]. Such tools mclude
and are not limited to PROVEAN (Protein Variation Effect Analyzer) [77], PolyPhen-2 [78], PhD-
SNP [79], SIFT (Sorting Intolerant From Tolerant) [80], which predict the functional impact of
amino acid substitutions [75,81,82], [-Mutant [76] and MuPro [83] which predict the effect of the

substitutions to protein stability.
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Methods in the existing literature for SNP prediction have used a large range of structure-,
sequence-based or both approaches to separate deleterious from neutral SNPs [84]. Protein
sequence-based predictions identify important residues using sequence homology and evolutionary
conservation information [85,86]. The structure-based approach concentrates on the protein’s
mechanistic attributes and stability, providing an understanding of the phenotypical effect of the
SNPs. SIFT [80,82], SNAP [87], MutPred [74] and PANTHER [88] are examples of prediction
tools that use the sequence-based approach, while ERIS [89] and CUPSAT [90] use the structure-
based approach. Sequence-based methods could have an advantage over structure-based approaches
as protein sequences are readily available while crystal structures are not readily available for all
proteins. An integration of both approaches as used in PROVEAN [77], PolyPhen [78] and Mupro
[83] have the advantage of cross-referencing the results from both approaches, thereby providing
wider coverage of the different aspects of SNP analysis. As different tools use different algorithms
and different datasets to perform data training, none of the methods is completely accurate nor do
they return similar results [84]. The choice m training data can significantly affect SNP
classification and estimated error rates [84]. To solve this problem, the best approach is to get a
consensus from several different prediction tools before proceeding with further SNP analysis. Web
servers such as variant analysis portal (VAPOR) [91] and PredictSNP [92] can be used for

comprehensive prediction results [93].

VAPOR, a program in Human Mutation Analysis (HUMA) [91] web server, compiles prediction
from PROVEAN, Polyphen-2, PhD-SNP, I-Mutant2.0 and Mupro to generate a consensus table as
output. PredictSNP on the other hand is a consensus classifier that integrates tools such as MAPP
[94], nsSNPAnalyzer [95], PANTHER [88], PhD-SNP [79], PolyPhen-1 [96], PolyPhen-2 [75],
SIFT [80] and SNAP [87]. The six best-performing of these tools are used to give a consensus

prediction stating whether a variant is deleterious or neutral from a score calculated as follows [92]:

;(5;‘5,-)

PredictSNP score= ———
S.
=1

Equation 2.1: Calculation of PredictSNP score.

N 1s the number of integrated tools, &; represents the overall prediction (+1 for the deleterious

prediction, -1 for the neutral prediction) and S; expresses the transformed confidence scores [92].
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The output value of the PredictSNP score belongs to the continuous interval <-1, +1> [92]. The
mutations are considered to be neutral for the values in the mterval <-1, 0> and deleterious for the

values in the mterval 0, +1> [92].
2.1.1 Protein Variation Effect (PROVEAN)

The principle of PROVEAN was described by Choi [76]. The tool collects a set of homologous and
distantly related sequences from the NCBI database using BLASTP and clusters them based on
80% sequence identity. For each sequence in the supporting sequence set, a delta alignment score is
computed using the BLOSUM®62 substitution matrix and gap penalties of 10 for opening and 1 for
extension. Within each cluster, an average delta score is computed. The averaged delta scores are
then agam averaged among all clusters to remove bias. This unbiased averaged delta score 1s the

final PROVEAN score calculated using the equation below:

1
N ZAc,i

c i=1

N
PROVEAN score = <.

c=1

3

Equation 2.2: Determination of the PROVEAN score.

where N is the number of clusters in the supporting set, N. is the number of supporting sequences in
the c-th cluster, and 4.; i1s the delta score with respect to the i~th supporting sequence in the c-th
cluster. A low delta score means that the variant has deleterious effects on the protein function while

a high score means that the variant has a neutral effect.

2.1.2 Polymorphism Phenotyping V2 (PolyPhen-2)

PolyPhen-2 also known as PPH2 uses eight sequence-based and three structure-based predictive
features, which are selected automatically by an iterative greedy algorithm [75]. These features
involve a comparison of a property of the wild-type allele and the corresponding property of the
mutant allele [75]. The most informative predictive features characterize how likely the two human
alleles are to occupy the site given the pattern of amino-acid replacements in the multiple-sequence
alignment; how distant the protein harbouring the first deviation from the human wild-type allele 1s
from the human protein; and whether the mutant allele originated at a hypermutable site [97]. The
functional importance of an allele replacement is predicted from its features by a naive Bayes

classifier [75,77].
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2.1.3 I-Mutant

I-Mutant uses support vector machines (SVMs) to predict the direction (AAG sign) of the protein
stability changes and the associated AAG values [76]. A low or negative AAG indicates that the
SNP is destabilizing while a high or positive AAG indicates that the SNP is stabilizing. It utilizes

information from both the sequence and tertiary structure.

2.1.4 Predictions of Protein Stability Changes Upon Mutations (MuPro)

MuPro like I-Mutant uses SVM-based methods to predict the stability changes for single-site
mutations in two contexts taking into account structure-dependent and sequence-dependent
information respectively [83]. The first framework focuses on predicting the AAG sign as described
by Capriotti et al [76]. The second regression context directly predicts the AAG resulting from
single-site mutations [83]. If the energy change AAG is positive, the mutation increases stability; if

negative, the mutation is destabilizing [83].

2.1.5 PhD-SNP

PhD-SNP uses SVMs to predict whether a nsSNP is neutral or 1s involved m the insurgence of
human genetic disease [79]. It utilizes different algorithms to do this which include, a baseline
probability-based predictor as a benchmark to overperform, a single sequence SVM method (SVM-
Sequence) that discriminates disease-related mutations based on the local sequence environment of
the mutation at hand and a sequence-profile-based SVM (SVM-Profile) [79]. SVM-Sequence and
SVM-Profile are cast in a unique workflow with a decision tree method (HybridMeth) that allows
adopting either SVM-Sequence or SVM-Profile depending on the presence or absence of a

sequence profile of the sequence at hand [79].

2.1.6 Sorting Intolerant From Tolerant (SIFT)

SIFT is an algorithm that utilizes sequence homology to predict the potential impact of amino acid
substitutions on protein function [80]. In addition to conservation, it also considers the
physicochemical properties of the amino acids involved to make a probability calculation [82].
Based on the amino acids appearing at each position in an alignment, SIFT calculates the
probability that an amino acid at a position is tolerated conditional on the most frequent amino acid
being tolerated [82]. If the normalized value (SIFT score) is less than the cutoff, the substitution is
predicted to be deleterious [80,82]. The score ranges from 0 to 1. A value of between 0 and 0.05 is

predicted to affect proten function [98,99].
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2.1.7 Screening for Non-acceptable Polymorphisms (SNAP)

SNAP is a neural network-derived tool that predicts the functional effects of nsSNPs using
sequence-based computationally acquired information alone [87]. It incorporates factors such as
evolutionary information and predicted aspects of protein structure (secondary structure, solvent

accessibility) among others [87].

2.1.8 Multivariate Analysis of Protein Polymorphism (MAPP)

MAPP considers the physicochemical variation present in a column of a protein sequence alignment
and, based on this variation, predicts the impact of all possible amino acid substitutions on the

function of the protein [94].

