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Chapter 1 Introduction

1.1 Hepatitis

Hepatitis, or liver inflammation, is caused by several factors; the most common however is viral
infection. There are five main types of hepatitis viruses; namely types A, B, C, D and E. All
types of hepatitis infections show common symptoms which can include one or more of the
following: fever, loss of appetite, extreme fatigue, nausea, vomiting, abdominal pain, jaundice
and dark urine [1]. Acute hepatitis resolves completely in six months after infection while

chronic infections can last significantly longer.

Hepatitis A (HAV) and hepatitis E virus (HEV) are transmitted via the fecal-oral route; good
sanitation is hence the most effective way to combat the disease. The infection is rarely fatal and
HAV or HAE patients usually recover with no lasting liver damage [2, 3]. Hepatitis B (HBV),
hepatitis C (HCV) and hepatitis D or delta virus (HDV), on the other hand, spread through
percutaneous contact with infected blood or body fluid and also through sexual intercourse.
HDV requires the help of a hepadnavirus like hepatitis B virus for its own replication; therefore
hepatitis D infection cannot occur without HBV. Both hepatitis B and C viruses can cause
chronic infections. The potential for developing a chronic infection is 30-50% in HBV-infected
children aged between one and five years, and 6-10% in older children and adults [4], while 75-
85% of HCV-infected patients develop a chronic infection [5]. Currently, effective vaccines

against hepatitis A and B viruses are available, but there is no vaccination against hepatitis C.

1.2 Hepatitis C Virus (HCV)

Developing into a chronic infection is a remarkable feature of HCV infections. It is estimated
that approximately 170 million people are infected with HCV [6]. 60-70% will develop chronic

liver disease and 5-20% of the chronic live patients will develop cirrhosis [7, 8].

1.2.1 Genotypes of HCV

The HCV RNA genome exhibits a high degree of genetic variability owing to the high
replication rate and the lack of a proofreading mechanism during RNA synthesis. Due to the
sequence diversity of hepatitis C, at least six genotypes of HCV have been assigned by

phylogenetic methods [9]. Genotypes are defined by 31-33% nucleotide differences and subtypes

l|Chapter 1



by 20-25% [10]. Sequence alignment of the six genotypes is shown in Figure 1. Viral mutations
occur spontaneously over time and enable the virus population to persist in their hosts. Slightly
different genetic variations of a present genotype is referred to as quasispecies [11]. Genetic
diversity of HCV is essential for proper association between the genotype and clinical response
(Table 1) [12, 13]. Moreover different genotypes have different geographical distribution.

Table 1. The global distribution of HCV genotypes

Genotypes Region
la Mostly in North and South America and also common in Australia
1b Common in North America, Europe and Japan
2b Most common genotype 2 in the USA and northern Europe
2c Most common genotype 2 in western and southern Europe
3a Common in southern Asia
4a Highly prevalent in Egypt
4c Highly prevalent in central Africa
5 Common in south Africa
6 Common in Asia

1.2.2 Genetics and structure of HCV

HCV is a member of genus Hepacivirus, family Flaviviridae which also includes Flavivirus and
Pestivirus [14]. Flaviviruses are recognized human pathogens and include yellow fever virus,
dengue fever virus, Japanese encephalitis virus and Tick-borne encephalitis virus. Pestiviruses

infect cattle, sheep and swine causing grave problems to the agricultural economy.

The HCV genome shares a number of basic structural characteristics with the other members of
the Flaviviridae. It is a positive single-stranded RNA [(+) ssRNA] surrounded by a hexagonal
capsid and an envelope made up of two lipid bilayers, where at least two or more envelope
proteins (E) are anchored. The approximately 9.6 kb HCV genome encodes one open reading
frame (ORF) which is translated into one polyprotein. The polyprotein is cleaved by cellular and
viral proteases into both structural (core, E1, E2) and non-structural components (p7, NS2, NS3,
NS4A/B and NS5A/B) (Figure 2).
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Figure 1. Sequence alignment of six genotypes of HCV NS5B polymerases. A representative sequence of
each genotype is indicated by genotype’s name and GenBank accession number. The color bars above the
sequence indicate domains. Green bars indicate finger domain, blue represents palm domain and orange
represents thumb domain. Surrounding amino acid residues within 4.5 A of the palm site Il inhibitor
HCV796 are indicated by the red crosses on the ruler.
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Figure 2. HCV genome structure and expression. (A) HCV genome consists of approximately 9600
nucleotides and encodes a polyprotein of ~3000 amino acids. The translated region is flanked by
conserved 5’ and 3’ untranslated regions (UTR). An internal ribosome entry site (IRES) at 5’UTR
induces the host ribosomes to initiate the translation of the viral genome. The polyprotein is cleaved by
host and viral proteases to generate structural and non-structural proteins. The cleavage sites for ER
signal peptidases (black diamond) and virus proteases (arrow down) are indicated. Structural proteins
consist of core (C), envelope proteins (E1 and E2) and p7. P7 is a small trans-membrane protein whose
putative functions as ion channel [15]. Non-structural (NS) protein 2 is an auto-protease which cleaves
itself from NS2/NS3 protein. NS3 serves as both serine protease and helicase/NTPase. NS4A is a cofactor
for NS3 protein and is also required for the phosphorylation of NS5A [16]. NS4B induces the
rearrangement of intracellular lipid membranes derived from the endoplasmic reticulum to form a
structure called membranous web. NS5A is a phosphoprotein of unknown function. NS5B is an RNA
dependent RNA polymerase which catalysts RNA synthesis [17, 18] (B) Localization of HCV
polyprotein cleavage products.
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1.2.3 Therapeutic approaches

The standard treatment is a combination of pegylated interferon alpha and ribavirin. The primary
goal of the treatment is to achieve a sustained virological response (SVR). SVR was defined as
an undetectable HCV RNA in the serum six months after therapy was completed [6]. However
the US Food and Drug Administration (FDA) now considers an assessment of SVR 12 weeks
after the cessation of treatment, to be the primary endpoint [19]. Less than 50% of HCV
genotype 1 and genotype 4 infected patients achieved a SVR [20, 21]. Patients infected with
HCV genotypes 2, 3, 5 and 6 show better responses to the treatment. HCV genotype 2 is the
easiest genotype to treat with current therapy, the success rate is up to 95% [22]. Besides the
high variability of the treatment efficiency, a wide array of side effects has been reported: severe
depression, hemolytic anemia, renal dysfunction and most commonly flu-like symptoms and
fatigue. The HCV protease inhibitors: telaprevir and boceprevir, are the first direct-acting
antiviral agents (DAAs) that have received drug approval in 2011 [19]. The triple therapy of
pegylated interferon, ribavirin and a protease inhibitor (telaprevir or boceprevir) increases the
efficiency in HCV genotype 1 infection up to 75% [23]. This triple regimen represents the new
standard of care in HCV genotype 1 infected patients [24]. The protease inhibitors are expensive.
The treatment dosing is every 7-9 hours. There have been concerns on drug interaction, poor
tolerability and drug resistance with telaprevir and boceprevir. Moreover, the protease inhibitors
are effective only in genotype 1 [19, 25]. Recently, there are four new DAAs that have been
approved to the market and established new treatment for HCV chronic infection. Since
December 2013, an uridine nucleotide analog-- sofosbuvir which inhibits NS5B polymerase,
plus ribavirin are approved as first interferon-free therapy for genotype 1-4 infected patients
[24]. A macrocyclic NS3/4A protease inhibitor-- simeprevir, and a peptidomimetic linear
ketoamide-- faldaprevir together with pegylated interferon alpha are indicated for the treatment
of patients with genotype 1 [24]. A NS5A inhibitor-- daclatasvir plus sofosbuvir represent

another new regimen for patients infected with genotype 1-3 [26].

1.3 HCV NS5B polymerase

The HCV NS5B protein encodes an RNA dependent RNA polymerase (RdRp) which is
responsible for RNA synthesis using an RNA template. NS5B is validated as a potential drug

target as it is an essential enzyme for viral RNA replication [27].
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The NS5B polymerase has five conserved motives and Gly-Asp-Asp (GDD) sequences as
characteristic for polymerases [28]. NS5B has been classified as a tail anchored protein [29]; the
21 amino acids long hydrophobic C-terminus tethers to the endoplasmic reticulum (ER)
membrane. These C-terminal residues are pivotal for the in vivo localization of the HCV
replication complex [30, 31]. However, truncation of the C-terminus does not affect the enzyme’s
activity in vitro. NS5B lacking the 21 C-terminus (AC21) has been used in biochemical and

structural studies because it does not require the use of heavy detergents for its purification [32].

The structure of NS5B polymerase shows three domains: finger, thumb and palm (Figure 3). The
active site is located at the palm domain and is encircled by the finger and thumb domains. The
small loop (A1 and A2), connecting the finger and thumb domains [33], in addition to a B-hairpin
loop, protruding in the RNA binding channel, both regulate the activity of the enzyme in RNA
synthesis. The divalent metal ion is also required for the enzymatic activity.

Thumb site | (TS-I)
[P495]

Palm site | (PS-I)

Thumb site Il (TS-II)

[M423 / L419] [M414 /C316]

Figure 3. The structure of HCV NS5B polymerases and its allosteric binding sites. The three dimensional
structure of NS5B is shown as ribbon colored according to the domains; fingers domain are colored in
blue, palm domain is shown in pink and thumb domain is shown in red. Inhibitors binding to the allosteric
binding sites are shown in space-filling model. The amino acid in brackets presents resistant mutations

occurring in the presence of particular inhibitors.

During RNA replication, HCV NS5B polymerase undergoes several conformational changes.

The closed conformation represents the initiation state of the polymerase as it is too narrow to
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accommodate the duplex formed by the template and nascent RNA. The polymerase then
undergoes transition to the open conformation, which has a larger cavity necessary for the
elongation process [34, 35]. The available crystal structures support the hypothesis that inhibitors
binding to the thumb subdomain bind only to the closed conformation and thereby inhibit a
conformational change that is required for elongation [36, 37]. In the closed conformation, an
elongated loop (Al loop, Ile11-Ser46) at the tip of the finger domain protrudes to contact the
thumb domain by packing its short alpha helix (helix A) against the alpha helix O (residues 388-
401) and Q (residues 418-437) of the thumb domain (Figure 4) [34]. In the open conformation
the tip of the fingertip A 1 loop, which has an alpha-helical structure in the closed conformation,

moves away from the thumb domain and adopts a beta-hairpin-like structure [38].

Figure 4. Structural comparison of the closed and open conformation of HCV NS5B. The closed
conformation is shown as ribbon and colored according to domains; fingers are colored in green, palm is
colored in blue, thumb is colored in orange and Al loop is colored in cyan. The open conformation is
colored in pink. PDB ID: 1YUY and 1YVX were used for the closed and open conformation,

respectively.

Currently, studies on HCV replication are still restricted to genotypes 1 and 2 due to a robust cell
culture system. To propagate in cell culture, genotype 1 undergoes adaptive mutations that
enhance RNA replication, but these mutations result in the loss of virus particle production in
vivo [39, 40]. The first generation of functional HCV replicons were derived from the consensus
Conl cDNA that was isolated from the liver of a patient chronically infected with the genotype

1b [41]. Slight variation in HCV sequence can dramatically alter the replicative ability. There are
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two isolation of genotype 1, 1a and 1b [41]. NS5Bs from the BK (HCV-1b) isolate are about 5-
to 10-fold more active than those derived from the H77 (HCV-1a) isolate [42]. An entire
genomic RNA of JFH1 genotype 2a strain of HCV has the ability to produce infectious HCV
particles both in vitro and in vivo without the requirement of cell culture adaptive mutations. A
J6 strain is also a genotype 2a strain but only a chimeric RNA of J6/JFH can replicate efficiently
in Huh7 cells [43, 44].

1.3.1 HCV NS5B non-nucleoside inhibitors

Several inhibitors targeting NS5B have been identified which can be grouped into nucleoside
(NIs) and non-nucleoside inhibitors (NNIs). Nucleoside or nucleotide inhibitors mimic the
natural polymerase substrate and competitively bind to the active site of the enzyme, which is
situated in the palm domain. Nucleoside inhibitors which are incorporated into the nascent HCV
RNA chain, cause chain termination. In contrast, non-nucleoside inhibitors are chemically
diverse and bind to allosteric sites. At least four allosteric binding sites have been identified as
non-nucleoside inhibitors’ (NNI) binding site; thumb site I (TS-I1 or NNI-1), thumb site Il (TS-II
or NNI-II), palm site I (PS-1 or NNI-I1I) and palm site 1l (PS-1I or NNI-IV) (Figure 3). In this
work, the focus was primarily set on non-nucleoside inhibitors. A summary of allosteric sites and

co-crystallized NNIs is presented in Table 2 [45].
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Table 2. Available crystal structures of HCV NS5B polymerase and non-nucleoside inhibitors available
in the RSCB protein data bank.

Site NNI chemotypes PDB ID
TS-1

Indoles 2BRK, 2BRL, 2DXS, 2WCX, 3SMWW, 2XWY
(NNI-1)

Phenylalanines INHU, INHV

Dihydropyranones 1085, 2HAI, 3FRZ

Thiophene carboxylic acids 1YVX, 1YVZ, 2GIR, 3MF5, 2D3U, 2D3Z, 2D41
Thiazolones 2HWH, 2HWI, 2I1R, 205D

Bromophenyl methanones 3ClIZ, 3CJ0, 3CJ2, 3CJ3, 3CJ4, 3CJ5

TS-11 Benzoisoquinolines-dione 2WHO, 3HVO
(NNI-11) L
Hexanoic acids 2WRM
Quinolones 3PHE
Acrylic acids 1YVF, 174U
Rhodanines 2AWZ, 2AX0, 2AX1

2FVC, 2GIQ, 3HHK, 3BSA, 3BSC, 3CDE, 3BRY, 3E51,

Benzothiadiazines 3C09, 3CVK, 3H2L, 3H98 3GYN, 3IGV

Benzoisothiazoles dioxide 3D28, 3D5M, 3H5U, 3H5S

Proline sulfonamides 2GC8
PS-1 .
Acylpyrrolodines 2JC0, 2JC1
(NNI-111)
Anthranilic acids 2QE2, 2QE5
Benzodiazepines 3GOL, 3CSO, 3GNV, 3GNW, 3HKW, 3HKY
PS-11 Benzofurans 3FQK, 3FQL
(NNI-1V)
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1) Thumb site I non-nucleoside inhibitors (TS-1 NNIs)

Thumb site I, also known as finger loop site or non-catalytic GTP binding site, is approximately
30 A away from the active site [46]. The benzimidazole-5-carboxylic acid derivative is a lead
scaffold targeting this pocket and was discovered by Japan Tobacco and Boehringer Ingelheim.
Two compounds of this structural family, JKT-003 (structure not disclosed) and JTK-109 [47]
(Figure 5), were the first HCV NNIs that have been submitted to clinical trials, which have now
been terminated for an undisclosed reason. An indole replacement of the benzimidazole core has
been introduced to improve cellular permeability and replicon potency [48-50]. The co-crystal
structure of an indole inhibitor in complex with HCV polymerase reveals that the binding of this
class of inhibitors induces conformational change in the thumb and finger domains. A small
alpha helix A moves 8 A away from the open GTP binding site and consequently blocks the
enzyme in an inactive conformation [38, 51]. Thus benzothiadiazines inhibit the initiation phase
of RNA synthesis but have no effect on the elongation phase [52]. Benzothiadiazines are
noncompetitive with NTPs or RNA [53]. The binding site of this class of inhibitors is shown in
Figure 6. TS-I NNIs show a potent inhibitory activity on the genotype 1a, 1b and 3a but are less
effective against genotype 2a [46].

bﬁ@
T ()
ijfo

IC50 (NS5B) = 0.017 puM; ECs (replicon) = 0.32 uM

Figure 5. Structure of JTK-109.
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Figure 6. 2D ligand interaction plot for an indole inhibitor (PDB ID: 2BRL) [38].

I1) Thumb site Il non-nucleoside inhibitors (TS-11 NNIs)

TS-11 is a 30 A long hydrophobic cleft near the base of the thumb domain [54]. The TS-II is
located 35 A away from the active site and 10-15 A from both the allosteric GTP binding site

and from TS-1 [55]. Several scaffolds such as thiophene-based carboxylic acid derivatives,

dihydropyranone derivatives, and phenylalanine-based inhibitors, have been reported to bind to

TS-11 as shown in Table 2 and Figure 7. Even though amino acids in this pocket are quite

conserved across different genotypes, the inhibitors are only efficient at genotype 1 [56]. The

inhibitors typically bind in a dimple region defined by residues Leu419, Trp528, Tyr477 and

Arg422. Hydrogen bond interactions with the backbone amides of Ser-476 and Tyr477 either

directly or via a bridging water molecule are a key feature of this pocket [57-60] as shown in

Figure 8. TS-11 NNIs have been proposed to have similar mechanisms of inhibitions as TS-I

NNIs [36, 61].
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Figure 7. Thumb site Il inhibitors [62].
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Figure 8. 2D ligand interaction plot for the dihydropyrone inhibitor crystallized in 3FRZ [60].

I11) Palm site I non-nucleoside inhibitors (PS-1 NNIs)

The third allosteric pocket is located at the junction of the thumb and palm domain near the
active site. The first PS-1 NNI was a benzothiadiazine, which was reported by GlaxoSmithKline
in 2001 [53, 63]. Structural diversity has been further disclosed including acylpyrrolidines,
rhodanines and isothiazoles (Figure 9). The inhibitors are expected to prevent the initiation of
RNA synthesis and an elongation complex [62]. A-848837, a benzothiadizine derivative,
demonstrates an excellent inhibitory potency in animals. However A-848837 inhibits only HCV
polymerase genotype 1 and resistance emerges during treatment [64]. The observed in vitro
resistant mutations were C316Y, M414T, Y448H/C, C251R, G554D, S556G or G558R, D559G
[65-70]. Notably, the M414T mutation conferred cross-resistance to all NNIs regardless of the
binding sites. The mechanism of resistance has not been elucidated in details [55, 56]. An

example of the interactions of a PS-1 NNI and HCV polymerase is shown in Figure 10.
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Figure 9. Palm site | inhibitors [55, 62, 71].
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Figure 10. 2D ligand interaction plot for a benzothidiazine inhibitor (PDB ID: 3H5U [72]).
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1V) Palm site 11 non-nucleoside inhibitors (PS-11 NNIs)

PS-I1 is located between the primer grip motif (residues 364-369) and the central beta sheet
(residues 214-219, 319-325 and 310-316). It partially overlaps with PS-1, sharing the amino acid
residues: Phel93, Met414, Tyr415 and Tyr448 [51]. HCV796 was the first PS-1I NNI with a
positive clinical trial profile (Figure 11) [73, 74]. HCV796 displays potent and broad spectrum
activity. The 1Csq values range between 0.01-0.57 uM in genotypes 1a/lb, 3 and 4 and 1.7 uM in
genotype 2 [75, 76]. In Phase Il clinical trial, HCV796 shows an elevated of liver enzymes.

Therefore, the study was terminated due to safety concerns.

QO polar ==» sidechain acceptor
acidic <+ sidechain donor

O basic =% backbone acceptor
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Figure 11. 2D ligand interaction plot of HCV796, a benzofurancarboxamide derivative (PDB ID: 3FQL).

1.4 Virtual screening of HCV NS5B polymerase inhibitors

Virtual screening (VS) aims to identify potential hits from the enormous number of chemical
compounds in databases. Various computational methods have been applied as strategies to
complement and streamline experimental assays in drug discovery projects. VS workflows
generally consist of various stages and methods because each individual method has its own
thorny problems and the performance of each method is not consistent [77]. There are plenty of
ways to combine computational methods for VS. Each research group has developed and
customized virtual screening workflows depending on the purpose and amount of information
known about a particular target. Docking and pharmacophore-based VS, which are widely used

and integrated in VS workflows, are discussed further in this thesis.
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Small molecule docking is commonly used to predict compound-bound conformations, VS for
hit identification and binding affinity prediction. Performance of docking varies and depends on
the programs and protein targets. Warren et al [78] compared 10 docking programs (Dock4,
Dockilt, FlexX, Flo+, Fred, Glide, Gold, LigFit, MOE and MVP) against eight proteins including
HCV polymerase. In that study, no docking program was able to predict the bound-conformation
of the HCV NS5B polymerase inhibitors close to the native structure (within 2 A) for over 40%
of the studied complexes. Whereas, the results for other protein targets showed at least one
program achieving an accuracy of pose prediction over 40% and the best performance was over
90%. Similarly, the best VS accuracy for HCV polymerase obtained from MVP and Flo+
programs was moderate. MVP and Flo+ programs gave enrichment factors of 3.6 and 3.4,
respectively (maximum enrichment factor was 9.5). The authors stated that the efficiency of
docking programs for HCV NS5B polymerase was low because of the size of the search space.
In addition, the binding site of HCV polymerase accommodating the template, NTP and the
complementary RNA products is extremely large. The docking programs show problems to

generate an optimum number of conformations that include the co-crystallized structure.

Nevertheless, individual molecular dockings have been successfully used to obtain novel HCV
NS5B inhibitors. Louise-May et al [79] used Glide to screen a customized library of 90,000 lead-
like compounds against TS-11 of HCV NS5B polymerase. The best scoring pose for each ligand
was retained for ranking. The top 1318 compounds which scored below -7.17 were visually
inspected, and 50 compounds were experimentally tested. The active compounds showed an 1Csg
between 50 and100 uM. Golub et al [80] used DOCK to screen 120,000 drug-like compounds
from Otava Ltd, for new NNIs binding TS-Il. A docking score cutoff value of < -35 kcal/mol
was applied and yielded 41,000 compounds. The binding interaction of known TS-11 inhibitors
were investigated and used as filtering criteria. Compounds that lacked the key binding
interaction were removed. 984 compounds passed the filters and 59 compounds were
experimentally investigated. Eight compounds exhibited ICs, values between 16 uM and 57 M.
These two studies demonstrate that docking helps to downsize the number of compounds to be
screened effeciently. But in order to reduce the number for experimental tests, the final step of
protocol relies on the knowledge of known inhibitors and visual inspection instead of
considering only docking scores. Commonly, the best docking should obtain 50-60% of the

actives in the top 5% of ranked compounds [81].
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Water molecules can mediate protein-ligand interactions and play an important role for
facilitating tight binding. Treatment of water molecules is thus a key to improve docking
performance. Barreca et al [82] analyzed 40 crystal structures of HCV polymerase with PS-I
inhibitors and classified the inhibitors into water-mediated and non water-mediated inhibitors.
Docking with the conserved water molecules improves the pose prediction in water-mediated
inhibitors but not in non water-mediated inhibitors, because water molecules displace ligand
binding. The study also took protein flexibility into account. The best performing target
structures for the water-mediated and non water-mediated inhibitors (up to five structures), were

used for ensemble docking.

FITTED 1.5 [81] is a docking program which was developed by focusing on HCV polymerase.
Implementation of protein flexibility and the consensus docking approach significantly improves
the accuracy of the program to predict HCV polymerase inhibitors compared to its previous
version, FITTED 1.0.

