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Abstract: Background: CDK2 participates in the control of eukaryotic cell-cycle progression. Due to
the great interest in CDK2 for drug development and the relative easiness in crystallizing this enzyme,
we have over 400 structural studies focused on this protein target. This structural data is the basis for
the development of computational models to estimate CDK2-ligand binding affinity.

Objective: This work focuses on the recent developments in the application of supervised machine
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learning modeling to develop scoring functions to predict the binding affinity of CDK2.

Method: We employed the structures available at the protein data bank and the ligand information ac-
cessed from the BindingDB, Binding MOAD, and PDBbind to evaluate the predictive performance of
machine learning techniques combined with physical modeling used to calculate binding affinity. We

compared this hybrid methodology with classical scoring functions available in docking programs.
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Results: Our comparative analysis of previously published models indicated that a model created using

a combination of a mass-spring system and cross-validated Elastic Net to predict the binding affinity of
CDK2-inhibitor complexes outperformed classical scoring functions available in AutoDock4 and Au-

toDock Vina.

Conclusion: All studies reviewed here suggest that targeted machine learning models are superior to
classical scoring functions to calculate binding affinities. Specifically for CDK2, we see that the com-
bination of physical modeling with supervised machine learning techniques exhibits improved predic-
tive performance to calculate the protein-ligand binding affinity. These results find theoretical support
in the application of the concept of scoring function space.

Keywords: chemical space, physical modeling, CDK2, scoring function space, drug design, crystal structure, ma-

chine learning

1. INTRODUCTION

Evaluation of binding affinity data based on the
structures of receptor-ligand complexes is an open
problem in the application of docking simulations for
drug discovery [1-5]. Considering the available struc-
tural data for a specific enzyme, we may use this
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information to understand the basis for enzymatic inhi-
bition. The increase in the number of structures at the
protein data bank (PDB) made available the experi-
mental data necessary to analyze protein-ligand interac-
tions crucial for the understanding of the molecular
recognition process with a focus on the binding of
drugs to receptor targets [6-8].

X-ray diffraction crystallography has been the most
successful technique to determine the structures of pro-
tein-ligand complexes. Taking the complexes for which
binding affinity data is available, we have over 99 % of
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the structural information generated by crystallography
[5,9].

Studying the physical basis of intermolecular inter-
actions in protein systems, we know that the key as-
pects defining the molecular recognition process in-
volve van der Waals contacts [10], electrostatic interac-
tions [2, 11], hydrogen bonding [12], and entropy [13].
The most robust theoretical approach to calculate the
energetics of intermolecular interaction is the applica-
tion of quantum mechanics [14-21], where the intermo-
lecular interactions can be evaluated with precision
[22]. Quantum-mechanics approaches have been suc-
cessful in drug discovery applications using protein-
ligand docking simulations and scoring function devel-
opment [17].

Considering the potential of quantum mechanics for
drug discovery, we may highlight that in the future, the
application of quantum computing methodologies and
supervised-machine learning software to drug discov-
ery will generate few false-positive leads in the appli-
cation of docking screens for drug discovery [23]. In
the opposition to quantum mechanics methods, we may
approach intermolecular interactions of a drug and a
macromolecule through molecular dynamics simula-
tions of protein-ligand complexes [24-29]. Besides
quantum mechanics and molecular dynamics, we may
also address protein-ligand interactions through the
training of machine learning models targeted to specif-
ic protein systems.

In this scenario, the study of intermolecular interac-
tions through the combination of protein-ligand dock-
ing simulations and machine learning methods to de-
velop targeted scoring functions has shown the poten-
tial of generating robust computational models to pre-
dict binding affinity [30-32]. These approaches are also
adequate to assess the structural features responsible
for the molecular recognition process. This type of in-
tegration of structural data and machine learning tech-
niques has been successfully applied to a wide range of
protein targets, such as cyclin-dependent kinases (EC
2.7.11.22) [33, 34], proteases [35-38], and more recent-
ly to SARS-CoV-2 drug targets [39-43].

