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ABSTRACT: In the realm of medicinal chemistry, the primary objective is to swiftly optimize a multitude of chemical properties of
a set of compounds to yield a clinical candidate poised for clinical trials. In recent years, two computational techniques, machine
learning (ML) and physics-based methods, have evolved substantially and are now frequently incorporated into the medicinal
chemist’s toolbox to enhance the e ciency of both hit optimization and candidate design. Both computational methods come with
their own set of limitations, and they are often used independently of each other. ML'’s capability to screen extensive compound
libraries expediently is tempered by its reliance on quality data, which can be scarce especially during early-stage optimization.
Contrarily, physics-based approaches like free energy perturbation (FEP) are frequently constrained by low throughput and high
cost by comparison; however, physics-based methods are capable of making highly accurate binding a nity predictions. In this
study, we harnessed the strength of FEP to overcome data paucity in ML by generating virtual activity data sets which then inform
the training of algorithms. Here, we show that ML algorithms trained with an FEP-augmented data set could achieve comparable
predictive accuracy to data sets trained on experimental data from biological assays. Throughout the paper, we emphasize key
mechanistic considerations that must be taken into account when aiming to augment data sets and lay the groundwork for successful
implementation. Ultimately, the study advocates for the synergy of physics-based methods and ML to expedite the lead optimization
process. We believe that the physics-based augmentation of ML will significantly benefit drug discovery, as these techniques continue
to evolve.

I INTRODUCTION such reductionistic approaches did not displace emergent
The key task of medicinal chemistry is to expeditiously analysis in the lead optimization and candidate selection
optimize a wide array of physical, chemical, and biological phases of preclinical development, where drug metabolism and
properties for a chemical library leading to a quality clinical pharmacokinetics along with pharmacodynamics (DMPK/PD)
candidate for clinical trials. Medicinal chemistry has been analysis frequently is not reducible to a single discrete target.
largely unchanged in its approach to this task since Paul This is especially true regarding tissue distribution behaviors

Ehrlich, Alfred Bergheim, and Sahachiro Hata first used
phenotypic screening across hundreds of compounds to
identify Salvarsan, the first e ective treatment for syphilis.*

and the complex interplay between transport proteins and
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approach can be sensitive to serendipity as a consequence (e.g., Published: April 23, 2024

the magic methyl).>~> Target-based drug discovery added to
the traditionally empirical methods of medicinal chemistry, but

© 2024 The Authors. Published by . .
American Chemical Society https://doi.org/10.1021/acs.jcim.4c00071

v ACS Publications 3812 J. Chem. Inf. Model. 2024, 64, 3812—3825


https://pubs.acs.org/action/doSearch?field1=Contrib&text1="Pieter+B.+Burger"&field2=AllField&text2=&publication=&accessType=allContent&Earliest=&ref=pdf
https://pubs.acs.org/action/doSearch?field1=Contrib&text1="Xiaohu+Hu"&field2=AllField&text2=&publication=&accessType=allContent&Earliest=&ref=pdf
https://pubs.acs.org/action/doSearch?field1=Contrib&text1="Ilya+Balabin"&field2=AllField&text2=&publication=&accessType=allContent&Earliest=&ref=pdf
https://pubs.acs.org/action/doSearch?field1=Contrib&text1="Morne%CC%81+Muller"&field2=AllField&text2=&publication=&accessType=allContent&Earliest=&ref=pdf
https://pubs.acs.org/action/doSearch?field1=Contrib&text1="Megan+Stanley"&field2=AllField&text2=&publication=&accessType=allContent&Earliest=&ref=pdf
https://pubs.acs.org/action/doSearch?field1=Contrib&text1="Fourie+Joubert"&field2=AllField&text2=&publication=&accessType=allContent&Earliest=&ref=pdf
https://pubs.acs.org/action/doSearch?field1=Contrib&text1="Thomas+M.+Kaiser"&field2=AllField&text2=&publication=&accessType=allContent&Earliest=&ref=pdf
https://pubs.acs.org/action/doSearch?field1=Contrib&text1="Thomas+M.+Kaiser"&field2=AllField&text2=&publication=&accessType=allContent&Earliest=&ref=pdf
https://pubs.acs.org/action/showCitFormats?doi=10.1021/acs.jcim.4c00071&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.jcim.4c00071?ref=pdf
https://pubs.acs.org/doi/10.1021/acs.jcim.4c00071?goto=articleMetrics&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.jcim.4c00071?goto=recommendations&?ref=pdf
https://pubs.acs.org/doi/10.1021/acs.jcim.4c00071?goto=supporting-info&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.jcim.4c00071?fig=tgr1&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.jcim.4c00071?fig=tgr1&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.jcim.4c00071?fig=tgr1&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.jcim.4c00071?fig=tgr1&ref=pdf
https://pubs.acs.org/toc/jcisd8/64/9?ref=pdf
https://pubs.acs.org/toc/jcisd8/64/9?ref=pdf
https://pubs.acs.org/toc/jcisd8/64/9?ref=pdf
https://pubs.acs.org/toc/jcisd8/64/9?ref=pdf
pubs.acs.org/jcim?ref=pdf
https://pubs.acs.org?ref=pdf
https://pubs.acs.org?ref=pdf
https://doi.org/10.1021/acs.jcim.4c00071?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://pubs.acs.org/jcim?ref=pdf
https://pubs.acs.org/jcim?ref=pdf
https://acsopenscience.org/researchers/open-access/
https://creativecommons.org/licenses/by-nc-nd/4.0/
https://creativecommons.org/licenses/by-nc-nd/4.0/
https://creativecommons.org/licenses/by-nc-nd/4.0/
https://creativecommons.org/licenses/by-nc-nd/4.0/
https://creativecommons.org/licenses/by-nc-nd/4.0/

Journal of Chemical Information and Modeling

pubs.acs.org/jcim

compound membrane flux.®"*® However, the field of
quantitative structure—activity relationships (QSAR) enabled
the generation of mathematical trends which anticipated
structural properties responsible for desirable and undesirable
DMPK/PD behaviors within a series."" Machine learning
(ML) was initially explored as a component within QSAR
modeling. However, the success of ML across a wide array of
properties including absorption, distribution, metabolism,
excretion, and toxicity (ADMET), potency, selectivity, and
synthetic problems resulted in ML in medicinal chemistry
being established as an independent investigational field
outside of traditional QSAR.**~*" While ML can perform a
virtual screen of millions to billions of drug-like compounds in
a matter of hours to weeks, the learning aspect of ML requires
the existence of abundant, high-quality information from which
rules are learned.