Regarding flexibility, molecular dynamics is a technique allowing to observe dynamic
movement of protein and ligand. Molecular dynamics requires a high computational cost,
therefore it is generally used to study only small set of protein-ligand complexes [83, 84] instead

of being directly used for in silico screening.

Pharmacophore-based VS is fundamentally different from docking. A pharmacophore is defined
by the IUPAC [85] as “an ensemble of steric and electronic features that is necessary to ensure
the optimal supramolecular interactions with a specific biological target and to trigger (or block)
its biological response”. Pharmacophore models can be generated by two ways: ligand-based and
structure-based pharmacophore modeling. Ligand-based pharmacophore modeling extracts
common chemical features from a set of known ligands, whereas structure-based pharmacophore
modeling uses a protein-ligand complex. Once a pharmacophore model is generated, it can be
used as a query to search for potential ligands. Efficiency of pharmacophore-based VS depends
on model optimization which associates available information of bioactivity. Typically,
pharmacophore-based VS has a high false positive rate and a high false negative rate because a
single pharmacophore query cannot cover all the protein-ligand interactions [86-88]. A
combination of pharmacophore methods with docking is a strategy that has been reported to
identify novel HCV polymerase inhibitors [89, 90]. In general, VS and docking of NS5B
inhibitors show that active inhibitors can be identified, but usually the hits are only active in the

micromolar range. Therese et al [91] employed six pharmacophore models generated from both
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structure-based and ligand-based techniques to screen the Asinex database. The hit compounds
were further docked using Glide and filtered out based on interactions. This yielded 10
compounds where two compounds showed inhibitory activity with ICso values of 28.8 and 47.3

MM against HCV NS5B polymerase.

Docking and pharmacophore-based VS have their own strength and weakness [92, 93]. Docking
provides useful information about ligand bound conformation but it has difficulties in ranking
compounds according to their binding affinities [78]. To account for protein flexibility, ensemble
docking might be a method to improve docking. Pharmacophore-based VS has the flexibility to
adjust a tolerance radius for each pharmacophore feature. Pharmacophore-based VS is more
conceptual than similarity based screening, it thus has the potential to find novel active ligands
that are structurally different from a reference ligand, in other words, scaffold hopping [94].
Combining different methods which complement each other result in an improved overall

performance [95, 96].

1.5 Aims of the present study

An increasing number of successful application of computational methods enables in silico
approaches to become an integral part of the drug discovery process. This thesis describes efforts
in applying computational methods towards the discovery of novel hits against HCV NS5B
polymerase. The study focuses on HCV NS5B polymerase which is an enzyme critical for viral

lifecycle and is a proven drug target.

There are several computational methods and tools available, but it is well known that the
performance of each method varies from target to target. Furthermore limited knowledge of
targeted proteins or ligands, and programs available in each work group limit the choice of the
protocol. Thus it is worthwhile to evaluate and develop a protocol that is suitable for a particular
target of interest in the first step of drug discovery. In addition, the limited efficacy of HCV
inhibitors is due to genetic variation in the HCV genome. Various genotypes and mutations
associated with the resistance to the different NNIs have been reported [65-70, 97, 98] but the
mechanisms of resistance have not been fully elucidated. So it is crucial to use novel
computational methods to have a better understanding of such mechanisms, and the results can

be useful for the development of novel inhibitors.

Therefore, specific objective of this thesis are:
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To develop a screening protocol to identify novel HCV NS5B polymerase inhibitors.
To discover novel inhibitors targeting the palm site of HCV NS5B polymerase.

To understand the impact of resistance on the inhibitory activity via docking and

molecular dynamics simulation.
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Chapter 2 Computational and experimental methods

2.1 Protein-ligand binding affinities

Drugs function when they interact and bind to a target protein. Characterization of protein-drug
interaction requires not only knowledge of the structures of the complexes, but also the free
energy contribution of the interaction. The binding process can be classified as either irreversible
or reversible. Irreversible binding occurs when a covalent bond is formed between drug and
protein. Most drugs establish non-covalent interactions with a target protein, and this reversible
interaction can be described by thermodynamic state of the complex formation (shown in
Equation 1). Like any other spontaneous process, binding occurs only when it is associated with

a negative Gibbs' free energy of binding (AG).

AGpindging = Geomplex — (Gprotein — Giigand)
Equation 1
In Equation 1, Geomplexs Gprotein @nd Giigang are the Gibbs free energy of protein-ligand binding,
protein and ligand, respectively. The free energy can be related with the chemical equilibrium as
in Equation 2 [99]. Under equilibrium condition, the concentrations of the free protein [P], free
ligand [L], and the bound ligand [PL] are constant. At equilibrium, the association constant K, is

defined as the ratio of the bound ligand to the free protein and protein concentration (Equation

2). The equilibrium dissociation constant Ky is the inverse of K.
P+L o PL

K, = [PL]/[P][L] = 1/Kg4
Equation 2

When inhibitor is added to the reaction, the total concretion of the inhibitor that gives 50%
inhibition is 1Csp. There are three types of inhibitor mechanisms: competitive, uncompetitive and

noncompetitive inhibitors [100].

For competitive inhibitors:

Ki = s K; = ICsq if [L] € K,
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For uncompetitive inhibitors:

_ 1G5

Km
1+ TL]

, K; = ICso if [L] > Km

For noncompetitive inhibitors:
K; = IC5o when [L] = Ky or [L] » Kpor[L] < Ky

Where K, is the concentration of the ligand at the half of the maximal rate of protein-ligand reaction at

which all the protein molecules are saturated with ligands.

Equation 3

Ki is the equilibrium dissociation constant for the inhibitor. According to Equation 3, the value of
ICso varies depending upon how tightly the ligand binds to a protein and also upon its
concentration. However, the ICso value is often used instead of K;. Because it is easier to
determine and 1Csy values correlate often to K; [101]. The association constant K, or the
dissociation constant Ky and K; can be related to the free energy using Equation 4. R (1.986
cal/mol/K or 8.313 J/mol/K) is the gas constant, T is the absolute temperature expressed in

Kelvin, and K, is the association constant in M units.

AGhinding = -RT In Ko = RT In K4=RT In K; = RT In ICsy = -RTpICs

Equation 4
Computational methods

Because traditional drug discovery is a random trial and error process, it is expensive in cost and
time. Computer-aided drug design exploiting state-of-the-art technologies to predict protein-
ligand binding affinity has become important for accelerating and economizing drug discovery
and development. Docking is one of the popular approaches used to identify potential active
compounds [102]. Comparative studies on the performance of numerous docking programs have
shown that docking programs give a higher enrichment of the active compounds compare to
random screening [78, 103, 104]. However, no single protocol consistently outperforms the
others on different protein targets [78, 104-106]. Docking provides sufficient reproducibility of
the correct binding poses in a reasonable time but remains unsatisfactory in ranking compounds
according to their binding affinity [107]. For this reason, molecular mechanics (MM) and

continuum solvation models Poisson-Boltzmann (PB) or generalized Born (GB) surface area
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(SA) have been successfully employed as post-docking procedures to re-calculate the relative

binding affinity before selecting compounds.

2.2 Molecular docking

Docking programs evaluate feasible binding geometries (often called binding poses) and predict
binding affinities. Docking programs are mainly comprised of two operations: search function
and scoring function. Both searching and scoring function work tightly together. Search
algorithm explores the conformational space and the scoring function gives the estimated
binding energy of the predicted pose. The process iterates to find the lowest optimum
conformation. The scoring function therefore has to assign the best score to the correct pose of
each compound. In principle, it should assign higher scores to the more potent compounds. In the
current work, the term docking always refers to flexible ligands and rigid protein docking, unless

other specific indication is given.

2.2.1 Search algorithm

The two most common search methods are Genetic algorithm (GA) and Monte Carlo (MC)
methods [108]. GA and its modified versions are implemented in many programs such as GOLD
[109] , DARWIN [110], PSI-DOCK [111] and AUTODOCK [112]. GA searches for the optimal
conformation in a process similar to inheritance patterns in evolution and selection. Properties of
the ligand conformation (torsion angle, rotation and translation) are assembled together as genes
in chromosomes. These initial assemblies act as parents and produce offspring or poses through
genetic operators such as crossover and mutation. The resulting chromosome assembly are
evaluated and given a fitness ranking. The resulting offspring that passes the selection of fitness
would replace the whole population and become a parent of the subsequent generation. The cycle

repeats until a predefined number of generations are reached.

On the other hand, Monte Carlo randomly generates an initial pose and scores it. A new pose is
generated by random conformational change, translation and rotation, and this new pose is then
scored and compared with the previous pose using a metropolis criterion. The process repeats
until the number of desired poses is obtained. ParDOCK [113] and Glamdock [114] are two
examples of docking tools that use a Monte Carlo search. Since Monte Carlo methods randomly
and independently choose the chemical space on each move, the same position can be sampled

again. Modified MC with tabu algorithm can keep track of the generated positions and so can
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avoid resampling. Alternately, MC simulated annealing thoroughly searches for similar positions
with low energy, and it has been used to efficiently explore the conformational space of ligands
[108]. Other search methods, for example particle swarm optimization in PARADOCKS [115],
exhaustive search in Glide [116], have also been employed in docking programs.

2.2.2 Scoring functions

Scoring functions are mathematical methods used to predict the strength of protein-ligand
interaction as a measure of binding affinity. Different scoring functions have been developed and
evaluated, however no scoring function showed good performance for all of the studied target
proteins [78].

Scoring functions can be grouped into three broad categories: Force Field (FF) based, empirical
based and knowledge based (Table 3). A FF is a mathematical function that returns the energy of
a system as a function of the conformation of the system. FF based approaches can be written in
terms of potential energy (V) functions of the various structural features as shown in Equation 5
[117].

V =V(r) + V(e) + V() + V(nb) + (specific terms)
Equation 5

The terms are bond stretching V(r), bond angle bending V(e), bond torsion V(¢), and non-
bonded interactions V(nb). The non-bonded interaction generally refers to van der Waals and/or
Coulomb force. The specific terms are, for example, out of plane bending, electrostatic
interactions and possible hydrogen bonding [117]. The solvation effects are sometimes taken into
account using a distance dependent dielectric constant in the Coulombic part. Entropic energy
and intra-molecular interactions are completely ignored in a pure FF based approach [118] such
as DOCK. However some FF based approaches, such as in Gold-score, are combined with

empirical terms to compensate for the missing interactions.

The empirical approach is derived from a set of protein-ligand complexes with known binding
affinity. This type of scoring function uses empirically weighted interaction terms such as van
der Waals, electrostatic, and solvation energies. The coefficients of each term are obtained using
multivariate regression methods to fit a training set of protein-ligand complexes to measure
binding constants[118]. Since empirical scoring functions are implicitly calculated, they are

often easier to calculate than FF scoring functions[118]. Also, empirical scoring functions are
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modeled from a training set, so the accuracy of these scoring functions are limited to complex

structures that are similar to the ones used in the training set.

Knowledge based scoring functions are developed from statistical analysis based on observed
frequencies of interaction seen in protein-ligand complexes. The distribution of the interaction
frequency is translated into energies using the Boltzmann distribution. Similar to empirical
scoring functions, only interactions that are part of the training set can be properly accounted for,

because knowledge based scoring functions are also derived from training data.

Table 3. Types of scoring functions.

Type Scoring function
Force field DOCK [119] , GOLD/Gold-score [120]
Empirical Glide [116, 121] , PLP [122], Chem-score [123]
Knowledge-based PMF [124], GOLD/ASP [125]

2.2.3 Evaluation of docking performance

The objectives of docking are to predict the correct placement of small molecules within the
protein binding site, and to rank them according to their affinity. The Root Mean Square
Deviation (RMSD) is commonly used to evaluate the pose prediction. Compounds with known
conformation and orientation, which are generally obtained from crystal structures, are re-docked
to their target sites. The standard deviations between the predicted poses and the original
conformation are then calculated. In this study, a predicted poses were considered as a correct
pose if the RMSD is lower than 2.5 A.

An enrichment study is used to assess the accuracy of virtual screening. It determines how well a
docking program selects the active compounds out of a decoy set compared to random selection.
Enrichment factor (EF) compares the relative number of active compounds in the specific top
ranked compounds to that in total compounds (Equation 6 and Equation 7). The maximum
enrichment is determined by the total number of active compounds and the total number of
molecules in the database. For instance, there are 100 active compounds among the total 10,000

molecules in the database, i.e. the achievable maximum is 10,000/100 = 100. If 5% (5
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compounds) of active compounds were found among the top 1% (100 compounds) of the
database, then the enrichment factor would be fivefold over random (EF = 5) at the 1% of the
database [126].

L /N
EF = subset/ Nsubset
Ltotal/Ntotal
Equation 6
_ Niotal
EFmaX - ° a/Lsubset
Equation 7

Where
Lsubset 1S the number of active compounds in the sample subset.
Noubset 1S the total number of compound (active compounds and decoys) in the subset.
Liota 1S the total number of active compounds.

Niota1 IS the total number of compounds.

Receiver operating characteristic (ROC) curves is a graph of sensitivity (y-axis) versus
specificity (x-axis). Similarly, plotting between the percentage of active compounds retrieved at

different top ranking represents the effectiveness of a docking [127].

Both ROC curve and EF indicate on the ability of a docking program to identify active
compounds from a large set of the decoys and place them at the top of the hit list, but they do not
illustrate the precision in ranking compounds in relation to their binding affinity. The number of
correct pairs [128] is a method that can be used to indicate precision in ranking compounds in
relation to their binding affinity. To calculate the correct pairs, all pairs between a compound in
rank i (C;) and a compound in a lower rank i+ (C;;) are considered. A correct pair is counted if
the 1Cso value of the compound C; is one order of magnitude higher in comparison to ICsg of the
compound Ci:. The better effectiveness of docking is thus indicated by a higher number of

correct pairs.
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2.3 Molecular Mechanics-Generalized Born / Surface Area (MM-GB/SA) and

Molecular Mechanics-Poisson Boltzmann / Surface Area (MM-PB/SA)

In MM-GB(PB)/SA, the binding free energy between a protein and a ligand to form a complex
(Equation 5) is calculated by using the energy of unphysical process as illustrated in Figure 12

and Equation 9.

AG binding, solvated

Protein aqueous + Ligand agueous »  Protein-Ligand complex squeous
Protein Ligand Protein-Ligand complex
AG solvated l l AG solvated l AG solvated
Protein yaeuum + Ligand vacuum > Protein-Ligand complex yacuum

AG binding, vacuum

Figure 12. Thermodynamic cycle of protein-ligand binding

_ P—L complex
AGbinding ,solvated — AGbinding, vacuum + AGsolvated

_(AGProtein + AGLigand

solvated solvated

Equation 8

The Gibbs free energy is composed of enthalpy (AH) and entropy (-TAS). The free energy

change associated with each term in Equation 8 is estimated according to Equations 9-12.

AG = AH - TAS Equation 9

AH = AEmm + AGsovated Equation 10
AEmm = AEinternal + AEvgw + AEekectrostatic T AGsowvated Equation 11
AGsonated = AGgpor pB T AGsasa Equation 12

Emm is the MM energy in vacuum or gas phase. AEum includes AEinermar (bond, angle and
dihedral energies), electrostatic (AEekctrostatic) and van der Waals (AEqw ) €nergies. The solvation
free energy (AGsonaeq) CONSists of two components, the polar and nonpolar solvation free

energies. The polar solvation energy is calculated by Generalized Born (GB) or Poisson
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Boltzmann (PB) in a continuum solvent model, while the nonpolar solvation free energy is
estimated by proportion of solvent accessible surface area (SASA). The conformational entropy
change —TAS can be computed by normal mode analysis on a set of conformational snapshots
taken from MD simulations. When the energy comparison is carried out on similar systems such
as ligands binding to the same protein, the entropy change is assumed to be similar. Entropic
contributions therefore are normally neglected. Moreover normal mode analysis calculations are
computationally expensive and tend to have a large margin of error thus introducing significant
uncertainties in the results. Therefore in this study, the energy neglecting the entropy term will

be called as binding energy, not binding free energy.

Although MM-GB(PB)/SA is usually applied on the average of ensemble MD trajectories during
MD simulation in explicit solvent, it is time consuming. Single energy minimized structure is an
alternative and rapid approach that show reasonable estimate of the ligand binding free energies
[129, 130], and also it is a good at discriminating the compounds that have difference of ICs
values greater or equivalent to 100-1000 times (ApICso > 2-3)[131]. Examples of programs that
calculate MM-GB(PB)/SA are Amber [132], GROMACS [133] and Prime MM-GB/SA in the

Schrodinger software.

2.4 Hybrid Quantum Mechanics and Molecular Mechanics Generalized Born
Surface Area (QM/MM-GB/SA)

Hybrid QM/MM divides the system into two parts: QM and MM regions. The QM region
consists of bound ligand and its neighboring protein residues in the binding site. The remainder

of the system is computed at the MM level.

In the QM/MM-GB/SA approach, MM energy (AEmm in Equation 11) is replaced by QM/MM
energy. The energy of the system (Eqmmm) is @ summation of the energy of the QM subsystem
(Egm), the MM subsystem (Emm) and the interaction energy between both subsystems (Eqmmm)
(Equation 13).

Eqmmm = Eqm + Emm +Eqmmmm Equation 13

Emwm is calculated from the MM atom positions using the Amber force field and parameters,
whereas Eqwm is evaluated using semi-empirical Hamiltonians RM1. The electrostatic energy
between the QM and MM regions arises from the electric field of the MM region atoms and van

der Waal interactions of contact border atoms.
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2.5 Determining Ky using a fluorescence-based in vitro assay

Referring to equation 2, the concentration of the protein-ligand complex [PL] is given by:

[Po][L]
Kq +[L]

[PL] =

Where, [Po] is the concentration of the total protein concentration that was added in the test.

Equation 14

In fluorescence studies, the concentration of the protein-ligand complex ([PL]) is measured by

the change in fluorescence, FI [134].

Fl — Fmax[L]
Kq+[L]
Where,

Fl is the relative fluorescence intensity at a given ligand concentration.
Fmax is the maximum fluorescence intensity at saturation of a given binding site.

L is the free ligand concentration.

Equation 15

The total amount of ligand [Lo] added, is known and the free ligand concentration is not directly
measured. In practice, the Ky value can be calculated by using the following non-linear

regression equation:

Fl = FRL[RL} = OSFRL{(LO + Ro + Kd) - \/[(LO + RO + Kd)Z - 4R0L0]}
Where, Fr, is the fluorescence change per unit concentration of the RL complex.

Equation 16
2.6 In vitro NS5B polymerase activity assay

To determine inhibitory activity of compounds, the functional activity of NS5B polymerase is
curried out. If a compound can inhibit NS5B polymerase activity, the amount of newly
synthesized RNA will deplete in relation to the inhibitory activity. The activity of HCV NS5B
polymerase was carried out by Tobias Hoffmann and Dr. Ralpl Golbik at the Institute for
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Biochemistry and Biotechnology, Martin Luther University Halle-Wittenberg [135]. Details of
the procedure are described as following.

Before adding RNA, 30 nM of NS5B and the inhibitor was incubated at room temperature for 15
minutes in a mixture consisting of 4uM of 2X Assay-Buffer, 0.5 uM of 40 mM MnCl,, and 0.4
uL of 100 mM DTT. After pre-incubation, 1 pL of 10 pCi [a-32P]CTP, 0.4 uL of 10 mM CTP,
2 UM radiolabeled NTP-Mix (Nucleoside 5’-triphosphates : 25 mM of each ATP, UTP, and
GTP), and 20 nM RNA-template were added. Distilled water was added to the mixture achieving
a reaction volume of 40 pL. The mixture was then incubated at 37 degree Celsius for an hour,
and it was subsequently diluted to 200 mL. 200 pL of chloroform/phenol solution was added to
the mixture and centrifuged at 13,000 rpm for 5 minutes. Aqueous phase containing RNA was
transferred to a fresh tube. The RNA was precipitated by adding 472 pL of 100% ethanol, 36 pL
of 6M ammonium acetate, and 20 pg tRNA, and incubated for 30 minutes at -20 degree Celsius
before 30 minutes of centrifugation at 13,000 rpm. The supernatant was removed and the pellet
was washed with 500 pL of 70% ethanol. The residual was centrifuged again at the same speed
for 5 minutes and ethanol was discarded. The pellet was dissolved with 40 puL water. Gel
electrophoresis was performed with 2 pL of the solution to check the amount and integrity of the
RNA. Radioactive signals were detected by autoradiography and were imaged by a Molecular
Dynamics Storm 860 scanner. Signal strength relative to a control was determined by the

program, ImageQuant.
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Chapter 3 Optimizing docking/scoring functions for HCV NS5B

polymerase inhibitors

3.1 Introduction

Virtual screening is typically grouped into structure-based and ligand-based approaches.
Molecular docking is the predominant method among structure-based approaches and it is used
to screen large compound databases against a specific binding site. Docking programs predict the
feasible binding geometries (often called binding poses) and then score the poses according to
the binding strength. Numerous comparative studies on the performance of docking programs
have been published, and they have shown that docking programs often give a higher enrichment
of active compounds compared to random screening [78, 103, 104]. However the docking
programs remain flawed in ranking compounds according to their binding strength [78, 104, 106,
107]. To improve the performance, a thorough investigation of different docking protocols
including rigid docking, flexible protein docking, and ensemble and rescoring approaches was
employed in the current work. The study was carried out focusing on thumb site Il (TS-11) and
palm site 1 (PS-1) of HCV NS5B polymerase, for which numerous crystal structures of protein-

ligand complexes are available.

Usually in docking, the conformation of ligands is fully allowed to move whereas proteins are
usually kept rigid to reduce the computational time. The rigid protein docking approach has long
been used for most structure-based approaches and was shown to be a successful complement to
high-throughput screening. Nonetheless, the approach has its own problems and limitations. One
of which is the neglection of protein flexibility. All proteins have inherent adaptation of
conformation relevant to their function, so protein flexibility is required to correctly dock ligands
[136-138]. Several approaches have been proposed to incorporate protein flexibility in docking,
but current computational facilities allow only a limited protein flexibility like in ensemble
docking, soft docking [139], side chain flexibility, or induced fit docking [140]. Among the
different approaches, ensemble docking is one of the most popular and often outperforms rigid
protein docking [141, 142].

Another problem of docking is the performance of the used scoring function. Rescoring is an
approach to handle this problem. Molecular Mechanics Generalized Born-Surface Area (MM-

GB/SA) and Quantum Mechanics-Molecular Mechanics (QM/MM) are commonly used for
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accurately reproducing relative binding energies at least for molecules from congeneric series.
Typically the estimated binding free energy is calculated by averaging the values over multiple
molecular dynamic snapshots. Since these approaches require expensive computation to run
molecular dynamic simulation, it has been proposed that the energy calculated from a single
snapshot after minimization is often adequate and suitable for virtual screening purposes [131,
143-145].