In recent years, due to the availability of machine
learning methods implemented in libraries using Py-
thon and R programming languages, we have witnessed
a great number of computational tools devoted to gen-
erating models to calculate affinity based on the atomic
coordinates of protein-ligand complexes. Among the
recently published machine learning programs to esti-
mate binding affinity or thermodynamic parameters,
we may highlight the following computational tools:
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Statistical Analysis of Docking Results and Scoring
Functions (SAnDReS) [44, 45], Tool to Analyze the
Binding Affinity (Taba) [46, 47], Patnucy [48], proper-
ty-encoded shape distributions together with standard
support vector machine (PESD-SVM) [49], Neural-
Network-Based Scoring function (NNScore series) [50-
52], and Random Forest Score (RF-Score series) [53-
57].

In this review, we describe recent applications of
machine learning methods to estimate the binding af-
finity of ligands against targets. These computational
methods use experimental protein-ligand structures for
which binding data is available. The synergism of crys-
tal data and machine learning techniques paved the way
to explore the scoring function space [9, 58, 59], which
establishes a theoretical framework to address the chal-
lenging studies of protein-drug interactions. The devel-
opment of a theoretical basis to address the creation of
targeted scoring functions is the solid basis necessary
to fortify the computational models designed for spe-
cific protein targets, making them much more than for-
tuitous statistical models to predict a biology response.

This scenario makes it clear that the study of com-
plex systems found in cells targeted by drugs is viable
to an abstraction brought about by the concept of scor-
ing function space [9, 58, 59]. Here, we focus on the
application of machine learning methods to crystallo-
graphic structures of cyclin-dependent kinase 2
(CDK2). This protein target has experimental infor-
mation for three-dimensional structures and the binding
affinity, which makes this system ideal for the devel-
opment of targeted-scoring functions through the appli-
cation of machine learning techniques.

2. METHODS

The PDB has recently reached over 175,000 struc-
tures (search carried out on March 24, 2021). This
amount of structural information adds to the experi-
mental data about binding affinity available at Bind-
ingDB [60, 61], Binding MOAD (Mother of All Data-
bases) [62-64], and PDBbind [65, 66]. These three da-
tabases are integrated at the PDB, which allows us to
perform searches to recover structures for which bind-
ing affinity or thermodynamic parameters are known.

To highlight the recent progress in the application of
machine learning techniques, we describe computa-
tional models to predict the affinity of ligands for
CDK2. To focus on previously published results of this
protein class, we bring a recent update in the number of
structures for which experimental binding affinity data
is available.
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2.1. CDK2Ki Dataset

We considered only CDK2 crystal structures for
which experimental inhibition constant data is availa-
ble. We updated a recently published CDK dataset
[46], where we have not only CDK2 but also CDKO.
We eliminated CDK9 data (search carried out on
March 24, 2021). We show the selected PDB access
codes in Table 1. Supplementary material 1 brings the
CDK2 inhibitor structures for all entries in the
CDK2Ki dataset.

Table 1. PDB access codes of the CDK2Ki dataset.

Type of Dataset PDB Access Codes

1E1X,1H1S,10GU,1PXN,1PXP,2CLX,
2EXM,2FVD,3LFN,4ACM,4BCK,
4BCM,4BCN,4BCO,4BCP,4BCQ,4EOP,
4FKO,4NJ3,5D1J

Training set

1E1V,1JSV,1PXM,1PXO,1PYE,1VIK,
2XMY,2XNB,3LFS

Test set

As previously highlighted, we find binding affinity
data for CDK2 in the BindingDB [57, 58], Binding
MOAD (Mother of All Databases) [59-61], and
PDBbind [62, 63]. The data about ICs, relies on a wide
range of techniques to evaluate the binding. On the
other hand, K; focuses on a smaller set of experimental
techniques, but there is no uniform method to address
the ligand binding to CDK2 [46]. One possible poten-
tial technique to generate a more reliable experimental
approach to calculate the binding would be to address
the energetics of the CDK2-ligand interactions using
isothermal microcalorimetry (ITC). Unfortunately, the
experimental data about Gibbs free energy of binding
for CDK2-ligand complexes using ITC is scarce [30,
31]. Due to these challenges, we focused our analysis
on previously published machine learning modeling of
K; data. We eliminated repeated ligands and for CDK2-
ligand complexes with more than one source of binding
affinity, we chose the most recent published results.

