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Abstract

Since the deposition of first genome sequence on 9™ June 1982 in the NCBI repository,
the number of genome sequences has been exponentially increasing (~3,52,904 genome
sequences deposited in NCBI covering over 93,618 organisms as per July 12, 2019 RefSeq
Release 95). In the current scenario, on an average each approved drug takes about 14 years from
conception to market and costs approximately $2.6 billion. If computational methods become
mature enough, then one expects significant decrease in cost and time as well as acceleration in
the drug approval process in turn. Advances in computer aided drug design along with rise in the
biological data enables to aim for an automated computer aided drug discovery pipeline, which
can generate a list of hit molecules against any target protein of any pathogen (Chapter 1).

This thesis describes the automation of one such drug discovery pipeline named

Dhanvantari (http://scfbio-iitd.res.in/software/dhanvantari new/Home.html) which connects all

the dots from ‘genome’ to ‘hit molecule’ identification computationally (Chapter 2). The
pipeline starts with input of genome sequence of any pathogen and utilizing the central dogma of
life predicts the corresponding protein sequences. After sequential steps of predicting a good
drug target, its true binding pocket/active site, the pipeline helps in identification of potential hit
molecules against the pathogen. Alternatively one can input gene sequence, protein sequence or
tertiary structure of targeted protein, if available, directly in the pipeline to identify hit molecules
against them. The pipeline works on pathogenic genomes. However, from gene level the pipeline
can work on all organisms including humans. The pipeline is well validated on experimental
data from FDA via in silico testing on 33 protein drug targets from protein level and 3 pathogens

from genome level. The pipeline was able to bracket most of the FDA approved drugs available


http://scfbio-iitd.res.in/software/dhanvantari_new/Home.html

against the test organisms and drug targets which builds confidence in the working of the
pipeline.

Further, to validate the working efficacy of the pipeline, two individual case studies are
conducted, one against Hepatitis B Virus and another against Hepatitis A Virus. In the case of
both these viruses, only preventive vaccines are available till date and no FDA approved small
molecule drug is available (although, a few nucleoside analogs are available in case of HBV).
The pipeline has been used for finding anti-HBV and anti-HAV small molecule inhibitors
against their respective target proteins. The computational findings of the pipeline were validated
experimentally to demonstrate its applicability in solving existing drug discovery problems.

For HBV, two protein targets HBeAg and HBsAg have been targeted (Chapter 3). To
date no small molecule inhibitor is reported to inhibit the production of HBsAg protein. Ours is
first such study. A few other reported inhibitors against HBsAg are able to inhibit its secretion
only. Eight compounds were identified using Dhanvantari protocol as promising hits against
HBV infections. These compounds showed low micro molar scale inhibition in experimental
assays providing a proof of concept.

In case of HAV, which belongs to Picornaviridae family of viruses, the pipeline was
utilized to design generic inhibitors against this family of virus (Chapter 4). Here, 3C protease
has been targeted as this protein is present in most of the viruses of this family. Seven
compounds were identified using Dhanvantari protocol as promising hits against HAV
infections. Also, two molecules are designed taking isatin as a parent scaffold to develop anti-
HAV properties. All the nine compounds showed low micro molar scale inhibition in

experimental assays providing a proof of concept.

Vi



To accelerate the application of the computational ‘genome to hit’ pipeline for identifying
list of hit molecules against viral targets, a database having information of the structural and

functional annotation of viral proteins is needed. Hence, a comprehensive database of 5,930

human host viral proteins is generated, named viHumans (http://scfbio-iitd.res.in/viHumans/)
(Chapter 5). The database covers 1,116 human host viruses comprising 1,116,019 viral proteins.
Information about the genome accession numbers of these viruses, gene and protein names,
protein sequences, modelability index, sequence level annotations, pathways involved,
taxonomic lineages etc. are provided in the database. The database consists of both available as
well predicted information about structures, functions, mechanisms/pathways involved and
functional sites of these proteins along with their known and predicted ligands. Therefore,
viHumans database acts as a comprehensive repository for all the information required to initiate
structure based drug discovery of 5930 viral proteins.

