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Abstract

Machine Learning to Predict Binding Affinity

Recent progress in the development of scientific libraries with machine-learning

techniques paved the way for the implementation of integrated computational tools to

predict ligand-binding affinity. The prediction of binding affinity uses on the atomic

coordinates of protein-ligand complexes. These new computational tools made

possible application of a broad spectrum of machine learning techniques to study

protein-ligand interactions. The essential aspect of these machine-learning

approaches is to train a new computational model making use of technologies such

as supervised machine-learning techniques, convolutional neural network, and

random forest to mention the most commonly applied methods. Here, we focus on

supervised machine learning techniques and their applications in the development of

protein-targeted scoring functions for the prediction of binding affinity. We discuss the

development of the program SAnDReS (Xavier et al., 2016) and its application to the

creation of machine-learning models to predict inhibition of cyclin-dependent kinase.

Also, we describe the scoring function space, and how to use it to explain the

development of targeted scoring functions.
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In recent years, we have witnessed significant progress in the development of machine-

learning models for the prediction of protein-ligand binding affinity. This progress is

mostly due to the availability of free scientific libraries such as NumPy

(http://www.numpy.org/), SciPy (https://scipy.org/), TensorFlow

(https://www.tensorflow.org/), and scikit-learn (https://scikit-learn.org/stable/). All these

libraries are intended to be used with Python programming language

(https://www.python.org/).

Introduction
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We may classify machine-learning approaches for the development of new scoring

functions into two major types. The first type, named targeted scoring functions, makes

use of energy terms to compose a predictive model and calibrate them to obtain the

relative weights of the energy terms for a specific biological system.

The second type of machine-learning approach to the development of a scoring

function considers a broader spectrum of biological systems (Bitencourt-Ferreira et al.,

2020). We call this type of machine-learning model a non-specific scoring function.

Introduction

Targeted Scoring FunctionsNon-Specific Scoring Functions
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We may quantify the interaction of an inhibitor with its protein target determining the

inhibition constant (Ki). If the free inhibitor molecule concentration reaches the value of

Ki we have fifty percent of the protein binding sites occupied by the inhibitor (Schneider

& Baringhaus, 2008). In summary, this inhibition constant is the concentration of an

inhibitor necessary to occupy fifty percent of the binding site of the protein. We may use

this value to determine the Gibbs free energy of binding for protein-ligand complexes

(G) as follows,

where R is the gas constant and T the absolute temperature.

Inhibition Constant

9

∆𝐺 = −RTln 𝐾𝑖
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Information about inhibition constant can be found in the BindingDB (Liu et al., 2007),

PDBBind (Liu et al., 2015), and Binding MOAD (Benson et al., 2008). It is also possible

to retrieve this information for protein structures in the protein data bank (PDB) (Berman

et al., 2000).

Inhibition Constant

10

https://www.amazon.com/Docking-Screens-Discovery-Methods-Molecular/dp/1493997513/
https://publons.com/researcher/1890214/walter-f-de-azevedo-jr/
https://www.scopus.com/authid/detail.uri?authorId=7006435557


In 2016, we developed the program SAnDReS (Xavier et al., 2016) which is a suite of

programs to generate machine-learning models to predict protein-ligand binding affinity.

SAnDReS draws inspiration from several studies focused on protein-ligand complexes

that we have been working on in the last decades. These projects began in the 1990s

with pioneering studies focused on intermolecular interactions between CDK and

inhibitors (de Azevedo Jr. et al., 1996; 1997). SAnDReS is a free and open-source

general public license (GNU) computational environment for the development of

machine-learning models for prediction of ligand-binding affinity.

SAnDReS
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SAnDReS is an acronym for Statistical

Analysis of Docking Results and Scoring

Functions and has been successfully

applied to a wide range of biological

systems. In these studies, SAnDReS

predicted binding affinity for protein-ligand

complexes with superior performance when

compared with traditional scoring functions.