2.2. Classical Scoring Functions

We calculated binding affinity using the atomic co-
ordinates of the protein-ligand complexes available in
the CDK2Ki dataset employing the classical scoring
functions implemented in the docking programs Auto-
Dock4 [67, 68] and AutoDock Vina (version 1.1.2)
[69]. Ligand and protein atomic partial charges were
assigned using the Partial Equalization of Orbital Elec-
tronegativities (PEOE) algorithm [70] employing Au-
toDockTools4 [67] (version 1.5.6). No protein-ligand
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docking simulations were carried out, the binding affin-
ity calculation was based exclusively on the atomic
coordinates of the crystallographic structures.

2.3. Combining Physical Modeling with Machine
Learning

The program Taba (version 1.0) estimates ligand
binding affinity based on an approach that models pro-
tein-ligand interactions as a mass-spring system [46,
47]. In this method, we consider that the key determi-
nants for protein-ligand binding affinity are already
registered in the three-dimensional structure of the
complexes and estimate the energy of the system using
a polynomial equation where each term (independent
variable) of this expression considers an isolate mass-
spring system composed of a potential equation for a
pair of atoms.

Taba scoring function relies on simple modeling of
protein-ligand energetics. We consider protein-ligand
interaction as a mass-spring system, as delineated in
Fig. (1). In Fig. (1), we see that the energetics of the
intermolecular interactions are imprinted in the three-
dimensional structure and model this complex net of
interactions as independent mass-spring systems. In
this representation, the energetics of the protein-ligand
complex is the summation of each type of pair of atoms
found in the structure. We express the potential energy
of the protein system (V) by the following equation,

2
V(x,y,z) = % % 0ii(di; — doj;) 1)

In Equation (1), ;; is the weight of each independ-
ent variable. We determine these weights through the
application of machine-learning techniques. The double
summation in equation (1) is taken over all protein (i)
and ligand atoms (j) inside a defined volume of the
structure. The term do;; is the average interatomic dis-
tance for a given pair of atoms i and j, which is calcu-
lated for all structures in the training set. The program
Taba calculates the terms (w;j, and do;;), taking all
structures in the training set. The term d;; is the Euclid-
ean distance for a pair of atoms for one specific struc-
ture (not averaged for all structures) [46].

Taba reads the coordinates of all structures in a da-
taset and calculates the average distance involving the
atoms in the protein (P) and the ligand (L). In this ap-
proach, we have average distances for different types
of pairs of atoms, one for carbon (P)-carbon (L), anoth-
er for oxygen (P)-nitrogen (L), and so on. In each pair
of atoms (PL), we take one atom from the ligand and
the second from the protein. Taba considers these aver-
age interatomic distances as the equilibrium distances of
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our mass-spring system and determines the relative
weights of each energy term using supervised machine
learning techniques [71]. In the final model developed
using Taba, we keep only the most relevant energy terms.
In this review, we describe the machine learning models
[72] developed for the CDK2Ki dataset. Taba takes an
elegant combination of physical modeling with super-
vised machine learning techniques to address protein-
ligand interactions. Fig. (2) outlines a schematic flowchart
with the major steps of the Taba methodology [46].

Fig. (1). Schematic representation of protein-ligand interac-
tions as mass-spring systems. We employ dg;; to indicate the
average interatomic distance for a given pair of atoms i and j.
Thin lines represent covalent bonds for the ligand and the
thicker lines indicate the amino acids in the protein (4 higher
resolution / colour version of this figure is available in the
electronic copy of the article).

We briefly describe the Taba methodology, we start
the application of Taba by defining a dataset of struc-
tures for which binding affinity data is available. Taba
splits this dataset into training and test sets. For the
structures in the training set, Taba calculates equilibri-
um distances, as previously defined. Taba employs this
method to determine the weights of each independent
variable defined in equation (1). Also, to avoid overfit-
ting Taba employs standard k-fold cross-validation
[46], where it splits the data into k subsets, called folds.
In this method, Taba takes a five-fold cross-validation
procedure. Taba employs training and test sets in the
cross-validated supervised machine learning methods.
Taba determines the predictive performance of each
model based on correlation coefficients [46] and re-
turns the best model.