The overall focus of this thesis work has been to put together a complete drug design
software suite with experimental validations using various case studies at different levels

(Chapter 6).
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starts from obtaining 3D coordinates information from crystal
structure, followed by active site-based ligand screening, docking and
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Fig. 4.3.

Fig. 4.4.

Fig. 4.5.

Fig. 4.6.

molecular dynamics simulation studies leading to seven proposed
molecules from ZINC database. Simultaneous iterative modifications
in isatin-based scaffold lead to identification of two best binders
which were then synthesized. All the proposed molecules were tested
against HAV 3C protease via enzyme assays.

ROC curves for four target enzymes (ACHE, ALR2, AMPC and
HIVPR), show threshold of -10 kcal/mol is most significant to
increase the robustness of docking protocol. The ParDOCK docking
protocol was able to remove ~99% of the decoys when the threshold
was set to -10 kcal/mol. The ligand and decoys set was taken from
the DUD site *°. The ROC curve shows that -10 kcal/mol is an
optimum cut off where both the sensitivity and specificity of the
docking protocol is better.

(A) Interaction patterns of initial docked pose and one frame among
the biggest cluster of ligand from 100 ns long molecular dynamics
simulations (complexed with compounds 1-9). The overlapping 2D
poses show hydrophobic and hydrogen bond contacts with the active
site residues of HAV 3C protease between docking versus post
docking stable conformations. The red circles show the common
interacting residues between docking and biggest cluster frame
(BCF) of the respective protein-ligand complex. Blue color denotes
hydrophobic residues of the initial docked pose. Red color residues
(labeled in black) denotes hydrophobic residues of the BCF. Green
color residues are the hydrogen bonding residues. Blue lines and
green lines show hydrogen bonds in docked pose and BCF
respectively. Most of the residues are found to be conserved
maximum number of times during 100 ns molecular dynamics
simulations. These plots have been generated using LIGPLOT
software 58 (B) 3D interactions of the most potent inhibitors
(compounds 6, 8 and 9) in the catalytic site of HAV 3C protease.
Convergence plots of RMSD of ligands and backbones of HAV 3C
proteases bound with compounds 1-9 for a run length of 100 ns in
molecular dynamics simulation studies. The plots show an overall
stability in the trajectories indicating that the protein-ligand
complexes (protein backbone along with compounds) were in their
energetically stable conformations throughout the molecular
dynamics simulations. Compound 5 shows large ligand RMSD
fluctuations but overall stable backbone RMSD.

Binding mode analyses of compound 5 versus compounds 7 and 9 in
complex with HAV 3C protease. Distances between A) Cys172 and
central atom of compound 5, B) Cysl72 and central atom of
compound 7 with an extension of 50 ns molecular dynamics
simulations to check the stability after 90ns peak jump, C) Cys172
and central atom of compound 9 within the binding pocket
throughout the 100 ns molecular dynamics simulations. Binding
mode analyses of compound 5 versus compound 7 shows that the
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Fig. 4.7.

Fig. 4.8.

Fig. 4.9.

Fig. 4.10.

Fig. 4.11

distance between the catalytic site residue Cys172 increases with
respect to time during the molecular dynamics simulations. D) 3D
ball and stick pictorial representation of ligand in active site residues
using PyMOL, shows the drift of compound 5 from docked position
(shown in blue color) to most favorable (biggest cluster) location
(shown in green color) during molecular dynamics simulations.

Plot showing number of hydrogen bonds formed during the 100 ns
molecular dynamics simulations along with fluctuation of hydrogen
bond distance as a function of time for the hydrogen bonds forming
residues for the compounds 6, 8 and 9. The hydrogen bond distance
is calculated between heavy atoms and is within the acceptable limits
(cut off of 3 A donor-acceptor heavy atoms distance and cut off of
120 degrees for bond angles) 61.

