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Abstract In recent times, our healthcare system is being challenged by many
drug-resistant microorganisms and ageing-associated diseases for which we do not
have any drugs or drugs with poor therapeutic proﬁle. With pharmaceutical technological advancements, increasing computational power and growth of related
biomedical ﬁelds, there have been dramatic increase in the number of drugs approved in
general, but still way behind in drug discovery for certain class of diseases. Now, we
have access to bigger genomics database, better biophysical methods, and knowledge
about chemical space with which we should be able to easily explore and predict
synthetically feasible compounds for the lead optimization process. In this chapter, we
discuss the limitations and highlights of currently available computational methods
used for protein–ligand binding afﬁnities estimation and this includes force-ﬁeld,
ab initio electronic structure theory and machine learning approaches. Since the electronic structure-based approach cannot be applied to systems of larger length scale, the
free energy methods based on this employ certain approximations, and these have been
discussed in detail in this chapter. Recently, the methods based on electronic structure
theory and machine learning approaches also are successfully being used to compute
protein–ligand binding afﬁnities and other pharmacokinetic and pharmacodynamic
properties and so have greater potential to take forward computer-aided drug discovery
to newer heights.
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Fragment molecular orbital
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Pharmacodynamic
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Quantum mechanics/molecular mechanics

1 Introduction: Drugs and Targets
Disease can be deﬁned as an abnormal condition that alters the function or behaviour of an organism and this can be caused by different factors, i.e. internally
e.g. due to the presence of disease-causing genes or due to external factors.
Externally, disease may be caused due to malnutrition or subjecting a human to
severe external conditions such as exposing to radiation or pollution or microbial
infections or severe physiological conditions which leads to damage or malfunctioning of body machineries. Thanks to genomic analysis of normal and diseased
persons, we know that the protein proﬁle appears quite different in these two cases
and by targeting the biomacromolecules expressed in the diseased state, and we can
develop methods to arrest the progress of the disease. By comparative protein
proﬁling of normal and diseased persons or by comparing the genomes of human
and pathogenic micro-organisms, [1–3] we already know the information about the
potential targets, but then the problem lies in identifying whether the aberrant
expression of a certain biomacromolecule is the main cause of disease or may be a
side product of another key process. Once the key target (protein or enzyme) is
identiﬁed, primay task is to design small molecules that can modulate the target (this can be either of inhibitor, substrate, inducer). Subsequently, the active
compound (also called hit molecule) is further optimized to pre-clinical candidate.
The aim of lead optimization is not only to increase the potency, but also to
reduce any off-target binding. In this chapter, we will discuss how to use computational approaches not only to identify small molecules that can inhibit or modulate the catalytic process of a key enzyme that is connected with disease, but also
to understand the fundamental process of biomolecular recognition which assists in
the lead optimization process in the drug discovery and development projects. The
properties of the ligand to be optimized are binding afﬁnity and speciﬁcity towards
a key target biomacromolecule. These target molecules can be located within
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microorganism or within the host organism depending upon whether the disease
belongs to infectious or autoimmune category disease, respectively.