3.2 Cross-docking study

Three different docking programs, (Gold 4.1[120], Glide [116] and ParaDockS [115]), with six
scoring functions (Gold-score, Chem-score, the Astex Statistical Potential (ASP) in GOLD; p-
score and Potential of Mean Force (PMF) in PARADOCKS and Glide standard precision
docking (SP)) were evaluated in a cross-docking. Cross-docking refers to docking a ligand into
protein structures originally bound with another ligand. The docking program should be able to
reproduce the native poses observed in the crystal structures. Moreover comparison of the
docking results obtained with different protein structures allows to assess how variations in the
protein structures affect the effectiveness of rigid-protein docking. The results demonstrated that
there is significant variability in the performance of scoring functions/docking programs based
on the used protein structure. As can be seen in the 22 collected crystal structures of the TS-11
dataset (Table A1, Figure Al-Appendix) and the 29 crystal structures of the PS-I dataset (Table
A2, Figure A2-Appendix), the docking accuracy was found to be variable (Table A3-A5-
Appendix). Besides the performance of each scoring function/docking program, the
conformation of the binding site in each protein significantly contributes to the accuracy of
binding prediction. The TS-1l showed several flexible side-chains due to induced-fit adaptation
and contained different amino acids according to the genotype (Figure A3-Appendix). Among
six docking/scoring functions explored on PS-11 pocket, Chem-score and ASP-score performed
better compared to P-score and PMF-score (in PARADOCKYS). The results of the TS-II dataset
with the best performance gave 16 correct poses out of 22, and they were obtained from crystal
structure PDB: 3CJ4 and Chem-score as scoring function. On the other hand, the PS-1 site shows
less mutations and preserves a relatively rigid structure across all of the studied protein
structures. In the PS-I dataset, the results obtained from different scoring functions or protein
structures were not significantly different compared to the results of the TS-1l dataset. Gold-
score docking and using the structure PDB: 3GNV gave the best prediction in the PS-1 dataset

(20 correct poses out of 29 co-crystallized ligands). Furthermore, it is noticed that all
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docking/scoring functions failed to predict a correct pose for at least one of the co-crystallized

ligands.

The obtained results indicate the limitation of single rigid protein docking in case of the HCV
NS5B polymerase. So taking protein flexibility into account should improve the docking
accuracy. The scoring functions (Gold-score, Chem-score, ASP-score and Glide SP) along with
structural conformations that performed best in the cross-docking study were then further tested
on flexible side-chain and ensemble docking. PMF and p-score in PARADOCKS were ignored
for further studies because their performance did not surpass other scoring functions in the cross-
docking study. As the performance of ensemble docking would depend on the selected
conformations in the ensemble [146], different sets of ensemble protein structures were explored.
Moreover, rescoring with MM-GB/SA, QM/MM-GB/SA and further scoring function were
validated with respect to experimental data.

3.3 Evaluation of ensemble docking, flexible side-chain docking and rigid protein
docking

3.3.1 Methods and datasets

Gold-score, Chem-score and ASP-score were used for rigid protein docking and ensemble
docking. Flexible side chain docking was carried out using Glide where the hydroxyl groups of
residue in the binding pocket were allowed to be flexible. GLIDE can perform ensemble docking
by docking a ligand sequentially into all multiple rigid receptor conformations and post-
processing the single protein structure results. The docking time is thus proportional to the
number of ensemble protein structures. GOLD is developed time-efficiently search algorithm for
ensemble docking. Hence in this study, only ensemble docking using GOLD was evaluated. In
rigid protein docking and flexible side chain docking, two protein structures that gave the best
docking prediction in the cross-docking study: PDB: 3GNV / 3HWK for PS-1 dataset and PDB:
3CJ4 | 3HAI for TS-1l dataset were selected. These best performing proteins were used to
evaluate the effect of protein conformation on the performance of flexible side chain docking,
and to compare the performance of individual protein docking with ensemble docking. Dataset
of TS-11 comprised 22 co-crystallized inhibitors (Table Al, Figure Al-Appendix). The dataset of

PS-1 contained 35 co-crystallized inhibitors (6 compounds, Figure A4-Appendix, were
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additionally added to the 29 compounds used in the cross-docking study, Table A2 and Figure
A2-Appendix)).

Ensemble docking was evaluated with three different conformational ensemble groups. Each
ensemble group consisted of three protein structures. Three structures are reported to be an
adequate number to account for the flexibility of this target and to improve the docking accuracy
[146]. Adding more conformations could lead to worse performance [146, 147] as a result of
increasing potential artifacts. Ensemble group | (Ensemble—I) consisted of three well-performing
conformers from the cross-docking studies (Table A3, A4 and A5-Appendix). Ensemble group Il
(Ensemble-11) consisted of three crystal structures which show high structure quality (Table 4
and Table 5). Ensemble group I and 11 were prepared and tested for both PS-1 and TS-11 dataset.
Referring to the TS-11 dataset in the cross-docking, there were three clustered conformations. If a
representative conformation in each cluster is not included in ensemble docking, docking would
have missed potential inhibitors. We therefore investigated an extra ensemble group for the TS-11
dataset: Ensemble group 111 (Ensemble—Ill). The Ensemble-11I consisted of two representative
structures from two clustered conformations and lacked one relevant flexible protein

conformation.

Ensemble proteins in TS-11 dataset

Ensemble-I (well performing conformers): 3CJ4, 1YVX, 2HAI
Ensemble-I1 (high quality structures): 3CJ2, 2D3Z, 2HAI
Ensemble-I11 (missing a representative flexible conformer): 3FRZ, 2D3Z, 2HAI

Ensemble proteins in PS-1 dataset

Ensemble-I (well performing conformers): 3GNV, 174U, 3CSO
Ensemble-I1 (high quality structures): 2GI1Q, 3HHK, 3HKW

Table 4. Quality of crystal structures in TS-1I dataset.

PDB ID 1YVX 2D3Z 2HAI 3CJ2 3CJ4 3FRZ
Resolution (A) 2 18 1.58 1.75 2.07 1.86
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Table 5. Quality of crystal structures in PS-I dataset.

PDB ID 174U 2GIQ  3CSO  3GNV  3HHK  3HKW
Resolution (A) 2.8 1.65 2.71 2.75 1.7 1.55

3.3.2 Results and discussion

Among the ensemble groups, the ensemble docking with ensemble group I (well performing-
conformers) and Il (high quality structures) outperformed the ensemble group-Ill (missing a
representative flexible conformer) (Figure 13). This supported the observation that the
performance of ensemble docking relies on the selection of appropriate protein structures. The
success rate of ensemble group | and group Il were not significantly different in the TS-11 dataset
(Figure 13). However, the result from PS-I dataset (Figure 14) showed that using ensemble
group | performed better than ensemble group I1. In the TS-11 dataset, a similar performance of
using the ensemble group | and group Il was observed due to the fact that both ensemble groups
comprised the same protein conformations even though they contained different crystal
structures. For instance, the crystal structure 3CJ4 of ensemble group I had the same binding-site
conformation as the crystal structure 3CJ2 of ensemble group Il. The results implied that the
protein structures that performed best in a single protein structure docking should be selected to
optimize the accuracy of ensemble docking, because it would ensure that the conformational
variability is incorporated in the docking run. The performances of ensemble docking using
ASP-score or Chem-score were found to be similar and both scoring functions performed better

than Gold-score.

Comparison of rigid protein docking, docking with flexible side-chains, and ensemble docking
showed that in all cases of the TS-1l dataset (Figure 13) ensemble group | and group Il were
better than group Ill. The results of ensemble group Il were less accurate than rigid protein
docking and docking with flexible side-chains. In contrary, (Figure 14), docking with flexible
side-chains in the PS-1 dataset was found to be the best. Ensemble group I performed better than
rigid protein docking but not better than docking with flexible side-chains. According to section
3.2 (cross-docking study), the TS-11 shows a higher conformational variation than the PS-I. Thus
using a suitable set of multiple protein conformations in ensemble docking should improve the
efficiency in docking the TS-11 dataset. Using one rigid protein structure would fail to accurately

predict the binding mode of some inhibitors. On the other hand, if the binding site does not adopt

34|Chapter 3



conformational changes upon binding as in the PS-I, docking with flexible side-chains would be
a suitable approach. Adding more protein structures might result in increasing the number of

false positives.

From the above analysis, we analyzed the results with respect to the top ranked pose. In the next
step we tested the top-10 ranked poses of each compound and selected the pose that was nearest
to its native crystal structure (i.e. lowest RMSD as ‘best pose’). Noticeably, the number of
correct poses obtained from the best poses of the ensemble docking group | with Chem-score in
the PS-1 dataset (69.5%) was significantly higher than the best results obtained from the top
ranked poses in Glide with flexible hydroxyl group (55.2%). This suggests that one way to
improve the pose prediction is by improving the accuracy of the scoring. Therefore further post-
docking processes were examined by using MM-GB/SA, QM/MM and further scoring functions
to rescore all calculated docking poses.
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Figure 13. Performance of different docking/scoring functions on the TS-11 dataset (22 crystal structures).

Performance was quantified by the correctness of the top ranked pose (denoted as ‘top pose’) and the pose

that was nearest to its native crystal structure within 2.5 A (i.e. lowest RMSD as ‘best pose’). The average

number of correct poses and standard deviation bars were calculated from three individual docking runs.
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Figure 14. Prediction accuracy of different docking/scoring functions on the PS-1 dataset (35 crystal
structures). Performance was quantified by the correctness of the top ranked pose (denoted as ‘top pose’)
and the pose that was nearest to its native crystal structure within 2.5 A (i.e. lowest RMSD as ‘best pose”).
The average number of correct poses and standard deviation bars were calculated from three individual

docking runs.
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3.4 Rescoring of docking poses for the PS-1 inhibitors

We showed that ensemble docking is helpful for enhancing the docking accuracy for flexible
binding sites as the TS-11 region. However it had no benefit for the more conserved and rigid PS-
I. Therefore we aimed to improve the docking accuracy by using a rescoring method including
MM-GB/SA, QM/MM-GB/SA, and other scoring functions [148-150]. Chem-score and Glide
SP were used for generating the docking poses since they generated superior results compared to

other setups in the previous step. Ten poses per ligand were then passed to rescoring.

3.4.1 Methods and datasets

Molecular Mechanics Generalized Born Surface Area (MM-GB/SA) and Quantum
Mechanics- Molecular Mechanics Generalized Born Surface Area (QM/MM-GB/SA) methods

All MM-GB/SA and QM/MM-GB/SA were performed in AMBER 11 [151]. Ligand preparation
was carried out by using the GAFF force field and AM1-BCC charge model, and ff99SB force
field was applied to protein structures. The starting structure was neutralized with counter ions
and solvated in a truncated octahedral box of TIP3P water with 13 A of water around every atom
of the complex. All simulations were performed under periodic boundary conditions. The
solvated complex was minimized in two stages in order to remove possible bad contacts. In the
first stage, 1000 steps of steepest descent minimization followed by 2000 steps of conjugate
gradient minimization were applied with fixed protein. In the second stage, the entire system was
minimized without restraints by 1000 steps of steepest descent minimization and conjugate
gradient minimization. Then water molecules and counter ions were removed, and the free
energy was calculated. MM-GB/SA and QM/MM-GB/SA calculation were performed based on

a single minimized structure.

In the hybrid QM/MM-GB/SA method, the ligand and selected residues 4.5 A around the ligand
were defined as the QM region. The remainder of the system was calculated at the MM level.

The entropy (AS) term was estimated on the number of rotatable bonds of the ligands.
Dataset for ranking evaluation

To evaluate the prediction accuracy, a modified PS-1 dataset where the ligands with unknown

ICso were replaced by analogs of other co-crystallized ligands with reported inhibitory activity,
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was used. The modified dataset contained 45 compounds in total including 27 co-crystallized

structures and 18 analogs (Table A6 and Figure A5-Appendix) known as PS-1 inhibitors.
Dataset for enrichment study
Decoys

Decoys were added for the enrichment study and were obtained from the Directory of Useful
Decoys (DUD). The decoys were selected based on the similarity of their 1D properties to the
active compounds [152]. 859 decoys were selected from the DUD collection of decoys of HIV-
reverse transcriptase inhibition. Moreover, 106 inactives or weakly actives (ICs values greater
than 100 uM for HCV NS5B polymerase) were compiled from the literature. Totally 965 decoys
were thus used for the current study.

Active compounds

The 35 PS-I inhibitors were included in the dataset. (Figure A2 and Figure A4-Appendix). This

dataset is the same as the palm dataset used in the ensemble docking study (chapter 3.3.1).

3.4.2 Results and discussion

Rescoring by QM/MM-GB/SA (Table 6) performed worse than pure docking. This might be due
to the QM/MM boundary settings. The quantum region was set by the ligand and extended to 4.5
A around the ligand. Each quantum region setting was kept fixed throughout the simulation.
Extending the boundary further than this was problematic due to its computational expense.
Putting the boundary closes to the ligand might not represent the chemical realism. The results
shown here were derived from setting the quantum region at 4.5 A around the average structures
of the superposed ligands, i.e. the amino acid residues defined as QM region were kept the same
for each ligand. Since the ligands show different sizes (304 - 613 Da), each system might need a
different proper QM/MM partitioning. However, adjusting the setting in each system was not
feasible for screening a large compound database. In the study by Jerry et al [153] QM/MM-
GBJ/SA was successful in identifying three correct poses from 20 docked poses of one HCV
NS5B complex structure, hence QM/MM-GB/SA might be appropriate for pose prediction.
Alternatively, it might be suitable for the comparison of congeneric compounds that have the
same chemical scaffold. Another reason for the missing correlation between predicted energy

and experimental data might be the entropy. The estimated entropy from the rotatable bonds
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could not predict all entropic effects as indicated by the positive values of the estimated binding

free energy.

The results (Table 6) showed that rescoring by MM-GB/SA and by Glide SP slightly improved
the pose prediction in ensemble docking. However, Glide SP allowing flexible OH groups’
rotation was still found to be the best. MM-GB/SA improved the number of correct poses
especially in the obtained docking poses from the rigid protein docking using Chem-score. No
significant improvement was observed when the docked poses generated from side chain
flexibility docking in Glide SP were rescored. Rescoring docked poses of Chem-score docking
by Glide SP also showed an improvement but not in the case of rescoring the docked poses of
Glide SP by Chem-score. MM-GB/SA seemed to provide a good correlation between scoring
values and biological activity as the number of correct pairs after rescoring by MM-GB/SA
increased to 456 compared to 309 obtained by side chain flexibility docking in Glide SP. (The
number of correct pairs represents the effectiveness of the docking score to rank the compounds.
A correct pair is counted when biological activity of the higher ranked compound is greater than
of the lower ranked compound at least one magnitude.) However, when only the co-crystallized
ligands were considered, Table 7 shows that the number of correct pairs obtained by using MM-
GB/SA (76 correct pairs) was lower than using Glide SP (140 correct pairs). Moreover there was
a low correlation between predicted binding free energy and experimental data (Figure 15). This
suggests that MM-GB/SA is better in selecting poses for this dataset than correctly ranking the
compounds. This might be due to the fact that scoring functions are optimized to be general
whereas MM-GB/SA is sensitive to differences in chemical structure especially when the
entropy is ignored. In addition, the entropy was calculated using the quasi-harmonic entropy
approximation in Amber 12. However, it did not improve the correlation with the observed
experimental data of the crystal structures compared to the enthalpies as shown in Figure 15.
Therefore, for the rest of the work, the binding energy is calculated by means of MM-GB/SA
and the term ‘binding energy’ will refer to the enthalpy omitting the entropy.

The enrichment study applied on 35 active crystal structures and 965 decoys was employed for
further evaluation. The ROC curve (Figure 16), i.e. the plotting of the false positive rate (FPR)
against the true positive rate (TPR), showed that overall both pure docking by Glide SP with
flexible hydroxyl group and MM-GB/SA resulted in a good performance. In the first one percent
of the screening (Figure 16 and Table 8), docking by Glide SP with flexible hydroxyl group
could retrieve more active compounds than MM-GB/SA; EF1% of Glide SP was 33.33 whereas
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it was 23.81 in case of MM-GB/SA. After the first one percent, rescoring by MM-GB/SA gave
more active compounds than Glide SP. Considering a typical virtual screening situation where
one needs to distinguish a small number of potentially active compounds from a library of
several thousand compounds, top 1% to 5% ranked compounds are commonly selected from
virtual screening. Thus using Glide SP with flexible hydroxyl group was shown to perform
better than MM-GB/SA. Additionally, Glide SP is much less computational time compared to
MM-GB/SA rescoring.

Table 6. Performance after rescoring by MM-GB/SA, QM/MM-GB/SA and other scoring functions.

_ _ Rescoring by Best poses
Docking / Scoring protocols MM- QM/MM- Chem-score | in10 runs
GBJ/SA GBJ/SA or SP
Rigid docking : (Chem-score)
No. of correct poses (Max. = 27) * 7 16 1 16 18
Percent of correct poses 25.93 59.26 3.70 59.26 66.67
Average RMSD (A) 3.99 2.64 6.09 2.84 2.26
SD RMSD ™ (A) 1.88 1.74 1.43 1.70 1.45
Correct pairs (Max = 638) 283 440 137 396 249
Ensemble : (Chem-score)
No. of correct poses (Max. = 27) * 12 14 3 14 19
Percent of correct poses 44.44 51.85 11.11 51.85 70.37
Average RMSD (A) 351 2.55 5.58 2.92 2.12
SD RMSD"" (A) 2.24 1.65 1.95 2.20 1.50
Correct pairs (Max = 638) 304 374 143 405 299
Glide SP flexible OH
No. of correct poses (Max. = 27) 17 18 9 18 20
Percent of correct poses 62.96 66.67 33.33 66.67 74.07
Average RMSD (A) 2.38 2.27 3.59 2.41 1.91
SD RMSD " (A) 1.58 1.44 1.79 1.34 1.22
Correct pairs (Max = 638) * 309 456 202 305 448

* The number of correct poses were considered only for the 27 co-crystallized ligands.

b SD RMSD stands for standard deviation of root mean square deviation

" There are 638 total pairs calculated for 45 compounds. Calculation of correct pairs is described in chapter
2.2.3 Evaluation of docking performance.
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Table 7. Correct pairs of 45 compounds in enrichment study (27 co-crystallized ligands and 18 analogs)
ranked by Chem-score, Glide SP, MM-GB/SA and QM/MM-GB/SA. Calculation of correct pairs is
described in chapter 2.2.3 Evaluation of docking performance.

The number of correct pairs

Compounds ;;,tfsl Chem- i op MM-  QM/MM-
score GBJ/SA GB/SA
27 co-crystallized ligands 168 128 140 76 43
27 co-crystallized ligands and 18 analogs 638 446 481 271 147

Table 8. Enrichment factor of rescoring of docked poses of 35 co-crystallized actives. The binding energy

of each pose was scored by Glide SP with flexible hydroxyl groups and MM/GB-SA rescoring.

Enrichment factor (EF) at

Rescoring method

1% 3% 5%
Docking poses from Glide SP 33.33 20.63 15.24
Glide SP rescoring of co-crystallized ligands 42.86 28.57 21.90
MM-GB/SA rescoring of docking poses 23.81 22.22 20.00
MM-GB/SA rescoring of co-crystallized ligands 23.81 22.22 20.95
EF max = 47.62
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Figure 15. Correlation plot between observed binding free energy AGgs (RTINICs,) of 20 co-crystallized
inhibitors and predicted enthalpy AHeg (Left) and predicted binding free energy AG. (Right). These 20
co-crystallized inhibitors are subset of 45 compounds in enrichment study (27 co-crystallized ligands and
18 analogs). 7 co-crystallized inhibitors were excluded because of problems calculating the quasi-
harmonic entropy. The energy unit is kcal/mol. Predicted energies were calculated by using MM-GB/SA
(igh=8) in Amber 12 averaged over 100 snapshots from the last 2ns of MD simulations Entropy was

calculated by using quasi-harmonic entropy approximation.
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Figure 16. Comparative performance of Glide SP scoring function and rescoring docking poses by MM -
GB/SA: ROC plot (upper) and percent of actives found at the top 5 % of the screening (lower). The
dataset consists of 35 PS-I inhibitors and 859 decoys.

In summary, an evaluation of rigid protein docking, flexible side chain docking and ensemble
docking for HCV NS5B polymerase inhibitors was carried out on two allosteric binding sites;
TS- Il and PS-1 with respect to their ability to reproduce the know protein-ligand binding poses
and to correctly predict the binding affinity. The results showed that even with the same protein
structure, the most suitable protocol for each binding site was different depending on the

properties of the pocket. Multiple docking or ensemble docking using Chem-score in Gold
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provided the best accuracy for pose prediction into a flexible target site. However, in the rather
rigid PS-1, the proper selection of a single protein docking protocol, Glide SP, performed better
than ensemble docking. Moreover, selecting the appropriate protein structure was important for
the docking performance of both rigid protein and ensemble docking. Random selection of
protein conformers in ensemble docking can lead to worse result than single protein docking.
The results suggested that ensemble proteins should be selected from well-performing
conformers in single protein docking and they should cover a minimum of representative

conformations.

Rescoring by MM-GB/SA improved pose prediction but it did not significantly outperforms solo
Glide SP docking with flexible hydroxyl groups in the enrichment study. Besides, MM-GB/SA
showed less benefit regarding compound ranking and the computational method is time
consuming. In this study, only the PS-I dataset was used to evaluate the rescoring approach
because neglecting entropy in binding energy calculation may not be suitable for the flexible TS-
I1. The entropy mainly reflects two contributions: changes in solvation entropy and changes in
conformational entropy. Binding free energy calculation in implicit solvent simulation only takes
conformational entropy into account. The conformational entropy is decomposed into three parts,
the translational, the rotational and the vibrational entropies. Normally, the entropy can be
ignored if the compounds are similar and bind to the same pocket without a significant
conformational change. Thus the relative binding energy comparison of the compounds having
similar entropy should not be affected. However, in case of TS-Il, it is a solvent exposed binding
site and a conformational rearrangement occurs upon binding of the inhibitors. Thus, the
conformational entropy should not be neglected, and solvent entropy effects might play a key

role.
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Chapter 4 Optimizing virtual screening protocols for HCV NS5B

polymerase inhibitors

4.1 Introduction

In the previous chapter, the results showed that docking gave low hit rates and rescoring by MM-
GB/SA, QM/MM or other scoring functions did not significantly improve the results compared
to normal docking using Glide SP. In this chapter, an additional filtering step following the
docking (post-docking) was therefore assessed to determine whether it could help to enhance the
hit rate. The approaches used here include Random Forest (RF) classification, Structural

Interaction Fingerprint (SIFt) [154] and a customized docking scheme to filter false positives.

Random forest (RF) is a learning method based on an ensembles of trees [155]. The RF was
explored in this work to develop classification models for classifying palm site 1 (PS-I)
inhibitors. 3D molecular descriptors were used to model the relationships between molecular

structures, physicochemical properties and biological activities.

Structural Interaction Fingerprint (SIFt) is a one dimensional binary string translated from 3D
structural binding information of a protein-ligand complex [154]. This structural interaction
profile is used to analyze docking poses by comparing the reference crystal structure’s SIFt with
the SIFt of the docked poses using Tanimoto coefficient. Instead of a one to one comparison
between two molecules, the common interaction patterns from 29 crystal structures were derived

and used as references in the current work.