SAnDReS also has a user-friendly interface

that allows the user to carry out protein-

ligand docking simulations without

preparing the necessary input files. The

latest version of SAnDReS can run the

following external docking programs: MVD

(Thomsen & Christensen, 2006; Heberlé &

de Azevedo, 2011 ), AutoDock4 (Morris et

al., 2009), and AutoDock Vina (Trott &

Olson, 2010).

SA
n

D
R

eS

M
V

D

A
u

to
D

o
ck

4

A
u

to
D

o
ck

V
in

a

SAnDReS

12

https://www.amazon.com/Docking-Screens-Discovery-Methods-Molecular/dp/1493997513/
https://publons.com/researcher/1890214/walter-f-de-azevedo-jr/
https://www.scopus.com/authid/detail.uri?authorId=7006435557


This figure illustrates the main ideas behind the application of the program SAnDReS

for the development of a targeted scoring function. Briefly, we start with the

downloading of crystallographic structures of protein target for which ligand-binding

data is available. We use the training set to calibrate our scoring function through

regression analysis and the test set to evaluate the predictive performance of the

scoring function using data not employed for the calibration of the model. The program

SAnDReS uses a polynomial equation composed of up to nine explanatory variables.

This polynomial empirical scoring function was first described in the development of the

program Polscore (de Azevedo Jr. & Dias, 2008).

SAnDReS
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SAnDReS
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SAnDReS
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SAnDReS has GUI that allows the user to directly execute all tasks available in the

program. Below we have a view of the SAnDReS GUI interface.
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𝑓 = 𝛾0 + 𝛾1𝑥1 +

𝛾2𝑥2 + 𝛾3𝑥3 +

𝛾4𝑥1𝑥2 +

𝛾5𝑥1𝑥3 +

𝛾6𝑥2𝑥3 + 𝛾7𝑥1
2 +

𝛾8𝑥2
2 + 𝛾9𝑥3

2

The program SAnDReS makes use of supervised machine-learning techniques to

generate polynomial equations to predict ligand-binding affinity. SAnDReS works

through the training of a model making it specific for a biological system (targeted

scoring function). Briefly, we consider three energy terms available in standard scoring

functions available docking programs such as programs Molegro Virtual Docker,

AutoDock4, and AutoDock Vina. We take these energy terms as the explanatory

variable x1, x2, and x3 and build a polynomial equation as follows,

where f is the predicted binding

affinity, γ0 the regression

constant, the other γ’s are the

relative weights of each

explanatory variable of the

polynomial equation.

SAnDReS
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In the development of a machine-learning model to predict the binding affinity, for

instance, the goal is to determine the relative weight (γj) of the explanatory variables, to

bring the predicted values (fi) close to the experimental values (yi). Below we indicate

an equation, where we have the response variable (f) expressed as a function of the

explanatory variables (xj). In the below equation, N indicates the number of explanatory

variables, γ0 represents the regression constant and ’s the relative weight of each

explanatory variable.

Supervised Machine Learning Methods

𝒇 𝒙𝟏, … , 𝒙𝑵 = 𝜸𝟎 + σ𝒋=𝟏
𝑵 𝜸𝒋𝒙𝒋
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The basic idea behind the ordinary linear regression (OLR) method is to minimize the

cost function known as the residual sum of squares (RSS). Some authors call this cost

function the sum of squared residuals (SSR). Below we have the equation for RSS. In

the below equation, M is the number of observations, yi is the experimental value, and

fi is the predicted value. RSS is the sum of the differences between the experimental

value (yi) and the predicted value (fi). The regression method optimizes the weights (γj)

in equation to minimize the RSS.

Supervised Machine Learning Methods (OLR)

𝑹𝑺𝑺 = σ𝒊=𝟏
𝑴 𝒚𝒊 − 𝒇 𝒙𝟏, … , 𝒙𝑵

𝟐
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Tikhonov proposed a variation of the ordinary linear regression method in 1963

(Tikhonov, 1963); this method is named Ridge method. In the Ridge method, we add a

penalty term to the original expression of RSS. The penalty term takes a form of a sum

of the squared weights (γ’s), as indicated below. In the below equation, λ2 ≠ 0 is the

regularization parameter. The second summation is taken over all regression weights

(γ’s). The Ridge method performs L2 regularization.