2 Optimization of Drug-Likeness
In addition to binding afﬁnity and speciﬁcity, there are certain other properties
which are to be optimized for an effective drug i.e. low toxic with improved
potency and orally bioavailable for conventional dosage forms. These properties are
absorption (A), distribution (D), metabolism (M), excretion (E) and toxicity (T),
and they collectively are called ADMET or pharmacokinetic (PK) properties. The
properties in general refer to kinetic behaviour of drugs within body and give
information about the timescale required for the drug to reach the potential target
and lifetime within host organism before removal through excretion (this can be
shortly described as “what the body does to a drug?”). The optimization of potency
(binding afﬁnity) and then the subsequent optimization of pharmacokinetic behaviour have been the major contributing factors for the failures at the phase II and
phase III clinical trials [4–6]. So, it is necessary simultaneously to optimize the
potency along with ADMET properties [7]. There are also other properties that are
essential for oral bioavailability such as solubility and transport properties like
membrane permeability (both cellular and across blood-brain barrier).
Overall, it is apparent that drug design is challenging as we need to optimize
several properties at the same time [3, 6]. In certain cases, optimizing one property
may lead to unexpected changes in another property making this optimization
very complex , and in those cases we need to compromise on certain properties and
try to balance different properties for better PD and PK proﬁle. For example, if the
potency of a drug is superior/outstanding but then if it has very poor PK and PD
properties, then one can use suitable drug delivery systems such that the drug is
delivered to its target biomacromolecule. Given that drug design is an optimization
process, it is inevitable to avoid the use of computers as they can be used effectively
to speed up the overall process. But the only requirement is that we need to have
accurately enough methods that can be written in a numerically solvable form and
can reliably describe these processes involved in the drug association with a biological target and its pharmacokinetics [8]. In general, quantum mechanics is the
fundamental theory which can be used to describe any atomic and molecular systems
and their association process and their response to any external variables like heat,
pressure and ﬁelds and to any change in physiological conditions such as pH and
ionic strength. However, the complexity of the mathematics involved in solving the
Schrödinger equation grows with powers of n which is number of basis functions
used to describe one electron orbital used to build wave function of the molecule that
describes its energy and all other properties. For example, the computational demand
is at the power of three in the case density functional theory and can go to power of
5–8 for the theories which can treat the electron correlation more accurately. When
the system size is comparably larger than the wavelength of light and when we are
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not interested in processes where the matter interacts with light or laser ﬁeld, it is
pragmatic to use classical mechanics to describe the molecular systems which
involves relatively simple mathematics, i.e. solving Newton’s equation of motion to
describe the interaction within system and their association with other systems and to
model their time evolution and their response to external thermodynamic variables
like temperature and pressure. As per classical mechanics, once we have the
force-ﬁeld information for a system, its entire future and past can be predicted by
solving equation of motion. Force-ﬁelds can be developed by using various available
structure databases and thermodynamics data. In this chapter, We briefly cover
available force-ﬁeld methods for computing the binding afﬁnity in order to rank
protein–ligand complexes in drug discovery and design. In addition, briefly discuss
their limitations and also present the recent advancement in computational modelling
approaches based on quantum mechanical theory and machine learning algorithm in
a way suitable for drug discovery applications.

3 Free Energies Relevant to Describe Potency
and Pharmacokinetics
Free energy is the key variable that dictates the structure of biomacromolecular
complexes (protein–ligand protein, membrane–ligand, DNA–ligand etc.) and controls various molecular association and ligand transport processes. When there are
many structures possible, the one with least free energy is the most stable one.
Moreover, biomacromolecular or molecular association processes such as drug
binding to receptor, protein–protein binding and drug transport involve the minimization of Gibbs free energy (DG). Any process that involves lowering of Gibbs
free energy can proceed spontaneously. By calculating the free energy change, we
can predict whether an association process is feasible or not. In the case of a drug,
the most relevant aspect is to understand its binding afﬁnity or potency towards a
target biomacromolecule and its association with transport proteins like albumins
[9] and metabolizing enzymes such as cytochrome P450s (CYP) [10–12] and with
glycoproteins responsible for absorption. The ligand binding to target biomacromolecule, transport protein and metabolizing enzymes is dictated by the change in
free energy of the ligand bound to these targets when compared to that in aqueous
solution. Further, it is also necessary to understand whether the compounds will
pass through certain cell membranes and also how well it will dissociate once it is
taken through oral dose which is dependent on the physicochemical properties like
lipophilicity [13] and aqueous solubility [14]. Schematic representation of various
PK computational modeling is shown in Fig. 1, and free energy of relevance is
provided in Table 1.
Computing the free energy of binding of the drug with a biological target and
other targets (such as glycoproteins, albumins, cell membranes) that mediate the
drug transport across the body to relevant target area is the main goal of any
computational approaches. All these drug association-related processes and
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Table 1 Computing various PK and PD properties and potency as a difference in free energy of
the ligand in different environments
Property