2.2 Methodology

2.2.1 Data retrieval

Genetic variation data was obtamed from the Ensembl genome browser [100,101] which contains a
collection of over 6000 mutations validated from dbSNP [102]. The human gene TPMT
(ENSG00000137364) was selected and a list of variants retrieved. The data was filtered to contan
only the variants with missense mutations and on the basis of clinical relevance (drug response and
pathogenicity). This resulted in a list of 170 missense variants which were downloaded as a comma-
separated value (CSV) file. The SNPs were then validated ensuring the existence of evidence
information and that the residues undergoing mutation as per the data were the correct ones on the
various positions in the WT protein. A python script was written to do this by reading the CSV file
then checking for evidence imformation at the “Evidence” column of the file. The script also
compared the mutated residue with that of the WT at the respective position confirming the
correctness of the residue. The FASTA sequence of the WT TPMT was retrieved from Universal
Protein Resource (UniProt) (UniProt ID: P51580) and was used for this validation.

2.2,2 Variant Analysis and selection

The FASTA sequence of the WT TPMT protein and the list of 170 validated SNPs were submitted
as input to VAPOR [91] to predict the effects on stability and functional impact on protein structure.
To perform these predictions, the portal uses I-Mutant 2.0 [76] and MuPro [83] for effect on
stability and PROVEAN [77], PolyPhen-2 and PhD-SNP [79] for functional impact, then generate a
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consensus table from all the tools. The obtained results were cleaned and parsed out using a python
script then saved as a CSV file (Table S1). Mutations from 5 residue positions were selected based
on these predictions, their effect on catalytic activity, location on the protein structure and
conservation. Information from 46 variants reported to the TPMT nomenclature committee
[57,103], clinical data from Ensembl and Pharmacogenomics Knowledgebase (PharmGKB)
[104,105] and in vivo, in vitro and in silico studies [40,52,55,60,106,107] were considered when
making the selection. One position had three occurrences of residue substitutions where one was a
novel variant unreported on Ensembl. This resulted in a total of 7 SNPs. These SNPs were
reanalyzed on PredictSNP [92] to get a wider range of predictions. For this analysis, PredictSNP
drew a consensus using MAPP, PhD-SNP, PolyPhen-1, PolyPhen-2, SIFT and SNAP.

2.2.3 Mapping 6MP onto the active site of the human TPMT

To investigate the pharmacogenetics of TPMT in 6MP metabolism, the X-ray co-crystal structure of
TPMT complexed with S-adenosylhomocysteme-6-mercaptopurine (SAH(CH.)6MP) [54] was
needed. However, no such crystal structures had been reported for human TPMT owing to the poor
solubility of 6MP in water [52,54]. The X-ray crystal structure of murine TPMT (PDB ID: 3BGD,
resolution 2.00 A) in complex with SAH and 6MP [53] shares a 77% sequence identity with the
human sequence [54]. The drug coordinates from this structure were copied (mapped) onto the
human protein by adaptation of the potential binding modes previously suggested by

crystallography [52] as described by Mokmak [54] and as detailed below.

The 3D crystal structure of human TPMT bound to the ligands SAH and B3P (PDB ID: 2BZG,
Chain A; Resolution: 1.58 A) [52] and the murine TMPT crystal structure aforementioned were
downloaded from the RCSB Protein Data Bank [108]. The structures were visualized on Maestro-
v13.2 software [109] where the mapping would be done. Prior to mapping, all the crystallographic
water molecules in both structures, the B3P ligand in the human protein and extra chain B in the
murine structure were deleted. Three selenomethionine residues at positions 76, 148 and 170 in the
human protein were converted to methionine. The two structures were then superimposed aligning
them together along with the SAH molecules bound to them. The coordinates of 6MP from the
murine structure were then mapped onto the human structure. This was done by addition of a
methyl group to the sulfur atom of SAH bound to the human protein as seen in Figure 2.1b); the
methyl carbon atom was then used as a reference to form a bond with the sulfur atom of 6MP

(Figure 2.1¢), thus forming SAH (CH:)6MP complex (Figure 2.1d). The coordinates for this
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Leucine is substituted at two positions surrounding the catalytic site. The first substitution, L49S, 1s
located on the aB helix which 1s adjacent to the catalytic cavity while the second substitution, L69V,
is located at the loop between aC and B1 in the catalytic channel where it interacts directly with the
ligand (Figure 2.1). Both of these substitutions introduce small amino acids which might cause
rearrangements around the catalytic site and affect catalytic activity (Figure 2.2 b-¢). The L49S
change introduces a polar residue m a less packed cavity which might introduce new polar
interactions with neighbouring residues next to the catalytic site and as a result, affect protein

flexibility and cause changes to the active site resulting in altered ligand binding.

The A80P substitution introduces a deformation into the last turn of helix aC due to the inflexible
nature of proline (Figure 2.1 & 2.2e). The helix i1s next to secondary structures with residues
involved i ligand binding and surrounding the catalytic site. Additionally, the distal end of the
helix from the location of A8OP has residues that interact directly with the ligand. The reduced
catalytic activity from this substitution would likely be as a result of interfered amino acid
interactions, around and on the secondary structure and protein misfolding. The position is on the

surface far away from the binding site (Figure 2.1).

R163 is located on the oF at a position proximal to residues forming the ligand binding cleft (Figure
2.1). Three substitutions which include His, Cys and Pro have been reported at this site [17,19,55].
R163H (Figure 2.2d) involves a change from one hydrophilic amino acid to another. Both of these
amino acids have ionizable side chains. The substitution could still bring about clashes with other
close by residues owing to the different isoelectric points (pls) and side chain pK.s. Arg has a pl of
10.76 with its side chain having a pK, of 12.48 while His has a pI of 7.59 with its side chain having
a pK, of 6.00 [112]. The pK. of a substance is the -loge of its acid dissociation constant. It is a
measure of the tendency of a group to give up a proton with that tendency decreasing by 10-fold as
the pK, increases by one unit [112]. The pl on the other hand is the pH at which a substance has a
net charge of zero [112]. This means that at the protein’s physiologic pH of 7.5 [52], Arg would
likely be protonated and thus be positively charged while His would likely have a net charge of zero
resulting to loss of interactions. Replacement with cysteine at this position introduces a smaller
hydrophilic residue (Figure 2.2d} which could cause rearrangements. Cysteine also has an ionizable
side chain (pKa of 8.18) and a pI of 5.07. At the the protem’s physiologic pH, cysteine would be
deprotonated as opposed to the protonated Arg in the WT protein which could cause a shift in

interactions at this location and around the catalytic site. Substitution with proline at this position
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residue interactions. Another factor could be the introduction of an amino acid with different
physicochemical properties such as hydrophobicity, presence of ionizable side chains, the polarity
of the amino acids involved and the presence of charged side chains. These properties play a role in
protein folding, function and protein interactions depending on the cellular location of the protemn
and each amio acid 1s strategically placed to ensure the proper functioning and final conformation
of the protein. Another factor could be the size of the amino acids mvolved. Replacement of a small
amimo acid with a bigger amino acid and vice versa could cause shifts and rearrangements thus
introducing inter-residue clashes within the protein. This could in turn have an effect on the
structural dynamics of the protein. How conserved a residue 1s could also be used to explain the
effect of its substitution. Highly conserved residues are believed to play a functional role in the
protein and their substitution could have deleterious effects on the protein. SNPs that interfere with
protein folding could mark it for rapid chaperon-mediated clearance from cells. Understanding the
functional and structural impact of nsSNPs on TPMT is a step forward i gaining insight into how

enzymatic activity is affected in their presence.
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CHAPTER THREE

MOLECULAR DYNAMICS SIMULATIONS

3.1 Introduction

Molecular Dynamics (MD) simulations is a computational method that employs Newton's laws to
evaluate the motions of water, i1ons, small molecules, and macromolecules or more complex
systems, for example, whole viruses, to reproduce the behaviour of the biological environment,
including water molecules and lipid membranes [54]. When using an empirical force field [113],
such as GROMOS, OPLS, AMBER, CHARMM or MARTINI, the equations of motion are
essentially Newton’s second law [114]. Equation 3.1 is Newton's second law of motion which

equates the force (F) of an object to its mass (m) and acceleration ().
ma=F
Equation 3.1: Newton's second law of motion.