Specific sub-sites of HAV 3C protease 20. Residues colored in blue
belong to HAV 3C protease. The sub-sites are named as has been
reported 20 where hydrogen bonding interactions are reported for
main chain N of Vall44 with O of P4-Leu and main-chain O of
Vall44 with N of P2-Ala (or P2-Phe), the main-chain O of Gly194
with N of P3-Ala and the main-chain N of Gly194 with O of P3-Ala
(or P3-Phe) and the main chain N of Gly170 with O of (P1-GlIn). The
work also mentions the S2 site to be formed by the side-chain atoms
of His44, Phe48, Tyrl43, Hisl45 and Leul55 and the main-chain
atoms of His44, Tyr143, Val144 and His145. (Yin et al. have shown
in their work how these residues play roles at S1, S2, and S3 sub-sites
in HAV 3C protease 20).

Superimposition of 3C proteases of picornaviruses showing similar
active site residues (highlighted with blue circles). Red color residues
belong to Hepatitis A virus (PDB ID: 2CXV *'), Dark blue color
residues belong to Human Rhinovirus 14 (PDB ID: 2IN2 ®%), Green
color residues belong to Foot and Mouth Disease Virus (PDB ID:
2BHG %), Yellow color residues belong to Poliovirus (PDB ID:
1L1N ®, Cyan color residues belong to Coxsackievirus B3 (PDB ID:
2VBO0 *). Stick model representation of compound 6 (interacting
with HAV 3C protease). The figure is generated using PyMOL
(https://pymol.org/2/).

Interaction patterns of the nine identified compounds 1-9 showing
hydrophobic and hydrogen bond contacts with the active site residues
of HRV14 3C protease (PDB ID: 2IN2). The interaction diagrams are
of protein-ligand complexes obtained from the best binding docked
poses. These plots have been generated using LIGPLOT software *®
Interaction patterns of the three best proposed compounds 6, 8 and 9
showing hydrogen bonding and van der Waals contact network
shown in 2D, depicting similar patterns of interactions within 3C
proteases of intra-species of picornavirus family, namely Human
Rhinovirus 14, Poliovirus, Coxsackievirus B3, Foot and Mouth
Disease Virus, Enteroviruses EV-D68 and EV-AT71 respectively.
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Fig.
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5.1.

5.2.

5.3.

5.4.

5.5.

5.6.
5.7.

5.8.

These plots have been generated using LIGPLOT software *®,

A Venn diagram representation having unreviewed sequences in
white background and reviewed proteins represented via grey circle.
Different categories of information are represented with different
colors. The number labeled under each category name is the total
number of viral proteins, the labels on the outer side of each color
circles represent the number of unreviewed proteins and inner circle
labels show reviewed proteins having experimental information
available for that category.

The work flow of database generation. The numbers in red highlight
the number of viral proteins available/predicted at each step.

Number of predicted/modeled viral proteins falling under in three
different score-bins of SDIndex obtained is shown.

Number of proteins predicted via I-TASSER and RaptorX
individually as well as by both

Number of proteins for which active sites/binding pockets and
ligands are predicted via I-TASSER and RaptorX. The prediction of
active sites and ligands for experimental structures is also shown.

A depiction of information provided at viHumans database

Post database generation structural, functional, binding pockets and
hit molecules annotations have increased as seen by the pie charts
above. The red color represents the experimentally known section,
blue represents the predicted section and yellow denotes the section
which  was neither experimentally know nor could be
computationally predicted. The panel shows percentage distribution
of the 5930 viral proteins on the basis of four categories, namely 3D
structure availability, active site(s) availability, function(s)/role(s)
availability and small molecule binders/ligands availability.

Database schema of viHumans. Primary keys are shown in blue
highlighted boxes and the foreign keys (FK) are represented by italics
and underlining.
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Table 2.3.

Table 2.4.

Table 2.5.

Table 2.6.

Table 3.1.

Table 3.2.

Table 3.3.

Table 3.4.

Table 4.1.

List of Tables

List of software available under each category of CADD and their
availability and usage is shown below.

Three case studies from genome to hits of the Dhanvantari pipeline,
viz. Staphylococcus aureus, Human Immunodeficiency Virus and
Influenza A virus. The Genome reference, Protein Ids, Protein name,
RMSD values of the target proteins (experimental versus the
modeled) and the cavity points identified compared with literature.
The first ranked modeled proteins from the Dhanvantari pipeline
were taken in each case.

Experimental and predicted binding free energy data for
Staphylococcus aureus against available FDA drugs.