This need for structure—activity relationship (SAR) training
information can profoundly limit the application of ML
methods in the lead optimization and candidate selection
stages of a medicinal chemistry program, where a novel
problem may suddenly arise. This is especially true for
problems where limited SAR exists concerning the new
impediment. If a team desires a predictive ML algorithm for
a late-stage problem, then the acquisition of SAR tables capable
of training ML algorithms can be slow and expensive.
Therefore, methods that allow ML to work on problems
with information paucity are desirable. We envision two
approaches for the treatment of this problem: ML methods
development (e.g., few-shot learning) or data set augmentation
through the use of physics-based calculations. Machine
learning methods which have been developed to tackle the
lack of large data sets for key medicinal chemistry design
concerns include a variety of deep learning architectures like
few-shot/one-shot learning and transfer learning."®*° Transfer
learning research applied to chemical biology seeks to identify
methods of learning that can train in domains of information
abundance like synthetic organic chemical reactivity and then
work in low-information arenas like metabolism prediction.”®
One of the concerns for ML, especially when applied to
information-poor property prediction, is that the ML model
will have low generalization to the desired task. One of the key
interests in few-shot learning is data augmentation to enhance
the supervised learning experience.® We have been similarly
interested in data augmentation approaches to information
paucity, but our interest has been in physics-based methods as
a means to perform data augmentation with directly relevant
information.”* Physics-based methods for the calculation in
binding a nities, relative or absolute, have seen a substantial
body of work evaluating free energy perturbation (FEP)
methods as well as others like thermodynamic integration
(TI).22_27

The utility of FEP is especially promising, where there is
interest in predicting the potency of interaction between a
small molecule and a single biological target. Such calculations
can aid the design of compounds where a team desires to tune
in potency on a desired target (e.g., to facilitate polypharma-
cology) or remove potency for an o -target.”® As an example,
kinase selectivity can be a core design task from the very
beginning of a discovery program or a design problem that is
revealed in the later stages of a drug development program.?*=°
Large-scale FEP initiatives as a means to correct an ML
predictor through active learning have previously demon-
strated their e ectiveness in enriching active compounds
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during medicinal chemistry campaigns.**~*® However, the
ability to augment a sparse initial structure—activity data set for
machine learning with theoretical activity data through FEP
has not been well explored. We envisioned that FEP-
augmented ML, using virtual data sets composed of hundreds
of compounds’ theoretical 1C5, values calculated through FEP,
could generate highly accurate predictor algorithms via ML in
a much shorter time frame than wet lab experimental work.
The ML algorithm trained on those hundreds of theoretical
data points would then enable an ML exploration of tens of
millions of possible drug-like synthetic targets quickly. The
reason for such a hybrid approach is that the current
computational expense of FEP precludes the exploration of
millions of synthetic candidates within a given sca old by using
FEP alone. FEP has a well-established error profile,”* and we
explored the introduction of classification error that we would
expect from a typical data set produced by FEP across several
biological targets.”* We found that a Naive Bayes Network and
a Random Forest (RF) could both be trained to produce viable
predictive algorithms when using training data sets with an
error profile resembling that of FEP. However, we desired a
real test case of using FEP to generate theoretical I1Csy's for
chemical structures and then evaluating the benefit of such a
virtual data set for the training of ML algorithms. We therefore
explored the cSrc series as reported by Apsel et al.** as a useful
retrospective test case for FEP-augmented ML.

B vetHobs

Protein Preparation. The protein structures utilized in
this study (PDBid: 3EN4, 3EN5, 3EN6, and 3EN7) were
obtained from the Protein Data Bank (PDB). Subsequently,
they underwent preparation using the Protein Preparation
Wizard within the Maestro Molecular Modeling Suite
(Schradinger Release 2022-3: Maestro, Schrodinger, LLC,
New York, NY, 2021). The protein structures were subjected
to several preparation steps. First, hydrogen atoms were added
and disulfide bonds were created. The protonation states of
heteroatoms were then generated using , with a pH value
set to 7.0 and a pH tolerance ApH =+ 2.0, corresponding to a
charge state population cuto of 1% (= exp(—In(10)
ApH)). Water molecules located beyond 5 A of heteroatoms
were removed. Additionally, any missing side chains were
added using . Special attention was dedicated to residues
within the active site during the preparation process.
Specifically, residue D404 of PDBid 3EN4 was resolved by
considering two equally populated average occupancy
positions. Following a thorough visual inspection, the first
position was selected for further analysis. To optimize the
protonation state and orientation of side chains at pH 7.0, the
Interactive H-Bond Optimizer, which used , was
employed. Visual inspection was used to do the final
protonation and side-chain orientation assignment with special
focus given to histidines, charged amino acids, and residues
within the active site. Restrained minimization of hydrogen
atoms only was followed by a full atom minimization with a
convergence of heavy atoms to root mean square deviation
(RMSD) 0.3 A using the OPLS4 force field.

Loop Generation. The missing loops in the PDB
structures (PDBid 3EN4 and 3EN5) were generated by
using the homology modeling module within the Maestro
Molecular Modeling Suite. The crystallized domain sequences
of PDBid 3EN4 and 3EN5 were extracted from PDBid 3EN?7,
serving as references for generating the homology models.

https://doi.org/10.1021/acs.jcim.4c00071
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Utilizing PDBid 3EN4 and 3ENS5 as templates, models of the
3EN4 and 3ENS structures, including their respective ligands,
were generated. The model settings utilized in this study
involved minimizing all nontemplate residues to optimize their
positions and conformations within the model. Rotamers were
preserved to retain the original orientations of conserved
residues, while side chains (excluding conserved residues) were
optimized to refine their orientations. Additionally, insertions
were limited to a maximum of 20 residues, controlling the
length of the added segments during the model generation
process. Using the energy-based method, a single model was
generated while leaving all other parameters at their default
values. The resulting models were then prepared for
simulations by following the procedures outlined in the
protein preparation section.

Molecular Dynamics (MD). We prepared the protein
structures for molecular dynamic (MD) simulations utilizing
the System Builder module found in Desmond (Schradinger
Release 2022-3: Desmond Molecular Dynamics System, D. E.
Shaw Research, New York, NY, 2022. Maestro-Desmond
Interoperability Tools, Schrodinger, New York, NY, 2022). An
orthorhombic box shape was used to solvate the system using
an SPC water model with a bu er size of 10 A. Neutralizing
atoms were added, and a 0.15 M Na*/CI~ concentration was
applied. We chose the OPLS4 force field for the simulations.
The protein—ligand complex, once solvated, was imported into
Desmond’s Molecular Dynamics module. The parameters for
the simulation of the molecule’s dynamics were then defined as
follows: The simulations were conducted under the NPT
ensemble class at 300 K and 1.01325 bar. Prior to the
simulation, the model was relaxed using the relaxation protocol
provided by Desmond. Simulations were executed for the
duration of 10 or 500 ns. The 10 ns simulation was followed by
an evaluation and then capture of the protein structure at the
1.2 ns mark. The remaining parameters remained unaltered
and are documented in the Desmond user guide. The results of
the simulations are presented in the simulation report, which
can be found in the Supporting Information section under MD
reports.

Ligand Preparation. All ligands were prepared using the

. The OPLS4 force field was selected, compounds were
desalted, the specified chiralities were retained, and the
protonation states were determined at pH 7.0 and ApH of
+2.0 using . In the case where the chiral centers were not
specified all possible stereoisomers associated with the chiral
centers were generated manually and added to the compound
list. All other parameters were unchanged. All structures used
in FEP+ calculations can be found in the Supporting
Information (Compound List).

Molecular Docking. All molecular docking in this study
was performed using Glide Schradinger Release 2022-2: Glide,
Schrodinger, LLC, New York, NY, 2022. Two general
methodologies were used during docking, constrained and
unconstrained docking. The methods for both methods are
described below:

Unconstrained Docking. The Receptor Grid Generator
panel was used to generate the Grid for docking. The
geometric center of the reference ligand within the protein—
ligand complex was selected and used as the center of the
docking grid. Aromatic hydrogens were included as hydrogen
bond donors, and halogens were included as acceptors. No
other changes were made to the standard Grid generation
protocol (Schrodinger Documentation). The Standard Pre-
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cision (SP) docking scoring function was used during docking,
with ligands being treated flexibly. Depending on the aim of
the docking study, between 1 and 5 poses were written out
after postdocking minimization (between 1 and 5 poses were
subjected to minimization). All other parameters were
unchanged from those in the standard Glide docking protocol.