Initial
medium

Final medium

Free energyof
relevance

Inhibition constant/binding
afﬁnity
Absorption/distribution

Water

Target enzyme

Genzyme − Gwater

Water

Galbumin − Gwater

Metabolism
Permeability
Solubility
Off-target binding

Water
Water
Crystalline
Water

Glycoproteins/
albumin
Cytochromes P450
Membrane
Water
Off-target (e.g.
hERG)

GP450 − Gwater
Gmembrane − Gwater
Gwater − Gcrystal
Gofftarget − Gwater

Fig. 1 Potency,
pharmacodynamic property
(such as solubility,
permeability) and a few
pharmacokinetic properties
(such as drug absorption,
distribution, metabolism and
toxicity) are related to DG
transfer, which is a free
energy difference needed for
driving a ligand from one
environment to another

transport processes involve optimization (minimization in particular) of free energies, and the free energies associated with potency, bioavailability, drug absorption,
distribution, metabolism, toxicity, solubility are listed in Table 1.
If we can calculate the free energy change for the drug to transfer from one
medium to another, then we can predict how spontaneously this process will occur.
As a conclusion, it can be deduced that the drug design involves calculations of free
energy changes in two different media and the currently available methods are
based on either force-ﬁelds or semi-empirical methods or electronic structure theory
or combination of these. In this chapter, we will provide a brief outline of various
computational methods available for computing free energy of binding of a ligand
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to a receptor which in turn can be used to optimize drug potency, absorption,
distribution and metabolism. These methods are so general and also can be used to
compute absolute free energies of a ligand or drug in crystalline or in different
solvent environments making it feasible to predict other PD and PK properties like
bioavailability, permeability and solubility [15, 16]. Very recently, machine
learning approaches are also contributing to the computation of interaction energies
of protein–ligand and protein–protein complexes and the progress in the use of such
approaches for drug discovery projects will be discussed at the end.

4 Force-Field-Based Free Energies of Drug Target
Binding
A force-ﬁeld describes how the atomic and molecular systems behave at ﬁnite
temperature, pressure and in a speciﬁc physiological condition or under any
external ﬁelds. Force-ﬁelds have potential energy functions to explain the interactions of intermolecular and intramolecular degrees of freedom within a system. In
particular, the former dictates the packing, relative orientation of molecules, while
the internal geometry is dictated by the latter potentials. The currently available
potential energy functions in different force-ﬁelds were parameterized using many
experimental thermodynamic data and structural data [17]. For example, crystal
structure database (CSD) can be easily utilized to get the information about the
characteristic equilibrium radii of atoms which then dictate the size and overall
structure of the materials. Similarly, the heat of vaporization can be used to get
information about the well depths of the interaction potential which then gives
information about transition temperatures from one phase to another. For convenience, interaction energies were modelled as the sum over pair potential where the
pair potential itself is described using sum of Lennard-Jones (LJ) and electrostatic
potential (refer to terms 7 and 8 of Eq. 1, respectively). As mentioned above, the
two parameters of LJ potential, sigma and epsilon can be parameterized by using
available structure information and thermodynamic data.
Utotal ¼

X

Kb ðb  b0 Þ2 þ

bonds

þ

X

dihedral

X

Kh ðh  h0 Þ2 þ

angles

Kx ð1 þ cosðcX  dÞÞ þ

X
impropers

X

KUB ðS  S0 Þ2

UB

Kimpr ðu  u0 Þ2

"