Conservative forces are computed as the gradient of the energy of the system [115]. Molecular
dynamics solve these equations by time integration [115]. These calculations predict how every
atom in a protein or other molecular system will move over time, based on a general model of
physics governing inter-atomic interactions [115]. These interactions could be bonded or non-
bonded [116]. Bonded atomic interactions are a result of bond extension, angle bending and
dihedral torsions of the bonded atoms and improper dihedrals [117]. Non-bonded interactions result
from the interactions between Van der Waals and electrostatic forces [117]. After calculating the
forces, the configuration 1s updated by applying those forces over a discrete time step [117]. To
ensure numerical stability, the time steps in an MD simulation must be short, typically only a few
femtoseconds (10™7s) each [118]). Most of the events of biochemical interest, for example,
functionally important structural changes in proteins, take place on time scales of nanoseconds,
microseconds, or longer [113]. A typical simulation thus mnvelves millions or billions of time steps.
This fact, combined with the millions of interatomic interactions typically evaluated during a single

time step, causes simulations to be very computationally demanding [119].

Simulations can predict how biomolecules will respond at an atomic level to perturbations such as

mutation, phosphorylation, protonation, or the addition or removal of a ligand [119].
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MD simulations have been widely applied to study structure-function relationships, disease
pathways, and drug design [119]. Various open-source packages have been developed over time to
perform MD simulations. Such packages include AMBER [118], CHARMM [120], NAMD [121],
LAMMPS [122], Desmond [123] and GROMACS [124]. This study utilized GROMACS version
2018.2 and the AMBER99SB-ILDN force fields to study the effects of mutations on TPMT and
how they affect SMP metabolism.

3.1.1 GROMACS

GROningen MAchine for Chemical Simulations (GROMACS) is a free open-source software
package commonly used to perform MD simulations for biomolecules [125]. It 1s made up of a set
of programs for preparing, running and analyzing MD simulations. Each program is called from
within a single binary, gmx, with a similar syntax among all the programs. Options are preceded by
an hyphen (-) and the subsequent keyword or filename is the next argument on the command line

[118].
3.1.2 AMBER force fields

A force field 1s built up from two distinct components; the set of equations used to generate the
potential energies and their derivatives (the forces) and the parameters used in this set of equations
[126]. AMBER force fields (AMBERSf) introduce a set of parameters for all-atom simulations.
Some characteristic features of this force fields include fixed partial charges on atom centres,
explicit use of all hydrogen atoms, no specific functional form for hydrogen bonding, and dihedral
parameters fit to relative quantum mechanical (QM) energies of alternate rotamers of small
molecules. Some common AMBERIf include {194, ff96 and {ff99 which are upgrades of each
preceding ff in terms of improvement in conformation sampling with consideration of dihedral
angles [127]. The AMBER99SB-ILDN applied in this study is a refined AMBER ff99SB with
optimized x; torsion potentials for amino acid side chains [128]. The torsion potentials result from

rotations around the dihedral angles.
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ligands 1f the analysis was being carried out on an apoprotein. The structures were then protonated
at the protein’s working pH of 7.5 on the H++ web server [129,130]. To protonate the ligands on the
server, the HETATM records were modified to LIGAND. The apo protein was generated from the
holo protein by removing the cofactor. After protonation, the topology *““.top” and coordinate “.crd”
files were downloaded from H++ and converted to a PDB file by merging them using the ambpdb

command.

3.2.2 Generating topology and parameters for MD simulation

The AMBER99SB-ILDN force field and tip3p water model were used to create topology and
introduce position restraints into the system. Topologies for SAH and SMP were generated
separately using AnteChamber Python Parser intercafacE (ACPYPE) tool with a net charge of 0 for
SAH and +1 for SMP. An octahedron simulation box was chosen to create periodic boundary
conditions (PBC) and solvated explicitly using water molecules. The periodic box is an artificial
construct that provides infinite space, at a low computational cost using an effective algorithmic
trick. Molecules exiting the box on one side reappear on the opposite side such that if a molecule
goes to the left, it is mirrored at the right of the box, and vice versa; if it goes to the bottom, 1t is
mirrored at the top, and vice versa. This allows continuous simulation. The systems were then
neutralized by replacing some of the solvent molecules with sodium cations (Na*) or chloride

anions (Cl) depending on the system’s net charge at 0.15M salt concentration.

Energy minimization was performed to relax the structures and resolve unrealistic forces in the
system that would result from repulsiveness of atoms that are too close and new interactions that
form as a result of replacing solvent molecules with 1ons. This was done in 50,000 steps using the
steepest descent algorithm until the systems converged to a maximum force of 1000/kJ/mol/nm. A
two-phase equilibration in 100 ps was then performed on the systems to adjust to the required
temperature and pressure in order to avoid system collapse. The first phase was conducted under
NVT ensemble with a constant number of particles, volume and temperature at 300K temperature
using the modified Berendsen thermostat algorithm at 0.1 ps time constant. The second phase was
conducted under NPT ensemble, wherein the number of particles, pressure, and temperature was
constant at 1 bar using the Parrinello-Rahman barostat at 2.0 ps time constant. In both ensembles,
all bonds were constrained using the LINCS solver. Non-bonded interactions were allowed a

maximum distance of 1.4 nm. Long-range electrostatic interactions were evaluated using the
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Particle Mesh Ewald (PME) method and the Van der Waals interactions were handled using the

Lennard Jones potential.

3.2.4 Production run

MD simulations were run at the Centre for High Performance Computing (CHPC) cluster using 10
CPU cores and one Nvidia Tesla v100 GPU for 100 ns with a 2 fs timestep. Trajectories were
written out every 2 ps. Double runs for the WT systems in apo, holo and drug-bound conformations
were performed as controls to ensure that all the parameters were correctly set and confirm the

reproducibility of the results (Figure S2).
3.2.5 Trajectory analysis

Periodic boundaries were corrected for the systems to rewrap and recentre the protein systems
within the simulation box avoiding PBC jumps using gmx trajcony. The corrected trajectories were
then stripped off waters and ions using cppiraj [131] before analysis was performed. The
trajectories were additionally visualized using VMD [132] to confirm the PBC corrections and
ensure that the ligands remained in the active site. Calculations for the root mean square deviation
(RMSD), root mean square fluctuation (RMSF), and radius of gyration (Rg) were then performed

for all the systems using gmx tools.

RMSD is the average distance between atoms of superimposed proteins. The RMSD of certain
atoms in a molecule with respect to a reference structure can be calculated by least-square fitting
that structure to the reference structure (t,=0) [133] and subsequently calculating the RMSD

according to Equation 3.1.

RMSD(t ,t,)= z m,||r,(¢ )||2]2

Equation 3.1: Calculation of RMSD.
Where M=3XY m, and r/t) is the position of atom i at time ¢,

A constant continuous increase shows sustained conformational changes in the structure of the
protein and can be used to analyse the stability of the protein. In this study, the RMSD for all the
protein systems in apo, holo and drug-bound states were calculated after least-square fitting to the
Ca.
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The Rg of a protein is a measure of its compactness [134]. It 1s calculated as the mass-weighted
geometric mean of each atom’s distance from the centre of mass of the protein. Equation 3.2

describes this calculation.

2l fFm, 2
AR TR

Equation 3.2 : Calculation of Rg.

Where m;1s the mass of atom / and #; the position of the atom / with respect to the centre of mass of

the molecule.

The stability and folding of a protein are known to be affected by the packing of amino acid
residues, hence, the more compact the protein the lower its folding rate. A stably folded protein will
likely maintain a relatively steady value of Rg. The Rg values from all the runs were calculated for

the protein systems.