Supervised Machine Learning Methods (Ridge)

𝑹𝑺𝑺 = σ𝒊=𝟏
𝑴 𝒚𝒊 − 𝒇 𝒙𝟏, … , 𝒙𝑵

𝟐
+𝝀𝟐 σ𝒋=𝟏

𝑵 𝜸𝒋
𝟐
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Tibshirani developed another variation of the ordinary linear regression method in 1996

(Tibshirani, 1996). This new regression method is called the least absolute shrinkage

and selection operator; also Lasso or LASSO. The Lasso method adds a term involving

the sum of the absolute values of the relative weights to the RSS equation, as

indicated below. As observed for ridge equation, the second summation considers the

γ’s. In the below equation, the term λ1 ≠ 0 indicates a coefficient responsible for

controlling the strength of the penalty.

Supervised Machine Learning Methods (LASSO)

𝑹𝑺𝑺 = σ𝒊=𝟏
𝑴 𝒚𝒊 − 𝒇 𝒙𝟏, … , 𝒙𝑵

𝟐
+𝝀𝟏 σ𝒋=𝟏

𝑵 𝜸𝒋
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In 2005, Zou and Hastie proposed a combination of the Ridge and Lasso methods in

one equation as indicated below (Zou & Hastie, 2005). In this equation, the terms λ1 ≠

0 and λ2 ≠ 0 are the two regularization parameters. This method is named Elastic Net.

Supervised Machine Learning Methods (Elastic Net)

𝐑𝐒𝐒 =

𝐢=𝟏

𝐌

𝐲𝐢 − 𝐟 𝐱𝟏, … , 𝐱𝐍
𝟐
+𝛌𝟏 

𝐣=𝟏

𝐍

𝛄𝐣 +𝛌𝟐 

𝐣=𝟏

𝐍

𝛄𝐣
𝟐
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The program AutoDock4 (Morris et al., 2009) employs a semiempirical free energy

force field scoring function to evaluate the binding affinities of protein-ligand

complexes. The pair-wise energetic terms of the equation of the AutoDock4 scoring

function (V) is determined as follows,

In the above equation, the γ’s indicate the relative weight of each energy term. The first

energy term evaluates the van der Waals potential making use of the Lennard-Jones

approximation. The second term calculates the hydrogen bond potential using a

variation of Lennard-Jones based on a 10/12 potential. The third term is the Coulombic

electrostatic potential. The fourth term represents the desolvation potential, and the

final term considers the number of rotatable bonds in the ligand. In the above equation,

summation operates over all pairs of ligand atoms (i) and protein atoms (j) besides all

pairs of atoms in the ligand that are apart by three or more bonds.

Scoring Functions (AutoDock4)

𝑉 = 𝛾𝑣𝑑𝑤 σ𝑖,𝑗

𝐴𝑖𝑗

𝑟𝑖𝑗
12 −

𝐵𝑖𝑗

𝑟𝑖𝑗
6 +𝛾𝐻𝐵 σ𝑖,𝑗 𝐸(𝑡)

𝐶𝑖𝑗

𝑟𝑖𝑗
12 −

𝐷𝑖𝑗

𝑟𝑖𝑗
10 +

𝛾𝑒𝑙𝑒𝑐 σ𝑖,𝑗

𝑞𝑖𝑞𝑗

𝜀(𝑟𝑖𝑗)𝑟𝑖𝑗
+ 𝛾𝑠𝑜𝑙 σ𝑖,𝑗 𝑆𝑖𝑉𝑗 + 𝑆𝑗𝑉𝑖 𝑒

−𝑟𝑖𝑗
2/2𝜎2

+ 𝛾𝑡𝑜𝑟𝑁𝑡𝑜𝑟
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We define MolDock Score  (Thomsen & Christensen, 2006) as follows,

Escore = Einter + Eintra

where Escore is the MolDock Score, Einter is the intermolecular interaction energy for the 

protein-ligand system and Eintra is the intramolecular energy for the ligand.