 #
X
X qi qj
Rminij 12
Rminij 6
þ
eij
2
þ
rij
rij
e r0
LJ
coulomb i ij

ð1Þ

i6¼j

The LJ and electrostatic potentials describe only the intermolecular interactions,
while it is not accounting for the structural changes in the molecule in the vicinities
of other molecules. To describe such structural changes, we need to have as well the
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potential associated with changes in intramolecular structure. Usually, such a
potential has terms to describe variation in bond length (bond length potential),
angle (bond angle potential), dihedral angle (improper and proper dihedral angle
potential) (refer to ﬁrst ﬁve terms in Eq. 1). Since the classical force-ﬁeld cannot
describe the bond-breaking processes, a harmonic potential is in general used to
describe structural changes associated with bond lengths and bond angles.
However, note that the dihedral angle motion is not local and can describe conformational changes in molecules and in case of peptides these contribute to
changes in the secondary structure. The total potential including both intra- and
intermolecular interactions for a biomacromolecule alone or in solution or in
combination with other molecules can be described by the Eq. 1.
The force constants and equilibrium values for bond length and bond angle are
obtained from spectroscopic data and from the structural data, respectively. Also,
electronic structure theory-based calculations can be employed to get these
parameters.
In general, the binding of a ligand to a protein can be described as the equilibrium
between the protein–ligand complex and the protein and the ligand (Eq. 2). The
change in free energy/the binding free energy (DGBind) can thus be calculated as the
difference between the free energies of the ligand and protein in free and bound form
(Eq. 3) which is then compared to experimental binding afﬁnity (inhibition constant
or IC50).
PAq þ LAq $ PLAq

ð2Þ

DGBind ¼ GðPLÞAq  GðPÞAq  GðLÞAq

ð3Þ

All these free energies can be computed using explicit solvent models, namely
SPC, TIP3P, TIP4P, TIP5P, but it is computationally very demanding. Alternatively,
one can use the implicit solvent models, and then the free energies of the three
systems, namely complex, receptor and ligand, can be computed with less computational effort [18]. This involves calculation of solvation free energy of a subsystem
in a solvent media described with a dielectric constant which is a macroscopic
parameter speciﬁc to solvent and describes its ability to polarize the solute [18]. The
electrostatic interaction between the solute and the solvent is solved using generalized born (as in the MM-GBSA) or Poisson–Boltzmann (as in the MM-PBSA) to
get the polar part of the solvation free energies [19]. The non-polar part of the
solvation free energies is computed from the solvent-accessible surface area of the
solute. In the implicit solvent model, the only used solvent parameter is dielectric
constant, usually the solvent coordinates are removed from the molecular dynamics
or Monte Carlo trajectories, and only the protein–ligand coordinates are used.
Force-ﬁeld methods for calculating free energies (e.g. MM-GBSA or
MM-PBSA) with implicit solvent models forsolvation part achieved considerable
success in explaining the drug binding to a number of receptors or biomacromolecular targets [20–22]. In particular, MM-PBSA method was successfully used
to predict the binding afﬁnities of many antibacterial, antiviral benchmark

228

N. A. Murugan et al.

datasets [22, 23]. Further, the MM-PBSA method has been extensively used to
understand the interaction of various substrates with the targets that are relevant in
the treatment of various neurodegenerative diseases. A detailed account of this can
be found in the reference [22].

4.1

Molecular Docking

Molecular docking is the most simplistic method available for computing the
protein–ligand binding afﬁnities and for ﬁnding the most stable binding mode
(pose) for a ligand within the binding site of the protein. The scoring functions are
used to decide on the binders from non-binders and their least energy binding mode
and pose which can be knowledge-based, empirical and force-ﬁeld-based [24–26].
In the force-ﬁeld-based scoring function, the free energy of binding dictates the
drug potency. The interaction energies are calculated as a sum of polar and
non-polar interactions such as van der Waals and electrostatic. The change in
intramolecular energies of the ligand due to conformational change is also added to
the total energies just to make sure ligand conformations with unusually high
energies are avoided in the search. The entropic contributions due to conformational
degree of freedom are included in a simple mean; i.e. each flexible bond is associated with 0.3 kcal/mol.
The working equation to compute the interaction energy between the protein and
the ligand is as given below which is a sum of van der Waals (Evdw), electrostatic
(Eelec), hydrogen bonding (EHbond) and internal energies (Eint). The last term refers to
the change in intramolecular energy of the ligand due to binding to receptor. In the gas
phase, the ligand adopts geometry where the internal energy is assumed to be zero.
But when it binds to a receptor, it undergoes certain structural changes (or conformational changes) and this increase in energy is contributing to internal energy. Such
contributions are usually positive to the total binding energies; however, the other
contributions are dominantly negative in magnitude making the protein–ligand
association to happen instead of destabilization due to increase in internal energies.
Edock ¼ Evdw þ EHbond þ Eelectrostatic þ Einternal
!
X X Aij Bij
X X
¼
 6 þ
EðtÞ
12
dij
dij
Protein ligand
Protein ligand
!
X X
cij
Dij
qi qj