2.4. SAnDReS

SAnDReS (version 1.1) is a suite of programs that
aims to develop machine learning models based on the
energy terms calculated by docking programs such as
AutoDock4 [67, 68] and AutoDock Vina [69] in one
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computational tool [44, 45]. SAnDReS makes use of
supervised machine learning methods available in the
scikit-learn library [71] to generate polynomial empiri-
cal scoring functions to predict binding affinity [73-
76]. These polynomial equations employ the energy
terms calculated using the previously highlighted pro-
tein-ligand docking programs [67-69] and the crystal-
lographic coordinates of protein and ligand. SAnDReS
applies the same k-fold cross-validation approach de-
scribed for the program Taba.
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Fig. (2). Schematic flowchart for Taba methodology [46],
where we combine physical modeling with machine learning
methods. In the first two steps, we define the structures in the
datasets. Taba automatically downloads structural and bind-
ing data from the PDB and binding affinity databases. In the
next step, Taba determines the equilibrium distances for all
structures in the training set. Taba considers protein-ligand
interactions as a mass-spring system. Following this, Taba
applies supervised machine learning to calculate the relative
weights of each independent variable in Equation (1) to gen-
erate models to calculate the predicted affinity (PA) based on
the atomic coordinates of protein-ligand complexes. Finally,
Taba selects the scoring function based on the predictive
performance against the structures in the test set.

2.5. Machine Learning Models

Taba and SAnDReS rely on scikit-learn [71] to gen-
erate machine learning models to predict binding af-
finity based on the atomic coordinates of protein-ligand
complexes. In the SAnDReS approach, we have the
development of machine learning models using energy
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terms available in docking programs. On the other
hand, Taba employs physical modeling of the intermo-
lecular interactions. SAnDReS and Taba have the fol-
lowing supervised machine learning methods taken
from scikit-learn [71]: Ridge, Lasso, Elastic Net, and
Ordinary Linear Regression. For the first three meth-
ods, we have an additional option with cross-
validation. Taken together, we have seven supervised
machine-learning techniques in each program.

2.6. Statistical Analysis

We assessed the predictive power of the scoring
functions calculating the correlation coefficients [77],
p-values, and root-mean-squared error (RMSE) be-
tween the experimental data and the predicted binding
affinity determined using the classical scoring func-
tions [67-71], the empirical polynomial scoring func-
tions developed using SAnDReS [44, 45], and the Taba
mass-spring models [46, 47]. We generated the ma-
chine learning models using approximately 70 % of the
structures in the CDK2Ki dataset (training set) and ~30
% of the dataset as a test set as suggested by Cichero et
al. 2010 [78].

Taba uses four significant figures to express the in-
teratomic distances to model protein systems. With this
number of significant figures for distances, we have
values with 1/1000 of A as adopted in the PDB to ex-
press atomic coordinates of macromolecular structures
[6, 7]. For interatomic distances, the X-ray diffraction
crystallographic resolution is not the associated error in
the atomic coordinates. These errors are not necessarily
in the range of 0.001 A for the atomic coordinates and
distances, but using statistical analysis of experimental
X-ray diffraction data and the final structure model
such as the Luzzati plot, we have an associated error in
the range 0.2 A for a CDK2 with a resolution of 2.4 A.
For log (K;), we adopted two significant figures, taking
the experimental data for K; from the binding databases
[60-66].

3. RESULTS AND DISCUSSION
3.1. Biological System

In this review, we focus on the application of ma-
chine learning techniques to predict the binding affinity
of ligands against structures of CDK2. This protein
comprises an interesting biological system for the de-
velopment of scoring functions for two main reasons.
Firstly, the availability of crystallographic structures
for which binding affinity data is known. Secondly, it
is due to the importance of CDK2 for drug discovery
and development [79]. CDK2 is a target for the devel-
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opment of anticancer drugs [80-83]. A search on clini-
caltrials.gov using as keywords CDK2 and cancer re-
turned 11 trials, including six which are either recruit-
ing or active (search carried out on March 24, 2021).
Among the CDK inhibitors identified so far, we may
highlight the FDA-approved drug palbociclib, which
can treat postmenopausal women with breast cancer
[84-91].

Considering the filtered CDK2Ki dataset [46],
where we removed the data related to CDK9 and elim-
inated ligands for which information about binding af-
finity from the PDB showed inconsistencies in the in-
formation associated with the PDBBind, BindingDB,
and Binding MOAD, we ended up with 29 structures.
These inconsistencies are related to different values of
binding affinity for the same ligand.