Constrained Docking. The Receptor Grid Generator panel
was used to generate the grid for docking. The geometric
center of the reference ligand within the protein—ligand
complex was selected and used as the center of the docking
grid. Aromatic hydrogens were included as hydrogen bond
donors and halogens as acceptors. The van der Waals radii of
the receptor atoms were scaled to 0.8 to soften the potential of
the nonpolar part of the receptor. No other changes were made
to the standard grid generation protocol (Schrodinger
Documentation). The SP docking scoring function was used
during docking, with ligands being treated flexibly. Depending
on the aim of docking study, between 1 and 5 poses were
written out after postdocking minimization (between 1 and 5
poses were subjected to minimization). Core constraints were
placed on ligands being docked by selecting the ligand within
the protein—ligand complex as a reference. A core pattern
comparison was applied to ligands being docked, and the
overall atom positions were restricted between 0.4 and 0.7 A of
the reference compound’s position. The core atoms were
determined by applying the maximum common substructure
(MCS) algorithm. Compounds that failed to dock using the
above parameter were aligned using the Ligand Alignment
protocol. In this case, the ligand from the protein—ligand
complex was selected as a reference structure and aligned using
MCS as a method of alignment. This was followed by a visual
inspection of the protein—ligand complex to identify gross
overlap of atoms within the pocket that would allow for failures
during simulations. All other parameters were unchanged from
the standard Glide docking protocol.

Positioning of the Reference Structures. For Sca old 1,
the starting point for the MD simulation was determined by
docking compound PP56 to the 3EN4 structure. Figure 1C
depicts the reference structures of all 3 sca olds used in the
FEP calculations. The docking process utilized the MCS as the
constraint criteria, aligning PP56 with compound PP121 co-
resolved within this structure. In the case of the type 1 1/2
kinase inhibitor structure PDBid 3EN5, compound PP494 was
used as the starting point for the MD simulation. For Sca old
2, the resolved conformation of PP121 was used in the
simulations involving the PDBid 3EN4 structure, whereas
constraint molecular docking, as described above, was used to
dock PP121 to the 3EN5 structure. For Sca old 3, a similar
approach was employed to position compound PP102 in the
docking reference structure in both the 3EN4 and 3EN5
structures. During the docking process, we permitted the
generation of two to four docked poses for each compound.
From these generated poses, we selected two representative
poses that captured the dual binding pose observed in some
compounds. In cases where a compound could only adopt a
single binding mode, we chose the pose with the lowest
docking energy i.e., a compound like PP56 that has a para-
substituted phenol. Next, for compounds capable of assuming
two di erent binding poses, we selected the lowest-energy
docking pose for each binding mode (similar to S1_a and
S1 b). However, in cases where compounds did not produce
both of the expected binding poses during the docking process,
we conducted further investigation into their potential binding

https://doi.org/10.1021/acs.jcim.4c00071
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Figure 1. (A) lllustration depicting the generic framework of Sca olds
1-3, where R; and R, exhibit potential for multiple substitutions.
Moreover, the ring systems commonly undergo substitutions with
heteroatoms. The complete list of structures is provided in the
Supporting Information (Compound List). (B) Violin plots
representing the 1Cs, values of the curated cSrc data set. (C)
Depiction of the reference structures used in FEP calculations for
Sca olds 1-3.

modes. If a docked compound pose resulted in significant
clashes with the protein, then only one pose was included in
the analysis. However, if a second binding pose was not
obtained due to minor clashes, then we manually generated a
second binding pose. To ensure consistency, all compounds
were aligned either using ligand alignment tools or via manual
intervention. This alignment process aimed to ensure that the
maximum common core between the target and reference
compounds fell within a range of 0.1-0.5 A, producing a
suitable input for FEP. The Supporting Information includes
all of the input conformations used in this study; see Input
Structure Data.

Boltzmann Distribution of Multiple Binding Poses.
We used the Boltzmann distribution function to calculate the
contribution of each binding mode/state to the overall AA .
Most compounds in Sca old 1 exhibited two binding poses,
similar to those of S1_a and S1_b. However, the number of
modes or states could increase to 4 or 8 for some compounds
depending on the chirality of the molecules. The exact means
of determining the contribution can be found in the KNIME
workflows provided. Additionally, the KNIME workflows also
encompass the conversion process from AA to A , followed
by the conversion into K; and 1Cs, values.

3815

FEP+ Calculations. The relative binding free energy
(RBFE) calculation method as implemented in FEP+ was
used to calculate the AA between the selected reference
structures and the compounds of interest. The protein—ligand
complex used resulted from the methods described in the MD
and docking sections above. The protein—ligand complex and
docked compounds were imported into the FEP+ panel. We
used a single edge map topology by generating a star map with
the reference structure being PP56, PP494, PP121, and PP102
for Sca olds 1 (type 1 inhibitor), 1 (type 1 1/2 inhibitors), 2,
and 3, respectively. The OPLS4 Force Field was used, and
missing parameters for ligands were generated using the Force
Field Builder module (if not present in the default OPLS4
Force Field). The default FEP protocol settings were used,
which included the VT ensemble with a 5 ns simulation time,
12 lambda windows for neutral, 16 lambda windows for core-
change, and 24 lambda windows for charge change
perturbations. The system was built using a 5 A bu er radius,
and the relative solvation free energies were calculated. For
perturbations that did not have good conversion, we increased
the simulation time to 10 or 20 ns depending on if
convergence was reached or not. Energy convergence is
determined over the last nanosecond of the simulation. Two
criteria are used to establish if energy convergence was
reached, a global convergence which is calculated using the
AA  change divided by the time span (last nanoseconds of
the simulation) and a local convergence which is calculated by
maximum AA  change divided by the time span (last
nanoseconds of the simulation). Simulations that showed a
global and local variation value less than 0.3 kcal mol™ ns™* for
both legs of the simulation were considered to have reached
energy convergence. Similarly, simulations that had a global
variation for both legs less than 0.3 kcal mol~* ns™* and a local
variation larger than 0.3 kcal mol™ ns™* for one or both legs
were also deemed to have reached energy convergence.
Additional information can be found in the Schrodinger
Documentation.

Absolute Binding Free Energy (ABFE). The absolute
binding free energy (ABFE) calculation method as imple-
mented in FEP+ was used to calculate the A values of the
compounds of interest. The protein—ligand complex used
resulted from the methods followed as described in the MD
and docking sections above. The OPLS4 Force Field was used
and missing parameters for ligands were generated using the
Force Field Builder module (if not present in the default
OPLS4 Force Field). The default parameter settings were used,
which included the VT ensemble method with a 5 ns
simulation time and a 1 ns MD simulation time (Random Seed
2007).

Machine Learning. The ML methods section is outlined
in five specific parts: initial data processing and molecular
representation, partitioning of data into training and testing
sets, creation of the RF algorithm, and the parameters used to
produce the 100 distinct training and test sets. Workflows and
input data are provided in the Supporting Information. All
cheminformatics workflows and analyses, along with the ML
processes, were conducted by using KNIME version 4.3.1.