As a potential drug candidate, a compound must bind its target site with high affinity and
specificity. In other words, if a compound is docked independently into two binding sites, where
one is the target site and the other one a dummy site, the docking program should assign the
compound a favorable score for its target binding site and a low score for the dummy binding
site. Any compound that possesses high scores in both binding sites should be excluded. (From

now on, this approach will be referred to as ‘two sites docking’.)

Three post-docking approaches: RF, SIFt and two sites docking, as well as combinations of
different methods were evaluated. The successful methods were further used to identify novel
HCV NS5B inhibitors.
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4.2 Materials and methods

4.2.1 Docking

The compounds were prepared using the wash function and minimized with the MMFF94x force
field in MOE. The protein structure PDB ID: 3GNV [156] was prepared by the protein
preparation wizard in MOE. Molecular docking was carried out using Glide SP with flexible
hydroxyl groups [116]. The number of poses per ligand included for post-docking minimization

was set to 10 while the other parameters were kept at their default values.

4.2.2 Random Forest (RF)

RF is an ensemble of randomized decision trees developed by Breiman [155]. In comparison to
other classification methods such as support vector machine (SVM) and neural network, RF
yields more comparable and better results [155, 157]. Although SVM has been shown to yield
high accuracy in classifying HCV NS5B polymerase inhibitors into active and weakly active
palm site inhibitors [158], it has not been studied in the context of virtual screening. RF has two
main advantages over SVM. Whereas SVM requires a pre-selection of relevant descriptors, RF
does not as the selection is intrinsic to its algorithm [157]. Moreover, RF is a multi-class
classification so there is no need to build multiple binary classifiers as needed for SVM. This
feature is particularly suitable for HCV NS5B inhibitors, which have more than one binding site

and categorized activities.

RF is an ensemble learning method where every tree in the forest is built using random subsets
of samples and variables [155]. Each tree is grown by using two-thirds of the training data,
which is randomly drawn with replacements. The remaining samples are the out of bag (OOB)
set, which calibrates the performance of each tree similar to cross-validation. At each node, the
number of variables (Mtry) is randomly chosen to give the best split from among those variables.
The Gini index is used as the splitting criterion for each tree. The tree grows until the node is
pure and without pruning. Classification of new data is determined by majority votes of the tree
in the forest. The error rate is the proportion of times that a case in the OOB set is wrongly

classified.

Generally, there are two tuning parameters: the number of trees to grow (Ntree) and the number

of variations to select per node (Mtry) that can be optimized in RF. RF prediction follows a
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majority vote of the terminal nodes of each tree. The Ntree value therefore has to be sufficiently
large to create diversity and to have the desired predictive ability. On the other hand, the choice
of the number for Mtry controls the accuracy of individual trees and the diversity of individual
trees. Increasing Mtry values is appropriate if the data contains a lot of variables that are weakly
predictive. A low value of Mtry is advisable when most variables are highly related to the
outcome. In our preliminary study, the Ntree values were varied between 200 and 10,000 in
intervals of 200. The results showed that there was no significant change in class errors in all
models when the Ntree value was increased. Increasing Ntree values can enable prediction
stability but at the cost of computational time. In this study, as the dataset was small, a large
Ntree value was chosen (10000). The optimal Mtry values were explored from \/v, 2v/v, 3, ...
, 124/v and v where v is the total number of variables. The results were similar when varying
Mtry. Thus the default Mtry, i.e. the square root of the total number of variables, was selected.
Besides tuning these parameters, imbalanced data can result in poor predictive performance of
the minority class. Using stratified bootstrap, i.e. a sample with replacement from within each
class, is an approach to reducing bias used in RF. However, this cannot solve the problem
entirely [159]. Two methods are applied when dealing with imbalanced data sets. One is class
weighting; however, this option was not available in the R package. Another option, which was
used in this study, is the number of samplings drawn to grow each tree from each class. It was

equal to the number of the smallest class to avoid imbalanced sampling between each class.

The randomForest 4.6-2 package implemented in R was used in this study [160]. The run time

on an AMD Phenom ™ II x6 1090T GHz and 12 GB memory ranged from one to five minutes.
i) Random forest models

Two RF models were built and evaluated. Model-1 was designed to classify ‘binding’ out of
‘non-binding or decoys’ while model-2 was aimed to classify compounds into potentially

‘potent’ or ‘weakly ’active compounds.
ii) Evaluation of the prediction performance

A fivefold cross validation was used to evaluate the actual prediction capability of the RF
classifier. The datasets were randomly divided into five equally large subsets, four of which were
used for training and the remaining one for evaluating the model. Then the process was iterated

by rotating the dataset assignment until each set had been used for both training and testing. For
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each iteration, the classification capability was assessed by the prediction’s accuracy, sensitivity

and specificity.

Sensitivity (or recall) = TP / (TP + FN)
Specificity = TN/ (TN + FP)
Precision = TP / (TP + FP)

Where TP is the number of true positives, FN is the number of false negatives, TN is the

number of true negatives and FP is the number of false positives.
iii) Molecular descriptors

3D molecular descriptors were calculated using the Molecular Operating Environment suite
(MOE) [161] and PaDEL [162]. Descriptors that had null values across the majority of the
samples were eliminated. The descriptors related to chiral centers were excluded since this
information is generally not specified in a chemical library. A total of 38 descriptors from MOE
and 115 descriptors from PaDEL were used in this study (Table A7 and Table A8-Appendix).

4.2.3 Structural Interaction Fingerprint (SIFt)

Structural Interaction Fingerprint (SIFt) [154] is a useful method for representing and analyzing
structurally characterized protein-ligand interactions. SIFts are simply one-dimensional
fingerprints that encode the specific interactions that a ligand has with binding site residues. The
Interaction Fingerprints were generated by the python script (interaction_fingerprints.py) that is
implemented in the maestro program. This SIFt is based on a 9-digit binary interaction pattern
that describes physical ligand—protein interactions including H-bond donor, H-bond acceptor,
hydrophobic, aromatic, charge, polar, side chain, and backbone. A schematic workflow of SIFt is
shown in Figure 17. First, 29 complex crystal structures were clustered into six groups based on
MACC key fingerprints of co-crystallized ligands. The cutoff criterion was set to 70% similarity.
Then a profile SIFt of these crystal structures was generated to define the conserved interactions
of each cluster. These conserved interaction fingerprints were then used as the reference protein-
ligand interactions for calculating Tanimoto coefficients (Tc) against each query. The highest Tc
for each query was further used for ranking and filtering. To avoid a size dependence of
similarity coefficients [163], only the bits of the same 21 amino acids at the binding site were
used to calculate Tc. SIFt was evaluated in two ways: (i) ranking by Tc and (ii) filtering by 0.5

Tc and then ranking by Glide SP score.
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Figure 17. Schematic flowchart of SIFt calculation.

4.2.4 Two sites docking

We hypothesized that a given score of a ligand bound to a target binding site should be higher
than that of an unspecific binding site. The target binding site in this study was PS-1 of HCV
NS5B polymerase and TS-11 was used as a dummy binding site. The distribution of Glide SP
scores of the training/testing dataset is shown in Figure 18. With Glide SP, lower scores
represent better binding. The results showed that the median scores of the PS-I dataset docked in
PS-1 were lower compared to docking into the dummy binding site (TS-11) and the interquartile
ranges did not overlap. However, the gap between the median of TS-Il in two different binding

sites was small. Based on this result, a score of -6.5 was set as cutoff for filtering docking results.
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Potential inhibitors should have a score less than the cutoff in the target binding site (PS-1) and

not less than this cutoff in a dummy binding site (TS-11 in this study).
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Figure 18. Boxplot of Glide SP scores of docking 396 PS-I inhibitors, 300 TS-II inhibitors and 326
decoys into two binding sites: palm site | (PS-1) and thumb site | (TS-11).

4.2.5 Dataset
Known PS-I inhibitors

The dataset of HCV inhibitors was manually collected from the literature. As aforementioned,
there are at least four binding sites in HCV S5B polymerase: TS-I, TS-1I, PS-1 and PS-II. PS-I
was the target binding site in this chapter, whereas TS-1I and its inhibitors were used for method
evaluation. The ICs values of all the molecules used in this chapter were determined for HCV

NS5B genotype 1.

To prepare the correct bound conformation, the docking poses of each compound from Gold and
Glide SP were inspected and selected based on their similarity to the binding mode of the co-
crystallized ligand with the highest 2D similarity. The 2D similarities (Tc) of each PS-I inhibitor
against the 29 co-crystallized ligands (the same palm dataset as used in chapter 3) were
calculated by two types of fingerprints in Open Babel [164]: FP2, a path-based fingerprint that

indexes small molecule fragments and fingerprint type FP4, which uses a series of SMARTS
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queries. Subsequently, only the co-crystallized ligand that had the highest similarity for each
query was used as reference. The minimum similarity cutoff was set to 0.5. The cutoff was low
compared to general practice where similarities higher than 0.7 are used, because the compounds
eventually have to be inspected as to whether the pose binds similarly to the reference structure
or not. A total of 496 PS-1 inhibitors were selected for this study.

The PS-I dataset was divided into a training/testing set and a validation set. The validation set
was used to assess the performance of the filtering method, whereas the training/testing set was
used to build the RF models. The PS-1 inhibitors were clustered into groups based on their
Tanimoto coefficient using binning clustering in ChemMine [165]. At the 0.5 bin cutoff, 9
groups of inhibitors were yielded. However, 4 groups contained only a small number (1, 1, 1 and
9) of ligands so they were combined with the group that had the smallest number of compounds.
This resulted in five binning groups as shown in Figure 19. Only the compounds in binning
groups A, B and C were used for training/testing the RF model. A total of 396 compounds
selected from binning groups A, B and C were included in the training/testing set. The validation
set, consisting of ligands from the same binning group as the training/testing set (50 compounds
from groups A, B and C), was considered as ‘soft case’, while the other validation set compiled
from different binning groups (49 compounds from groups D and E) was referred to as ‘hard
case’. Thus the whole validation set included soft case (50 compounds), hard case (49
compounds) and decoys (1693 compounds). The validation set was divided into soft case and
hard case in order to evaluate the prediction performance of RF models. As RF is a learning
method, if the query compounds are similar to the compounds in the training (soft case), it would
be easy for RF to accurately predict the class of the query. However, in real scenarios, virtual
screening aims not only to find the active compounds but also new scaffolds. Thus, it would be
interesting to evaluate if the RF models are generally able to predict compounds which are

significantly dissimilar to the training set (hard case).
Decoys

Decoys were generated by the service of the Database of Useful Decoys (DUD) website[166].
The decoy selection criteria were based on properties matching given ligands. These are six
properties including molecular weight, estimated water-octanol partition coefficient, rotatable
bonds, hydrogen bond acceptors, hydrogen bond donors, and net charge. A total of 1693 decoys

were included in the validation set for enrichment study.

51|Chapter 4



The training/testing set of the RF models

RF model-1, which was generated to classify candidates as ‘binding or non-binding’, was built
with 396 PS-I inhibitors, 326 DUD decoys, 300 TS inhibitors and 300 incorrect poses. The
published TS inhibitors were compiled and used as non-binding molecules for PS. Incorrect
poses were included in this set because it was intended to yield ‘binding’ candidates that not only
had similar binding to known inhibitors but also had a binding conformation representing a near-
native pose. As model-2 was trained to classify inhibitory activity, inhibitory activity was
divided into ‘potent and weak’ based on plICs, values. Potent activity was defined as plCs, (-log
ICsp) equivalent to or greater than 7, while weak activity had pICs, less than or equivalent to 6.
Compounds with plCsg between 6 and 7 were not used for the training model but were only kept
in the validation set. Therefore, the training/testing dataset of model-2 included 124 potent PS-I
inhibitors and 113 weak PS-1 inhibitors.

=) V :\ = @ s
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Figure 19. Boxplot of inhibitory profile (pICsy = -log ICsp) for different binning clusters of PS-I
inhibitors.
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4.3 Results and discussion

A main goal of this work was to improve the hit identification of HCV NS5B polymerase
inhibitors via a post-docking process. Three filtering methods, RF, SIFt and ‘two sites docking’,
as well as combined methods, were evaluated. In total, there were six filtering models: i) RF
model-1, ii) RF model-2, iii) combined model-l and model-Il, iv) filtering and ranking by SIFT
similarity score (denoted as SIFt), v) filtering by SIFt similarity score and ranking by Glide SP
score (denoted as SIFt & SP), and vi) two sites docking.

In order to develop a RF model for classification, two RF models were built and tested by five-
fold cross validation. Overall, the RF models (Table 9 and Table 10) -- model-1, which classified
binding vs. non-binding and model-2, which classified potent vs. weak inhibitors -- conferred
highly accurate classification. RF model-1 yielded an average 94% sensitivity, specificity and
precision whereas RF model-2 yielded an average 72% specificity, 84% sensitivity and 80%
precision. The results show that the present RF models exhibits satisfactory classification with

respect to the prediction of the testing/training sets and can be used for classification.

Table 9. Predictive performance of RF model-1 on the fivefold cross validation set. 365 PS-I inhibitors

and 926 decoys were used in total.

Predicted class

Dataset Actual class . Non- Total Sensitivity Specificity Precision
Binding Lo
binding

Foldl Known PS inhibitors 74 4 78 0.95 0.98 0.96
Decoys 3 177 180

Fold2 Known PS inhibitors 71 9 80 0.89 0.99 0.97
Decoys 2 185 187

Fold3 Known PS inhibitors 77 3 80 0.96 0.99 0.97
Decoys 2 183 185

Fold4 Known PS inhibitors 74 5 79 0.94 0.98 0.96
Decoys 3 182 185

Fold5 Known PS inhibitors 75 4 79 0.95 1 1
Decoys 0 189 189

53|Chapter 4



Table 10. Predictive performance of RF model-2 on the fivefold cross validation set. 124 potent PS-1 and

113 weak PS-I inhibitors were used in total.

Predicted class
Potent Weakly

Dataset Actual class Total Sensitivity Specificity Precision

actives actives

Foldl Potent 25 7 32 0.78 0.83 0.86
Weak 4 19 23

Fold2 Potent 27 5 32 0.84 0.82 0.87
Weak 4 18 22

Fold3 Potent 28 4 32 0.88 0.73 0.82
Weak 6 16 32

Fold4 Potent 22 7 29 0.76 0.65 0.73
Weak 8 15 33

Fold5 Potent 29 2 31 0.94 0.57 0.74
Weak 10 13 23

As RF is a machine learning method, knowledge about active compounds confines the predictive
power of the model. In a real-life scenario, the chemical diversity of active compounds is
unknown. The number of known actives is usually smaller and limited to some scaffolds. It
would be therefore difficult for the trained model to predict unseen data. In this context, when
assessing the performance of filtering methods, we used the validation set that compiled active
compounds sharing structural similarity with the training set i.e. soft case and dissimilar to the
training set i.e. hard case. The results showed as expected that the models were much more
accurate in classifying the soft case than the hard case (Table 11 and Table 12). Using the
validation set, the sensitivity of model-1 was reduced from 92% for the soft case to 14% for the
hard case with model-1, and from 64% to 1% in the case of model-2. But both models retained

high specificity. The specificities of model-1 and model-2 were 93% and 88%, respectively.

Nevertheless, in comparison to other filtering methods (Table 13), the RF models help to
downsize the dataset to a manageable small subset and result in an improvement of the ranking

(Figure 20). The number of active compounds retrieved in the top 100 ranked compounds was
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plotted in Figure 20 and the number of PS-I inhibitors in both hard case and soft case are shown
in Table 14. The integrated RF models showed much better performance than solo docking, and
RF model-1 outperformed the other strategies. RF model-1 placed most of the soft-case PS-I
inhibitors (42/50 inhibitors) in the top 100 ranked hits. Since the RF classifiers performed well
only on the dataset similar to the training data, this might imply that using fingerprint similarity
should give an equivalent result. However, the RF models still have some advantages. RF model-
1 was also trained by presumably true bound conformations and incorrect conformations;
therefore, it can be used to distinguish correct poses from wrong poses. In the evaluation of the
dataset consisting of 250 wrong poses and 50 presumably right poses of soft case inhibitors, RF
model-1 showed 92% sensitivity, 75% specificity and 43% precision for ‘binding’ class

prediction.

Table 11. Predictive performance of RF model-1 on the independent validation set.

Predicted class

Dataset A(‘j;sj?l Binding _Nof" Total  Sensitivity Specificity Precision
binding
Validation Hard case 7 42 49 0.14 0.93 0.05
Soft case 46 4 50 0.92 0.93 0.27
Decoys 122 1571 1693

Table 12. Predictive performance of RF model-2 on the independent validation set.

Predicted class
Potent Weakly

Dataset Actual class Total Sensitivity Specificity Precision

active active
Validation

Hard case (49 actives) 0.1 0.88 0.03
Potent - 22 22
Intermediate 1 7 8
Weak 4 15 19

Soft case (50 actives) 0.64 0.88 0.14
Potent 21 4 25
Intermediate 9 11 20
Weak 2 3 5

Decoys 193 1500 1693
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Table 13. The number of compounds that passed the selection criteria using six different filtering

approaches.
Absolute number of compounds passing the filter
RF RF RF Model-  Two sites
Group SIFt SIFt & SP Model-1 Model-2 1&2 docking
PS-1 inhibitors [99] 94 94 54 37 32 54
Decoys [1693] 823 823 122 193 33 266
Total [1792] 917 917 176 230 65 320
% =
SP score
SIFt =
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Figure 20. Aggregate number of known PS-1 inhibitors found in top 100 ranking using six filtering
approaches and Glide SP without filtering on the validation set.
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Table 14. The number of known PS-1 inhibitors (true positives) found in the top 100 ranking by using
different approaches on the validation set. ‘Hard case’ denotes an enrichment study using only the hard
case with decoys. Similarly, ‘Soft case’ denotes an enrichment study using only the soft case with decoys.
Note, the decoys dataset was the same in both experiments. “Whole’ represents using the hard case and
soft case plus the decoys in the enrichment study. The number of total active compounds in each case is

shown in bracket.

Number of known PS1 inhibitors
Intop SP score SIFt SIFt & SP score Two docking sites
ranking | Hard  Soft Whole Hard  Soft Whole Hard  Soft Whole Hard  Soft Whole
case  case case  case case case case  case
o] 5] P | ey pop PN | e oy P | e o [
10 9 0 9 1 2 3 9 1 9 10 4 10
20 16 2 16 2 4 5 16 2 16 14 7 16
30 16 3 17 2 5 7 16 4 21 15 10 21
40 16 6 18 2 6 8 16 6 24 17 12 25
50 17 6 21 2 7 9 18 6 27 18 12 27
100 20 13 30 9 11 18 20 13 38 18 17 34
Number of known PS1 inhibitors
Random Forest
Intop Model-1 Model-2 Model-1 & Model-2
ranking Hard  Soft Hard  Soft Hard  Soft
case  case Whole case  case Whole case  case Whole
4o] o] P | e oy PO | e o Y
10 3 10 10 4 3 5 1 10 10
20 5 18 18 4 8 9 1 20 20
30 5 21 23 4 14 15 1 26 26
40 5 25 29 4 17 19 1 29 30
50 6 30 34 4 20 22 1 30 31
100 7 42 47 5 28 32 1 31 32

RF model-1 exhibited better recall rate than model-2. Model-1 was well trained by structurally
diverse compounds including both known inhibitors and decoys, whereas model-2 was trained
only by known inhibitors (potent or weakly actives). Model-1, therefore, has the advantage over
model-2 in predicting unseen data. The performance of the model-1 and model-2 combination
improved as a result of the retrieval of active compounds that were similar to the known
inhibitors (Table 14). The RF models failed to recall true actives in the hard case. In applications,

where a novel scaffold or high recall rate is prioritized, the RF models will not be suitable. On
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the other hand, if a small subset of actives should be identified in VS, the present RF models will

be a good choice for filtering compare to the other methods.

Using SIFt and ranking by Glide SP score was performing better than using SIFt and ranking by
similarity scores because the magnitude of similarity is not responsible for differing activities.
For example, a small difference between analogous compounds can result in a loss or gain of
activity but they might have the same fingerprints. Furthermore, the Tanimoto coefficient is a
global similarity measure; compounds that have the same similarity score might have different
binding modes and different activities. Hence, the docking score that estimates the relative
binding affinity should perform better in ranking compounds than their similarity score.
Nevertheless, the results showed that using SIFt and ranking by Glide SP was slightly better in

terms of hit identification compared to simple docking.

Overall two sites docking achieved better enrichment than the other methods except RF model-1
and a combination between RF model-1 and RF model-2 (Figure 20). When both the soft case
and hard case were taken into consideration, two sites docking was the best filtering approach
(Table 14). In the top 100 ranked compounds of the hard case, two sites docking recalled more
active compounds than the RF models. And in the top 100 ranked compounds of the soft case,
two sites docking could enrich the actives better than both SIFt methods and docking alone. The
ranking score in docking might not well correlate with the binding affinity, but our enrichment

study showed that the docking score gives acceptable results in retrieving true active compounds.

This study was set up to explore three post-docking strategies and identified the most suitable
method to screen for novel HCV NS5B polymerase inhibitors. RF enriched true active
compounds better than the other methods. However, RF gives the highest hit rate of already
known scaffolds. Thus, if a particular scaffold is of interest, RF represents the best method of
choice. On the other hand, finding interesting new scaffolds may be preferable over the total hit
rate. In this case, two sites docking is suited for an efficient identification. Moreover, two sites
docking does not require additional time to prepare a predictive model. Based on the results,
combining RF and two sites docking would improve overall hits identification. A proposed
virtual screening setup is shown in Figure 21. The screening is first done based on two sites
docking. The cut off criteria was strictly set to a score of -7.5. In cases where the database size is
too large, the number of compounds passing this cutoff might still be very large; hence only 1—

10% of the top ranked compounds will be passed on to docking into the dummy site (TS-I1).

58| Chapter 4



Database

\ 4

Glide SP Docking
[targeted binding site]

\ 4

Glide SP score <-7.5
[targeted binding site]

No —m
————»/ Excluded /

4
Glide SP Docking L RF model-1 Binding
[dummy binding site]

4

No Non-binding
Glide SP score < -7.5 RF model-2 Potent
[dummy binding site]
I 4 Weak

Excluded /

\ 4

100 Top ranked compound based on the
docking score in the targeted binding site

\ 4

Visual inspection

Figure 21. Schematic flowchart of the virtual screening setup to identify novel HCV NS5B polymerase
inhibitors.