RMSF is a measure of local chain flexibility. It analyses the portions of the structure that are
fluctuating from their mean structure the most and is measured as the distance between the portion

and its average position [133] according to Equation 3.3.
RMSE=v((X,—(X)f) ,
Equation 3.3: Calculation of RMSF.
Where X; 1s the coordinates of particle 7, and (X)) 1s the ensemble average position of i. The RMSF

for residues in the apo, holo and drug-bound systems were calculated in this study.

Further analysis was done to understand how the atoms moved together using dynamic cross-
correlation (DCC) which is calculated as in Equation 3.4 [135].
(Ar;Ar;)

C.= :
T oV(Ar(ArY)

Equation 3.4: Calculation of dynamic cross-correlation.

Where 4r;1s the displacement from the average position of atom 7, and () is the time average over
the whole trajectory. Trajectories were reduced using an in-house python script to keep only the C,

and Cp atoms. DCC was then calculated for each of the proteins with a time step size of 50 using
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Region i was unique to the drug-bound enzyme. The region falls in the oA helix which caps the
active site (Figure 3.3). The flexibility of this helix is important in allowing the substrate to get into
the catalytic site and thus plays an important role in drug binding. Region i was mostly in a loop
region between aA and aB and (Figure 3.3) was more prominent in the apoenzyme than the
holoenzyme, with minimal fluctuations m the drug-bound enzyme. The region contains important
residues that form the catalytic channel mcluding F40 (aids m drug binding). The transition in
fluctuations in this region could be a demonstration of structural changes around the catalytic site as
catalysis is going on. The area iii spans from oB into a loop then to the beginning of Bl sheet
(Figure 3.3). These two secondary structures have residues interacting directly with both the drug
and co-factor. The flexibility of the loop might therefore be important in ensuring functionality of
the enzyme. The final region, #v, covers the ¢H helix from both ends (Figure 3.3). The helix is part
of the methyltransferase fold and could play an important role in allowing substrate binding. As was
observed, flexible regions are known to be loop areas, residues involved in ligand binding or those

involved in conformational changes to allow ligand binding.

3.3.2 Trajectory analysis of the Mutant systems in comparison to the WT
3.3.2.1 RMSD analysis

To see global conformational changes of the mutant systems in comparison with the WT along the

trajectories, RMSD for these systems were analysed in their apo, holo and drug-bound states.

Varying changes in RMSD were observed in all the systems according to Figure 3.4. The most
stable systems in the apo systems compared to the WT included L49S, A80P, R163C and H227Q
with the most instability being observed m the L69V, R163H and R163P. In the holo systems 1498,
AS80OP and R163P remained stable while L69V, R163H, R163C and H227Q were unstable. As with
the WT enzyme, the substitutions that sampled stable in this state therefore experienced the a
stabilizing effect from co-factor binding. In the drug-bound systems, all the systems were stable
except L49S therefore drug binding seemed to stabilize the systems. The L49S substitution became
unstable after drug binding which could have been a result of altered structural integrity in areas

close to or at the binding site.
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areas of fluctuations when compared with the WT enzyme. This increased flexibility could be
associated with instability as a result of the residue substitutions. In the L49S, A80P, R163H and
R163P holo systems, a decrease in flexibility was observed in region # (Figure 3.7} with H227Q
and L69V showing an increase i flexibility. Decreased flexibility could affect association with the
co-substrate while an increase in flexibility could confer changes in structural rigidity both of which
could affect functionality. All the drug-bound variant systems recorded a decreased RMSF in region
i which spans residue 23-30 as identified in section 3.3.1 and shaded in Figure 3.7. This region
includes the oA helix which caps the active site. The loss in flexibility at this region could be
detrimental to the association of the enzyme with the ligand. Flexibility in region iii was sustaied
in the apo and drug bound systems with an increase in flexibility being observed in L49S, L69V,
A80P and R163H in the holo systems. As the area i1s a loop between two functionally important
secondary structures, increased flexibility in this region compared to the WT could have functional
implications on co-factor binding. It is worth noting that AB0P recorded a global lower RMSF i all
states compared to the WT which could explam the observed sampling in RMSD and more compact
structures seen in Rg results. The substitution therefore resulted to a more rigid structure in both

local and global motions.

3.3.3 Dynamic cross-correlation (DCC)

To understand how the moving atoms correlated with each other over the course of the MD
simulation, DCC analysis was done using the Cp and glycine C,atoms. From Figure 3.8, correlated,
anti-correlated and areas with no correlation were present in all systems. The analysis revealed that
occurrence of mutations had no significant effect in how the atoms moved together when compared
to the WT. Similar patterns depicting correlation, anti-correlation and no correlation were observed
in all the systems regardless of the state and presence of mutation. This could mean that the protein

has a preserved structural state.
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Figure 3.8: DCC analysis represented as heatmaps showing residue correlation. The x and y-axis annotate
the residue index. Values moving towards 1 (red) represent areas of hagh correlation, zero (white) represents

no correlation while the values moving towards -1 (blue) represent areas of anti-correlation.

3.5 Conclusion

In summary, the mutants with the most unsteady RMSDs in the apo systems were L69V, R163H
and R163P while the rest kept a steady RMSD along the trajectories. In the holo systems, L69V,
R163H, R163C and H227Q were unstable from RMSD analysis with the rest being stable while in
the drug-bound systems, only L49S showed an unsteady RMSD. This same trend was observed in
Rg analysis. For these variant enzymes, these could mean that their effect on catalytic activity was a
result of global conformational changes in addition to residual flexibility changes observed in
RMSF results. The ASOP variant enzyme showed no global conformational changes compared to
the WT and could have its severe effects on enzymatic activity stemming from local inter-residue
changes resulting in rigid structures as seen in decreased areas of fluctuation in RMSF analysis.

From DCC analysis, the occurrence of mutations had no effect on how the atoms moved together.
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Interactome networks have been used in molecular biology research to provide a global picture
useful in understanding how the interaction between and within molecules occurs and how that
influences cellular behaviour [137,139]. Interactome networks have been applied to analyse protein
interactions in cancer, to understand brain connectivity in conditions such as Alzheimers's’ disease,
and to study allostery in proteins among others [138]. In proteomics, several types of network
analysis have been adapted. Such include protein-protein interaction (PPI) network analysis where
nodes are proteins and edges can come from evidence of interaction or co-expression, intra-protein
network analysis which involves residue network analysis (RIN) and dynamic residue network
analysis (DRN) with nodes as residue representations while edges are mostly from residue-residue
interactions then finally, statistically guided network analysis (SGNA) where groups of protein
conformations are compared with edges based on statistical significance [138]. Nodes can be ranked
or sorted according to their properties thus identifying central nodes that affect the topology of the
network depending on the question being asked [139]. The importance of a node in a
communication network is deduced by the term *“‘centrality” [140]. Various centrality metrics can be

calculated m such kind of analysis. Such metrics include:

« degree centrality (DC) which shows that an important node is mvolved in a large number of

interactions,

«  closeness centrality (CC) which indicates important nodes that can communicate quickly

with other nodes,

»  betweenness centrality (BC) which shows that nodes which are intermediate between

neighbours rank higher and thus are important for communication,

- eigenvector centrality (EC) which ranks higher nodes that are connected to important

neighbours,

« average shortest path (L) which 1s the average of the shortest path lengths from all other

nodes to a given node, and many more.

Nodes with very high scores in the centrality calculations are referred to as hubs [139].
Additionally, contact maps can be calculated for a node of interest with the edges carrying

information about the strength and frequency of interaction with other nodes.