The expression Einter is as follows,

where EPLP is an energy term named piecewise linear potential and the second term for

electrostatic energy. N and M are the number of atoms in ligand and protein,

respectively. The variable qi and qj are the charges of atoms i and j, respectively. The

variable rij representes the interatomic distance between atoms i and j.

 










=
N M

ij

PLP ij
r

qiq j
Einter

i=1 j =1

E (r ) + 332

Scoring Functions (Molegro Virtual Docker)
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Below we have the intermolecular energy.

The electrostatic term uses the following scheme to assign charges to the protein-ligand

system.

Charge Ligand Atoms Protein Atoms

0.5 N in group –C(NH2)2 His (ND1 and NE2)

Arg (NH1 and NH2)

1.0 N in groups –N(CH3)2

and –(NH3)

Lys (NZ)

-0.5 O in groups –COO, –SO4, –

PO2 and –PO2–

Asp (OD1 and OD2)

Glu (OE1 and OE2)

-0.66 O in group –PO3

-0.33 O in group –SO3

-1.0 O in group –SO2NH








 N M

rij

qiq j
Einter

i=1 j=1

=  EPLP(rij ) + 332

Scoring Functions (Molegro Virtual Docker)
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Below, we have the charges for each atom in charged side chains.

ND1

NE2

CE1

CD2  
CG

CB

CA N

C

O

Histidine (charge = 0.5)

NH2 CA

CB

CG

CD

N

NE

O  

C

CZ

O

C

N

CA

CB

CG

CD

CENZ OE2

OE1 CD

CA

CB
CG N

O

C

Lysine (charge = 1.0)

CA

CB

CG

OD1

OD2C

O

NH1

Arginine (charge = 0.5)

N

Aspartate (charge = -0.5)

Glutamate (charge = -0.5)

Scoring Functions (Molegro Virtual Docker)
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The term EPLP uses the same function for van der Waals and hydrogen bond

interactions. We have the variation of the potential energy for each range of interatomic

distance (rij), as follows.

PLPE =

0

A

R
A

34

31 ij

1

1

12

1 ij 1

1

0

R −R

A (r −R )
A −

R −R

A (r −R )

−A0rij

2
for R1  rij R

1ij
for r R

3for R2  rij R

for R3  rij R4

for rij R4

Scoring Functions (Molegro Virtual Docker)
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Below we have the values for R1, R2, R3, R4, A1 e A0 for each type of interaction.

R1 R2 R3 R4 A1 A0

R1 R2 R3 R4

E
P

L

P

Scoring Functions (Molegro Virtual Docker)
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Below we have the criteria used to indetify atoms participating in intermolecular

hydrogen bonds.

Type of Participation in H Bond Atom

Acceptor N and O without H bound

Donor N and S with one or more Hs bound

Both O with one H bound or O in water 

molecules

Nonpolar All other atoms

Scoring Functions (Molegro Virtual Docker)
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AA

A

AA

A

In order to take into account the directionality of the hydrogen bonding, a correction

factor (Hfactor) is multiplied by the energy calculated for the hydrogen bond.

Figures below illustrate the geometry of a hydrogen bond.

D H D H D H

AA

AD−H −A

D:

A:

AA:

Donor atom                      

Acceptor atom

Acceptor antecedent atoms

Angle involving D-H-A

Angle involving H-AAA  

Angle involving D-A-AA

 :D−H −A

H −A−AA :
D− A−AA :

H −A−AA

D−A−AA

Scoring Functions (Molegro Virtual Docker)
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The equation below defines Hfactor as follows,

The angles indicated between parentheses are the minimum (Amin) and the maximum

(Amax), respectively. The factor Hfactor ranges from 0 to 1, so for a geometry not favorable

to formation of a hydrogen bond, Hfactor is zero.

o oo o

factor H −A−AA D−A−AAD−H −A .( ;90o ;100o).( ;90 ;100 )H = ( ;90 ;150 )

D:

A:

AA:

Donor atom                      

Acceptor atom

Acceptor antecedent atoms

Angle involving D-H-A

Angle involving H-AAA  

Angle involving D-A-AA

 :D−H −A

H −A−AA :
D− A−AA :

Scoring Functions (Molegro Virtual Docker)
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Below, we have the ramp plots for each of the angles in the hydrogen bonds.