The aim of this study was not only to develop a protocol but to utilize it for screening of novel
inhibitors. As an example we applied this VS setup for screen the ChemBridge database
consisting of 392,589 compounds. Docking scores of 19,983 compounds passed the cutoff
criteria (< 7.5) at the target site (PS-1) and 19,034 compounds finally passed through dummy
site’s criteria. There were 84 binning clusters using similarity cutoff 0.6 in ChemMine. All
compounds were visually inspected, finally we proposed 28 compounds as PS-1 inhibitors
(Figure 22). Even though the compounds have not been experimentally tested, their binding
modes resemble those of a known inhibitor (PDB: 1Z4U) as shown in Figure 23. The ICs, of the
inhibitor co-crystallized in1Z4U is 0.07 puM.
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Figure 23 (Continue). Structures and ChemBridge ID of proposed palm site | inhibitors.
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Figure 23. Superimposition of the crystal structure of 174U (yellow), with the docked poses of proposed
compounds (cyan) ID: 17820853 (Left) and ID: 33772211 (Right). Both hits show a similar shape and
interaction profile as the known HCV NS5B inhibitor.
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Chapter 5 Virtual screening of HCV NS5B polymerase inhibitors

using pharmacophore model and docking

5.1 Introduction

Among NNIs, the inhibitor HCV796 (Figure 24) displayed antiviral activity across multiple
HCV genotypes in clinical trials [73, 167]. HCV796 exhibits median inhibitory concentration
(ICs0) 0f 0.01 to 0.14 uM for genotype 1 [75] with a half maximal effective concentration (ECsp)
of 4-25 nM against genotype 2 replicons (Table 15 and Table 16). Although HCV796 was
terminated in the clinical trial phase Il because of hepatocellular toxicity, screening for
compounds, which interacts with HCV NS5B polymerase in a similar way as HCV796,
represents a promising approach. Pharmacophore-based virtual screening and molecular docking
approaches were used in the current work to identifying new inhibitors. Two series of inhibitors
(dataset-1: 14 compounds and dataset-1I: 11 compounds) were identified by VS and their

inhibitory effect was tested experimentally in vitro assay.

First, virtual screening was done based on the available crystal structure of genotype 1 HCV
NS5B polymerase. Due to availability experiment, in vitro testing was carried out on genotype
2a HCV NS5B polymerase. As HCV796 is effective in both genotypes and its binding site is
quite conserved (Figure 1), the first underlying assumption was that the genetic variation
between genotype 1b and 2a does not change the binding mode i.e. the pharmacophore model
and docking should give similar results regardless of the genotype variation. Nevertheless this
genetic variation impacts binding affinity. MD simulation and binding energy calculation were

thus employed to understanding the binding affinity for genotype 1b and genotype 2a.

Figure 24. HCV796, a benzofuran derivative binding to PS-II.
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Table 15. Inhibitory activity of HCV796 in different genotypes [98].

ECso (LM)
Inhibitor Genotype Genotype Genotype
1b (Conl) la (H77) 2a (J6/IFH)
HCV796 0.007 0.004 0.25

Table 16. Inhibitory activity of HCV796 in mutants [97]. The inhibitory activity is represented as fold
change calculated as the ratio of the concentration used to a half maximal inhibitory concentration (1Cx)
against HCV polymerase of the 1b Conl strain. ICsq of HCV796 on 1b Con is 0.04 uM.

Fold shift over

Mutation Remark
1b Conl (ICs 0.04 pM)
M414T 1.5x
Palmsite |
G554D 1x
C316N . 3X
Palm site Il
C316Y 50x
P495L Thumb site | 1x
M423T Thumb site 11 1x
1b-BK Genotype 1b 6x
la-H77 Genotype 1a 1x

5.2 Binding mode analysis of HCV796

There are two crystal structures of HCV796 bound to PS- 11 of both BK (PDB ID: 3FQK) and
Con-1 strain (PDB ID: 3FQL) of NS5B genotype 1b. Both structures show high structural
similarity and sequence identity (96% identity). As illustrated in Figure 25, both crystal
structures show two hydrogen bonds between the inhibitor and, Ser365 and Arg200 but there is a
difference in the orientation of Arg200. (i) Ser365 forms a hydrogen bond between its side chain
hydroxyl group and the amide nitrogen of HCV796. (ii) Arg200 interacts with the sulfonyl
moiety of HCV796 in 3FQK and with the amide oxygen of HCV796 in 3FQL. MD studies
carried out for these crystal structures showed that the hydrogen bond interaction of the sulfonyl

moiety with Arg200 was the most preserved throughout the simulation (Table 17). The rotamer
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of Arg200 in 3FQL was therefore edited similar to that in 3FQK and used with both crystal
structures for docking studies. Based on structural comparison between apo-structure and
HCV796 bound structure, the side chain of Arg200 appears to be flexible and controls the access
to PS-1I. Similar observation was made in the comparison between the bound structure of
HCV796 and other allosteric site inhibitors. Thus it is conceivable that the interaction with
Arg200 is essential for the inhibitory effect of HCV796.

The hydrogen bond with Asn316 was found in the 3FQK structure, but was not observed in the
MD simulation of 3FQL, in which Asn is substituted by Cys316. However the affinity of
HCV796 in the BK strain (3FQK) is lower than in the Con-1 strain (3FQL). Hence, the
interaction between Asn316 and HCV796 in 3FQK appears to be less energetically favorable
compared to the Cys316-HCV796 interaction found in 3FQL. The decrease of inhibition is due
to a steric clash [168, 169]. The mutation C316N represents a natural polymorphism of HCV
NS5B 1b subtype.

Asn316

Cys316

Ser365 , _ > 1/
'y i( 7 w
—d ArgZOOﬁ Tyrd48
Q

" . \

: 2 m b4

f [ =) Met414
J@ Leu360 k\ \

- I\

Figure 25. Binding mode of HCV796 (balls and sticks) in genotype 1 HCV NS5B polymerase. The Con-
1 strain (PDB ID: 3FQL) is shown in pink whereas the BK strain (PDB ID: 3FQK) is shown in blue.

Table 17. Hydrogen bond summary of the complex of HCV796 and either HCV NS5B polymerase
genotype 1b BK1 (3FQK) or Conl (3FQL) strain. Distance cutoff is 3.00 A, angle cutoff is 120.00°.

Complex Hydrogen bond between %0Occupied
Ligand Protein
! A BK1 02 Arg200 80.98
; O ) O PDB: 3FQK o1 Asn316 67.5
0 NP N1 Ser365 40.4
oz=s=03 Conl 02 Arg200 85.62
' PDB: 3FQL N1 Ser365 40.33
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5.3 Virtual screening based on HCV-796 binding mode

A first series of 14 compounds was selected based on top ranked (Gold-score) docking poses
(Figure 26 and Figure A6-Appendix). The HCV NS5B polymerase activity was tested by Tobias
Hoffmann and Dr. Ralpl Golbik at the Institute for Biochemistry and Biotechnology, Martin
Luther University Halle-Wittenberg [135]. The experimental results showed that compounds C4
— C8 and C13 had relatively weak inhibition compared to the control while the other compounds
did not show any inhibitory activity. According to MD simulations, only three weakly active
compounds: C6 and C7, and one inactive compound C12 showed hydrogen bonds with Arg200
and Ser365 similar to HCV796 (Table 18). Interestingly, C12 showed the same hydrogen bond
patterns and its structure also has two rings similar to HCV796. The superimposed compound
C12 with HCV796 pharmacophore features showed that C12 lacks hydrogen acceptors atom that
interacts with Arg200 (Figure 27). This result supports the hypothesis that the interaction with
Arg200 is a key factor for strong binding.

Compound C3, C6 and C7 share the same scaffold (p-sulfonyl-acetanilide) but only C6 and C7
show weak activity. Compound C6 and C7 also make similar hydrogen bond interactions with
Arg200 and Ser365 as HCV-796 (Table 18). Among the three compounds, the complex of C7-
HCV polymerase showed the most stable conformation during MD simulation and longest
hydrogen bond interactions with Arg200 and Ser365 (Figure A7-Appendix). The extended part
of compound C7 (2,2,4-trimethyl-1,2-dihydroquinolin-6-ol) is more hydrophobic compared to
the extended part of C3 (2-phenylethan-1-amine) (Figure 28). This implies that the
hydrophobicity might affects the binding.

To increase the hit rate and to identify further potent inhibitors, a pharmacophore based VS was

conducted in the next step.
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Figure 26. Structures and ChemBridge ID of 14 experimental tested compounds (dataset-1) on genotype
2a HCV NS5B polymerase.
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Table 18. Hydrogen bond analysis based on 6 ns MD simulation.

Hydrogen bond between

Compounds %0ccupied Distance (xSD)
Ligand Protein

O@amide NH1@Arg200 43.43 2.82 (0.09)

C6
N@amide OG@Ser365 8.18 2.88 (0.07)
O@sulforyl NH2@ Arg200 42.75 2.84 (0.09)

Cc7
N@amide OG@sSer365 59.23 2.89 (0.07)
O@amide NH1@ Arg200 77.05 2.83(0.09)

C12
N@amide OG@Ser365 30 2.91 (0.07)

Figure 27. Overlay of compound C12 and the pharmacophore features of HCV796. The hydrogen bond

donor (HD) is represented as green circle and hydrogen bond acceptor (HA) as red circle.
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Figure 28. Docking poses of compound C3 and C7 at the PS-I1 of genotype 1b HCV NS5B polymerase.
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5.4 Pharmacophore modeling

Based on the study described above, the pharmacophore models were initially derived from the
crystal structures of HCV polymerase complexed with HCV796 (3FQK and 3FQL) using the
software Ligandscout [170]. The initial pharmacophore models were merged which composed of
five features; two hydrophobic features (HP), two hydrogen bond acceptors (HA) and one
hydrogen bond donor (HD) as shown in Figure 29. In order to build a suitable pharmacophore
model, an enrichment study generally requires a large number of diverse structures for the test
set, with an activity range of at least 3.5 orders of magnitude. Due to the number of known PS-II
inhibitors is a few, an enrichment study of the pharmacophore hypotheses was carried on the
dataset consisting of 21 active compounds and 348 decoys. The 21 actives were compiled from
the in-house dataset-1 (6 compounds: C4-C8 and C13), and a study of Kim et al [171] (15
compounds: Table A9-Appendix).

Based on the enrichment study (Table 19), the pharmacophore model which composes of 2
features: HD and HA1 (model 1) was selected to avoid extreme restrictions imposed on the
pharmacophore screening. These features: HD and HA1 which were expected from the hydrogen
bond interaction were set as mandatory features. According to the published mutations, the
decrease of inhibition was due to the mutation of the residues 314, 316, 363, 365, 368, 414
(Table 16) [172-175]. These amino acids interact with HCV796. Amino acids Leu314 and
Leu316 are located within the active site loop. Amino acids 363-368 are located in the serine rich
loop and Met414 is found in the alpha-helix M. It implies that the pharmacophore features at
these regions would be important. Hence, the remainders (HP and HA2) were set as optional
features for the virtual screening. Exclusion volumes, which represent the forbidden area for a

ligand, were also included in the pharmacophore model.
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Figure 29. LigandScout pharmacophore model derived from the NS5B-HCV796 structure. The
pharmacophore features are represented by LigandScout color codes: hydrogen bond donor: HD (green
arrow), hydrogen bond acceptor: HA (red arrow), hydrophobic region: HP (yellow sphere), and excluded

volume (black sphere).

Table 19. Enrichment study. The study was carried on the dataset of 21 active compounds and 348
decoys. Present of a pharmacophore feature is indicated as ‘x’, whereas absent of a pharmacophore

feature is indicated as ‘-’.

Model Features Hits
HD HAl HA2 HP1 HP2 Total Actives  Inactives

1 X X - - - 151 14 137

2 X X X - - 116 14 102

3 X X X - 101 2 99

4 X X X 114 3 111

5 X X X 38 1 37

6 X X 38 1 37

7 X X - 35 1 34

8 X X X X X 3 1 2

5.5 Database screening

The flowchart of the virtual screening is shown in Figure 30. First, the generated structure-based
pharmacophore was used to screen compound databases. Then, two different docking programs:
GOLD 4.1 [120] (Gold-score), and Glide SP [116] were applied to dock the hit compounds from
the pharmacophore screening. Referring to the evaluation of docking/scoring functions as
studied in Chapter 3, Glide SP was found to be the best scoring function for PS- I. However,

Gold-score was also used because it was shown to be able in reproducing the native crystal
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structure (Table A10-Appendix). For the protein structure 3FQL and two rotamers of Arg200
were used for the docking. The docking poses were further filtered by the designated
pharmacophore to ensure that the compounds should fulfill the binding hypotheses. The
consensus results and the top 100 ranked compounds from the ChemBridge, ChemDiv and
LifeChemical databases were selected and the docking poses were visually analyzed. Among the
top-ranked solutions 11 compounds (dataset-11) were available for purchasing (Figure 31). All

compounds were tested in vitro using the assay described in 2.6.

/ Databases /\
[ - LifeChemical | | .
. | ——————>
‘ - Chembridge \ ,!‘ Pharmacophore Screening
\ \ /

Hit
lists

Docking :
Gold (Gold score) and Glide SP

Y

Filtering by Pharmacophore model

Are the compound in the top
100 ranking
of each scoring?

Do the poses of each compound
generated by Gold and Glide are
found?

Proposed compounds

\ 4

for testing

Figure 30. Flow chart of the virtual screening setup.

A

Visual inspection
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Figure 31. 2D structures of 11 purchased compounds from ChemBridge, ChemDiv and LifeChemicals

which were selected for in vitro testing (dataset-I1).

5.6 Experimental results

Binding and activity assays were determined by Tobias Hoffmann and Dr. Ralpl Golbik at the
Institute for Biochemistry and Biotechnology, Martin Luther University Halle-Wittenberg [135].
The equilibrium dissociation constant (K4) and relative inhibitory activity of 11 putative inhibitors
(dataset-11) were determined as shown in Table 20 and Figure 32. Besides the binding and
inhibition assay on HCV NS5B polymerase, inhibition of NS5 of the West-Nile virus (WNV),

which is in the same family (Flaviviridae) as HCV, was also examined.
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Table 20. Equilibrium dissociation constants (K4) between inhibitors and HCV polymerase in the absence
of RNA. The Ky value of HCV796 (positive control) in the HCV polymerase assay is 27 uM based on the
study of Reich [176].

_ Kd for NS5B polymerase Kd for WNV NS5
Inhibitor (uMF; y (M)
T1 5.0 7.0
T2 2.5 25.0
T3 1.0 NA
T4 2.5 50.0
T5 17.0 50.0
T6 6.0 11.0
T7 8.0 NA
T8 30.0 60.0
T9 30.0 25.0
T10 60.0 48.0
T11 27.0 35.0

*NA = No binding
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Figure 32. Relative inhibitory activities of 11 tested compounds. Relative inhibitory activity was
calculated by dividing the RNA concentration in the presence of the presumably inhibitor by the RNA
concentration in the absence of an inhibitor (Figure A8-Appendix). 100% NS5B polymerase activity was

defined as the RNA vyield in the control. Error bars represent standard deviation from three replications.
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In theory, a lower Kq value represents a higher affinity of the inhibitor for its target. However the
results of Ky presented here were determined in the absence of the substrate i.e. RNA and
nucleotide triphosphate (NTP). Thus the compounds which have a small K4 value, might not
tightly bound the target protein when compared to the substrate binding. We observed that
compound T2-T4 show low Ky values (< 2.5 uM), but showed no inhibition. While compound
T5, T8, T9 and T11 have much higher Ky values, but showed inhibition activity at ten times the
concentration of their Ky values (Table 20 and Figure 32). The Kp value of HCV796 (positive
control) in the polymerase assay is 27 UM based on the study of Reich [176].

The docking poses of the selected pharmacophore hits tested in genotype 1b (PDB ID: 3FQL)
share similar binding interaction as HCV796 (Figure A9-Appendix). However, only 4
compounds -- T5, T8, T9 and T11—were found to have an inhibition activity, albeit weakly.
This result might due to the genotype difference between VS screening and experiment as
aforementioned. To better understand the obtained results, MD simulation of NS5B genotype 2

and the pharmacophore hits was carried out.

5.7 Binding mode analysis of the pharmacophore hits in genotype 2a HCV NS5B

polymerase

The amino acid residues surrounding HCV796 genotypes 1b isolate Conl (PDB ID: 3FQL) and
genotype 2a isolate JFH1 (PDB ID: 315K) are highly similar as shown in Figure 33. Only one
residue at the position 414 is different (Met414 in genotype 1b and GIn414 in genotype 2a).
Nevertheless this might significantly affect the binding affinity as it has been reported that the
mutation M414T causes an 1.5 fold change in the inhibition (Table 16). The ECsy HCV796 for
genotype 2a is 35 fold genotype 1b (Table 15).

Since the crystal structure of genotype 2a (PDB ID: 315K) represents an apo-structure, it cannot
directly be used for docking studies. Hence, the amino acid sequence of PDB ID: 315K was used
to build a model based on the coordinates of PDB ID: 3FQL in order to represent the HCV796
bound conformation. The homology model of genotype 2a was prepared by using SWISS-model
[177]. Furthermore, the structure of three different rotamers of Arg200 were generated and used
in an ensemble docking in Gold (Gold-score). The top ranked poses were then subjected to MD

simulation.
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Figure 33. Superimposition of palm site Il pocket of HCV polymerase genotype 1b Conl (3FQL,; pink)
and genotype 2a JFH1 (315K; cyan). HCV796 is shown in balls and sticks.

5.7.1 MD simulations of genotype 2a HCV NS5B polymerase complexed with HCV796

The stability of the complex in the MD simulation was assessed by RMSD plots of the backbone
atoms. The RMSD and interaction energies for HCV796 in both genotypes exhibit similar
behavior. The binding energy in genotype 1b is -60.66 (x 3.55) kcal/mol, and -62.28 (+ 4.18)
kcal/mol in genotype 2a. In fact, HCV796 exhibits lower affinity genotype 2a (Table 15 and
Table 16). Two common hydrogen bonds are also present in both complexes as mentioned in
chapter 5.2 (Binding mode analysis of HCV796). One is a H-bond between the amide nitrogen of
HCV796 and the side chain of Ser365 (41% occupancy). Another hydrogen bond is observed
between the sulfonyl moiety of HCV796 and Arg200 exhibiting over 90% occupancy. To
understand the binding of HCV796 in genotype 1b and 2a, energy decomposition per residue
was employed to obtain a quantitative contribution of the individual forces governing the binding

affinity.

The energy contribution of each amino acid residue surrounding HCV796 (4.5 A) was computed
using per-residue free energy decomposition and generalized Born solvation model implemented
in the MMPBSA.py script of AMBER12. The per-residue free energy decomposition includes
five terms: compose internal energy, vdW, electrostatic energy, polar solvation and non-polar
solvation. All energy components were calculated using 100 snapshots taken from the 4 ns MD

trajectory. Differences in the per-residue energy between the complexes of HCV polymerase
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genotype 1b and genotype 2a were computed as shown in Table 21. The binding energies of both
complexes from the two genotypes were similar but the energy component for each residue
varied significantly. It is noticeable that the electrostatic interaction is a major energetic
contribution to the binding, especially at the residues 316 and 414. At the residue 316, both
genotypes have a cysteine but a subtle conformational change affects the binding affinity. At
residue 414 in genotype 1b a methionine is found, whereas a glutamine is found in genotype 2a.
Hence the substitution of a hydrophobic amino acid, Met, with a polar and uncharged amino

acid, GIn, changes not only the physiochemical property of the binding pocket but also the shape

and size (Figure 34). This result is consistent with single mutation analysis. Mutation M414T
causes a 1.5 fold change in I1Csy of HCV796 for NS5B Conl. Mutations C316N and C316Y
show 3 and 50 fold changes, respectively in ICso of HCV796 for NS5B Conl (Table 16). These
data supports that residue 316 and 414 significantly contribute to the binding affinity of
HCV796.

B)

Cys316
7 ‘
A {

Figure 34. Contact preference map for HCV796 in A) the HCV polymerase genotype 1b (3FQL) and B)
HCV polymerase genotype 2a (315K). The yellow contour denotes the hydrophobic preference and the
blue denotes the hydrophilic preference.
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Table 21. Differences of the per residue energy (kcal/mol) between the complex of HCV796 and HCV
polymerase genotype (GT) 1b Con-1 and genotype 2a. Bars represent values (kcal/mol) on a scale. A blue
bar denotes the per-residue energy of genotype (GT) 2a is lower than the per-residue energy of genotype
1b at a given residue position. In vice versa, a red bar denotes the per-residue energy of genotype (GT) 2a
is greater than the per-residue energy of genotype 1b at a given residue position. Non-polar solvation

energy is relative small and therefore it is not presented here.

Position Sequence Different energy between GT1b and 2a (A = GT1b -2a)
1b 2a Internal vdW Electrostatic Polar Solvation

193 F 031 -0.97 -1.75 1 0.88

197 P 0.04 -0.07 2.00 l] -0.12

200 R -1.45 -0.19 -10.00 [1 10.24 1
204 L 0.73 -0.90 -10.50 [‘ 1.13

314 L 0.61 -0.14 -0.42 0.71

315 Vv 1.09 0.09 -1.69 0.51

316 (6 8.88 ;| -0.77 [61.37 -0.33

319 D -0.46 -1.19 8.35 il s97 B

320 L 0.18 -0.17 -0.49 0.23

321 Vv -0.19 -0.12 0.01 -0.05

360 L -0.29 -0.40 1.31 -1.23

363 [ 0.47 -0.16 0.20 0.03

364 T -0.14 -0.13 0.65 -0.04

365 S -0.39 -0.30 4.59 i 288 |

366 c -0.01 -0.18 0.28 -0.38

367 s 0.11 0.05 259 | 357 ]

368 s 0.14 0.08 -0.42 0.56

369 N -0.06 -0.21 0.47 -0.56

370 Vv 0.73 -0.49 -0.06 0.18

384 L -0.17 -0.36 0.23 -0.32

414 M -6.70 II -0.96 67.12 c] 217 ]

415 Y v o004 | 0.39 0.65 0.20

448 Y -0.43 ! 0.54 -0.70 131

555 Y A 6.75 {] -4.22 I -20.10 |:l 1.26

Minimum different value -6.7 -4.2 -61.4 -6.0
Maximum different value 8.9 0.5 67.1 10.2
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5.7.2 MD simulations of the tested pharmacophore hits in complex with the genotype 2a
HCV NS5B polymerase

The binding energies were calculated using MM-GB/SA and taking 100 snapshots for the last 2
ns of a 10 ns simulation. The result shows that the binding energies cannot clearly discriminate
between active and inactive compounds (Table 22). (RMSD plots are shown in Figure A10-
Appendix). MD simulations of the 11 tested pharmacophore hits show that the energetically
preferred bound conformations were different from the docking poses. For illustration purpose,
the docking poses and simulation poses of compound T3, which showed the lowest K value, and
compound T4, whose structures share some similarity with HCV796 are shown in Figure 35.
HCV796 consists of a N-methyl-1-benzofuran-3-carboxamide and T4 has a N-methyl-
cyclopenta-thiophene-3-carboxamide. (Poses of the other compounds are shown in Figure All-
Appendix.) Moreover, the poses showed that the inhibitors lost the preferable hydrogen bond
interactions with Ser365 and Arg200. These results might indicate why they showed no strong
inhibition. However, an absence of hydrogen bond interactions was also found in T5, T8, T9 and

T11, which showed an inhibition in the replicon assay.

Table 22. Binding energy of 11 tested pharmacophore hits calculated by the Generalized Born (MM-
GBJ/SA) model using 100 frames from the MD simulation.