In this study, weighted contact maps for important residues, £C and BC were applied in DRN

analysis.
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4.2 Methodology

4.2.1 Residue contact map analysis

Residue contact maps were calculated to illustrate the degree of interaction at mutation positions
and with the ligand. This was done to identify changes in residue-residue and ligand-residue
interactions as a result of mutations in the equilibrated portion of the simulation. Weighted contact
maps were therefore calculated for the last 50 ns using a step size of 1 frame and a cutoff Euclidean
distance of 6.7 A between the target residue and its immediate contacts using the contact map.py
tool from MDM-TASK-web suite [141]. Contact heat maps were then generated using the

contact_heatmap.py tool from the same suite.
4.2.2 Dynamic residue network analysis

Dynamic residue network analysis was used to identify the key residues in intra-protein interactions
in the WT and mutant systems. Scripts from MDM-TASK-web were used to calculate average BC
and E£C metrics for the last 50 ns of the simulations where the Cp atoms (C, for glycine) of each
residue were treated as nodes with the existence of a cutoff distance of <6.7 A being treated as an

edge.

Average BC measures how frequently a residue is traversed along the shortest paths connecting
other residues in the protein thus its importance in the intra-protein’s interaction network [140,142].
BC 1s calculated as per equation 4.1 where m denotes the overall number of frames, # shows the
number of residues, d(s,¢|v) symbolises the number of shortest paths bridged between a residue v
and other nodes s and ¢. 4(s,?) denotes the averaged shortest paths existing between residues s and ¢

where s and ¢ are part of the set V, which comprises the set of all nodes.

Equation 4.1: Calculation of BC.

EC 1s used to measure the influence of a node in a network based on the centrality of the
neighbouring nodes [140,141]. Here, an adjacency matrix A is used to assign node importance by
solving for the dominant unit eigenvector £C of the matrix. Equations 4.2a and 4.2b are applied in
these calculations. In a), EC is the eigenvector and A is the eigenvalue for the eigen decomposition

of the adjacency matrix. In NetworkX, EC is solved using the power iteration method. In b), the
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averaged EC for a residue i 1s determined from the average time of m frames. The converged
eigenvector is a metric that recursively assigns importance, giving high centrality to nodes that have

a high degree or those connected to high importance nodes.

A-EC=A-EC
Equation 4.2a): Eigenvector decomposition.
_1x3
EC=—2 EC,
m ;=

Equation 4.2b): Calculation of average EC.

4.2.3 Identification of top 5% global high network centrality hubs

In order to identify residue hubs that were persistent in the various centrality measures, all related
samples were combined in order to have a common scale. The metric-specific results for the apo,
holo and drug-bound systems were concatenated into a single vector before being sorted in
descending order while keeping track of residue indices in order to focus on nodes of the highest
overall centrality. The top 5% of these values were extracted and used to obtain a binary matrix of
the same dimensions as the original dataset that contained all the samples. Any residue positions

that contained a hub were chosen from other samples. The results were presented as a heatmap.
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studies, the introduction of a proline residue at a solvent-exposed position and at the end of helices
as a mutation has been shown to increase the stability of proteins by reduction of conformational
entropy [143-145]. This has been applied in protein bioengineering to enhance the stability of the
proteins [143,145,146]. This variant appeared to have sustained stability in all the states in the
RMSD analysis from chapter 3 (Figure 3.3). The observations from this analysis could be used to
explain the sustained stability. Additionally, this could mean that the proline substitution alters the
structural energetics of the enzyme, which could affect its normal functioning and/or mark 1t for
chaperon-mediated clearance from the cell. The resulting reduced catalytic activity of the mutant
enzyme could therefore be a result of disrupted structural dynamics, allosteric effects on the

catalytic site and clearance from the cell.

The H227Q substitution resulted in a loss in interactions at F223, W230 and 1232 and a gain in the
C183, Y187 and A222 positions in the apo systems. Due to the similar hydrophobic natures of the
gained and lost interactions these observations could be viewed as an attempt of the enzyme to
accommodate the mutation. Loss of mteraction was observed at F223 and 1232 in the holoenzyme
and W230 in the drug-bound system with no significant gain in interaction in these systems (Figure
4.2 & Figure 4.3d). This could affect the structural dynamics of the enzyme and thus effective
functioning. RMSD analysis in chapter 3 revealed instabilities in the holo system while the apo and
drug-bound systems remained fairly stable. With no compensatory gain in interactions for the holo
system, observed instability was not unexpected. As not many changes were observed in the drug-
bound system, the effect on enzymatic activity would be expected to be minimal and this agrees

with available information on the minimally reduced enzymatic activity [40,52].

In L49S, loss in interactions was observed at H52, W150 and L181 in the apoenzyme, at W150 in
the holoenzyme and at H52 in the drug-bound enzyme. A gai in interactions was observed at G435,
W78 in the apo system, G45 in the holoenzyme and G45, W150 and R152 in the drug-bound
enzyme where the W150 interaction intensified rather than lost intensity as seen in the apoenzyme
(Figure 4.2 & Figure 4.3a). The gained interactions in the drug-bound enzyme could cause shifts in
the catalytic site as the involved positions surround the catalytic cavity which would result in
diminished catalytic activity. This observation 1s supported by previous studies which have shown

that the mutation results in local changes in the catalytic site [40,53,55].

L69V resulted in a loss of interactions at 191, V89 in the apoenzyme, G153 in the holoenzyme and
G153 and A157 in the drug-bound enzyme with gained interactions being at W29, G90, A157 in the

apoenzyme and V89 m the holoenzyme and drug-bound enzyme (Figure 4.2). The higher number of
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catalytic activity. These observations are thus not unexpected. The observations at the L49S, R163P
and R163P substitutions could mean that the reduced catalytic activity from the resulting mutant

enzymes is not a result of affected SMP interactions.

According to Figure 4.4 SMP, loses interactions with F40 and H41 in the A80P substitution. F40 is
directly in contact with the drug and 1s involved in the formation of the water channel that directs
drug binding as mentioned in Chapter 1. This loss of these contacts might have dire effects on drug
binding and thus its metabolism. New interactions are introduced at positions T38 and A39 as a
result of this substitution. Interactions at positions C70 and A157 intensify more compared to the
WT while that at R152 loses intensity. This might suggest reorientation of the drug at the binding
site during methylation which might affect catalysis. The mutation is located far away from the
binding site which additionally suggests an allosteric effect on drug metabolism. This could further
confirm the findings discussed in the previous section (Section 4.3.1.1). The observations made for

this substitution might explain the 100-fold loss in catalytic activity in the variant enzyme.

The L69V substitution leads to a loss of interactions at positions F40 and A73 and a gain in
interactions at C70, A154 and A157. This might suggest affected ligand binding given the
importance of F40 in drug binding. The changes might also cause changes in how SMP fits i the
catalytic channel which has an affect catalytic activity. The mutation is located at the catalytic site
where 1t interacts directly with the co-factor. The interactions at the position are sustained even with
the occurrence of an SNV. The resulting loss in catalytic activity might thus be a result of altered

interactions with other surrounding residues as a result of the substitution.
The R163H substitution leads to a loss of interactions at F40, C70 and A73 with intensified

interaction at A157. This might lead to poor drug binding and how it orients itself at the binding

site. These observations might explain the reduced catalytic activity of the variant enzyme.
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Residue at position 90 lines the catalytic channel while 151 is next to position 152 which is in direct
contact with the ligand. Position 69 was recorded as a BC hub in all the systems but was lost in the
SMP-bound L69V variant. The residue at position 69 is also in direct contact with the ligand. Its
loss as a hub in the drug-bound L69V mutation could mean that the substitution poses severe effects
in intra-protein communications in the enzyme after drug binding. This could be a reason for the

nearly undetectable enzymatic activity of the variant enzyme in experimental studies.