In the CDK2Ki dataset, all crystallographic struc-
tures have competitive inhibitors non-covalently bound
to the ATP-binding pocket of CDK2, with resolution
ranging from 1.55 to 2.8 A. The CDK2 has two do-
mains with the N-terminal composed of a distorted be-
ta-sheet and the C-terminal made mostly of alpha-
helical structures as indicated in Fig. (3). The ATP-
binding pocket of CDK2 lies between the two domains.
All competitive inhibitors bind to this pocket. Calcula-
tion of the volume of this binding site using Molegro
Virtual Docker (MVD) (version 6) [92-95] and a probe
with a radius of 1.2 A indicated a volume of 201.728
A®, which allows a wide range of different ligand struc-
tures to fit into this volume [82, 83].

In Fig. (4), we have the binding pocket of the struc-
ture of CDK2 in complex with roscovitine [96], where
we highlight the two main residues of CDK2 participat-
ing in intermolecular interactions. Previously published
intermolecular contact analyses of the residues partici-
pating in interactions involving inhibitors and the ATP-
binding pocket indicated the participation of main-
chain oxygen and nitrogen atoms of Leu 83 and Glu 81
of CDK2 in most complexes with high specific CDK2
inhibitors [97-112].

We have 415 structures of CDK2 deposited in the
PDB (search carried out using UniProt Molecule Name
as cyclin-dependent kinase 2 on March 24, 2021).
Among these structures, 212 entries have validated in-
hibitors bound to the ATP-binding pocket of CDK2.
Most of these ligands have data about ICsy and the mi-
nority about K;. Analysis of the intermolecular interac-
tions of these complex structures indicated that most of
the inhibitors show intermolecular hydrogen bonds in-
volving main-chain nitrogen and oxygen of Leu 83 and
Glu 81, forming a sequence of spots for the binding of
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inhibitors named the molecular fork [82]. In Fig. (4),
we see two of these intermolecular hydrogen bonds
with the participation of main-chain atoms of the resi-
due Leu 83.

Fig. (3). Structure of human CDK2 in complex with the in-
hibitor roscovitine (PDB access code: 2A4L). The roscovit-
ine is indicated with thick lines and the ribbons represent the
protein structure. We used the program MVD (version 6)
[92-95] to generate this figure (A4 higher resolution / colour
version of this figure is available in the electronic copy of the
article).

Fig. (4). Intermolecular hydrogen bonds of the inhibitor ros-
covitine (RRC) with the residue Leu 83 of the CDK2.
Dashed lines indicate hydrogen bonds. On the right, we have
the structure of the residue Glu 81 that participates in inter-
molecular hydrogen bonds in other CDK2-inhibitor struc-
tures. We used the program MVD (version 6) [92-95] to
generate this figure (4 higher resolution / colour version of
this figure is available in the electronic copy of the article).

3.2. Binding Affinity with Classical Scoring Func-
tion

AutoDock4 and AutoDock Vina have been success-
fully applied to different protein targets to identify po-
tential hits. Their scoring functions are fully described
in the following references [113-115]. On the other
hand, the evaluation of binding affinity using the avail-
able scoring functions in these programs was not relia-
ble [46, 47, 116-118]. Application of AutoDock4 to
predict binding affinity using the crystallographic posi-
tion of the ligands in the CDK2Ki (training set) gener-
ated a Spearman rank correlation coefficient (p) of
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0.358 with a p-value of 0.12. Analysis of the predictive
power of each energy term used in the AutoDock4
scoring function generated p ranging from -0.348 to
0.359, all with p-values > 0.1. Analysis of the predic-
tive performance for the structures in the test set pro-
duced p ranging from -0.183 to 0.367, all with p-values
> 0.1. Supplementary materials 2 and 3 bring the pre-
dicted and experimental binding affinities for all struc-
tures in the CDK2Ki training and test sets, respectively.

Assessment of the binding affinity of the structures
in the training set using a full scoring function and en-
ergy terms available in AutoDock Vina generated p
ranging from -0.171 to 0.224, with p-values > 0.1. The
highest correlation was obtained for the full scoring
function of AutoDock Vina. Analysis of the correlation
for the structures in the test set showed p ranging from
-0.417 to 0.117, with p-values > 0.1. Supplementary
materials 4 and 5 have the binding affinities calculated
using AutoDock Vina for all structures in the CDK2Ki
training and test sets, respectively.