MM-GB/SA (kcal/mol)

Compounds
Average Std. Dev. Std. Err. of Mean
T1 -38.33 2.41 0.24
T2 -43.51 2.18 0.21
T3 -30.90 2.03 0.20
T4 -50.41 2.84 0.28
T5 -52.84 2.62 0.26
T6 -40.28 2.12 0.21
T7 -44.57 2.26 0.22
T8 -50.52 2.59 0.25
T9 -54.33 2.50 0.25
T10 -52.99 1.88 0.54
T11 -42.91 2.45 0.24
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Figure 35. The docking poses and MD poses of compound T1 and T4. The MD poses were averaged

over 100 snapshots from the last 2 ns of the MD simulation.

With respect to the aforementioned MD simulation of HCV796 and HCV polymerase genotype
2a, the electrostatic interaction might stabilize the binding of these compounds. The 2D protein-
ligand interaction diagrams (Figure 36, Figure 37 and Figure 38) show that Cys316 and GIn414
are close to the ligand with which they can interact. Besides, there are several m-interactions
found for compound T5, T9 and T10. Due to the fact that palm site Il is a deep and hydrophobic
pocket, the binding affinity might elicit through hydrophobic interactions. Hydrophobic
interactions occur due to the close proximity between non-polar amino acid side chains of the
protein and lipophilic groups of the ligand [178]. Furthermore, the logarithm of the octanol/water
partition coefficient (logP) which is used to quantify hydrophobicity (Table 23) show that the
putative inhibitors (T5, T8, T9 and T11) have comparatively higher logP values than the inactive
compounds. Thus the results support the notion that the hydrophobic interaction is a major

contribution to the binding affinity.
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Table 23. The logarithm of the octanol/water partition coefficient (log P) of 11 tested pharmacophore hits
and HCV796

Compound Log P Compound Log P
HCV796 1.59 T6 -0.66
T1 0.91 T7 3.2
T2 1.27 T8 3.64
T3 0.85 T9 1.56
T4 15 T10 0.86
T5 2.68 T11 4.59
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Figure 36. Protein-ligand interaction diagrams of HCV796 with A) genotype 1b [3FQL] and B) genotype
2a HCV NS5B polymerase.
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Figure 37. Protein-ligand interaction diagrams of compounds T5 and T8 with genotype 2a HCV NS5B

polymerase.
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Figure 38. Protein-ligand interaction diagrams of compounds T9 and T11 with genotype 2a HCV NS5B

polymerase.
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5.8 West Nile virus (WNV) NS5 polymerase

Flavivirus NS5 consists of an N-terminal methyltransferase (MTase) and a C-terminal RdRp
domain [179]. The architecture of the palm domain among all RNA dependent RNA
polymerases (RdRp) is highly conserved [180], however they show very low sequence
similarity. Sequence identity between HCV NS5B polymerase (3FQL) and WNV NS5
polymerase (2HFZ) is approximately 14%. A generated homology model of WNV NS5
polymerase (2HFZ) aligned with 3FQL is shown Figure 39. The PS-Il pocket of WNV NS5 is
smaller than the pocket of HCV NS5B. Key amino acids involved in binding interactions are
different. For instance, Arg200, Cys316 and Met414 of HCV NS5B are in the same position as
Phel94, Trp360 and Trp408 of WNV NS5. HCV NS5B inhibitors could not form hydrogen
bonds with WNV NS5 and are not able to show the same binding mode as with HCV NS5B
(Figure 40). It was therefore not surprising that the 11 tested compounds (dataset-11) (Table 20)
which were selected based on the structure of HCV NS5B polymerase, showed Ky values for
WNV NS5 polymerase higher than for HCV NS5B polymerase.

We employed an MD simulation to check the stability of the complexes of the homology model
of WNV NS5 polymerase and the docked compounds. We observed that the model is not stable
indicating that the homology model is not correct in all parts (Figure 41). It can be suggested,
that the model is not accurate enough for docking studies because generally, 30% sequence
identity is considered a threshold for successful homology modeling [181]. Due to the low

sequence identity, it must be stated that the current model is not suitable for docking studies.

To the best our knowledge, there are no compounds known that inhibit both HCV and WNV
polymerases. In addition, there is also no structure of an inhibitor bound to WNS NS5
polymerase available. Even though the overall structure of WNV and HCV are similar but the
sequence similarity is rather low. Amino acid residues in the PS-11 pocket are different. Thus if
compounds can bind both HCV and WNV polymerase, their binding modes are likely to be
different. Further studies and experimental data are necessary to identify potent WNV

polymerase inhibitors.
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Figure 39. Superimposed structures of PS-1l HCV NS5B polymerase (pink) and the homology model of
WNYV NS5 polymerase (blue). HCV796 is presented in grey balls and sticks.
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Figure 40. Bound conformation of compound T9 in the PS-1l of WNV NS5 polymerase. The structure
was averaged over 100 snapshots during the last 2 ns of the MD simulation. No hydrogen bods between

inhibitor and NS5 are observed.
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Figure 41. MD simulation of the WNV NS polymerase-T9 complex. A) Root mean square deviation (A)
of the protein (red) and compound T9 (cyan) B) superimposed structures of the homology model 315K

(blue) and the average structures over 100 snapshots during last 2 ns (purple).

5.9 Discussion

Overall, the derived results suggest that two hydrogen bonds between the inhibitor and both
Ser365 and Arg200 are essential for inhibiting HCV NS5B polymerase, and hence, the antiviral
activity. The lack of the hydrogen bonds could potentially be compensated, at least partially, by
favorable electrostatic and hydrophobic interactions as found for the weakly active compounds
from the VS. However, given the current results, it is still unclear whether these weakly active
compounds can actually bind to PS-11. Without the two hydrogen bonds, the compounds might
not be able to induce the Arg200 rearrangement and access the binding pocket. In the
experimental assay, these compounds show favorable binding affinity for the HCV NS5B
polymerase i.e. have small Ky values, but exhibit no strong anti-HCV activity. Preliminary data
showed that the ICso values of T8, T9 and T11 are in the range of the K4 values. However, the
compounds were not able to inhibit the HCV NS5B polymerase to 100%. As the presence of
RNA and NTPs in the functional assay might affect the binding of these compounds, it can be
suggested that either RNA and/or NTPs might block their binding or induces structural changes.
It has been reported that the binding of RNA to NS5B polymerase does not alter the structure of
the PS-11 and does not affect the initial binding of HCV796 to the polymerase [169]. Thus, if
their loss of activity is because of RNA blocking, it implies that the compounds should bind at
the same site as RNA (catalytic site) or nearby this area such as PS-1. Long-time MD simulations
might be interesting for further studies to identify additional binding sites. In a recent study,

Cang and group performed microsecond MD simulation of B, adrenergic receptor complexed
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with cholesterol. Three cholesterol-binding sites which are observed in the crystal structure are
identified from the MD simulation [182]. Further experimental tests, such as a single point
mutations or crystallization, are required to verify the putative binding site of the novel

inhibitors.

Among the 11 tested pharmacophore hits, compound T9 was found to be the most potent PS-11
inhibitor. Compound T9 exhibits anti-HCV activity equivalent to HCV796 at the concentration
of 10 times its Kq value. Despite its moderate activity, the T9-HCV NS5B polymerase structural
information is useful for further studies. The structure of compound T9 is relatively similar to
HCV-79 (Figure 42). For example, the pyrazolopyridine in compound T9 is structurally related
to the benzofuran in HCV796, and the thiophene in compound T9 is similar to the fluorobenzene

in HCV796. Only a cyclopropane, which is found in HCV796, is missing in T9.

HCV796 T9
A |
) Cys3t6 | Leu314 ‘7\95316 h—
—_7 < A = o=y
7 |~y 4 \ \'l
2% e
= ™ 1
\ Arg200 ]\
? i ¢ §
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Figure 42. Structural comparison between HCV796 and compound T9. A) Bound conformation of
HCV796 and T9. The bound conformation of HCV796 was obtained from the crystal structure 3FQL.
The bound form of compound T9 represents the stable form observed in the MD simulation. B) 2D
structure of HCV796 and compound T9.

The cyclopropane in HCV796 is located at the hydrophobic area in PS-1. Referring to our
pharmacophore model (Figure 29), this cyclopropane represents HP2. Thus if a hydrophobic
group is added to compound T9 at the same position as the cyclopropane of HCV796, it should
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improve the affinity and activity. Structural similarity search was carried out using the ZINC
database (access date: January 15, 2013) [183] based on the structure of compound T9 using
50% molecular identity. We found 5022 matching compounds. However, in most of the
compounds the cyclopropane or thiophene of compound T9 is substituted by other functional
groups. There is no compound that exactly shows a hydrophobic group located at the pyrazole

ring as we expected.

As the generated pharmacophore model possesses this hydrophobic feature (HP2) as an optional
feature in the screening, the compounds that have this feature should be included in the hit
entries of the pharmacophore screening. We docked these compounds into the PS-Il of HCV
polymerase genotype 2a (modified 315K structure as stated in the MD simulation study). Then
the compounds were filtered using the pharmacophore model (HD, HALl, HP1 and HP2).
Unfortunately, we could not find any compound that shows all these features. Thus, only

chemical derivatives could be used to end up with the desired compounds.

Regarding the results of the energy contribution per-residue, the electrostatic energy, especially
at position 316 and 414 was found to be important for binding affinity. Using electrostatic
similarity search such as EON (a commercial program for an electrostatic comparison) in the
post-processing of docking results might help to identify novel inhibitors. Besides computational
methods, experimental testing in HCV polymerase genotype 1 might be interesting to validate
the data, especially for compound T9. Moreover, we still lack any knowledge of known PS-II
inhibitors and potential binding affinities in different genotypes. This information could provide

useful insight into the binding mechanism and can be used to improve the virtual screening.
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Chapter 6 Analysis of the resistance of Hepatitis C virus NS5B

polymerase via docking and molecular dynamics simulation

6.1 Introduction

Due to the rapid replication rate along with the lack of a proofreading mechanism in the viral
polymerase, viral mutations occur spontaneously over time. This mutation results in numerous
distinct genotypes [13] and quasispecies [11] as well as cause escape mutants from antiviral
agents. The variants show a decreased binding affinity to inhibitors, while retaining the enzyme’s
activity necessary for viral replication. Several point mutations in NS5B polymerase have been
reported which give rise to different levels of resistance [52]. Thus, it is desirable to account for

resistant mutations in the early stage of drug design which might help to avoid therapy failure.

In order to improve the inhibitory potency of the compounds, information on inhibitor-enzyme
interaction would be valuable. The present study was carried out on the reported point mutations
Pro495, Pro496 and Val499 of HCV NS5B polymerase which show reduced affinity towards
two benzimidazole-5-carboxamide inhibitors, namely compound A and compound B (Figure 43
and Table 24) [184]. These derivatives represent a promising group of inhibitors since they
possess comparable potencies against cross-genotypes (genotype 1,3,4,5 and 6) [47] [185]. They
bind at thumb site | and induce a conformational change resulting in an inactive protein
conformation (closed form) [51]. Mutation of Pro495 showed a pronounced reduction in the
affinities of both compounds; in fact the activity of the compounds against the mutated enzyme
was almost abolished. Meanwhile Pro496 and Val499 mutations also resulted in a decrease in the
activity of the compounds, however to a much lesser extent than observed for the Pro495
mutation. Docking and molecular dynamics (MD) simulation were applied to elucidate the
probable binding mode of the inhibitors. Then a combined Molecular Mechanics-Generalized
Born Surface Area (MM-GB/SA) calculation was employed on wild-type and mutant enzymes in

complex with the inhibitors to examine the molecular interactions in detail.
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Figure 43. Structures of the two benzimidazole-5-carboxamides.

Figure 44. Structure of a co-crystalized ligand NS5B inhibitor (PDB: 2BRL).

6.2 Methods

As the crystal structures of NS5B with compound A and compound B are not solved, the crystal
structure of HCV polymerase genotype 1b bound to an indole derivative (Figure 44), (PDB ID:
2BRL[38]), which shows structural similarity to the studied compounds, was utilized to prepare
the protein-inhibitor complexes. The benzimidazole derivatives bind to the thumb domain, which
normally interacts with a finger loop and modulates the protein conformation. This finger loop is
highly flexible, and is not completely resolved in the chosen crystal structure [186]. The missing
residues of the finger loop (A1 loop) were therefore modeled taking the NS5B crystal structure
2FVC [187] as template. The generated model was subsequently minimized and equilibrated
using the Amber 12 package [151]. The model served as structure of the wild type (WT)
enzyme. To investigate how mutations affect the binding, models of P495S/L/A, P496A/S and
V499A mutants were built using the prepared WT structure as initial configuration. The single
point mutations were prepared by using the Molecular Operating Environment (MOE) 2012.10
[161]. The structures of the studied inhibitors were prepared by MOE before docking into the
prepared HCV polymerase structures using GLIDE SP [116]. The docked poses were further

investigated by MD simulation and energy decomposition using Amber 12.
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Table 24. Inhibition of compound A and compound B against HCV NS5B polymerase containing

resistance mutations

Enzyme

compound A compound B
Wild type 1b 0.15 (£ 0.042) 0.27 (0.05)
P495S >25 >32
P495L >25 >25
P495A >25 10.6 (£3.2)
P496A 0.52 (+0.16) 2.6 (x0.4)
P496S 0.53 (+0.22) 3.8 (x2.1)
V499A 0.41 (+0.12) 0.63 (+0.15)

6.3 Results and discussion

The docking results showed that the central scaffold of the studied inhibitors, including the
benzimidazole, the furan and the cyclohexyl rings, fills the thumb site I pocket and forms mainly
hydrophobic interactions with the enzyme (Figure 45). In addition, a hydrogen bond between the
amide carbonyl group of the inhibitors and Arg503 is observed. The groups attached to the N-
carboxamide moiety of the inhibitors are completely solvent exposed. Arene-H interaction of the
benzimidazole ring with Pro495 was also detected in the docking poses of both compounds
(Figure 46). Poses obtained from docking into both wild-type (WT) and mutant proteins were
similar. Visual inspection of these poses suggested that the lack of the arene interaction between
Pro495 and the inhibitor in the Pro495 mutation might affect the inhibitor affinity.

Figure 45. Bound structures of three inhibitors (balls and sticks)--compound A (yellow), compound B
(orange) and the co-crystallized indole derivative of 2BRL (cyan) -- in the binding site of wild-type HCV
NS5B polymerase.
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Figure 46. 2D representation of the predicted docking pose of compound A and compound B within
thumb site | of the wild-type HCV NS5B polymerase. Hydrophobic amino acids are colored green, polar
residues are colored pink. Hydrogen bonds and arene-H interactions are indicated by dashed lines. Ligand

and protein solvent exposure is indicated by the blue spheres.

For Pro496 and Val499 no direct interaction with the inhibitors were observed, which might
explain the similar inhibitor activities for Pro496 and Val499 mutants. To get an insight into the
energetics of the mutation-induced change in the binding affinities of benzimidazole-inhibitors,
we analyzed the binding free energy for wild-type and mutants. This was done by performing
MD simulation using the AMBER 12 package [151]. The alpha carbon Root Mean Square
Deviation (RMSD) and Root Mean Square Fluctuations (RMSF) of the backbone atoms
compared to the starting structures of all simulated systems were monitored (Figure Al2 and
A13-Appendix). The RMSF of the backbone atoms showed that the mutation does not perturb
the overall enzyme structure. However a local geometry change affects the inhibitor binding as
shown by the average structure taken from the snapshots of the MD simulations (Figure 47).
These showed that the binding mode of the compounds in the wild-type enzyme was slightly
changed during MD compared to the obtained docking poses. The finger loop moved closer to
the ligand, which enabled Arg32 to form interactions with the ligand as shown in Figure 6.

Moreover compound B showed an additional hydrogen bond with Arg498 (Figure 47).
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Figure 47. Average structures of the inhibitor bound to wild type HCV NS5B polymerase
obtained from snapshots of the MD simulations. A) compound A and B) compound B are shown

in ball-and-stick mode.

Analysis of the hydrogen bond occupancy throughout the MD run revealed that the mutation of
Pro495 with serine, leucine or alanine disrupted the stability of the hydrogen bond formed
between the adjacent residues Arg503 andArg498 with the inhibitors, as can be seen from
snapshots taken from the MD simulation. For instance, the percentage occupation of the
hydrogen bond between compound A and Arg503 was reduced from 84% (WT) to 41-43 % in
the P495S/A/L mutants. While the hydrogen bond between compound B and Arg503 in WT-
complex exhibited 48% occupancy, and was reduced to 18% in the P495L mutant, 12% in
P495A and to 0% in the P495S mutant.

The mutations P496A and P496S mainly affected the stability of the hydrogen bond formed
between compound B and Arg498, with no effect on the hydrogen bond occupancy between the
inhibitors and Arg503. The hydrogen bond formed between Arg498 and compound B showed a
noticeable reduction from 65% occupancy to 24% in the P496A mutant and 53% in the P496S
mutants. Meanwhile, the occupancy of hydrogen bonding between compound B and Arg503
were 49% and 51% hydrogen bond occupancy in the P496A and P496S mutants, respectively,
compared to 48% in the WT. This might explain why the binding of compound A, which did not
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form a hydrogen bond with Arg498, was much less affected by the mutation at residue 496 than

compound B.

Subsequently, 100 snapshots for each complex were extracted from the last 2 ns of the MD
simulation for binding energy calculation. The calculated binding energies using the MM-
GB/SA method were not able to completely explain the differences between wild-type and
mutants (Table Al1-Appendix). We then performed a per-residue decomposition of the binding
free energy to analyses the contribution of the individual residues. The per-residue energy
decomposition includes internal energy, van der Waals (vdW), electrostatic energy, polar
solvation and non-polar solvation. All energy components were calculated using 100 snapshots
taken from the last 2 ns of the MD trajectory. The calculated per-residue energy decompositions
indicated that electrostatic and polar solvation energies contribute highly to the binding affinities
(Table Al12-Appendix). The vdW contribution for all the mutants changed relative to the WT
from -3 to 2 kcal/mol, whereas the difference of per-residue contributions were between -16 to
29 kcal/mol for the electrostatic energy and -23 to 15 kcal/mol for the polar solvation energy.
Internal energies and non-polar solvation energies were relatively small compared to other

energy components.

We observed that the energy difference of each residue contribution for the mutants relative to
the WT did not occur only at the mutation point but also the neighboring residues. Table 25
shows that the key contributors to the change in binding affinity between the WT and the
mutants were residues 32, 495, 498 and 503. The dominant energy changes were at residue 495
in compound A complexes, and residues 495 and 498 in compound B complexes. This implies

that the hydrogen bonding with Arg498 is important for the inhibitory activity of compound B.

By comparing the per-residue contribution profile of compound A complexes at the point
mutations, only the mutations P495S/L/A caused a noticeable difference in the total energy
contribution relative to the WT. The contribution to the binding energy was generally less
favorable when compared to the WT. Meanwhile P496A/S and V499A mutations showed only a
small change. This result is in agreement with the experimental data where only the mutations
P495S/L/A cause a loss in the inhibitory activity of the compounds (Table 24). The weaker
activity of compound B against P496A/S mutants compared to compound A, could however not

be explained.
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Table 25. Mean total per-residue energy (kcal/mol) of the key amino acids in the binding pocket of the

wild-type (WT) and mutant enzymes with compound A and compound B. The grey and red background

shading represents the energy difference of the residue contributions in the mutants that are between 0.5-1

kcal/mol and greater than 1 kcal/mol relative to the wild-type, respectively. The boxes show the point

mutations.
Mean total per-residue energy (kcal/mol)
o
< Compound A Compound B
S
WT P495 P495 P495 P496 P496 V499 WT P495 P495 P495 P496 P496 V499
S L A A S A S L A A S A
32 -0.23 -311 -0.07 -231 -0.13 -0.15 -4.05 |-0.43 0.00 -0.36 -045 -0.08 -0.16 0.05
39% -136 -123 -131 -161 -113 -1.32 -156 |-151 -137 -161 -174 -112 -114 -1.35
428 -0.07 0.03 0.15 0.12 0.28 0.07 -0.20 | -0.13 0.19 -0.07 -091 0.10 0.26 -0.12
492 -0.38 -021 -105 -045 -18 -0.76 -0.05 |-0.92 -1.08 -098 -093 -0.52 -0.96 -1.05
493 -0.36 -0.61 -0.09 0.33 -054 -025 -050 |-0.12 -0.33 0.00 -0.05 -0.06 -0.28 -0.34
494 -171 -231 -18 -0.78 -3.23 -469 -262 |-234 -232 -197 -230 -225 -153 -1.98
495 -356 | -202 -230 -142 |-311 -336 -418 |-331 |-122 -340 -1.71 |-3.01 -3.13 -2.98
49% -1.04 -074 -032 -0.27 |-0.02 -0.45 | -0.87 |-131 -126 -1.11 -1.61 |-0.36 -2.22 | -1.53
497 -0.02 -0.02 -0.010 -0.02 0.01 -0.02 -0.03 | -0.05 -0.06 -0.06 -0.06 -0.06 -0.08 -0.04
498 -0.04 -0.04 -0.02 -0.04 -0.04 -0.02 -0.03 |-3.44 -3.77 -404 -3.70 -433 -444 -453
499 -0.27 -030 -0.05 -0.08 -0.13 -0.14 |-0.07 |-0.99 -1.03 ~-1.01 -105 -1.33 -1.29 |-0.79
500 -0.9¢ -1.28 -0./5 -0.74 -126 -094 -110 |-124 -111 -116 -1.19 -153 -1.15 -1.49
501 -0.04 -0.05 -0.03 -0.02 -0.04 -0.03 -0.03 |-0.08 -0.06 -0.06 -0.07 -0.11 -0.08 -0.08
502 0.01 0.00 0.01 0.01 -0.01 0.00 0.00 0.00 0.00 0.01 0.01 -0.02 0.00 -0.02
503 -150 -3.16 -040 -0.05 -250 -2.09 -0.87 | 0.03 0.09 -0.02 -020 -0.12 -0.82 0.13

In this study, we employed docking and MD simulation to understand the mechanism of

resistance of NSB-polymerase mutants for two benzimidazole inhibitors. MD simulations

consider also the protein flexibility and provide a more realistic picture of the binding process

than docking. MM-GB/SA data that are computed with neglecting entropy has so far
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demonstrated an improvement in the predictive aspect [143, 148], but in the present study it was

not successful in distinguishing between the binding to wild-type and mutant proteins.

It is possible that the entropic contribution could improve the activity prediction for ranking
compounds according to their activity profile. However, the identification of key residues that
contribute to the inhibitor binding is crucial for designing new compounds. So instead of
calculating the entropy term which is computationally expensive, we employed per-residue
energy decomposition, structural comparison of the WT and the mutant complexes, and

hydrogen bond analysis to provide an insight into the drug resistance mechanism.