Figure 4.7 maps hubs in each individual mutant protein in comparison to the WT. The hubs seemed
to be concentrated mainly around the catalytic site in all the systems. The occurrence of mutations
resulted in the loss of some hubs with the gaining of new ones. This could have been in an attempt
to accommodate the mutations in order to maintain the functionality of the enzyme. Figure S7a
demonstrates the secondary structures where areas of high BC and top 5% BC hubs occurred while
Table S3 represents all the 1dentified hubs with the persistent hubs and top 5% hubs present in at

least 12 studied systems being highlighted differently.
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while the hubs unique to each mutant system are magenta-coloured spheres. In the holo systems, the WT
hubs are represented as orange spheres while the mutants are violet-purple spheres. In the drug-bound
systems, the WT hubs are shown as wheat-coloured spheres while the mutant-specific hubs are purple-blue
spheres. The mutant positions are represented as red spheres in all positions while SAH in holo and SMP in

drug-bound systems are represented as deep-olive coloured sticks.

4.3.2.2 Eigenvector centrality (EC)

EC was calculated in order to identify which residues were connected to other important residues.
Globally, regions of high EC were observed to lie on positions 65-76, 85-99, 118-121, 128-137 and
179-184 (Figure 4.8). The region 65-76 spans from B1 through a loop into aC (Figure S7b).
Residues in this region surround the catalytic site and include L69 which is in direct contact with
the ligand. The region 89-99 spans from 2-aD (Figure S7b) whose loop region residues also line
the catalytic site. Region 118-121 falls on B4 (Figure S7b) which neighbours aD, B5 and B3 (Figure
1.2a). 128-137 spans from PB5-oE (Figure S7b) with residues in interaction with the ligand while
179-184 falls on 7 (Figure S7b) which neighbours 9 (the last structure at the C-terminal) and B6
on both sides (Figure 1.2a). These regions were therefore connected to residues that form
communication networks involved in ligand binding, formation of the catalytic channel and
maintaining the structural integrity of the folded protein. The 179-184 region appeared to be a high
EC region in the apo systems only with the exception of the three mutants occurring at position 163.
This could offer an explanation for the structural changes that occur during catalysis as states
change from apo to holo to the pomt of drug binding. Of the three mutants at position 163 that did
not have the region as a high EC region, R163H which was the most affected seemed to have
gained it as a high EC region in the holo and drug-bound systems. This could have been an attempt
of the mutant enzyme to restore nativity after ligand binding to ensure functionality. The region was

retained by H227Q in the holo state and L69V in the drug-bound state.
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identified WT hubs are represented as marine-coloured spheres while mutant-specific hubs are represented as
ruby-coloured spheres. In the drug-bound systems, WT hubs are shown as blue-coloured spheres while
mutant-specific hubs are represented as warm-pink-coloured spheres. Mutant positions in all the systems are
represented as red spheres while SAH in holo and SMP in the drug-bound systems are represented as deep-

olive sticks.

4.4 Conclusion

Residue contact map analysis revealed major changes in interactions that occurred due to mutations
at the various points of mutation. Analysis of SMP interactions revealed possible reorientation at the
catalytic site as a result of ASOP, R163H and L69V mutations with allosteric effect being noted in
the A80P substitution. Changes in interactions could be attributed to the different physico-chemical
properties involved or size of amino acid side chains. The occurrence of mutations also affected
global intra-protein communication networks with the loss of important centrality hubs and the
gaining of new ones in most of the systems. This could be associated with changes in protein
dynamics which could affect catalytic activity. Table S3 highlights hubs that were commeon in at-
least 12 of the 24 studied systems and persistent hubs in all the systems in either (BC/EC) of the

analysed centralities.
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CHAPTER FIVE

CONCLUSION AND FUTURE WORK

5.1 Concluding remarks

The reduced catalytic activity of TPMT in metabolising 6MP, a chemotherapeutic agent in ALL
treatment, has been associated with the occurrence of genetic variations. Variations that result
missense mutations cause amino-acid changes and m turn alter the polypeptide sequence of the
protein. This could alter the structural dynamics of the enzyme and hence its functionality. This
study sort to investigate the effects of seven amino-acid substitutions (L49S, L69V, A8OP, R163H,
R163C, R163P and H227Q) on the structural dynamics of TPMT and their implications on the
metabolism of 6MP. The substitutions were selected based on their effect on catalytic activity,
location on the protein structure and conservation. The information sourced in the selection criteria
was from variant analysis predictions, clinical data on Ensembl and PharmGKB and information
from literature. All the selected variants were predicted to be deleterious with the exception of
H227Q which was predicted to be benign. Reports from studies indicate that positions 49, 69, 80
and 163 occurred in highly conserved regions while 227 was less conserved. This could explain
why H227Q was mostly benign from variant analysis as most of the prediction tools use algorithms
that apply multiple sequence alignment methods to perform analysis. Positions 80 and 227 occur on
the surface of the enzyme’s structure at solvent-exposed positions while 49, 69 and 163 are buried

in the structure with 69 occurring at the binding site and in contact with the ligand.

RMSD and Rg analysis post-MD revealed that the binding of the co-factor stabilized the WT
enzyme. Comparison of the WT with the mutant systems in RMSD and Rg analysis largely revealed
that mutations affect structural global motions and compactness of the enzyme. Binding of the drug
largely seemed to stabilize the mutant systems as observed in RMSD and Rg analysis. Correlated
atomic movements were not significantly affected by the occurrence of mutations according to
DCC analysis. Some mutations seemed to cause perturbations in the stability of the structure in the
different states while others such as ABQP seemed to cause consistent stability on the structure of the
protein contrary to what was expected. This could have a deleterious effect on protein functionality

as excessive rigidity might interfere with effective ligand binding. RMSF analysis showed changes
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in local chain flexibility especially in the drug-bound systems in the presence of mutations in

regions engaged in drug binding. This could be used to draw inference on altered 6MP metabolism.

In network analysis, weighted contact maps for the mutation positions and SMP in the WT and
mutant systems were calculated. Further analysis was done to calculate BC and EC and to further
identify global top 5% hubs for these centrality metrics. The occurrence of mutations appeared to
affect interactions with the residue at the position of the mutation. The different physio-chemical
properties of the amino-acids involved could have resulted in shifts in interactions. The H227Q
substitution showed an attempt to accommodate the mutation by gaining interactions with close-by
residues that had similar physico-chemical properties as the lost interactions. Attempts to
understand why the A80P mutation appeared to induce structural stability in RMSD analysis
revealed enhanced inter-residue interactions at the surface due to reduced conformational entropy.
The mutation however showed an allosteric effect that could introduce changes at the catalytic site
and thus can be classified as an allosteric mutation [147]. Analysis of SMP interactions in the
presence of mutations in comparison with the WT revealed that A8OP, R163H and L69V mutations
affected how the ligand oriented itself at the catalytic site. This could have interfered with the
effective methylation of the drug. The rest of the mutant systems did not lead to significant changes
in SMP interactions therefore their reduced catalytic activity might not have been associated with

changes m ligand-residue mteractions.

In the analysis of the centrality metrics, global regions identified to be of high BC and EC spanned
secondary structures that lined the catalytic cavity or were involved in conferring structural stability.
Some regions overlapped in the two analyzed metrics. Such regions included 65-76 which was in
the same location in both metrics, 89-90 in BC overlapped 85-99 m EC and 182-185 in BC
overlapped with 179-184 in EC. The first two regions are found in secondary structures with
residues involved in the formation of the catalytic site which could mean that they are part of
functionally important communication networks. The last mentioned overlapping regions fall on 7
which interacts with B9 and 6 at the C-terminus which could mean that the residues in the region
are involved in communication networks that confer structural integrity of the enzyme. Persistent
hubs in the global top 5% BC calculations were 1dentified at positions 90 and 151. The proximity of
these positions to the catalytic site could mean that the two hubs lie in functionally important
network paths. Position 70 was the only identified persistent hub in the global top 5% EC

calculations. The residue C70 1s involved in unbonded mnteractions with SAH and mteracts with
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L69 and G71 which are in direct contact with the ligands. This would explain its status as a

persistent £C hub.