Data Preprocessing and Molecular Representation. The
cSrc data set was sourced from the ChEMBL database. The
data were organized in ascending order according to the
experimentally determined ICs, values and then filtered to
retain only those compounds with explicitly stated 1Cs, values
measured in nanomolar (nM) units. Duplicates were then
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Figure 2. Flow diagram presenting the three experimental conditions employed to assess the e cacy of ML when enhancing activity data sets with
FEP-derived activity. (A) The input data set for ML consists of Sca olds 1-3 (= 134). This data set was divided into two distinct subsets,
labeled as subsets B and C. (B) Subset B is represented here, by the Control data set (C) Subset C, which includes the remaining 123 compounds,
is presented here. This subset is further divided into subsets D and E. The classification of active or inactive is made within Subset C based on FEP
1Csy values, using a decision value (DV) of 50 nM. By maintaining a balanced 60/40% split, we generate Subset D (= 73) and the test set, Subset
E ( =50). (D) Subset D, comprising 73 compounds, is categorized based on the three experimental conditions outlined in this paper. Depending
on the condition and the classification method, either 73 or 0 compounds are added to Subset F. (E) Subset E, consisting of 50 compounds,
constitutes the test set. The compounds in Subset E are reclassified as either active or inactive based on their experimentally determined 1Cs,
values. (F) Subset F comprises either 84 or 11 compounds. The 11 control compounds, from subset B, are combined with Subset D. (G) ML is
performed as described in the Methods section. (H) Predictions are made based on experimentally determined 1C5, values.

removed and only compounds belonging to the pyrazolopyr- representation of the sca olds, we facilitated training the
imidine sca old were retained. Compounds with formal algorithms on a representative set of compounds that reflected
changes were also removed. The final data set consisted of the populations of the three sca olds. The Control data set was
134 compounds. The Indigo canonical smiles node was used to then classified into the class Active and Inactive using a
generate canonical smiles, and the RDKkit fingerprint module decision value (DV) of 50 nM determined by
was employed to calculate the Morgan 2 fingerprints. experiments. A compound with an 1Cs, value below or equal
Training and Test Set Generation. Three ML experiments to the DV was classified as being Active, whereas a value above
were designed to evaluate the FEP augmentation approach the DV was deemed Inactive.
using three distinct training sets, the Control, the Exper- Experimentally Augmented Data Set. Following the
imental-Augmented, and the FEP-Augmented data set. A generation of the Control data set, the remaining 123
schematic representation of the ML experiments is given in compounds were classified into Active and Inactive, using a
Figure 2. It is important to note that the Control data set was 50 nM DV based on the FEP-derived 1Cs, values. The balance
incorporated into each of the three ML experiments and was for the testing and training sets was set using these FEP activity
consistently generated to ensure comparability across the classes. The reasoning for using FEP-calculated values is that
experiments. Below are the specifics for creating each data set we wanted to compare the performance of a data set
and the corresponding ML experiments: constructed through FEP (and its associated activity
Control Data Set. We selected 11 compounds, based on the population distribution) with how those molecules would
assumption that having at least one reference compound and actually inform the ML algorithm if the experimental activity
10 control compounds would su ce for validating the system’s values were determined. It was therefore decided that the FEP-
FEP predictability. The 11 compounds chosen to represent the derived ICs, values would serve to construct the balanced test
initial SAR consisted of four reference compounds, namely, and train sets as a more representative experiment of a true
PP56, PP494, PP121, and PP102. These four compounds were prospective test using FEP. We also evaluated the ML
consistently included as a subset of the 11 compounds. The performance using experimentally determined 1Cs, values to
remaining seven compounds were selected randomly, with five set the balanced training and test set with the results shown in
compounds chosen from Sca old 1 and one compound each the Supporting Information, Figure S1. Next 60% of
selected from Sca olds 2 and 3. This partitioning of the 11 compounds in class Active and Inactive were split out
compounds was conducted to reflect the diversity of the randomly resulting in a subset of 73 compounds. These 73
di erent sca olds within the data set. By ensuring a balanced compounds were reclassified into classes Active and Inactive
3816 https://doi.org/10.1021/acs.jcim.4c00071
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using a DV of 50 nM based on the Experimentally determined

ICso values. Finally, the Experimentally Augmented
data set is generated by combining the 73 reclassified
compounds with the Control data set.

FEP-Augmented Data Set. Following the generation of the
Control data set, the remaining 123 compounds were classified
into Active and Inactive, using a 50 nM DV based on the FEP-
derived ICg, values. Next 60% of compounds in class Active
and Inactive are split out randomly, resulting in a subset of 73
compounds. Finally, the FEP-Augmented data set is generated
by combining the 73 classified compounds with the Control
data set.

Test Data Set. The test set was constructed to be identical
across all three training sets. Following the separation of the
control data set, and categorization of the remaining 123
compounds into Active and Inactive based on a DV of 50 nM
using FEP-derived 1Cs, values, 40% of each class was randomly
assigned to the test set. The resulting test set of 50 compounds
was then reclassified into Active and Inactive categories based
on their experimentally determined ICy, values for evaluation.

Random Forest Model Generation. An RF algorithm was
generated for each training set using Morgan 2 fingerprints as
the independent variable set and the category Active/Inactive
as the dependent variable. The RF algorithm was generated
using the Random Forest Learner available in KNIME. The RF
algorithm was trained using 1000 trees and using the Gini
Index as the split criterion. A static random seed,
1602276747675, was used in generating all of the algorithms.
The resulting classifier algorithm was fed into the Random
Forest Predictor module for the corresponding algorithm, and
the performance of the RF was evaluated on the test set by
using the ROC Curve (Java Script) and Enrichment Plotter
modules.

Parameters to Generate 100 Distinct Training and Test
Sets. This process of generating the test and training set for the
three ML experiments was repeated 100 times using a di erent
random seed for each iteration. The random seeds were
produced by generating unique integers between 0 and
100,000 using a seed number 2022 in the Random Generator
Node in KNIME. This ensured that for each ML run the
compounds in the Control data set were identical as well as the
test set. Moreover, this also ensured that the compounds in the
training sets for the Experimental-Augmented and FEP-
Augmented data sets were the same. Finally, the sklearn
library and seaborn package were utilized within Python to
generate an average ROC curve, accompanied by a 95%
confidence interval (CI).

B resuLts AnD Discussion

In this work, we built upon our previous findings
demonstrating that ML algorithms maintain predictive power
when an FEP error profile is incorporated into an activity data
set.”* To demonstrate a practical application of our method-
ology, we retrospectively examined a completed lead
optimization program to generate a real-world scenario
experimentally testing FEP data set augmentation. The overall
aim of our study was to establish minimum criteria as
guidelines for data augmentation in a practical medicinal
chemistry setting.

We envisioned a hypothetical early-stage hit-to-lead program
and identified what would be required to perform a data
augmentation program. We identified two broad criteria that
would ensure successful implementation. First, we stipulated
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that the FEP-ML augmentation experiment be performed on a
series that contained su cient SAR for an initial control set
and a retrospective testing set. Taken from this initial series,
the starting control set of compounds that resembled a hit
series with a restricted SAR would be on the order of 10—20
compounds. The reason for this number is 2-fold. A compound
library of 10—20 compounds represents a very early-stage
medicinal chemistry optimization program, and having at least
10—20 compounds is essential for carrying out the required
controls and adhering to good RBFE practices®® (Schradinger
Release 2022: FEP+, Schradinger, LLC, New York, NY, 2022).
Second, we expected a medicinal chemistry program at the
beginning of a hit-to-lead campaign to have high-quality X-ray
structures co-resolved with ligands that are representative of
the SAR. This will enable the execution of accurate FEP
calculations. Given these two broad constraints, we defined a
set of minimum criteria necessary for our retrospective
validation project and its selection, which are detailed below:

1. The series must consist of more than 100 compounds
with each compound having a defined activity against
the target of interest.