The energy difference of each residue contribution for the mutants relative to the WT reveals the
key residues responsible for the inhibitory activity. Besides the point mutation at Pro495, Pro496
and Val499, the neighboring residues Arg32, Arg498 and Arg503 also showed larger differences
compared to the WT. This suggests that if mutation or polymorphism in different genotypes
occurs at residue 32, 498 or 503, the activity of both compound A and compound B will be
affected. However, the chance that the virus escapes by developing a point mutation at these
residues might be low. Arg32 from the finger loop and Pro495, Pro496, Val499 and Arg503
from the thumb domain are namely part of the allosteric GTP binding pocket [33], which
regulates the inter-domain interaction during the conformational change of the enzyme necessary
for HCV RNA replication in vivo but not in vitro [188]. Mutations of the residues defining this
allosteric GTP binding site cause a significantly lower or even a complete loss of HCV RNA

replication [188].

Drug resistance and genotype variation represents a major obstacle to successful drug design.
Free energy decomposition analysis has been showed to be effective method to reveal atomic-
level understanding of resistance mechanism [189, 190]. We showed that using per-residue
energy contribution can help to elucidate the residues that make a major contribution to the

inhibitor binding and to predict the outcome of the inhibitors.
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Chapter 7 Conclusions

The different approaches and methods used in the current work were applied to develop
appropriate virtual screening protocols in order to identify novel inhibitors of HCV NS5B
polymerase. Additionally, molecular docking, MD simulations and energy decomposition studies
were carried out to assess the effect of mutations on the inhibitory potency of some selected

inhibitors.

Molecular docking was employed as main method for VS. The herein applied docking
procedures gave satisfactory results in predicting the bioactive conformation of the studied
compounds. Docking was able to predict the experimentally observed poses of about 60% of the
compounds. However, all employed docking procedures failed to correctly rank the studied
compounds according to their biological activity; a problem which is often encountered with
docking. Using docking constraints might improve the pose prediction, but it would confine the
VS to a specific binding mode, which might limit the structural diversity of the hits. Hence, the
combination of docking methods with other techniques, such as machine-learning methods, was

explored to improve the hit identification.

The best performance in pose prediction obtained during the course of this work was 69%, which
was achieved by using Gold-score and the crystal structure 3GNV. Docking was carried out
without considering water molecules, since some of the conserved water molecules could be
displaced by the inhibitors, as seen in some crystal structures. However, a recent study by
Barreca et al, [82] showed that considering water molecules in docking might improve the
docking performance (both pose-prediction and ranking) for PS-I inhibitors, especially those
which undergo water-mediated interactions with the protein. A direct comparison of the herein
obtained results with the results of Barreca et al is not possible, since the number of the studied
inhibitors is different (40 in the study of Barreca et al and 29 in the present work). Despite the
satisfactory results, which were obtained in this work, it would be interesting to further study the
effect of water molecules by using different scoring functions for example Gold-score, which

yielded the best performance in the present work.

In a trial to improve the ability of the procedure to discriminate between active and inactive
compounds, a combination of docking with several methods was investigated. Binding free

energy calculations using MM-GBSA failed to improve the ranking and no correlation could be
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obtained between the experimental activity and the calculated binding free energy, even when

the entropic term was approximated.

A machine learning method was also explored. RF showed the best results and was able to
improve the ability to discriminate between actives and inactives. The RF models which were
developed for post-docking filtration of docking poses, showed promising results in identifying

active compounds.

Two sites docking, i.e. parallel docking in PS-1 and TS-II sites, also gave positive results, which
were comparable to RF. Hence a procedure which combines the selected RF model with two
sites docking was suggested to improve the hit identification. Consequently, the ChemBridge
database was screened using the suggested protocol and a total of 28 compounds were suggested
as potential actives. Even though the proposed compounds have not yet been tested to ensure the
success of the protocol, the binding modes of the proposed compounds are similar to known
inhibitors, which imply the efficiency of this protocol. In the two sites docking study, PS-1 was
chosen as target binding site and TS-Il as dummy site. However, the top ranked compounds in
TS-I1, which are considered as false positives of PS-1, might possibly be putative TS-II
inhibitors. This method thus can give potential inhibitors targeting both binding sites at the same

time.

Another part of the current work was to explain the effect of resistance mutations on the
inhibitory potency of two benzimidazole inhibitors. MM-GBSA calculations failed to show any
difference between binding to wild-type and mutant enzymes. However, using per-residue
decomposition energy helped to define the key amino acid residues involved in protein-ligand
interaction. It also was useful in explaining the binding affinity difference that occurs in
mutations and genotype variations. This information would be useful for further design of

inhibitors that can overcome resistance or are potent across different genotypes.
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Appendix

Table Al. Details of 22 crystal structure of thumb site Il dataset.

PDB ID Resolution Ligand ID Chain Length Reference
1085 2.2 NH1 576 [191]
2D3U 2.0 CCT 570 [61]
2D3Z 1.8 FIH 570 [61]
2D41 21 SNH 570 [61]
2GIR 1.9 NN3 568 [192]
2HAI 1.58 CME 576 [57]
2HWH 2.3 RNA 576 [193]
2HWI 2.0 VRX 576 [193]
2I11R 2.2 VXR 576 [194]
205D 2.2 VR1 576 [195]
3FRZ 1.86 AGO 576 [60]
INHU 2.0 153 578 [59]
INHV 2.9 154 578 [59]
2WHO 2.0 VGI 536 [196]
3CIZ 1.87 SX1 576
3CJ0 1.9 SX2 576
3CJ2 1.75 SX3 576
3CJ3 1.87 SX4 576 [197]
3CJ4 2.07 SX5 576
3CJ5 1.92 SX6 576
1YVX 2.0 IPC 570 [36]
1Yvz 2.2 JPC 570
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Figure Al. 22 co-crystalized ligands of thumb site Il dataset used in cross-docking study.
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Table A2. Details of 29 crystal structures of palm site | dataset.

PDB ID Resolution Ligand ID Chain Length References
1YVF 25 PH7 577 [198]
174U 2.8 PH9 577 [199]
2GC8 2.2 885 578 [200]
2GIQ 1.65 NN2 568 [192]
2JCO0 2.2 699 570

[201]
2JC1 2.0 698 570
2QE5 2.6 617 578 [202]
3BR9 2.3 DEY 578
3BSA 2.3 1PD 578

[203]
3BSC 2.65 2PD 578
3CDE 2.1 N3H 578
3C09 2.1 3MS 578 [204]
3CSO 2.71 XNI 581 [205]

3CVK 2.31 N34 578 [206]
3CwWJ 2.4 321 578 [207]
3D28 2.3 B34 578

[208]

3D5M 2.2 4MS 578
3E51 1.9 N35 578 [203]
3G86 2.2 T18 576 [209]
3GNV 2.75 XNZ 581

[156]

3GNW 2.39 XNC 581
3GYN 2.15 B42 578 [210]
3H2L 1.9 YAK 578 [211]
3H59 21 H59 576 [212]
3H5S 2.0 H5S 576

[72]
3H5U 1.95 H5U 576
3H98 1.9 B5P 576 [213]

3HHK 1.7 77Z 563 [214]

3IGV 2.6 B80 578 [210]
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Figure A2. 29 co-crystallized ligands of palm site | dataset used in cross-docking study.
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Residual difference
Groupl  Args01 Leudl9 11e482 Ser476
Group 2 Lys501 le419  Leud82  Thr476
Group3  Argh01  Leu4l9 11e482 Ser476

Figure A3. Superimposition of X-ray structures PDB ID: 2HAI (Pink), 1Y VX (Yellow) and 3CJ4 (Cyan)

representing group 1, 2 and 3, respectively. The inhibitors of each group are shown by balls and sticks in
the same color as their protein structures.
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Table A3. Cross-docking results using Chem-score for 22 crystal structures of the thumb dataset (upper)
and 29 crystal structures of the palm dataset (lower). The tables display the root mean square deviation

(RMSD) and the correct predicted poses are labeled in blue shade.

Ligands
o
CHEM score %
% E ,Z_ % [} ™ ™ ] ™ <} - g’
&
1085 37 64 85 81 45 47 57 55 51 66 26 24 40
2D3U 22 25 88 78 28 18 38 54 54 52 23 20 35
2D3z 29 25 81 78 27 20 37 54 57 55 25 22 33
2D41 21 51 79 96 27 29 30 53 21 60 20 1.7 3.0
2GIR 60 27 89 78 27 18 39 54 52 52 25 21 34
2HAI 28 25 80 81 42 42 36 55 40 49 21 25 31
2HWH 26 37 80 37 26 24 30 36 39 63 25 26 27
2HWI 29 47 79 79 26 50 3.0 53 42 47 26 27 3.0
2R 26 47 80 79 26 25 31 37 40 54 22 25 30
@ 205D 26 56 79 78 26 49 36 35 41 53 24 26 31
B 3FRZ 23 39 79 81 27 24 36 56 19 53 24 27 31
S [1NHU 41 56 72 80 23 41 [ONOEN 32 39 21 21 33
o INHV 17 56 73 81 36 12 11 49 10 15 12 13 33
2WHO [ . . . ! 26 64 84 82 24 16 39 10 15 [N 1.2 3.1
3CIZz 13 93 26 94 19 34 29 71 91 85 289 . 40 1.2 27 441
3CJ0 18 100 26 98 18 34 81 6.5 98 47 28 . . X 38 29 32 43
3CJ2 31 1.7 25 23 23 32 22 51 71 1.8 31 38 17 59 3.0
3CJ3 80 92 30 96 55 29 28 52 74 86 21 44 30 57 49
3CJ4 23 21 23 25 17 38 23 21 86 14 32 19 18 16 24
3CJ5 16 20 25 25 22 34 27 71 74 14 31 11 37 15 13 32
1YVX 27 25 18 20 19 29 27 47 76 86 27 . 15 28 41 4510 1.0 37
1YVZ 27 19 18 16 17 37 24 57 80 86 28 35 38 20 41 30 19 3.5

RMSD
<1 <2 <25
Ligands a
2
CHEM score L o = o - w9 o O W @ x 5 Z 2 ¥ = 2 g g @9 > 2 X o = o 2|g
> = Q o o ol = o (%] [5] a Q w > =} Ty} [%] z = I o ) Ts] Ts)
£ ¥ 3352388888238 33:388:22838z:28E8¢%5¢% ;¢
TYVF 36 50 45 7.2 68 44 43 51 21 24 13 42 45 ol 1.9 14 45 42 BN 67 67 70 7.7 16 35
14U 33 5248 25 73 37 44 50 25 19 19 43 44 19 22 19 42 42 14 18 18 27 58 15 18 13 20
2608 (22 64 31186 12 24 67 42 44 46 70 24 18 44 45 16 21 51 45 43 57 69 69 47 23 41 54 20 55 4.1
2Jc0 |53 62 30 12 15 25 72 44 40 44 63 [16 21 5049 10 18 70 43 4318 69 7O 49 37 59 46 20 BI 41
2Jc1 |50 53 31 17 11 61 23 47 22 45 33 20 18 45 44 (20 20 16 43 46 14 71 67 4516 44 47 15 10 32
20E5 |74 57 36 49 17 39 72 43 44 45 30 @M 15 91 42 12 25 19 43 42 18 71 71 58 34 56 18 15 51 4.1
¢l |78 57 2612 13 51 20 41 44 46 70 13 20 4312 BN 12 20 43 43 19 68 68 51 21 JEEN 21 17 10 33
3BRO |50 57 28 14 13 43 71 43 47 47 76 13 20 42 42 17 25 58 43 46 18 51 48 51 35 40 55 1.0 BOEN 39
3BSA |50 56 35 48 15 30 74 41 44 47 78 37 18 46 10 (16 24 (1.8 42 48 18 75 67 60 34 44 17 18 11 32
3BSC |47 56 32 49 0N 28 63 42 45 48 77 37 1.8 52 [ 15 47 1.5 49 46 19 73 51 59 36 JEN 16 19 36
3CDE |50 56 3212 10 32 70 45 46 46 76[12 20 45 44 (11 24 18 42 43 47 75 68 45 33 39 53 20 39
3C09 |51 56 30 14 12 40 40 42 98 46 78 13 21 42 42 18 78 1.9 41 43 17 35 70 87 &7 N 17 20 13 4.1
3cvK |47 54 28 22 BNl 40 71 43 46 44 76 14 17 91 44 AN o1 19 40 44 20 34 69 5919 26 12 13 JEEN 38
2 3E51 |74 57 3210 14 30 72 41 47 46 77 21 18 43 45 20 22 16 43 42 16 70 69 38 33 16 18 13 35
£ 3GYN |67 57 32 16 12 28 71 43 84 69 78 87 81 86 83 18 83 60 B9 B3 B85 70 48 48 81 17 16 13 58
£ 3H2L |48 55 29 4o BN 50 71 46 49 48 2312 20 93 43 18 23 19 42 4311 68 67 60 33 1.1 1.2 N 37
3HOE |50 58 28 49 12 40 42 45 44 47 78 18 17 47 43 11 35 18 43 43 57 58 51 50 41 16 15 47 38
3GV |47 53 28 50 11 40 7.2 46 48 49 77 12 20 43 45 19 22 18 43 43 [16 36 70 6.1 32 25 12 1.6 0N 37
3CWJ |49 55 27 57 18 45 72 41 45 43 37 (13 18 42 45 18 31 52 46 43 59 60 70 4612 39 49 18 49 42
3686 |47 54 35 49 12 40 7.9 40 45 49 23 15 20 42 40 20 14 19 39 43 JEN 35 67 28 33 25[18 12 11 33
3H59 (4.8 53 30 [15 57 52 41 43 44 54 25 23 20 22 45 1.9 39 1.8 4018 1.0 36 65 69 23 UGG 15 13 33
3cs0 |50 NN 28 49 44 34 41 46 44 47 73 15 54 39 6714 45 56 43 41 62 4749162 59 50 60 12 62 4.1
36NV |51 55 36 50 1.0 39 63 37 18 14 66 0N 59 43 69 19 62 55 39 43 61 22 15 62 61 43 14 13 57 41
3GNW (58 55 33 58 11 20 63 46 47 48 28 21 20 43 45 24 82 20 46 43 58 54 13 84 44 15 16 59 39
3HHK [ 52 57 33 52 14 39 70 4243 51 24 [l 18 43 4410 15 23 38 42 48 64 68 49 32 0 20 35
3028 |58 61 29 21 13 54 69 45 46 44 24 24 14 40 43 J0EN 23 15 43 47 10 71 68 24 23 5 34
3D5M |49 56 28 20 11 41 72 46 49 50 2613 17 47 45 18 097 1.9 47 44 16 37 66 60 23 25 13 13 a7
3HSS |40 56 30 54 57 52 48 43 49 49 22 12 19 39 42 QBN 13 19 40 44 17 67 67 23 32 26 1.2 35
3H5U |50 55 20 (15156 41 66 46 43 51 79 13 14 44 41 12 24 21 40 43 13 39 65 62 80 12 12 37
rRvMsD [

<1 <2 <25

122 |Appendix



Table A4. Cross-docking results of the thumb dataset (22 crystal structures) using 6 scoring functions;

Gold-score, Chem-score, ASP-score, P-score, PMF and GLIDE SP. Average root mean square deviation

(RMSD) and the numbers of correct poses are presented according to their protein cluster group. A color

bar in the ‘total’ column denotes the percentage of correct pose prediction.

Gold score Chem score ASP score

Structure (PDB 1D) Avg RMSD No. of corrected poses Avg RMSD No. of corrected poses Avg RMSD No. of corrected poses
Gr.i|Gr2]Gr3|Gri]Gr2]Gr3]Total| Gr.1]Gr2[Gr3|Gr1[Gr2[Gr3]Totall Gr.1[Gr2]Gr3][Gr.1[Gr2]Gr.3]Totl

1085 |69 72 69| 2 0 0 2 26 25 61| 6 1 0 7127 24 58| 7 1 0 8

2D3U [ 59 46 68| 4 1 0 5 (27 21 48| 8 2 1 Irl20 21 63| 8 2 0 10

2D3Z |60 78 66| 3 0 0 3 [23 23 48| 6 2 1 9 | L7 21 63| 8 2 0 10

2D41 [ 7.0 77 66| 2 0 0 2 16 19 49| 9 2 1 12115 20 62 9 2 0 11

2GIR [ 69 23 70| 2 1 0 3 (25 23 48| 7 2 1 10120 21 64| 7 2 0 9

Group 1 2HAI (6.1 76 63| 4 0 0 4 16 23 50| 9 2 0 117 23 63| 9 1 0 10

(Ilcpxs.)| 2HWH | 63 73 59| 3 0 0 3 15 26 41 8 0 1 9 | 1.7 24 59| 9 2 0 11

2HWI [ 53 50 55| 4 0 0 4 (14 26 50| 9 0 0 9 |19 25 57| 8 2 0 10

2IIR |58 79 63| 4 0 0 4 [ 1.7 24 46| 8 2 1 11125 24 60| 7 0 9

205D [ 62 80 62| 4 0 0 4 [ 1.7 25 50| 8 1 0 9 | 1.8 24 6.1 9 1 0 10

3FRZ |53 82 621 5 0 0 5 |20 25 46| 9 1 2 12120 25 58] 8 2 0 10

Group2 | 1IYVX | 75 1.1 62] 2 2 0 4 36 10 45| 4 2 1 7128 L1 55( 6 2 1 9

2cpxs.) | 1YVZ [ 79 08 73 [ 2 2 0 4 29 13 46| 6 2 1 9 [ 28 12 42| 7 2 4 13

INHU | 6.4 23 48| 1 1 2 4 (29 21 40| 4 2 3 9 |46 20 46| 2 2 4 8

INHV [ 84 85 69| 0 0 0 0 (32 13 38| 3 2 4 9 |61 1.9 47| 3 2 3 8

2WHO [ 59 1.6 51| 2 2 3 7129 11 38| 6 2 5 13 44 1.7 33| 3 2 5 10

3ClZz |78 19 67 2 2 1 5 (41 20 46| 2 1 3 6 |64 21 44| 1 2 4 7

Group 3 3CJ0 | 83 86 82| 1 0 0 1 |45 31 43| 3 0 1 4 61 50 64| 3 0 0 3

(9 cpxs.) 3C12 176 19 73] 0 1 0 1 |27 38 32| 7 1 4 12 147 19 46| 2 2 3 7

3CI3 [ 91 36 68( 0 0 0 0 [351 43 47| 1 0 2 3 153 21 63| 2 2 1 5

3CI4 [ 76 21 41| 0 2 2 4 (27 1.7 23| 7 2 7 16 |54 1.7 48| 2 2 3 7

3CIs [70 1.8 51| 2 2 2 6 |34 14 35| 5 2 4 11 140 21 45] 3 2 3 8

P-score PMF Glide SP

Structure (PDB 1D) Avg RMSD No. of corrected poses Avg RMSD No. of corrected poses Avg RMSD No. of corrected poses
Gr.1[Gr2]cr3]Gr.1]Gr2]Gr3]Total] Gr.1[Gr2[Gr3|Gr.1 [Gr2[Gr3[Toml| Gr.i]Gr.2[Gr.3[Gr.1 [Gr.2 [ Gr.3 [ Total

10S5 | 3.8 34 62| 4 1 0 5 (52 25 58| 3 1 0 4 145 22 62 6 2 0 8

2D3U |24 33 57| 6 1 0 7 (35 22 55| 4 1 0 5136 35 51 5 1 3 9

2D3Z | 34 34 59| 5 1 0 6 [29 19 57| 6 2 0 8§ |33 26 53] 6 1 0 7

2D41 | 28 31 60| 5 1 0 6 [36 37 58| 5 1 0 6 |42 71 57| 5 0 0 5

2GIR |32 33 64| 5 1 0 6 [32 48 38| 5 1 0 6 |33 21 60] 5 2 0 7

Group 1 2HAI |32 32 59| 4 1 0 5 (48 41 61| 3 1 0 4 |44 49 48] 4 1 0 5

(ITcpxs.)| 2HWH | 23 31 59| 6 1 0 7 (32 62 58| 35 0 0 5159 47 59| 4 1 0 5

2HWI | 29 32 61| 5 1 0 6 [33 22 55| 5 2 0 7146 19 56| 5 2 0 7

2IIR |28 31 60| 5 1 0 6 [34 19 62| 4 2 0 6 |43 24 59| 4 1 1 6

205D |26 32 64| 5 1 0 6 (47 40 61| 2 1 0 3 146 26 58] 3 1 0 4

3FRZ |33 33 58| 5 1 0 6 [40 36 62 4 0 0 4 126 19 471 6 2 0 8

Group2 [ 1IYVX | 32 30 55| 4 1 0 5[40 1.8 55| 4 2 0 6 53 1.0 40| 5 2 0 7

(2cpxs) | 1IYVZ [ 3.1 28 58| 3 1 1 5 [40 18 s52( 4 2 1 7 48 05 48] 4 2 0 6

INHU | 42 34 56| 0 0 0 0 [51 26 410 1 2 3 143 1.5 49| 3 2 2 7

INHV [ 40 32 55| 3 1 0 4 (42 55 352 1 0 0 1 |61 1.1 53 1 2 1 4

2WHO | 3.7 32 55| 0 1 0 1 158 1.7 470 2 2 4 54 29 35| 0 0 3 3

3CIZ |35 36 36| 3 0 0 3 (51 23 47( 0 2 2 4 152 16 36| 2 2 3 7

Group 3 3CJo0 | 3.6 21 66| 2 1 0 3 [44 1.8 36 1 2 0 3 186 1.2 65 1 2 1 4

(9 cpxs.) 3CJ2 |38 32 48| 1 1 0 2 (43 27 45( 0 1 2 3 156 1.3 34 1 2 2 5

3CI3 |39 34 58] 1 0 0 1 153 26 5.1 1 1 1 3167 1.4 44] 0 2 3 5

3Cl4 |37 31 57| 1 1 0 2 (42 27 45| 2 1 2 5155 1.3 40| 3 2 3 8

3CI5 |37 31 5412 1 0 3 |46 30 44([ 0 0 2 2 [56 15 341 1 2 4 7
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Table A5. Cross-docking results of the palm dataset (29 crystal structures) using 6 scoring functions;
Gold-score, Chem-score, ASP-score, P-score, PMF and GLIDE SP. A color bar denotes the percentage of
correct pose prediction.