D−H −A (o)
0 90 150 180

H −A−AA (

D−H −A H−A−AA
( ;90o ;150o) ( ;90o ;100o)

0 90
100 150 180

o)

()o
D−A−AA

D−A−AA( ;90o ;100o)

0 90 100 150 180

1

0

1

0

1

0

Scoring Functions (Molegro Virtual Docker)
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AA:
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Acceptor atom

Acceptor antecedent atoms

Angle involving D-H-A

Angle involving H-AAA  

Angle involving D-A-AA

 :D−H −A

H −A−AA :
D− A−AA :
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The last energy term in the MolDock Score function defines intramolecular energy for 

the ligand (Eintra) as follows,

In the above equation, the double summation involves all atom pairs in the ligand

excluding atom pairs which are connected by two bonds or less.

The second energy term is a torsional term. The parameters are defined as follows.

θ is the torsional angle of the bond. The last energy term (Eclash) assigns a penalty of

1000 if the distance between two heavy atoms (more than two bonds apart) is less

than 2.0 Å.

 
iligand jligand lflexible torsions

EPLP (rij )+Eintra =  A1−cos(m.−0 )+Eclash

Type of Bond Θ0 (o) m A

sp2-sp3 0 6 1.5

sp3-sp3 180 3 3.0

sp2-sp2 0 2 3.0

Scoring Functions (Molegro Virtual Docker)
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Statistical Analysis

𝑅2 = 1 −
𝑅𝑆𝑆

𝑇𝑆𝑆

𝑇𝑆𝑆 = σ𝑖=1
𝑁 𝑦𝑖 − 𝑦 2

To evaluate the predictive performance of the machine-learning models, we employ

two correlation coefficients, the squared correlation coefficient (R2) and the

Spearman’s rank correlation coefficient (ρ). We calculate the coefficient R2 by the

following equation:

The residual sum of squares (RSS) is determined by previously discussed equations,

depending on the machine learning method. We calculate the total sum of squares

(TSS) as follows:

The variables yi are the experimental observations, <y> is the mean value for y, and N

the number of observations.
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The variables yi are the experimental observations, <y> is the mean value for y, and N 

the number of observations. We define the Spearman’s rank correlation coefficient (ρ) 

by the following expression (Zar, 1972):

in the above equation, the term di indicates the difference in the ranks for a given 

observation.

In the analysis of the predictive performance of machine-learning models, it is common 

to evaluate the root mean squared error (RMSE) defined as follows,

The variables yi are the experimental observations, <y> is the mean value for y, and N 

the number of observations. 

Statistical Analysis

𝜌 = 1 −
6 σ𝑖=1

𝑁 𝑑𝑖
2

𝑁 𝑁2−1

𝑅𝑀𝑆𝐸 =
1

𝑁


𝑖=1

𝑁

𝑦𝑖 − 𝑦 2
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Here we discuss the application of the machine learning methods to predict binding

affinity for CDK2. This enzyme has been intensively studied as a target for the

development of anticancer drugs. Structural analysis of the CDK2 showed a typical

bilobal architecture of serine/threonine protein kinases (EC 2.7.11.1). Analysis of the

CDK2 indicates that the N-terminal domain is mostly built by a distorted beta-sheet and

a short alpha helix. A helix bundle forms the C-terminal. The two lobes of the CDK2

structure permit the binding of the ATP molecule, as we can see below (de Azevedo Jr.

et al., 1996; 1997).

CDK Dataset
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CDK2 is a target for development of anticancer due to its role in the cell cycle

progression. To occur the G1/S transition, it is necessary activation of CDK2.