5.2 Future work

This study covered the effects of amino-acid substitutions on the structure and function of TPMT
on 6MP metabolism by identifying changes in global motions and interaction networks applying in
silico techniques. As only EC and BC calculations were done, more centrality value analyses such
as DC, L and CC could be performed to calculate the number of neighbouring nodes around the
node of interest, average shortest paths to the node and central nodes which are closer to other
nodes. Further, contact map calculations around the identified persistent hubs to identify changes in
communication around these important residues could be performed. In addition, perturbation
response scanning could be performed to identify residues whose perturbation invokes
conformational displacement within the protein. This study only looked into 7 variant alleles out of
the reported 46 alleles and filled the gap in understanding how the mutant enzymes affect 6MP
metabolism applyimng in silico techniques. The remaining ones can be studied in future work with

the application of molecular dynamics.
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Supplementary material

Table S1: VAPOR parsed out results

#SNP Provean PPH2 [-Mutant2.0 MUpro Sign PhD-SNP
DDG
G3D -0.113 benign -1.06 Decrease Neutral
T4S -0.282 benign -0.21 Decrease Neutral
110M -0.761 benign -1.45 Decrease Neutral
1108 -1.494 benign -2.16 Decrease Disease
Y13C -2.883 benign -0.55 Decrease Disease
S14L -2.227 benign 0.39 Decrease Neutral
DISA -3.790 benign -0.32 Decrease Neutral
DI5SY -4.565 benign 0.20 Decrease Neutral
T16S -1.190 benign -0.41 Decrease Neutral
T16l -1.426 benign -0.00 Increase Neutral
E17Q -1.149 possibly -0.49 Decrease Neutral
damaging
El17A -1.599 benign -0.48 Decrease Neutral
E17K -1.302 benign -0.67 Decrease Disease
V18G -2.885 possibly -2.09 Decrease Neutral
damaging
K20E -1.833 benign -0.65 Decrease Neutral
N21K -3.461 possibly 0.03 Decrease Neutral
damaging
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L24P -4.660 probably -1.26 Decrease Disease
damaging

T25N -3.006 possibly -0.22 Decrease Neutral
damaging

K32R -1.169 benign 0.15 Decrease Neutral

V34M -0.840 probably -0.31 Decrease Neutral
damaging

G36D -1.706 benign -1.00 Decrease Neutral

G36S -1.213 benign -1.11 Decrease Neutral

F40L -5.245 probably -0.98 Decrease Neutral
damaging

F40S -6.911 probably -1.50 Decrease Disease
damaging

H41R -7.030 probably 0.44 Decrease Neutral
damaging

E43D -1.805 benign 0.23 Decrease Neutral

Q44R -1.660 benign 0.52 Decrease Neutral

H46R -6.811 probably 0.42 Decrease Neutral
damaging

Q47H -2.454 possibly -0.32 Decrease Neutral
damaging

L4988 -5.098 probably -1.50 Decrease Neutral
damaging

K5IN -3.110 possibly 0.58 Decrease Neutral
damaging
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H52R -5.233 possibly 0.41 Decrease Neutral
damaging

H52D -5.953 possibly 0.37 Decrease Neutral
damaging

L53S -4.680 probably -1.33 Decrease Neutral
damaging

T551 -2.417 benign -0.21 Decrease Neutral

T55P -3.234 benign -0.65 Decrease Neutral

F56L -1.764 benign -1.42 Decrease Neutral

G59D -5.660 benign -0.83 Decrease Disease

G62R -4.710 probably -0.31 Decrease Disease
damaging

G62E -4.372 possibly -0.33 Decrease Disease
damaging

L63P -5.202 probably -1.45 Decrease Disease
damaging

L63M -1.270 probably -0.85 Decrease Neutral
damaging

R64S -5.238 probably -0.75 Decrease Disease
damaging

V65SL -1.484 benign -1.62 Decrease Neutral

Fé66l -5.435 probably -0.81 Decrease Disease
damaging

P68L -9.201 probably -0.33 Decrease Disease
damaging
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L69F -3.687 probably -0.70 Decrease Neutral
damaging

L69V -2.747 probably -1.44 Decrease Neutral
damaging

G7IR -7.244 probably -0.44 Decrease Disease
damaging

A73S -2.604 possibly -0.62 Decrease Neutral
damaging

A73V -3.547 probably -0.17 Increase Disease
damaging

E75K -3.492 probably -0.53 Decrease Disease
damaging

M76l -3.700 probably -0.77 Decrease Neutral
damaging

M76K -5.534 probably -1.52 Decrease Disease
damaging

K77E -3.598 probably -1.05 Decrease Neutral
damaging

W78C -11.831 probably -1.75 Decrease Disease
damaging

W78R -12.599 probably -1.14 Decrease Disease
damaging

A80V -3.153 probably -0.14 Decrease Disease
damaging

A80P -4.420 probably -0.37 Decrease Disease
damaging
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R82G -3.428 possibly -1.02 Decrease Disease
damaging

R82W -2.391 probably -0.10 Decrease Disease
damaging

R82Q -0.840 benign -0.24 Decrease Disease

G83V -8.676 probably -0.86 Decrease Disease
damaging

H84L -10.250 probably 1.20 Increase Disease
damaging

H84D -8.360 probably 0.22 Decrease Disease
damaging

S85T -1.193 benign -0.20 Decrease Neutral

G88C -8.668 probably -1.50 Decrease Disease
damaging

G88S -5.779 probably -1.46 Decrease Disease
damaging

191M -2.603 probably -1.19 Decrease Neutral
damaging

196M -2.156 probably -1.04 Decrease Neutral
damaging

Q97R 1.565 benign 0.37 Decrease Neutral

E98D -2.316 benign -0.09 Decrease Neutral

L105R -5.561 probably -1.02 Decrease Disease
damaging

S106F -4.854 probably 0.82 Decrease Disease
damaging
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E109K -3.496 probably -0.18 Decrease Neutral
damaging

E109V -6.458 probably 0.57 Decrease Neutral
damaging

E109D -2.591 probably -0.29 Decrease Neutral
damaging

PIIIR -5.465 probably -0.68 Decrease Neutral
damaging

1112N -6.090 probably -1.75 Decrease Disease
damaging

El114K -2.595 probably -0.49 Decrease Neutral
damaging

1115T -4.495 probably -1.97 Decrease Neutral
damaging

P116A -4.670 benign -1.54 Decrease Neutral

GI117R -6.218 probably -0.49 Decrease Neutral
damaging

KI119T -5.503 probably -0.68 Decrease Neutral
damaging

S123N -2.572 benign -0.85 Decrease Neutral

S125L -4.741 possibly -0.42 Decrease Neutral
damaging

G126A -4.584 possibly -1.45 Decrease Neutral
damaging

G126R -5.893 possibly -0.74 Decrease Disease
damaging

NI1278 -3.839 benign -0.46 Decrease Neutral
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1128V -0.955 possibly -1.07 Decrease Neutral
damaging