Gold score Chem score ASP score PMF score p-score Glide SP
Q Q Q Q Q Q

< |2 < |2z < | 2 < | 2 < |2 < |2

1YVF 4.6 4 3.5 13 43 5 3.7 13 33 13 3.8 13
124U 4.6 7 29 17 3.4 10 4.0 8 3.0 13 2.7 17
2GC8 39 11 4.1 10 4.1 7 43 7 3.8 6 38 8
2GIQ 4.1 6 33 15 3.6 8 39 7 35 10 36 10
2JCO 3.6 11 4.1 10 42 6 48 4 4.1 5 42 6
2JC1 3.6 11 32 15 33 9 3.8 12 3.4 11 33 14
2QES5 4.6 7 4.1 9 4.1 7 4.1 5 4.0 9 42 10
3BR9 39 10 39 9 4.0 9 4.1 4 4.0 8 4.0 9
3BSA 39 11 39 10 4.1 9 35 10 38 9 37 8
3BSC 38 11 3.6 11 4.1 7 44 8 33 12 43 7
3CDE 4.6 8 3.9 9 38 8 3.7 6 3.9 8 3.8 9
3C0O9 3.9 10 4.1 11 3.6 9 4.6 6 3.5 11 3.6 10
3CS0 26 18 4.1 8 34 10 37 15 24 17 3.0 12
3CVK 33 12 38 11 32 10 34 12 3.1 11 3.1 12
3CWIJ 43 9 42 6 35 9 38 8 35 12 34 12
3D28 3.0 14 34 14 3.7 7 3.4 11 33 9 3.6 10
3D5M 3.5 11 3.7 11 3.1 11 42 9 3.1 12 2.8 12
3E51 4.0 9 3.6 12 3.7 9 38 7 39 8 4.0 9
3G86 4.1 11 33 11 3.4 9 34 13 3.1 11 29 13
3GNV 22 20 4.1 9 32 10 34 14 2.7 16 2.8 14
3GNW 29 14 39 10 36 9 4.8 7 3.1 13 34 13
3GYN 39 8 5.6 7 3.7 7 47 8 4.1 8 36 12
3H2L 37 11 37 12 32 10 37 12 29 14 32 12
3H59 36 11 33 13 32 10 37 12 29 11 2.8 15
3H5S 32 14 35 11 33 8 35 12 29 13 3.0 10
3H5U 33 13 37 11 34 9 39 10 3.1 11 31 15
3H98 44 9 3.8 8 3.6 9 3.6 9 4.0 6 39 7
3HHK 4.5 8 35 12 36 9 4.0 8 35 9 3.6 8
3IGV 32 13 3.7 11 34 9 3.7 11 29 12 3.1 12
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Figure A4. Additional co-crystallized ligands of palm site | dataset used in ensemble study.

Table AB. 45 ligands used in the rescoring study.

Name I1Cs0 (LM) No. in source Source
1YVF 0.100 59 [198]
1YVF-Al 6.900 63 [198]
1YVF-A2 48.000 68 [198]
1YVF-11 Inactive 72 [198]
1YVF-12 Inactive 55 [198]
1YVF-13 Inactive 53 [198]
174U 0.070 49 [198]
174U-Al 2.800 46 [198]
174U-A2 0.850 50 [198]
1Z4U-11 Inactive 66 [198]
174U-12 Inactive 67 [198]
2FVC 0.032 2 [187]
2FVC-Al 0.340 72 [187]
2FVC-A2 0.105 74 [187]
2FVC-A3 10.000 105 [187]
2FVC-A4 10.000 104 [187]
2GC8 3.100 6 [215]
2GC8-Al 0.080 25 [215]
2GC8-A2 0.770 21 [215]

125| Appendix



Table A6 (Continued). 45 ligands used in the rescoring study.

Name I1C50 (LM) No. in source Source
2GIQ 0.260 [192]
2JCO 20.000 la [216]
2JC1 3.800 7a [216]
20QE2 0.017 14i [217]
2QE5 1.640 3a [217]
3BR9 0.070 8d [218]
3BR9-Al 1.300 8b [218]
3BR9-A2 0.340 8c [218]
3BR9-A3 7.200 8r [218]
3BSC 33.000 3 [218]
3C09 0.010 3c [219]
3CSO 1.000 4a [205]
3CVK 0.010 4c [220]
3CWJ 0.010 3a [221]
3D5M 0.010 34 [208]
3E51 0.014 2e [222]
3G86 0.005 18 [209]
3GNV 0.093 (R)-1b [156]
3GNW 0.026 (S)-4c [156]
3GOL 0.081 (R)-11d [223]
3GYN 0.047 49 [224]
3H59 0.013 20 [212]
3H5S 0.005 16 [72]
3H5U 0.003 lbor5 [72]
3H98 0.005 4a [72]
3IGV 0.010 29 [224]
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Figure A5. 45 ligand structures used in rescoring study.
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Figure A5 (Continued). 45 ligand structures used in rescoring study.
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Table A7. 3D Padel descriptors used in this study.

Descriptor type Number Descriptor

PPSA-1, PPSA-2, PPSA-3, PNSA-1, PNSA-2, PNSA-3,
DPSA-1, DPSA-2, DPSA-3, FPSA-1, FPSA-2, FPSA-3,

Charged partial surface area 29 FNSA-1, FNSA-2, FNSA-3, WPSA-1, WPSA-2, WPSA-3,
WNSA-1, WNSA-2, WNSA-3, RPCG, RNCG, RPCS,
RNCS, THSA, TPSA, RHSA, RPSA

GRAV-1, GRAV-2, GRAV-3, GRAVH-1, GRAVH-2,

Gravitational index 9 GRAVH:3, GRAV-4, GRAV-5, GRAV-6

Length over breadth 2 LOBMAX, LOBMIN

Moment of inertia 7 MOMI-X, MOMI-Y, MOMI-Z, MOMI-XY, MOMI-XZ,
MOMI-YZ, MOMI-R

Petitjean shape index 3 geomRadius, ggomDiameter, geomShape

WA .eneg, WA.mass, WA.polar, WA.unity, WA.volume,
WD.eneg, WD.mass, WD.polar, WD.unity, WD.volume,
Wetal.eneg, Wetal.mass, Wetal.polar, Wetal.unity,
Wetal.volume, Weta2.eneg, Weta2.mass, Weta2.polar,
Weta2.unity, Weta2.volume, Weta3.eneg, Weta3.mass,
Weta3.polar, Weta3.unity, Weta3.volume, WK.eneg,
WK.mass, WK.polar, WK.unity, WK.volume,
Wlambdal.eneg, Wlambdal.mass, Wlambdal.polar,

WHIM 65 Wlambdal.unity, Wlambdal.volume, Wlambda2.eneg,
Wlambda2.mass, Wlambda2.polar, Wlambda2.unity,
Wlambda2.volume, Wlambda3.eneg, Wlambda3.mass,
Wlambda3.polar, Wlambda3.unity, Wlambda3.volume,
Whnul.eneg, Wnul.mass, Wnul.polar, Wnul.unity,
Whnul.volume, Wnu2.eneg, Wnu2.mass, Wnu2.polar,
Wnu2.unity, Wnu2.volume, WT.eneg, WT.mass, WT.polar,
WT.unity, WT.volume, WV.eneg, WV.mass, WV.polar,
WV.unity, WV.volume,
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Table A8. MOE descriptors used in this study.

Code Description

ASA Water accessible surface area
ASA H Total hydrophobic surface area
E Potential energy

E ang Angle bend energy

E ele Electrostatic energy

E nb Non-bonded energy

E oop Out of plane energy

E_sol Solvation energy

E stb Stretch bend energy

E str Bond stretch energy

E strain E minus energy of the local minimum
E tor Torsion energy

E vdw Van der Waals energy

PM3 Eele Electronic energy (kcal/mol)
PM3_HF Heat of formation (kcal)
PM3_HOMO HOMO energy (eV)

PM3_IP lonization potential (kcal/mol)
PM3_LUMO LUMO energy (kcal/mol)

pmi Principal moment of inertia
vol Van der Waals volume

VSA Van der Waals surface area
vsurf_A Ampiphilic moment

vsurf CP Critical packing parameter
vsurf_CW1 Capacity factor at -0.2
vsurf_D1 Hydrophobic volume at -0.2
vsurf_DD12 vsurf_ EDminl, vsurf EDmin2 distance

vsurf EDminl
vsurf EWminl
vsurf_G
vsurf_HB1
vsurf_HL1
vsurf_ID1
vsurf W1
vsurf R
vsurf_S
vsurf_V
vsurf_ W1
vsurf_Wp1

Lowest hydrophobic energy
Lowest hydrophilic energy
Surface globularity

H-bond donor capacity at -0.2
First hydrophilic-lipophilic balance
Hydrophobic integy momet at -0.2
Hydrophilic integy moment at -0.2
Surface rugosity

Interaction field area

Interaction field volume
Hydrophilic volume at -0.2

Polar volume at -0.2
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Figure A6. Docked poses of 14 tested compounds (Dataset-1) and their Gold-scores.
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Figure A6 (Continued). Docked poses of 14 tested compounds (Dataset-1).
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Figure A7. Root Mean Square Deviations (RMSD) plots of the complexes and ligands during MD

simulation.

133 | Appendix



Table A9. 30 compounds from the study of Kimet al [171].

Source RdRp Source Structures RdRp
index Structures activity index activity
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Table A9 (Continued). 30 compounds from the study of Kim et al [171].

Source RdRp Source Structures RdRp
index Structures activity index activity
(@20 pMm) (@20 pMm)
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Table A10. Root mean square deviation (RMSD) of re-docking HCV-796 into 3FQK and 3FQL

structure.

Docking/Scoring RMSD (STD) A
3FQL 3FQK
Gold-score 1.89 (0.15) 1.17 (0.01)
Chem-score 2.03 (2.00) 3.79 (3.32)
ASP-score 8.39 (0.55) 5.87 (3.05)
Glide SP 0.96 (0.17) 0.55 (0.01)
P score 1.17 (0.37) 1.43 (0.65)
00’ 00' @U
@i@9@§§p@i@
T GRS bee |[D8e
T2 -____:_—_—_-_.E l- - .. b -
T3 — - |-

ACTTIN T20) T 2

T5 [ ---.l I""""H""I

7 (me| (B8 % [ 9SS

e [N Bee |[998 |

ACTENCTI I T

T11| - e .

T10 . e - - - -

Figure A8. The autoradiography of the HCV NS5B polymerase assays with the inhibitors T1-T11

(dataset-I1). Each compound was tested independently three times.
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Figure A9. Docked poses of 11 tested compounds (Dataset-11) in structure of HCV polymerase genotype

1b Conl (PDB ID: 3FQL) and their Glide SP scores.
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Figure A9 (Continued). Docked poses of 11 tested compounds (Dataset-11) in structure of HCV
polymerase genotype 1b Conl (PDB ID: 3FQL) and their Glide SP scores.
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Figure A10. RMSD plots of the complexes (red) and 11 tested compounds (teal) during MD simulation.
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Figure A10 (Continued). RMSD plots of the complexes (red) and 11 tested compounds (teal) during MD

simulation.

140 |Appendix



\_ Cys316 \ t\(iys316 \/

31 {C Leu314 r~ = ‘
Le:ﬁ{\ *\Cys316 eu 4 ‘\ . Letﬁl{q =
: ‘ Arg200
Arg200
Ser365 / Ser365 ya -
Arg200 \e a Ser365/_
\_ e’/ 7\ I 1\
A = p #
Lo Gln414 L. ’ 7N
- n414 )- Gln414 ).
-~ od® °3%° ¥ == lle363 MK -
/= /
T4 T5 T6
| H HN__O
HN o] n . NO\/s/' Ut o
= g i &?/ \ﬁ \ s Y\N
\ q Zf\N o o
o]

rg200

lle363 __ le363 GIna14 \__
le363 Glna14 \ _ lle 1

- >
- ~ Y

™ - GIna14 -

Figure All. Bound conformations of 11 tested compounds generated from average 100 snapshots of MD

simulations.
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Figure A12. Root Mean Square Deviations (RMSD) of the HCV polymerase (red) complexed with

inhibitor (teal) during 12 ns simulation.
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Figure Al12 (Continued). Root Mean Square Deviations (RMSD) of the HCV polymerase (red)

complexed with inhibitor (teal) during 12 ns simulation.
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Figure A13. Comparison of the flexibility of HCV-NS5B-inhibitor complexes. Compound A and
compound B bound to wild-type HCV NS5B polymerase are shown in the upper part, whereas binding to

the P495A mutant is shown in the lower part.

Table All. Inhibitory profiles and estimated binding free energy calculations (GBTOT) of complex
between inhibitors and HCV polymerases (+ standard deviation) calculated from MM-GB/SA. All
energies are in kcal/mol. Predicted binding free energies were averaged over 100 snapshots during last 2

ns of MD simulation.

Compound A Compound B
Structure
ICs (LM) GBTOT (kcal/mol) ICs (LM) GBTOT (kcal/mol)
WT- 1b 0.15 (£ 0.042) -56.46 (+2.6) 0.27 (+£0.05) -52.22 (+2.5)
P495S >25 -47.76 (£3.4) >32 -48.32 (+3.0)
P495L >25 -47.66 (£2.9) >25 -48.53 (+2.7)
P495A >25 -54.51 (+2.9) 10.6 (¢3.2) -45.03 (+2.3)
P496A 0.52 (+0.16) -57.52 (+3.6) 2.6 (£0.4) -49.20 (+2.6)
P496S 0.53 (+£0.22) -53.58 (+2.5) 3.8 (£2.1) -49.30 (+2.6)
V499A 0.41 (£0.12) -48.61 (+2.5) 0.63 (+0.15) -55.07 (+2.6)
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Table Al12. Per-residue energy (kcal/mol) of the key amino acids in the binding pocket of the wild-type
(WT) and mutant enzymes with compound A and compound B. The grey and red background shading
represents the energy difference of the residue contributions in the mutants that are between 0.5-1

kcal/mol and greater than 1 kcal/mol relative to the wild-type, respectively. The boxes show the mutation

points.
van der Waals (kcal/mol)
3
g Compound A Compound B
® WT P495 P495 P495 P496 P496 V499 WT P495 P495 P495 P496 P49 V499
S L A A S A S L A A S A

32 -18 -0.7 -0.1 -3.9 -0.1 -0.2 0.8 -1.2 0.0 -1.4 -0.6 -0.2 -0.4 -0.1

396 -14 -16 -1.5 -1.6 -1.1 -1.4 -1.5 -14  -13 -1.4 -1.6 -1.0 -1.1 -1.2

428 -24 -18 -2.3 -2.5 -1.9 -2.2 -2.4 22 -14 -2.1 -2.2 -2.0 -1.7 -2.0

492 -18 -0.3 -1.7 -1.4 -2.0 -0.9 -1.4 -1 -16 -1.4 -1.2 -0.9 -1.4 -1.2

493 -10 -11 -0.6 -1.2 -1.7 -1.0 -1.2 -0.3 -0.6 -0.3 -0.3 -0.7 -0.5 -0.7

494 -26 -3.3 -2.6 -2.2 -3.8 -3.1 -3.3 25  -27 -2.2 -2.7 -2.3 -2.1 -2.3

495 33| -22 -2.2 -1.4 -3.4 -3.6 -3.8 -3.0 | -1.8 -2.9 -1.7 -2.9 -3.1 -2.9

49%6 -1.0 -0.7 -0.3 -0.3 -0.2 -0.4 -0.8 -1.1 -1.0 -0.9 -1.3 -0.4 -0.4 -1.4

497 0.0 0.0 0.0 0.0 0.0 0.0 0.0 -0.1  -0.1 0.0 -0.1 -0.1 -0.1 -0.1

498 -0.1 0.0 0.0 0.0 0.0 0.0 0.0 0.8 11 1.0 0.3 0.5 0.4 0.5

499 -03 -0.3 -0.1 -0.1 -0.2 -0.2 -0.1 -0.9 -0.9 -0.9 -0.9 -1.2 -11 -0.7

500 -10 -14 -0.9 -0.9 -1.2 -1.0 -1.1 1.2 -1.2 -1.2 -1.2 -1.5 -1.3 -1.5

51 00 00 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

52 00 00 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 -0.1 0.0 -0.1

503 -0.1 0.7 -0.4 -0.8 0.2 0.1 -0.2 -0.9 -04 -0.8 -0.4 -0.7 -0.7 -0.9
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Table A12 (Continued). Per-residue energy (kcal/mol) of the key amino acids in the binding pocket of the
wild-type (WT) and mutant enzymes with compound A and compound B. The grey and red background
shading represents the energy difference of the residue contributions in the mutants that are between 0.5-1

kcal/mol and greater than 1 kcal/mol relative to the wild-type, respectively. The boxes show the mutation

points.
Electrostatic (kcal/mol)
z
z Compound A Compound B
c
® WT P495 P495 P495 P496 P496 V499 WT P495 P495 P495 P496 P496 V499
S L A A S A S L A A S A
32 - -47.0 -11.8 -20.1 -16.3 -17.9 -53.8 - -5.7 -18.3  -10.1 -8.5 -8.6 -8.9

396 05 -05 0.7 0.9 0.4 0.7 0.5 0.0 0.0 0.0 -0.2 -0.2 -0.1 -0.1

428 0.2 0.5 -0.6 1.2 11 0.0 -0.2 0.1 0.3 0.1 0.0 0.3 0.3 0.0

492 1.7 0.2 1.4 0.7 0.4 0.7 1.2 -04 01 -0.5 -0.3 -0.7 -0.3 -0.5

493 06 -03 0.0 0.8 0.7 0.5 0.6 -04 -0.8 -0.3 -0.4 0.0 -0.3 -1.2

494 24 -2.0 -1.5 -0.3 -2.4 -5.8 -1.8 0.6 0.6 0.4 0.7 0.0 0.5 0.3

495 -2.7 | 5.7 -1.1 -1.5 -1.2 -1.3 -2.6 -3.0 | 43 -2.8 -2.9 -2.5 -3.0 -2.6

496 0.7 1.5 0.8 0.5 1.2 0.5 0.8 -11 -0.8 -0.7 -1.4 -0.4 -6.9 -1.1

497 04 0.5 0.3 0.2 0.5 0.3 0.3 0.0 0.0 0.1 -0.1 -0.1 -0.2 -0.1

498 - -105 -99 -100 -120 -9.3 -9.8 - -556.6 -55.7 -522 551 -55.3 -54.5

499 05 -07 -02 01 04 01| -04 |-13 -11 -13 -13 -11 -16 | -13

500 0.4 0.1 0.0 0.2 0.0 0.6 -01 | -0.8 -0.8 -0.6 -0.9 -0.6 -0.8 -0.6

501 -93 -99 -8.0 -7.9 -9.3 -8.6 -8.4 - -11.7  -120 -122 -16.7 -136 -12.8

502 -0.1 -0.2 0.1 -0.3 -0.8 -0.2 -0.7 -09 -0.8 -0.4 -0.6 -1.2 -0.7 -1.1

503 - 524 -26.1 -249 475 -439 -37.0 - -13.7  -224 -127 -282 -27.8 -26.2
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Table A12 (Continued). Per-residue energy (kcal/mol) of the key amino acids in the binding pocket of the
wild-type (WT) and mutant enzymes with compound A and compound B. The grey and red background
shading represents the energy difference of the residue contributions in the mutants that are between 0.5-1

kcal/mol and greater than 1 kcal/mol relative to the wild-type, respectively. The boxes show the mutation

points.
Polar Solvation (kcal/mol)
g Compound A Compound B
5 WT P495 P495  P495 P496 P496 V499 WT P495 P495 P495 P496 P496 V499
S L A A S A S L A A S A

32 26. 45.1 11.9 22.2 16.4 17.9 49.3 12. 5.7 19.7 10.4 8.7 9.0 9.2
39 -03 0.9 -0.4 -0.7 -0.3 -0.4 -0.4 0.1 0.0 0.0 0.2 0.1 0.1 0.0
42 24 15 3.4 1.7 1.3 2.5 2.7 2.1 15 2.2 15 2.0 1.8 2.1
49 -02 -01 -0.6 0.3 -0.2 -0.4 0.2 0.7 0.6 1.0 0.6 1.2 0.8 0.7
49 01 1.0 0.6 0.9 0.5 0.3 0.1 0.6 11 0.6 0.6 0.7 0.5 1.6
49 35 3.3 2.6 1.9 3.2 4.6 2.7 -0.2 0.1 0.2 -0.1 0.2 0.2 0.1
49 28 6.1 1.3 1.7 1.9 1.9 2.6 3.0 5.2 2.7 3.1 2.7 3.3 2.7
49 -07 -14 -0.8 -0.4 -1.0 -0.5 -0.7 11 0.7 0.6 1.2 0.5 5.1 11
49 -04 -04 -0.3 -0.2 -0.4 -0.3 -0.3 0.0 0.0 -0.1 0.1 0.1 0.2 0.1
49 11. 105 9.9 10.0 12.0 9.3 9.8 48. 51.0 50.9 48.4 50.5 50.6 49.8
49 05 0.7 0.2 0.1 0.4 0.1 0.4 1.3 1.2 1.3 1.3 1.2 15 1.3
50 -04 02 0.2 0.2 0.0 -0.5 0.1 0.8 1.0 0.7 1.1 0.7 1.0 0.7
50 9.2 9.9 8.0 7.9 9.2 8.6 8.4 12. 11.6 12.0 121 16.6 13.5 12.7
50 0.1 0.3 0.0 0.3 0.8 0.2 0.7 0.9 0.9 0.5 0.7 1.3 0.8 1.2
50 39. 487 26.3 25.9 45.1 42.0 36.6 27. 142 23.4 12.9 29.2 28.0 27.6
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Table A12 (Continued). Per-residue energy (kcal/mol) of the key amino acids in the binding pocket of the

wild-type (WT) and mutant enzymes with compound A and compound B. The grey and red background

shading represents the energy difference of the residue contributions in the mutants that are between 0.5-1

kcal/mol and greater than 1 kcal/mol relative to the wild-type, respectively. The boxes show the mutation

points.
Non-Polar Solvation (kcal/mol)

g Compound A Compound B
5 WT P495 P495  P495 P496 P496 V499 WT P495 P495 P495 P496 P496 V499

S L A A S A S L A A S A
32 -04 -04 0.0 -0.6 0.0 0.0 -0.4 -0.4 0.0 -0.3 -0.1 -0.1 -0.1 0.0
39 -01 -01 -0.2 -0.2 -0.2 -0.2 -0.2 -0.1  -0.2 -0.2 -0.2 -0.1 -0.1 -0.1
42 -02 -02 -0.3 -0.3 -0.3 -0.3 -0.2 -0.2 -0.1 -0.2 -0.2 -0.2 -0.2 -0.2
49 -0.1 0.0 -0.2 -0.1 -0.1 -0.1 -0.1 -0.1  -0.2 -0.1 -0.1 -0.1 -0.1 -0.1
49 -01 -02 -0.1 -0.1 -0.1 -0.1 -0.1 0.0 -0.1 0.0 0.0 -0.1 0.0 0.0
49 -02 -0.3 -0.4 -0.3 -0.3 -0.4 -0.2 -0.2 -0.3 -0.3 -0.2 -0.2 -0.2 -0.1
49 -03]| -0.3 -0.4 -0.2 -0.4 -0.4 -0.3 -0.3 | -0.3 -0.4 -0.3 -0.4 -0.3 -0.3
49 -01 -01 0.0 0.0 0.0 -0.1 -0.2 -0.1  -01 -0.1 -0.1 0.0 -0.1 -0.2
49 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
49 0.0 0.0 0.0 0.0 0.0 0.0 0.0 -0.2 -03 -0.2 -0.2 -0.3 -0.2 -0.2
49 00 0.0 0.0 0.0 0.0 0.0 0.0 -0.1  -0.2 -0.1 -0.2 -0.2 -0.2 -0.1
5 -0.1 -0.2 -0.1 -0.1 -0.1 -0.1 -0.1 -0.1  -01 -0.1 -0.1 -0.1 -0.1 -0.1
50 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
50 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
5 -0.3 -0.3 -0.2 -0.3 -0.3 -0.3 -0.2 -0.3  -0.1 -0.2 -0.1 -0.3 -0.3 -0.3
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