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In order to precisely and efficiently predict the binding potentials of test
compounds against proteins involved in a molecular pathway, we have developed a network
pharmacology-based prediction pipeline. By assessing the correlations between the prediction scores and
the experimental binding affinities, our prediction method shown a good performance in predicting the
binding potentials (R >0.8).

Additionally, we predicted the selectivity of various kinase inhibitors by comparing with known bioassay
results, showing a good consistency. The relevant research results have been published on high-impact
journals. We have also applied it to several joined projects helping collaborators, including those in
Systems Biology Institute (SBI, Tokyo) and The University of Tokyo (IMSUT), to identify druggable
molecules. A publicly accessible website called “ systemsDock” (http://systemsdock.unit.oist.jp/) has
been published, dedicating our achievements to the community of drug discovery.
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Molecular docking simulation is an important
tool used in the discovery of lead compounds
for drug design. However the generaly
unreliable results obtained by the currently
available docking tools may be ascribed to
several methodological defects: (a) the scoring
functions are over-simplified (e.g. use of point
charges) in order to caculate protein-ligand
binding potentia rapidly, (b) training sets only
provide reliable information for particular
protein families’, (c) protein flexibility and
solvent-related terms are only taken into
account in avery primitive way.

With the massively parallel computing power
now available within our university (OIST), |
proposed to develop an Intelligent Dynamic
Docking Pipeline (IDDP) which applies
machine learning algorithms and  will
incorporate molecular dynamics and hybridized
guantum  mechanics/molecular  mechanics
(QM/MM). The development of IDDP will
provide a major advance in the quality and
reliability of such docking simulations. The
proposed development builds on an existing
prototype platform® which uses multiple
docking programs together with in-house
machine learning algorithms and has already
resulted in significantly improved docking
simulations (the black bar in Figure 1).

Molecular docking agorithms have been
developed over the last decade and are now
widely used in industry and academia. Docking
packages commonly used in the pharmaceutical
industry, include Surflex, LigandFit, Glide,
GOLD, FlexX, eHiTS and AutoDock. The
prediction reliability is however still limited®
(the white bars in Figure 1) and to address this,
many approaches have been developed. For
example consensus docking to select a correct
binding mode* and rescoring to rerank the
docked poses; both gave modest improvements.

Our in-house tests, however, show that the best
Pearson correlation coefficient measured
between the predicted and experimental binding
affinity was only up to 0.45. Such poor
reliability leads to unnecessary experimenta
testing and increased costs in the drug

discovery process. Thus, correctly predicting
the binding energy of a given protein-ligand
complex continues being one of the most
important and difficult issues in the application
of the docking simulation.

Molecular Dynamics (MD) simulations can
provide an accurate description of ligand
binding that takes into account the flexibility of
both the protein and the ligand. Detailed
simulations (50 to 100 ns) of protein-ligand
complexes can, however, take days of processor
time and this has been a barrier to the routine
use of the technique in ligand-docking studies.
New docking protocols are being developed
that alow faster sampling times. Our
preliminary studies using the Desmond package
have shown that it will be possible to
incorporate MD into the IDDP to screen alarge
number of docked ligandsin areasonable time.

A magor weakness in al current scoring
functions is the use of fixed point charges in
determining €electrostatic binding energy. A
guantum mechanical description of ligand
interactions alows a more realistic description
to account for dipole-dipole and charge-transfer
interactions8. We have recently obtained the
QM/MM module from Schrodingers Small-
Molecule Drug Discovery Suite which will be
used to caculate electrostatic interaction
energies in the final steps of docking simulation.
The IDDP incorporating both MD and QM/MM
will in the first instance be extensively tested
against the PDBbind database of well-
characterized protein-ligand complexes. This
will dlow tuning of the machine learning
algorithms and should result in a significant
improvement in the correlation between
experimental and predicted binding energies
(dashed-line bar in Figure 1). Thiswill open the
door to a “systems pharmacology” approach by
for example testing lead compounds for off-
target binding (e.g. by determining the binding
(specificity) of a particular inhibitor with the
proteins in the influenza pathway namely
FluMap”).
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Figure 1. Performance of various docking
simulations using PDBbind version 2007
benchmark (1300 complexes). Values are the
correlations between the calculated docking
scores and the corresponding experimental
affinities. White bars are the nine commonly
used docking programs. Gray bar is a consensus
method combining the features of seven
docking tools. Black bar is the IDDP version 1,
and the dashed bar is the target for IDDP
version 2.