The predictive performance of both classical scoring
functions is poor. One possible reason for this failure in
predicting binding affinity using classical scoring func-
tions is the methodology applied in the creation of the-
se computational models. We may highlight that most
of the classical scoring functions use energy terms for
van der Waals, electrostatic energy, hydrogen bonding,
and solvation effects and then determine the relative
weight of each energy term based on the regression
method [1, 119-124]. Such an approach creates a model
bias against the structures not employed in the training
set so that these computational models to predict bind-
ing affinity are prone to work for proteins present in the
training set used to determine the relative weights of
each energy term in the empirical scoring function. On
the other hand, protein systems not present in the origi-
nal training set or poorly represented in it could be out
of the scope of the classical scoring function [44, 45],
which generates a low correlation with experimental
data as observed for the structures in the CDK2Ki da-
taset.

3.3. Binding Affinity with SAnDReS

SAnDReS aims to integrate all necessary steps to
create machine learning models in one suite of pro-
grams [44]. SAnDReS has been applied to a wide range
of different protein systems [125-143] and has success-
fully generated machine learning models that outper-
form classical scoring functions in the prediction of
binding affinity [45, 144-151].
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Application of the machine learning methods of
SAnDReS to the structures in the training set and the
energy terms calculated using the program AutoDock4
generated polynomials equations with three independ-
ent variables (features in the machine learning termi-
nology), which gives more than six observations for
each independent variable. These polynomial scoring
equations are described elsewhere [125-143]. The ratio
of five observations (structures) per independent varia-
ble (or descriptor) is the minimum requested by the
rule of thumb recommended for regressions models
[152, 153]. Amongst the seven machine learning meth-
ods available in SAnDReS, the Elastic Net with cross-
validation showed the best overall predictive perfor-
mance. The highest correlation model has an p = 0.319,
a p-value of 0.17, and an RMSE = 1.1, a correlation
worse than the classical scoring functions. The correla-
tion for the structures in the test set was also poor, with
an p = -0.183, p-value = 0.64, and an RMSE of 1.7.
Fig. (5a) shows the scattering plot for the test set struc-
tures. The polynomial equation for the predicted affini-
ty (PA) generated using SAnDReS is shown in equa-
tion (2),

PA (model 1) = —6.5 — 0.0416(Final Intermolecular Energy) +
0.0416(vdW + Hbond + Desolvation Energy) +
0.192(Final Total InternalEnergy) 2)

In equation (2), the variables vdW and Hbond rep-
resent van der Waals and hydrogen bond energy terms,
respectively. A detailed description of the expression of
each energy term is available elsewhere [67].

Using the same approach for the energy terms cal-
culated using AutoDock Vina, we have the highest cor-
relation model with an p = 0.537, a p-value of 0.015,
and RMSE = 1.0. The expression of this machine learn-
ing model is in equation (3), as follows,

PA (model 2) = —3.2 — 0.00288(Gauss2) + 0.00982(Repulsion) +
0.0220(Hydrophobic) 3)

The descriptions for the energy terms in equation
(3) are presented elsewhere [69]. Analysis of this poly-
nomial model against the structures in the test indicated
an p = 0.067, a p-value of 0.86, and an RMSE = 2.0. In
Fig. (Sb), we have the scattering plot for the test set
structures. Although the model generated using the en-
ergy terms of the AutoDock Vina showed some prom-
ising results for the training set, the evaluation against
the test set showed poor predictive power.

3.4. Binding Affinity with Taba

Taba addresses protein-drug interactions as a mass-
spring system and combines it with an integrated appli-
cation of supervised machine learning techniques to
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generate a targeted scoring function where the inde-
pendent variables are mass-spring micro-systems com-
posed of pairs of atoms. A previously published study
using this approach to generate a computational model
calibrated for CDK structures [46, 47] was able to pre-
dict binding affinity with superior performance com-
pared with classical scoring functions.