Experimental and predicted binding free energy data for HIV against
available FDA drugs

Experimental and predicted binding free energy data for Influenza A
Virus against available FDA drugs.

Compute resources and time consumption of each module of the
genome to hit pipeline. The compute time (exclusive of the in queue
timing) is noted for the jobs once they are in their running status

The validation of genome to hits pipeline on major deadliest
(infectious and non-infectious) diseases including 33 protein targets
and 111 FDA drugs. The FDA drugs known against each target were
screened through the pipeline. Out of 111, 100 FDA drugs were
filtered out as hits via pipeline.

Predicted free binding energies for all the eight Molecules against
HBeAg protein calculated using ParDOCK (for docking score) and
using AMBER (for average values during MD simulations). The
comparison with other docking tools has been done to cross-validate
the molecular binding efficacy.

ICso values (uM) for lamivudine-sensitive Wild type (Wt) and
lamivudine-resistant rtM2041 mutant HBV encoded HBeAg and
HBsAQ.

Predicted free binding energies for molecule 6 and 7 against HBsAg
protein calculated using ParDOCK (for docking score) and using
AMBER (for average values during MD simulations). The
comparison with other docking tools has been done to cross-validate
the molecular binding efficacy.

Structural similarity based on Tanimoto coefficients between
chemical compounds identified in published reports and molecule 6
and 7 identified in this study.

Some case studies (target enzymes) checked against DUD decoys
dataset above and below threshold value of -5 kcal/mol, -8 kcal/mol,
-10 kcal/mol and -12 kcal/mol. The decoy dataset and target
information was taken from DUD download site *°. This check was
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Table 4.2.

Table 4.3.

Table 4.4.

Table 4.5.

Table 4.6.

Table 4.7.

Table 5.1.

Table 5.2.

Table 5.3.

Table 5.4.

Table 5.5.

Table 5.6.

Table 5.7.

performed to validate the docking protocol. The specificity and
sensitivity were calculated using the different True positives (TP),
True Negatives (TN), False Positives (FP) and False Negatives (FN)
for four target enzymes at various cut off values of threshold viz. -5
kcal/mol, -8 kcal/mol, -10 kcal/mol and -12 kcal/mol. The sensitivity
and specificity at threshold of -10kcal/mol was found to be optimum.
Molecular structural formulas of compounds identified with
molecular weights (in Daltons) and corresponding inhibition
constants (K; in puM, obtained experimentally) of HAV and HRV14
3C proteases.

IUPAC names and Zinc IDs of the compounds 1-9 identified against
Hepatitis A Virus 3C protease.

Data on predicted binding free energies (in kcal/mol) of compounds
1-9 with HAV 3C protease using ParDOCK, AutoDock 59,
SwissDock 60, MMBAPPL, MMGBSA and MMPBSA along with
the experimentally obtained Ki values. The MMBAPPL, MMGBSA
and MMPBSA scores are obtained from 100 ns molecular dynamics
simulations run.

Active site residues and similarity scores for 3C proteases of 14
species of the Picornaviridae family predicted using PocketMatch .
Predicted binding free energies (in kcal/mol) of compounds 1-9 with
3C proteases from different members of picornaviruses, obtained
after docking and scoring.

Computationally predicted ADME properties 67 of the identified
compounds 1-9.

Data on number of associated orders, families, genera, species and
strains of human host viruses in case of reviewed and unreviewed
protein sequences.

A brief summary of collection tools used in the viHumans database
for gathering basic and taxonomic information of all the 1,116,019
viral proteins.

A Dbrief summary of collection and identification/prediction tools
used in the viHumans database for inhibitors/hit molecules
information of all the 5930 viral proteins.

A brief description of function prediction software used for
functional characterization.

A Dbrief summary of the methods/tools used for features
compilation/prediction at protein structure level along with their
availability.

A brief summary of ligand binding site identification/prediction tools
used in the viHumans database for ligand binding site prediction of
all the 5248 modeled and 592 experimentally known structures.

A brief summary of collection and identification/prediction tools
used in the viHumans database for inhibitors/hit molecules
information of all the 5930 viral proteins.
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Table 5.8. A summary of search keywords which can be used for a systematic 159
and specific browsing of the database.
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