Molecular docking has been heavily used in
rational drug design for decades but the
reliability still remains unsatisfactory because
of unfavorable scoring functions and
methodological defects. We aim to further
develop our Intelligent Dynamic Docking
Pipeline program package for application in
“systems pharmacology” that will provide a
step change in accuracy and reliability by
including  machine  learning,  quantum
mechanics / molecular mechanics (QM/MM)
and molecular dynamics approaches.

We aim to expand on our existing programs to
develop an Intelligent Dynamic Docking
Pipeline for molecular docking which will
include machine learning, molecular dynamics
(MD) and hybridized quantum mechanics /
molecular mechanics (QM/MM). The steps in
our existing and planned program package are
shown in Figure 2. The current version can
select protein targets (steps 1 and 2), run
docking simulations using multiple docking
tools (step 3) and analyze results using machine
learning algorithms (steps 4 and 5) and already
provides a major improvement in prediction

reliability (see Figure 1). The incorporation of
MD and QM/MM (steps 6 and 7) in this
workflow will provide more accurate values for
binding energies. Our university HPC equipped
with > 3,000 CPUs provides the resource for
these CPU-intensive simulations. Works of the
system development are described as following:
1) Machine learning systems: We will apply
multiple docking tools (e.g. eHiTS, GOLD and
AutoDock VINA) together with the machine
learning algorithms to reduce the error caused
by individual tools. We have initially developed
the prototype of a learning model showing an
outperformance compared with other methods
(the black bar in Figure 1) but further
optimization is needed. We will optimize two
machine learning systems using the algorithms
of Random Forest (used in step 4, Fig 2) and
multinomial logistic regression (step 5, Fig 2).
We will also experiment with other algorithms
(e.g. Decision Tree and SOMs).

2) Application of MD: for speed, the
conformational change and energy
minimization of the overall complex is
neglected in a conventional docking simulation.
Docking tools are also commonly not good at
handling the presence of water molecules or
metals in the binding interaction. The
application of MD is expected to overcome
those limitations. Different protocols for
running MD simulations (e.g. time, temperature,
incorporation of solvent etc.) will be tested for
screening ligand complexes using the Desmond
package.

3) Correations between the predicted and
experimental binding affinities: we will use the
PDBbind’ database (~3000 complexes) for the
validation. Many of the proposed scoring
functions were built and validated using
PDBbind, thus we can conduct a direct
comparison with those functions. Our target is
to achieve a correlation coefficient > 0.8.

4) Case study of target identification for kinase
inhibitors: We will apply our program package
to screen a set of test compounds (leads/drugs)
against proteins involved in the MAPK
pathway (e.g. B-Raf, MEK and ERK), to
identify the potential on-/off-target binding
responsible for drug effects and toxicity. The
MAPK pathway and bioassay validation data




will be provided through the collaborations
with the Systems Biology Institute (SBI,
Tokyo) and The Institute of Medical Science,

The University of Tokyo.
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Figure 2. Schema of the Intelligent Dynamlc
Docking Pipeline for a systems pharmacology
study. (1) a signaling network is firstly curated.
(2) the identities of those proteins involved in
the network are retrieved for looking up the
corresponding protein structures in 3D through
a built protein identity-to-structure mapping
system. (3) multiple docking tools are applied
to generate binding modes. (4) the docking
scores of each generated binding mode are
calculated by the machine learning system A.
(5) the most predictive binding mode is then
identified by the machine learning system B. (6)
the application of MD is to refine the selected
docking pose after docking simulation. (7)
hybridized QM/MM is applied to calculate the
binding potential. (8) and (9) finally, the
calculated binding potentials are converted into
a white-to-red color scale through a GUI
interface to visualize the binding strength, and
are projected on the network map for a
comprehensive inspection.