2. All compounds should belong to a congeneric series and
maintain a similar charge profile.

3. The activity range should span across multiple orders of
magnitude and the activity values should be recorded
under the same conditions.

. The performance of ML on the total activity data set
should show robustness.

5. At least one X-ray structure should be available,
featuring representative structures of the sca old of
interest.

6. The target protein should be of a manageable size to
curtail computational time and expense.

We chose to evaluate a set of cSrc inhibitors based on the
study from the Shokat lab by Apsel et al.** because it met all of
our established criteria and o ered a well-defined set of
compounds. This enabled us to construct a retrospective,
hypothetical, real-world test scenario. cSrc is a nonreceptor
tyrosine-protein kinase that plays a multifaceted role in
numerous cellular pathways, regulating cell survival, migration,
and proliferation.®® The cSrc protein is a small, well-
characterized cytoplasmic kinase and serves as an ideal test
bed for target-based drug design methods.

Data Set Refinement. In the study by Apsel et al.** 171
compounds were synthesized and their 1Cs, values were
determined. For our study, we refined this data set to meet the
above set criteria. We retained only those compounds that
belong to the pyrazolopyrimidine sca old shown in Figure 1A
due to our focus on generating methods for lead optimization
rather than sca old hopping. In this study, we removed
compounds with formal charges to minimize the increased
error associated with changes in the net charges of molecules
during RBFE calculations. We want to note that, in the later
versions of the FEP+ implementations, the error associated
with charged compounds is significantly reduced by applying
the p , correction for di erent charged states of the same
compound.®® These improvements will allow for the inclusion
of compounds with di erent net charges. Next, we segmented
our sca old into three distinct subsca olds, labeled as Sca olds
1-3 (Figure 1). This partitioning was carried out to reduce the
number of ring opening and closing events in order to limit the
primary source of the errors to R-group changes instead of

https://doi.org/10.1021/acs.jcim.4c00071
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mixing in additional errors that can result from the changes of
the core. The resulting data set is composed of a total of 134
compounds that belonged to the pyrazolopyrimidine sca old.
Assessment of the activity landscape revealed a broad range of
ICs, activity spanning from 0.12 to 100,000 nM (plICs 4—
9.92; Figure 1B). This enabled us to examine the performance
of FEP across a spectrum of activities, mirroring that of a
typical lead optimization program.

Experimental Design for Machine Learning. To show
the enhancement of accuracy a orded by augmentation
through experimental or calculated 1Cg, values, we assessed
the performance of ML using a classification method on the
newly generated data set to ensure the SAR was solvable by
ML ( ). The methods were similar to the approach
taken as described in our earlier work as well as in the Methods
section.”* We designed three distinct ML experiments, each
defined by a unique data set. The outlines and objectives of
these experiments and their data sets are outlined as follows:

(1) Control data set: A small data set representative of a
limited starting point for medicinal chemistry where 1Cg,
values are obtained from studies for a small
number of compounds ( = 11).

Aim: Generate ML classifiers using only
derived 1C5, values from the initial limited SAR.

Objective: Assess the contribution of the initial SAR
data on the predictive performance of the other
classifiers produced.

Experimental-augmented data set: A data set where all
ICs, values for all compounds are obtained from
studies. (= 134).

Aim: Generate ML classifiers using the full set of 1Cg,
values determined from experimental studies as
training data.

Objective: Assess the performance of ML classifiers
trained by using experimental 1Cs, values, which serve as
a benchmark for comparison to the other two ML model
conditions.

FEP-augmented data set: A data set consisting of the
Control data set (ICs, values derived from
studies) that is augmented with the remaining
compounds in the series using 1Cs, values determined
by FEP calculations.

Aim: Generate ML classifiers using an FEP-
augmented data set as training data.

Objective: Assess and compare the performance of
ML classifiers generated from a FEP-Augmented data set
and compare it to the algorithms generated from the
Experimental and the Control data sets.

A schematic representation of the workflow employed to
meet our stated goals is delineated step-by-step in Figure 2.
The initial activity data set, A (= 134), is partitioned into
two distinct subsets. Subset B comprises the Control data set
of 11 compounds with their experimentally determined ICs,
values while subset C encompasses the remaining 123
compounds. It is subset C that will be used to create the
hidden test set as well as the augmenting sets of compounds.
This subset is split into two groups using a 60/40 partition.
60% of the data will be used to augment the training set of 11
compounds with either the experimental ICg, or the FEP-
calculated ICs,. However, the control data set experiment ( =
11 training compounds) will have this 60% Subset C discarded.
The remaining 40% of subset C in Figure 2 will be used as the

@
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same test set across all three experiments. Compounds will be
classified using a DV of 50 nM where an ICs, < 50 nM
indicates an active compound. A random selection process was
used to partition the training and testing compounds, and this
same random process was employed across the three
experiments.

To achieve statistical significance, the above process was
repeated 100 times for each experiment. For each repetition of
an experiment, a di erent random seed number was utilized to
ensure a random assignment. Figure 3A displays the average

Average ROC AUC

A

1.0

—C195%

0.8
0.6

0.4

True Positive Rate

0.2

Experimental Augmented dataset

Control dataset
0.0

0.0

0.2

0.4 0.6
False Positive Rate
ROC AUC Enrichment at 10%

0.8 1.0

Dataset Enrichment at 20%

Mean % Std Dev Mean % Std Dev Mean & Std Dev

Experimental Augmented 0.921 £ 0.034 3.18+0.48 2.73+0.43

Control 0.794 £ 0.101 2.57+0.78 2.26 £+ 0.46

Figure 3. (A) Average ROC curve for all 100 iterations ran under the
Experimental-Augmented (green) and Control data set (red)
conditions are shown with a 95% confidence interval (ClI). The
Control data set (red) algorithms were trained on only 11
compounds, whereas the Experimental-Augmented (green) algo-
rithms were trained on 84 compounds. All activity values used for
training and testing were experimentally derived 1C5, values. The test
set consisted of 50 compounds for both the Control and
Experimental-Augmented algorithms. (B) Mean ROC AUC and
standard deviation, together with the Enrichment Factors at 10 and
20% are provided for a DV of 50 nM.

receiver operating characteristic area under the curve (ROC
AUC) with a 95% confidence interval. The unaugmented
Control data set of 11 compounds exhibited a mean ROC
AUC of 0.794 when predicting the activity class of the hidden
training data set with a standard deviation of +0.101. With this
baseline value in hand, we could turn our attention to how the
ROC AUC, sensitivity, and specificity of the algorithm
improved through augmentation by either the experimentally
determined 1C5, data or the theoretical 1C5, data as calculated
by FEP.