In the present study, we focused on a previously de-
scribed CDK machine learning model [46] filtered for
CDK2 structures to create a CDK2-targeted scoring
function. In this model, we deleted the CDK9 data to
have only CDK2 structures. We used a polynomial
equation with three independent variables taking as
energy terms the contributions of the following pairs of
atoms: C-C, C-S, and O-O. Each independent variable
is a mass-spring potential energy function. The equilib-
rium distances for each pair of atoms were calculated
using the average distance taking all structures in the
training set. We tested seven machine learning ap-
proaches available in Taba, and the Elastic Net with
cross-validation also showed the highest correlation
between experimental and predicted affinities. The ma-
chine learning model determined using Taba has the
following expression (equation (4)),

PA (model 3) = Wy + wl(di,j - dO,C,C)Z + (DZ(di,j -
docs)® + wz(dij — dgo0)? 4)

In equation (4), the weights are the following: m = -
6.6, ®; = 0.132, ®, = 0.461, and w3 = 0.226. The equi-
librium distances have the following values: docc =
4.078 A, d(),(;,s =4.120 A, and d0,0,0 =3.663 A

For the training set, the Taba model has a correla-
tion p = 0.750 with a p-value = 0.0001 and RMSE =
5.1. For the test set, we have p = 0.817 with a p-value =
0.007 and a RMSE = 5.7. Supplementary materials 6
and 7 bring the predicted binding affinity for the train-
ing and test sets, respectively. In Fig. (5¢) we have the
scattering plot for the test set structures.

Considering the correlation, the Taba model showed
the best predictive performance, compared with the
classical scoring functions and the SAnDReS machine
learning models. Nevertheless, the RMSE values for
training and test sets are relatively high for the Taba
model, over 5.0. RMSE values of the SAnDReS mod-
els were all below 2.1. This might be due to the sim-
plicity of the mass-spring approach to protein-ligand
interactions.

Taking the classical scoring functions and the three
machine learning models, we may say that these mod-
els show some potential but failed in at least one key
aspect of the statistical analysis of the predictive per-
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Fig. (5). Scatter plots for predicted and experimental binding affinities. a) PA generated using energy terms available in Auto-
Dock4 with machine learning modeling performed with SAnDReS (model 1) (p =-0.183, p-value = 0.64, and RMSE = 1.7). b)
PA generated using energy terms available in AutoDock Vina with regression modeling carried out with SAnDReS (model 2)
(p = 0.067, p-value = 0.86, and RMSE = 2.0). ¢) Mass-spring model generated using Taba (model 3) (p = 0.817, p-value =
0.007, and RMSE = 5.7). d) Machine learning model involving the three previous models performed using SAnDReS (model
4) (p = 0.733, p-value = 0.03, and RMSE = 1.3). We used cross-validated Elastic Net to generate all machine learning models.
We used the program SAnDReS [44] to generate all plots in this figure.

formance. Using the suite of programs SAnDReS, we
developed a novel scoring function (model 4) consider-
ing the models generated using terms from AutoDock4
(model 1), AutoDock Vina (model 2), and Taba (model
3). Applying the cross-validated Elastic Net method
taking the previously generated models, we have the
following expression (equation (5)),

PA (model 4) = — 0.36 + 0.770 PA(model 1) +

0.0931 PA(model 2) + 0.200 PA(model 3) )

Taking the training set, the new machine learning
model (model 4) has a p = 0.750 with a p-value =
0.0001, and an RMSE = 0.7. For the test set, we have
an p = 0.733 with a p-value = 0.03, and an RMSE =

1.3. In Fig. (5d), we have the scattering plot for the test
set structures. The correlation for the training set is the
same and for the test set, we have a worse result, when
compared with model 3. Taking the RMSE, we observe
a significant improvement of model 4 in the training
and test sets. This progress in model 4 is due to the ad-
dition of terms for electrostatics, desolvation, and hy-
drogen bonding, not present in model 3.

These differences in the predictive performance of
the machine learning models should always be consid-
ered in the context where we applied it and keeping in
mind the limitations of the training sets for protein sys-
tems. We chose to focus on structures for which exper-
imental data for atomic coordinates and inhibition con-



Computational Prediction of Binding Affinity

stants are available. This criterion limits the ratio ob-
servations per independent variable but creates ma-
chine learning models strictly based on robust experi-
mental information. Also, although we have a poor ra-
tio of observations per independent variable from the
machine learning point of view, considering the criteria
used for modeling scoring functions to assess binding
affinitybased on atomic coordinates, we satisfy a well-
established rule of thumb [152, 153]. In summary, con-
sidering RMSE and p-value, model 4 exhibits the best
overall performance for the CDK2Ki dataset.