In order to precisely and efficiently predict the
binding potentials of test compounds against
proteins involved in a molecular pathway, we
have developed a network pharmacology-based
prediction pipeline. It is mainly composed of a
high-precision scoring function for molecular
simulation with a well-designed machine
learning model. This pipeline enables
researchers to predictively screen a large

number of small molecules over a complex
molecular pathway, allowing comprehensively
identifying the on-/off-targets.

For prediction validation, we tested our method
using PDBbind dataset, containing about three
thousand  protein-ligand  complexes. By
assessing the correlations between the
prediction scores and the experimental binding
affinities, it shown a good performance in
predicting the binding potentials. The
correlations have been improved to >0.8
(Figure 3). Additionally, we predicted the
selectivity of various kinase inhibitors by
comparing with known bioassay results,
showing a good consistency (Figure 4).

0.82

0.8 commercial / academic-free docking tools
o7 o )
H a method combines six docking tools
20
‘é 0.5 | ™ our method 045 0-48
£
o
004 033 033
803 024 025 025 026
4
202
o 01 o 1
0.1
0
09 X e A% * (N ° e &
;\ed* a“°:1s IV 500 c,\\d o 20 @ o 50; sog‘ o

Tools \M"

Figure 3. Performance of our method in
docking simulation compared with others.

The relevant research results have been
published on high-impact journals, including
Nucleic Acids Research, Scientific Reports and
IEEE. We have also applied it to several joined
projects helping collaborators, including those
in Systems Biology Institute (SBI, Tokyo) and
The University of Tokyo (IMSUT), to identify
druggable molecules. We have also developed a
publicly accessible website called
“systemsDock” for investigating "systems
pharmacology" of a given compound, sharing
the screening facility to researchers and
dedicating our achievements to the community
of drug discovery. The website is now available
at http://systemsdock.unit.oist.jp/ (Figure 5).
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Figure 4. A comparison was conducted using
the screening approach proposed in this study
(blue bars) and bioassay resultsé(red bars). The
calculation of a predicted selectivity score is "S
= number of kinases docked with score pKd
>5.52/total number of kinases tested", whereas
the experimental selectivity scores is "S =
number of kinases found to bind with Kd <3
uM/number of kinases tested”. A compound
with a lower selectivity score indicates that it
actively interacts with a small number of target
proteins, implying a lower potential for off-
target effects. Trendlines are the 2" order
polynomial regression functions. In most cases,
screening accurately predicted the actual
calculated binding constants; however, in some
cases, screening predicted significantly higher
binding constants than experimental data
revealed, while no significant underestimates
were observed.
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Figure 5. Screenshots of the systemsDock web
interface (http://systemsdock.unit.oist.jp). (A)
Interactive  functions for binding site
specifications are accessed by clicking on the
displayed protein structure or amino acids listed
in the sequence table to define the location of
the preferred binding site. Users can adjust x-y-
z coordinates to refine the location. (B) Links
are provided for the test compound in external
databases, as well as to visualize the compound
in 3D. (C) Prediction results are furnished in an
interactive histogram. Docking scores for each

compound are grouped by proteins. By clicking
on one of the bars, molecular binding
interactions can be graphically shown in 2D/3D
for structure-based investigation as shown in
(F). (D and E) Visualizing results through a
pathway map provided by the user or using a
heat map. Colors of proteins are displayed as
white-to-red scales or as white and red
according to the docking scores. Click on a
colored node (i.e. protein) to display binding
interactions in 2D/3D as shown in (F). (F)
Visualizing protein?ligand binding interactions
of the test compound or native ligand in 2D/3D.
Protein residues involved in the binding
interaction are automatically identified. For
reference, those that interacted with a native
ligand, if available, are also listed. Clicking on
any of the residue entries listed allows users to
center and display the specified residue for
closer inspection.
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