Protein Structure Evaluation. To generate the FEP ICg,
values for the augmented set, we needed to prepare the crystal
structures that were needed for the calculations. An evaluation
of the suitability of cSrc crystal structures revealed four crystal
structures of the cSrc kinase domain, with PDBid’s 3EN4,
3EN5, 3EN6, and 3EN7 that were resolved with ligands
representing Sca olds 1-3, as illustrated in Figure 4. The
protein structures had moderate quality, with their resolutions
ranging between 2.39 and 2.81 A (Figure 4). A number of
unresolved loops in the -terminal kinase domains of
structures 3EN6 and 3EN7 impose significant di culties in
RBFE calculations. As a result, these structures were excluded

https://doi.org/10.1021/acs.jcim.4c00071
J. Chem. Inf. Model. 2024, 64, 38123825


https://pubs.acs.org/doi/10.1021/acs.jcim.4c00071?fig=fig3&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.jcim.4c00071?fig=fig3&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.jcim.4c00071?fig=fig3&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.jcim.4c00071?fig=fig3&ref=pdf
pubs.acs.org/jcim?ref=pdf
https://doi.org/10.1021/acs.jcim.4c00071?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as

Journal of Chemical Information and Modeling pubs.acs.org/jcim

A PDBID: 3EN7 B PDBID: 3EN5 C PDBID: 3EN4 D PDBID: 3EN6
Compound: S1; IC5, = 15nM Compound: PP494; IC5, = 170nM Compound: PP121; IC5, = 14nM Compound: PP102; ICy, = 240nM
Resolution: 2.81A Resolution: 2.66A Resolution: 2.55A Resolution: 2.39A
Scaffold: 1 Scaffold: 1 Scaffold: 2 Scaffold: 3

aE-helix Partially Disordere

aE-helix Out Inactive aE-helix In - Active aE-helix Dlsordered ‘\
Jas—

3 et %w%gl

- /

N-terminal

.y 4 @;
5 o Sp -

C-terminal

Figure 4. (A—D) Schematic illustrations of the four cSrc structures with their resolved inhibitors are presented with the inhibitors depicted in
green. A two-dimensional (2D) structure of each inhibitor is provided, with the N- and C-terminals, as well as the E-helix, highlighted.
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Figure 5. (A) Cartoon representation of the kinase domain of c¢Src bound with compound S1. The red loop represents the computationally derived
part of the activation segment. (B) Compound S1 (colored green), labeled as S1_a in the alternative binding pose. The hydroxyl group of the
phenol ring is oriented toward (proximal) the DFG motif. (C) Compound S1 (colored green), labeled as S1_b and depicted as resolved in
structure 3EN4. The hydroxyl group of the phenol ring is oriented away (distal) from the DFG motif. (D) The selected reference structure
compound PP56 (colored purple), with only one possible binding pose with regard to its phenol moiety. (E) Overlay of compound S1 in the
proximal binding pose (S1_a) within the 3EN4 (type 1; blue) and 3EN5S (type 1 1/2; purple) structure. Note the movement of the -E helix and
the loss of a hydrogen bond with E310.

from use in calculations in this study (Figure 4). None of the FEP Preparation and Calculations. The selected
structures were resolved with intact activation segments, and structures 3EN4 and 3EN5 were prepared for free energy
each structure was processed using Schradinger software (see calculations as described in the Methods section. Since FEP
the Methods section for details). We observed that two distinct calculations ideally prefer structures that are well resolved with
types of kinase inhibitors were resolved within cSrc giving rise clear binding poses of the reference ligands, we examined the
to two unique protein—ligand kinase conformational states. binding poses of each of the four resolved compounds. It was
PDBid 3EN4 was co-resolved with a type 1 inhibitor with the found that compounds representing Sca old 1, namely,
E-helix in the inward and active kinase state (Figure 4C). In compounds S1 and PP494, had ambiguous orientations of
contrast, the PDBid 3EN5 structure contained a type 1 1/2 the phenol and 3,4-dimethoxyphenol rings, respectively. To
inhibitor resolved in the active site, with the E-helix in the identify the lowest binding free energy pose for each of these
outward and inactive kinase states (Figure 4B). The PDBid compounds, we used ABFE calculations through FEP+. We
structures 3EN6 and 3EN7 had either a partially resolved or an calculated the A for both conformations of compound S1
unresolved E-helix, making the determination of the inhibitor within the 3EN4 structure and found that compound S1 had
type uncertain (Figure 4A,D). Finally, we observed ambiguities significantly lower free energy when the hydroxyl was oriented
during the evaluation of the binding poses of ligands S1 and proximally (S1_a) compared to when it pointed distally to the

PP494, specifically regarding the uncertainty in the binding DGF region (S1_b; Figure 5). The S1_a pose exhibited a A
orientation or pose of the phenol and 3,4-dimethoxyphenol of —=12.47 + 0.12 kcal/mol, in contrast to the S1_b pose,
rings, respectively (Figure 4). The above evaluation satisfied which had a A of —9.97 % 0.02 kcal/mol. This 2.5 kcal/mol
our criteria, 5 and 6, for proceeding with FEP calculations, di erence in the A between the S1_a and S1_b binding
despite some challenges that will be addressed in the relevant poses suggests inadequate ring orientation sampling during the
sections below. ABFE calculations. If su cient sampling of both the S1_a and
3819 https://doi.org/10.1021/acs.jcim.4c00071
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theoretically determined values. (A) The data

presented are for A values, which are derived from the 3EN4 structure representing type 1 inhibitors. The blue dots symbolize compounds from
sca old 1, which belong to the type 1 inhibitor class. The black dots symbolize compounds from sca old 1, which belong to the type 1 1/2
inhibitor class. The green and red dots symbolize compounds from sca olds 2 and 3, respectively. (B) The data presented is for A  values, which
are derived from the 3ENS structure representing type 1 1/2 inhibitors. (B) follows the same color scheme as (A). (C) Data plotted are for A

values, derived from a combination of both type 1 and type 1 1/2 structures. (C) follows a similar color scheme to (A). (D) Statistical analysis of
the FEP predictions for each set of compounds. Generally, the color scheme for (D) aligns with that of (A). (E) Boxplot displaying the A UE
associated with sca olds 1, 2, and 3 for the data represented in (A—C). Dark blue boxplots signify the unsigned error (UE) when both type 1 and 1
1/2 are combined for sca old 1. Generally, the color scheme for (E) aligns with that of (A). The MUE and RMSE are denoted in * kcal/mol. # R?

is the coe cient of determination.

S1 b pose was achieved, the resulting A would converge.
Moreover, the 2.5 kcal/mol di erence in the A of S1_a and
S1 b also suggests that other compounds in the Sca old 1
series could display dual binding modes, and both ring
orientations as initial binding poses should be evaluated.
Therefore, we operated under the assumption that compounds
within Sca old 1 could potentially adopt two binding poses,
similar to that observed for compounds S1_a and S1_b,
though this is not universally true (i.e., large substitution on
the benzyl ring can cause significant steric clashes and only
allow one binding pose). Due to the significant increase in the
computational cost of having to calculate AA  values for two
binding poses, we further investigated ring orientation
sampling in both ABFE and FEP calculations under divergent
set of conditions (refer to the provided Supporting
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Information for more details). We found no conditions
under which su cient ring sampling was achieved and
accordingly decided to calculate AA values for both possible
poses for each of the compounds belonging to Sca old 1. To
further mitigate the uncertainty around the ambiguous binding
of compound S1 as the reference structure, we revisited the
SAR. Our objective was to identify a reference structure with
only one binding pose. We identified compound PP56, which
had an 1Cs, value of 75 nM, as a suitable reference structure
(Figure 5D). Notably, compound PP56 varies from S1 by
featuring a para-substituted phenol rather than a meta-
substituted phenol (Figure 5B—D). This modification limits
the binding pose possibilities, allowing compound PP56 to
assume only one binding pose with respect to its phenol ring,
unlike compound S1. We thus elected to proceed with
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compound PP56 as one of the reference compounds for
Sca old 1 in this study.