3.5. Scoring Function Space

The success of the application of targeted-scoring
functions to predict binding affinity established the ba-
sis for the creation of a mathematical abstraction for
the development of computational models to address
protein-ligand interactions [9, 58]. Taking a systems-
level approach to address this problem, we may inves-
tigate the relation involving the chemical [126, 154-
161] and protein [162, 163] spaces. Defining a subset
of the chemical space as formed by the inhibitors of a
specific enzyme and seeing this protein as an element
of the protein space, we may envisage this relation as a
base to search the scoring function space. This mathe-
matical space has all potential computational models
able to predict the binding affinity taking as input the

Chemical Space
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atomic coordinates of protein-ligand complexes. We
apply machine learning methods to identify an ade-
quate function to predict binding affinity for an element
of the protein space considering the relation with a sub-
set of the chemical space.

Fig. (6) illustrates the relations involving protein,
chemical, scoring function spaces. We consider CDK2
as an element of the protein space. We highlight a sub-
set in the chemical space composed of CDK2 inhibi-
tors. Then, we may use machine learning approaches to
identify a model to predict binding affinity for this en-
zyme [9, 46-54]. With this mathematical abstraction,
we have a solid theoretical background to explain the
superior predictive performances of machine learning
models developed using SAnDReS [44] and Taba [46],
when compared with classical scoring functions. Tar-
geted scoring functions are the results of explorations
of the scoring function space. So, we define their func-
tions for a single protein.

One way to think about this abstraction is taking the
experimental binding and the crystallographic data
available for a given protein as a system, where
through the application of machine learning methods
we create a computational model tailored to this bio-
logical system. In doing so, we give up to find a gen-
eral scoring function for all proteins; we address this

log(K;) =; f3;
N N
log(K;) = z axi+ ) a; sz
Jj=0 N j=0

log(K;) = a, +Z a;x;
=0

o§

c® o
< « Protein Space
L

Fig. (6). Schematic diagram illustrating the relations involving protein, chemical, and scoring function spaces. On the right, we
take an element of the protein space, indicated by the green sphere. This element is the CDK2. Then, we highlight a subset of
the chemical space composed of CDK?2 inhibitors. Finally, we apply machine learning techniques to explore the scoring func-
tion space to find an adequate model to predict the binding affinity. We used the program MVD (version 6) [92-95] to generate
the chemical and protein spaces in this figure (4 higher resolution / colour version of this figure is available in the electronic

copy of the article).
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problem by generating a fine-tuned computational
model. This approach seems realistic considering the
restricted volume of experimental data, especially see-
ing the complex structures for which experimental
binding affinity is available. Also, we assume that as
being proteins dependent on the evolution and integrat-
ed into a complex chemical environment, as found in
the biological systems, the use of a targeted machine-
learning model is suitable to predict binding affinity.
Besides the studies reviewed here, other authors carried
out machine-learning studies focused on CDK [164,
165].

CONCLUSION

The application of machine learning methods for the
development of empirical scoring functions to predict
protein-ligand binding affinity gave support to the use
of these techniques to address the energetics of these
molecular systems. The superior predictive perfor-
mance of targeted scoring served as the basis for the
development of the concept of scoring function space
[9]. This mathematical abstraction makes it possible to
integrate computational systems biology with machine
learning techniques to address protein-ligand interac-
tions. By the use of supervised machine learning tech-
niques, we can explore this scoring function space to
build a computational model targeted to a specific pro-
tein system. Here, we highlighted the superior predic-
tive power of supervised machine learning approaches
when compared to classical scoring functions using
CDK2 as an example. Specifically for CDK2, machine
learning models outperform classical scoring functions
available in protein-ligand docking programs (Auto-
Dock4 and AutoDock Vina). Although target-specific
scoring functions show superior predictive perfor-
mance compared with generalized approaches, there
are two major weaknesses of this approach. Targeted
machine learning models capture the essence of the
binding focused on a specific pocket. Therefore allo-
steric ligands exhibiting a different binding mode
would require another targeted machine learning model
for the same enzyme, and most surely, protein targets
with highly flexible binding pockets would prove to be
very challenging to cope with since the training of tar-
geted scoring function rely exclusively on crystallo-
graphic structures, at least for the methods we present-
ed here.
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