S129P -3.976 probably -0.76 Decrease Disease
damaging

S134G -2.550 possibly -1.64 Decrease Neutral
damaging

DI137Y -7.301 possibly -0.28 Decrease Disease
damaging

DI137H -5.438 probably -0.81 Decrease Disease
damaging

L138F -1.435 benign -1.15 Decrease Neutral

R140K -0.857 possibly -0.94 Decrease Neutral
damaging

T1411 -2.748 benign -0.74 Decrease Disease

1143T -1.679 benign None Decrease Neutral

K145Q -2.224 benign -1.01 Decrease Neutral

1149T -3.826 probably -2.41 Decrease Disease
damaging

WI150G -11.070 probably -2.34 Decrease Disease
damaging

DI51Y -7.202 probably -0.43 Decrease Disease
damaging

RI52T -5.200 probably -0.51 Decrease Disease
damaging

Al54T -2.135 probably -0.81 Decrease Disease
damaging

&4




L1558 -4.737 probably -2.74 Decrease Disease
damaging

1158M -2.225 possibly -1.54 Decrease Neutral
damaging

1158V -0.281 benign -0.93 Decrease Neutral

P160A -6.613 probably -1.63 Decrease Neutral
damaging

R163H -3.150 probably -1.35 Decrease Disease
damaging

R163C -5.355 probably -0.66 Decrease Disease
damaging

R163S -4.214 probably -1.29 Decrease Disease
damaging

Y166C -7.722 probably -1.09 Decrease Disease
damaging

Al67G -3.210 possibly -1.56 Decrease Neutral
damaging

D168V -3.274 benign 0.07 Decrease Disease

T169A -0.438 benign -1.08 Decrease Neutral

MI170T -3.799 possibly -0.65 Decrease Neutral
damaging

S172P -3.673 benign -0.11 Decrease Disease

Gl175E 1.463 benign -0.46 Decrease Disease

F178I1 -1.614 probably -0.56 Decrease Disease
damaging
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F178L -1.747 possibly -1.59 Increase Neutral
damaging

QI79R 0.344 benign 0.22 Decrease Neutral

Q179H 0.344 benign -0.77 Decrease Neutral

QI79E -0.877 possibly 0.15 Decrease Neutral
damaging

Y180C -6.200 benign -0.91 Decrease Disease

Y 180F -2.992 possibly -0.05 Decrease Neutral
damaging

L18IF -3.136 possibly -0.80 Decrease Neutral
damaging

L185R -4.094 possibly -1.44 Decrease Disease
damaging

Y187C -7.407 probably -0.97 Decrease Disease
damaging

DI83N -2.667 possibly -0.47 Decrease Neutral
damaging

DI8SA -5.514 probably -0.32 Decrease Neutral
damaging

KI9IE -2.601 possibly -0.56 Decrease Neutral
damaging

HI92L -6.794 possibly 0.70 Increase Disease
damaging

G1948 -4.919 probably -1.16 Decrease Neutral
damaging

P200L -5.964 probably -0.04 Decrease Disease
damaging
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H201R -1.075 benign 0.36 Decrease Neutral

1204T -3.066 possibly -2.20 Decrease Neutral
damaging

L207F -3.326 probably -0.83 Decrease Neutral
damaging

L207W -4.911 probably -1.50 Decrease Neutral
damaging

F208L -4.722 benign -1.33 Decrease Disease

C212R -9.077 probably -0.15 Decrease Disease
damaging

N213D -0.742 benign -0.12 Decrease Disease

N2138 -1.881 benign -0.14 Decrease Neutral

R215C -3.656 probably -0.99 Decrease Disease
damaging

R215H 0.120 benign -1.58 Decrease Disease

C216Y -4.701 possibly -0.26 Decrease Disease
damaging

C216R -5.987 benign -0.16 Decrease Disease

KZ19R -1.676 benign -0.38 Decrease Neutral

V220F -3.283 probably -1.05 Decrease Disease
damaging

V220A -2.322 benign -1.15 Decrease Neutral

A222D -2.053 benign -0.88 Decrease Disease

E225K -2.789 benign -0.70 Decrease Disease
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R226Q -2.298 possibly -0.64 Decrease Neutral
damaging

H227Y -3.244 possibly 0.62 Decrease Disease
damaging

H227Q -3.950 benign -0.19 Decrease Neutral

G231A -4.742 probably -0.82 Decrease Disease
damaging

G231V -7.007 probably -0.73 Decrease Disease
damaging

1232V -0.739 benign -0.51 Decrease Neutral

D233N -3.506 probably -0.38 Decrease Neutral
damaging

D233H -5.049 probably -0.41 Decrease Neutral
damaging

D233E -2.716 benign -0.05 Decrease Neutral

C2348 -0.911 benign -0.52 Decrease Disease

C234Y 3.979 benign 0.07 Decrease Disease

L235P -4.262 probably -1.52 Decrease Disease
damaging

K238E -1.644 possibly -0.53 Decrease Neutral
damaging

Y240C -6.211 probably -0.67 Decrease Disease
damaging

Y240H -2.110 possibly -0.96 Decrease Neutral
damaging
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EVQKNQVLTLEEWQDKWVNGKTAFHQEQGHQLLKKHLDTFLKGKSGLRVFFPLCGKAVE
MKWFADRGHSVVGVEISELGIQEFFTEQNLSYSEEPITEIPGTKVFKSSSGNISLYCCSIFDLP
RTNIGKFDMIWDRGALVAINPGDRKCYADTMFSLLGKKFQYLLCVLSYDPTKHPGPPFYVP
HAEIERLFGKICNIRCLEKVDAFEERHKSWGIDCLFEKLYLLTEK

>1.49S

EVOQKNQVLTLEEWQDKWVNGKTAFHQEQGHQLSKKHLDTFLKGKSGLRVFFPLCGKAVE
MKWFADRGHSVVGVEISELGIQEFFTEQNLSYSEEPITEIPGTKVFKSSSGNISLY CCSIFDLP
RTNIGKFDMIWDRGALVAINPGDRKCYADTMFSLLGKKFQYLLCVLSYDPTKHPGPPFYVP
HAEIERLFGKICNIRCLEKVDAFEERHKSWGIDCLFEKLYLLTEK

>L69V

EVQKNQVLTLEEWQDKWVNGKTAFHQEQGHQLLKKHLDTFLKGKSGLRVFFPVCGKAVE
MKWFADRGHSVVGVEISELGIQEFFTEQNLSYSEEPITEIPGTKVFKSSSGNISLYCCSIFDLP
RTNIGKFDMIWDRGALVAINPGDRKCYADTMFSLLGKKFQYLLCVLSYDPTKHPGPPFYVP
HAEIERLFGKICNIRCLEKVDAFEERHKSWGIDCLFEKLYLLTEK

>A80P

EVOKNQVLTLEEWQDKWVNGKTAFHQEQGHQLLKKHLDTFLKGKSGLRVFFPLCGKAVE

MKWFPDRGHSVVGVEISELGIQEFFTEQNLSY SEEPITEIPGTKVFKSSSGNISLY CCSIFDLPR
TNIGKFDMIWDRGALVAINPGDRKCYADTMFSLLGKKFQYLLCVLSYDPTKHPGPPFYVPH
AEIERLFGKICNIRCLEKVDAFEERHKSWGIDCLFEKLYLLTEK

>R163H

EVOQKNQVLTLEEWQDKWVNGKTAFHQEQGHQLLKKHLDTFLKGKSGLRVFFPLCGKAVE
MKWFADRGHSVVGVEISELGIQEFFTEQNLSYSEEPITEIPGTKVFKSSSGNISLYCCSIFDLP

RTNIGKFDMIWDRGALVAINPGDHKCYADTMFSLLGKKFQYLLCVLSYDPTKHPGPPFY VP
HAEIERLFGKICNIRCLEKVDAFEERHKSWGIDCLFEKLYLLTEK

>R163P

EVQKNQVLTLEEWQDKWVNGKTAFHQEQGHQLLKKHLDTFLKGKSGLRVFFPLCGKAVE
MKWFADRGHSVVGVEISELGIQEFFTEQNLSYSEEPITEIPGTKVFKSSSGNISLYCCSIFDLP
RTNIGKFDMIWDRGALVAINPGDPKCYADTMFSLLGKKFQYLLCVLSYDPTKHPGPPFY VP
HAEIERLFGKICNIRCLEKVDAFEERHKSWGIDCLFEKLYLLTEK
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