Next, we assessed the dual binding dynamics of the reference
compound, PP494, which represented the type 1 1/2 inhibitor
receptor complex (PDBid 3ENS, Figure 4B). Interestingly, we
observed no substantial di erence in the A  values when the
dimethoxy group was oriented distal or proximal to the DFG
moiety. Specifically, PP494 a and PP494 b exhibited A
values of —6.5 + 0.09 kcal/mol and —6.4 = 0.10 kcal/mol,
respectively. These findings suggest that the specific
orientation of the dimethoxy group did not significantly a ect
the overall A of the compound. In this case, we decided to
use the crystal structure binding pose of compound PP494,
representing the type 1 1/2 kinase inhibitors class complex
(PDBid 3ENS5) as the reference structure for conducting FEP
calculations. Finally, the resolved protein—ligand complexes for
ligands from sca olds 2 and 3 exhibited clear and unambiguous
binding modes, thus eliminating the need for any ABFE
calculations. Here we used the resolved binding poses of
compounds PP121 and PP102 (PDBid’s 3EN4 and 3ENS,
respectively) as reference structures.

In the end, a total of six protein-reference structure
complexes were generated for use in docking and subsequent
FEP calculations. These consisted of three protein—ligand
complexes between the 3EN4 type 1 inhibitor protein
structure and the ligands PP56, PP121, and PP102. The
other three protein-reference structure complexes consisted of
the 3EN5 type 1 1/2 inhibitor protein conformation and
ligands PP494, PP121, and PP102. PP56 and PP494 both
belong to Sca old 1 and represent the two inhibitor types 1
and 1 1/2, respectively. PP121 and PP102 served as reference
structures of Sca olds 2 and 3, respectively.

As the last step before initiating FEP calculations, a
relaxation and evaluation process was carried out on all six
protein-reference ligand complexes used in this study (details
are provided in the Supporting Information). In general, FEP
calculations require that target compounds are well aligned
with the reference structure ensuring a consistent and accurate
comparison of ligand energetics between di erent states or
binding modes. To align the target compounds with the
reference compound, we used constrained docking. The use of
constrained docking allowed us to position the target
compounds on the reference compound by enforcing align-
ment of only the MCS while allowing flexibility in the
remaining parts of the molecules. The Methods section
provides an in-depth explanation of our alignment and
positioning techniques.

Finally, FEP calculations were carried out according to the
methods described in the Methods section, with one exception.
If upon analysis the RBFE calculation exhibited inadequate
energy convergence, ligand RMSD, or REST exchange, further
steps were taken. In such cases, the simulation time was
extended until the inadequacies were resolved, first to 10 ns,
and if the poor quality persisted, then the simulation time was
increased to 20 ns. The Supporting Information includes all
AA s calculated and associated data tables provided by FEP+
(FEP Results). All FEP calculations were conducted using a
star topology map due to a significant increase in computa-
tional calculation cost when using an optimal topology map
employing hysteresis.

FEP Analysis and Processing of Dual Binding
Compounds. The presence of dual binding modes in
compounds within Sca old 1 necessitated the conversion of
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the AA values associated with these two energy states to a
single energy value. To achieve this, we employed the
Boltzmann distribution function to calculate the contribution
of each binding mode to the overall AA . Alternative methods
have also been explored, such as the arithmetic average of the
AA of multiple binding poses/states, with one such approach
demonstrated in a study focusing on two binding modes/states
of inhibitors binding to c-Jun N-terminal kinase-1.%’

As outlined in our earlier work,”* we employ the Cheng—
Pruso , equation to convert the relative di erence in Gibbs
free energy of the compound into an ICs,. A substrate
concentration (S) of 10 M for adenosine triphosphate (ATP)
was used as stipulated in the assay conditions.** We utilized a

m value for cSrc that has been previously reported in the
literature (75 M).*® For an in-depth explanation of how to
relate AA , A , , and ICs, values, refer to the 2019
publication by Kaiser and Burger for the principles of
conversion.”*

Our initial step in the analysis of the FEP calculation results
was to determine the A mean unsigned error (MUE) for the
calculations performed using each protein structure (Figure 6).
The MUE for the 3EN4 structure (type 1 inhibition class
protein structure) was 1.837, 1.198, and 1.513 kcal/mol for
each of Sca olds 1—3, respectively (Figure 6A,D,E). The A
MUE for the calculations using the 3ENS structure (type 1 1/2
inhibition class protein structure) was 2.087, 1.724, and 1.608
kcal/mol for Sca olds 1 and 3, respectively (Figure 6B,D,E).
These values were higher than the expected 1—1.2 kcal/mol
MUE?? and could in part be explained by the relatively low
quality of protein structures available and potentially by the
mixed inhibitor classes that exist in this series. For the latter
case, we investigated the di erent types of possible
mechanisms of action for each of the small molecule ligands.
We considered it crucial to examine the impact of accurately
categorizing the inhibitors into their respective types, as this
would enable us to create a more refined augmented data set
for subsequent ML applications. In the original research
carried out by Apsel et al., the authors acknowledged the
existence of two di erent inhibitor types within the series, but
it was unknown exactly which compounds belonged to either
the type 1 or type 1 1/2 inhibition categories.** Our
clarification of the mechanism for each compound relies on
an initial observation that a key hydrogen bond forms between
E310 of the E-helix and the type 1 inhibitors locking the helix
in place. We hypothesize that if this hydrogen bond were
unable to form due to a change in the inhibitor, the E-helix
repositions itself, resulting in a switch of the type 1 1/2
conformation as illustrated in Figure 5E. Indeed, this was
observed for compound PP494, which is captured in its 3EN5
structure (representing the type 1 1/2 inhibitor state; Figure
4B). This compound di ers from compound S1 (type 1
inhibitor) by having a methoxy substituent in place of the
hydroxyl group. We speculate that this loss of a hydrogen bond
would lead to the inability of similar compounds to lock the

E-helix in the type 1 inhibitor class and result in a type 1 1/2
inhibitor when binding to cSrc. We used the above insight into
classify Sca old 1 into the two inhibitor classes based on their
molecular structure [see the Supporting Information for which
compounds were classified into type 1 and type 1 1/2
inhibitors (Compound List)]. This classification is by no
means comprehensive but would reflect a real-life scenario if
we had a limited initial SAR. After dividing Sca old 1 into the
two distinct inhibitor categories, we reevaluate the A MUE.

https://doi.org/10.1021/acs.jcim.4c00071
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Figure 7. (A) ROC curves corresponding to all 100 iterations across the three distinct experimental scenarios using a DV of 50 nM. The curve
representing the Experimental data set is color-coded in green, the Control data set is depicted in red, and the FEP-Augmented data set is
illustrated in blue. It is important to note that the test set used to gauge the ML algorithms’ performance consisted of 50 compounds not previously
seen by the algorithms (Figure 2; subset E). (B) Mean ROC curve, aggregated from all 100 iterations, graphed for each experimental condition and
is accompanied by a 95% confidence interval (shaded areas). (C) Table comparing the average statistical performance of the three ML experiments,

each evaluated over 100 iterations and at a DV of 50 nM.