CDK Dataset

Source: https://d3i71xaburhd42.cloudfront.net/74dd51adc35aab5f8d6655fe36a725479d18b5fe/3-Figure1-1.png).
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Activation of CDK2 requires binding to cyclin and phosphorylation and

desphosphorylation as indicated below (Canduri & de Azevedo Jr., 2005).

CDK Dataset

Inactive Inactive   Inactive Active Inactive
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We selected a total of 26 high-resolution crystallographic structures for which

experimental information about inhibition constant was known. We split this dataset in

one subset with twenty structures to be employed to train the machine learning model

(training set) the remaining six structures formed the test set. The PDB access codes

for the CDK dataset are listed below. The red font indicates the structures in the test

set.

CDK Dataset
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Here, we consider a polynomial equation involving the energy terms available in the

program AutoDock4. We generated 511 polynomial equations with the program

SAnDReS; the highest correlation among them was observed for the polynomial

scoring function number 514 (Polscore#514). The table below brings the predictive

performance of the scoring functions (training set) (Free Energy Score (AutoDock4),

MolDock Score (MVD), Ligand Efficiency Scores 1 and 3 (MVD), and PolScore#514

(SAnDReS)).

CDK Dataset

Scoring Function  p-value (ρ) RMSE R2 p-value (R2)

Free Energy Score (AutoDock4) 0.242 0.2915 6049.29 0.046 0.3503

MolDock Score (MVD) 0.226 0.3246 112.038 0.073 0.2374

Ligand Efficiency 1 Score (MVD) -0.057 0.8057 2.78186 0 0.936

Ligand Efficiency 3 Score (MVD) 0.229 0.319 3.52467 0.067 0.2561

Polscore#514 (SAnDReS) 0.629 0.002274 1.1453 0.382 0.002839
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Predictive performance for the structures (CDK2 dataset) in the training set.
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The table below brings the predictive performance of the scoring functions (Free

Energy Score (AutoDock4), MolDock Score (MVD), Ligand Efficiency Scores 1 and 3

(MVD), and PolScore#514 (SAnDReS)) for the structures in the test set. The ρ ranges

from -0.6 to 0.771, the highest correlations obtained for the MolDock scoring function

and Polscore#504. Analysis of the RMSE values indicated that Polscore#504 has the

lowest value, which suggests that this machine-learning model has superior

performance when compared with the native scoring functions available in the

programs MVD and AutoDock4.

CDK Dataset

Scoring Function  p-value (ρ) RMSE R2 p-value (R2)

Free Energy Score (AutoDock4) 0.143 0.7872 843.736 0.124 0.4929

MolDock Score (MVD) 0.771 0.0724 103.542 0.731 0.03004

Ligand Efficiency 1 Score (MVD) -0.6 0.208 1.75141 0.131 0.4801

Ligand Efficiency 3 Score (MVD) -0.314 0.5441 2.16765 0.115 0.5107

Polscore#514 (SAnDReS) 0.771 0.0724 0.797785 0.335 0.2291
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Predictive performance for the structures (CDK2 dataset) in the test set.
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In the predictive model, PBA means predicted binding affinity (PBA = log(Ki)). The

figures below show the scattering plots for the PBA (Polscore#514) and the

experimental binding affinity (log(Ki) (training set on the left and test set on the right).

This predictive model uses as explanatory variables the energy terms found in the

AutoDock4 scoring function (vdW+Hbond+desolv Energy (T1), Final Total Internal

Energy (T2), Torsional Free Energy (T3)). This polynomial equation (Polscore#514) has

the following expression,

CDK Dataset

𝑃𝐵𝐴 = −3.061068 − 0.000159𝑇1 − 0.018819𝑇2 − 1.785568𝑇3
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Final Remarks

•Progress in machine learning is mostly due

to the availability of free scientific libraries

such as NumPy, SciPy, TensorFlow, and

scikit-learn;

•The availability of experimental information

about experimental 3D structures and ligand-

binding affinity made it possible to develop

machine learning models specific for

biological systems of interest;

•Machine-learning models show superior

predictive performance when compared with

classical scoring functions (AutoDock4,

AutoDock Vina, Molegro Virtual Docker).
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