In Figure 6, we color-coded the following subdivisions:
Sca old 1 type 1 inhibitors are highlighted in bright blue,
Sca old 1 type 1 1/2 inhibitors are marked in black, Sca old 2
compounds are green, and Sca old 3 are red. Compounds
from Sca olds 2 and 3 were treated as if they belonged to the
type 1 inhibitor class due to the insu cient resolution of the
crystal structures. However, we did calculate AA  for
Sca olds 2 and 3 in both the 3EN4 and 3EN5 structures in
an e ort to probe the error profile in each context (Figure 6).
As can be seen in Figure 6 E, the error distribution of the
unsigned error (UE) for Sca old 1 using the 3EN4 sca old is
much higher than the UE distributions for Sca olds 2 and 3.
When we split Sca old 1 into putative type 1 inhibitors (light
blue dots in Figure 6A—C and light blue bar in Figure 6D) and
type 1 1/2 (black dots in Figure 6A—C and black bar in Figure
6D) based on each ligand’s molecular structure, we could see
that the type 1 1/2 compounds had very high error which was
significantly greater than the typical 1—1.2 kcal/mol usually
observed, witha A  MUE of 3.723 kcal/mol (= 23). Of note
is that the A MUE for the type 1 inhibitors interacting with
the 3EN4 type 1 protein structure dropped to 1.138 kcal/mol
( =69) from 1.873 kcal/mol (= 82) when the type 1 1/2
inhibitors were excluded. Likewise, when focusing on the type
1 1/2 inhibitors interacting with the 3EN5 protein structure,
we observed that the A  MUE dropped to 1.409 kcal/mol (
=23) from 2.087 kcal/mol (= 82) when the type 1 inhibitors
were removed (as shown in Figure 6B, represented by black
dots, =23). In this case, the type 1 inhibitors MUE increase
to 2.299 kcal/mol (= 69) from 2.087 kcal/mol (Figure 6B,
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blue dots = 82). This led us to the conclusion that we needed
to use the 3ENS structure for FEP calculations on the putative
type 1 1/2 compounds and the 3EN4 Structure for the type 1
compounds given the change in protein conformational
dynamics as a function of the inhibition mechanism.

Ultimately, we assembled the mixed inhibitor FEP-
augmented data set by merging the AA data collected for
type 1 inhibitors from the 3EN4 structure and type 1 1/2
inhibitors from the 3ENS5 structure, along with data for
Sca olds 2 and 3, also derived from the 3EN4 structure
(Figure 6C). The A MUE for each of the sca olds and
inhibitor types are shown in Figure 6D. The final A  MUE for
Sca old 1 was 1.224 ( = 82),and 1.198 ( = 24) and 1.513
kcal/mol (= 25) for Sca olds 2 and 3. The data represented
in Figure 6C represent the FEP-derived data set used in ML.
The final data set comprises a total of 134 compounds, with 84
compounds belonging to Sca old 1, 24 compounds belonging
to Sca old 2, and 25 compounds belonging to Sca old 3
(Supporting Information; Compound List provided as a CSV
file).

Evaluation of the E ect of FEP-Augmented Data Set
on Machine Learning. Upon completion of the FEP
calculations, we obtained the needed data set to be used as
input for ML. We selected a classification approach to our ML
methodology due to classification having an increased
tolerance for activity noise in a data set.>**° We chose a
threshold that would identify potent compounds as required by
a lead optimization campaign (a typical campaign seeks to
identify compounds with an 1Csy < 100 nM for an initial

https://doi.org/10.1021/acs.jcim.4c00071
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optimization program) while ensuring a su cient amount of
data points remained in the test set for a robust evaluation of
the ML algorithms generated in this approach. The
classification threshold for defining an active compound was
set at 50 nM, e ectively dividing the data set into 30% active
and 70% inactive. While the primary focus of this paper is on
the 50 nM decision threshold (Figure 7), additional data using
di erent active compound classification thresholds correspond-
ing to 31 nM (Q1) and 239 nM (Q3) cuto s are provided in
the Supporting Information, Table S1.

ML Evaluation. With the FEP data set in hand, we could
evaluate the improvement in prediction when we added either
the FEP-calculated 1Cs, values or the experimentally derived
ICs values to the 11 “initial” compounds. Given our previous
work, we selected a random forest as the ML approach, and
algorithms were generated following the ML workflow outlined
in Figure 2. A systematic assessment of the ML performance
for each of the three ML experiments is shown in Figure 7.
Figure 7A depicts the individual ROC curves resulting from
each of the 100 runs conducted at a decision of 50 nM for the
three augmentation experiments, whereas Figure 7B depicts
the average ROC curves. The average behavior of the random
forest generated on the Control data set (red), which was
trained on only 11 selected compounds, yielded a ROC AUC
value of 0.794 £ 0.100. The ROC AUC was found to be 0.921
+ 0.034 for the augmentation of the training set with
experimental 1Cs, values (11 + 73 augmenting compounds;
green). Gratifyingly the training set augmented with 1Cg,
values as calculated by FEP (blue) a orded a ROC AUC of
0.910 = 0.045. Interestingly, the ROC AUC distributions for
the Experimental and FEP-Augmented data sets are consid-
erably more compact than for the much sparser Control data
set (Figure 7A), and we speculate that this reduced variance in
the distribution of individual ROC curves for each experiment
represents greater fidelity in generalization to the test set by
both the Experimental 1C5, augmented data set and the FEP-
calculated ICs, augmented data set as compared to the
unaugmented Control experiment. To visually assess the
performance of our ML conditions, we plotted the average
ROC curve with a 95% confidence interval in Figure 7B. As
mentioned above, the mean ROC AUC value and its standard
deviation were found to be very similar for the Experimental
(green) and FEP-Augmented data set (blue). Moreover, the
overall curve of the Experimental and FEP-Augmented data set
follows a very similar trajectory indicating significant improve-
ments in sensitivity via both means of augmentation. The
findings are also mirrored in the average sensitivity and
precision metrics computed for each algorithm; the mean
sensitivity for the algorithm generated from training on the
initial 11 compounds stands at a mere 0.307 compared to
0.656 and 0.737 for the algorithms augmented with
Experimental and FEP-calculated ICs, values, respectively (as
seen in Figure 7C). A notable discovery is that the Enrichment
Factor at 10 and 20% shows no discernible di erence between
the algorithms developed using augmenting Experimental data
and the ones employing FEP to generate the augmented data
set.

The ML outcomes here underscore the remarkable similarity
between the results derived from the FEP-Augmented data set
and those from the original experimentally determined data
set. These results suggest that data augmentation using FEP
calculations can expedite the lead optimization process by
saving substantial research time by synthesizing and testing a
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wide breadth of novel compounds once a small core SAR is
generated with a small set of crystal structures.

l CONCLUSIONS

In this paper, we establish the practical groundwork governing
an accelerated lead optimization campaign employing physics-
based methods to augment activity data sets for use in training
ML algorithms. This augmentation a ords a data set of
su cient information quality so that ML can quickly query
millions of lead-like compounds and identify promising leads
for drug development. Without this approach, the only other
means of generating the requisite data is to resort to the labor-
and time-intensive traditional make-test-analyze design cycles
of contemporary medicinal chemistry. Our present guidelines
for the necessary FEP calculations for data set augmentation
demonstrate that an initial series of 10—20 related compounds,
accompanied by 3D structures co-resolved a small set of
ligands, can serve as a foundation for rapidly expanding the
understanding of the activity landscape for a medicinal
chemistry series at a very early stage using only physics-
based methods. Additionally, we emphasized the significance
of determining the relevant lowest-energy protein—ligand
complex when multiple ligand binding poses or states are
theoretically possible, as well as how to sample that energy
landscape. Moreover, we highlighted the importance of
understanding target conformational dynamics, which are
essential for highly accurate calculations, and show that these
dynamics can be revealed early in an optimization design cycle.
Finally, we illustrated that using an FEP-augmented activity
data set yielded predictive ML algorithms with similar
predictive power as compared to those generated from
experimentally derived activity data sets. Ultimately, we foresee
the widespread adoption of augmenting activity data sets using
physics-based methods to accelerate the acquisition of ML
algorithms, which will enhance the lead optimization phase of
drug discovery especially around engineering potency and
selectivity against a potential biological target.
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