 10 þ
332:0
12
eðdij Þdij
dij
dij
Protein ligand
(
!
!
)
X Aij Bij
X
X
cij
Dij
qi qj
þ

EðtÞ 12  10 þ
332:0
þ
4dij dij
dij12 dij6
dij
dij
ligand
ligand
ligand

ð4Þ

ð5Þ
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Fig. 2 Overlap of binding mode obtained from molecular docking with the experimental crystal
structure

Due to the ease in doing calculations and lower computational demand,
molecular docking methods are routinely used to rank the compounds according to
their binding afﬁnity or using other scoring. The pharmaceutical companies use this
approach very efﬁciently to screen the chemical database containing millions of
compounds against a potential target in the early virtual screening process before
they can be synthezised as lead series. An elaborate list on use of molecular
docking-based screening to design candidate drug molecules for various targets,
namely G protein-coupled receptors, enzymes, ion channels, can be found in this
reference [27].
Further, the binding mode and pose for number of ligands in their biological
targets were predicted successfully using molecular docking tool. For example,
there was a good overlap between the binding modes predicted from molecular
docking and experimental crystal structure in the case of saﬁnamide, a reversible
inhibitor in monoamine oxidase B (MAO-B) (refer to Fig. 2A) [28, 29].
Interestingly, even in the case of a irreversible inhibitor such as selegiline
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(L-deprenyl), where there is formation of covalent bond between the inhibitor and
FAD cofactor, the predicted binding mode from molecular docking has reasonable
overlap with the one from crystal structure (refer to Fig. 2B). Figure 2 shows the
overlap of binding mode obtained from molecular docking with the experimental
crystal structure. The target is monoamine oxidase B, and two inhibitors were
considered, namely saﬁnamide and selegiline. The former one is reversible MAO-B
inhibitor, while the latter one is irreversible inhibitor which covalently bonding to
the FAD cofactor.

4.2

Success Stories of Force-Field-Based Methods in Drug
Discovery Projects

Drug discovery for a new disease is a complex project which requires knowledge
from different domains, namely protein proﬁling (genomics), bioinformatics (for
doing comparative genomics for target discovery), structural biology (for structure
elucidation of the target), cheminformatics (chemical space), synthetic medicinal
chemistry (design and synthesis of molecules), toxicology, pharmacology, pharmacokinetic property estimation, binding assay experiments, clinical studies.
Computational approaches can be employed to speed up many of the intermediate
steps involved in the drug discovery such as target discovery (computational
comparative genomics), structure elucidation for a target (homology modelling)
and lead compound prediction (using cheminformatics, virtual screening and de
nova design) and ADMET property prediction (for screening the lead compounds
with appropriate pharmacokinetic properties) and toxicity prediction (by studying
the interaction of ligands with potential known off-targets). The chemical space
consists of billions of small molecules [30], and huge genomics database suggests
that there are thousands of targets and off-targets for studying the drug potency and
its toxicity which makes the computational approaches as irreplaceable workhorses
for the drug discovery projects. Thanks to such approaches, there are many drugs
which are in the clinical trial phase as well as some of them are approved by FDA
[31]. The lists include various drug compounds, namely Captopril, Dorzolamide,
Saquinavir, Zanamivir, Oseltamivir, Aliskiren, Boceprevir, Nolatrexed, TMI-005,
LY-517717, Rupintrivir and NVP-AUY922. In particular, the compounds
Captopril and Aliskiren are used for treating heart disease, hypertension, and
Saquinavir, Zanamivir, Oseltamivir, Rupintrivir are potential antiviral compounds
(for HIV type I and type II, influenza virus and human rhinovirus).
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Limitations of Force-Field Methods and Need
for an Alternative Approach

In many occasions, force-ﬁeld-based approaches were successful in explaining the
ligand binding to receptors, in predicting the relative binding afﬁnities of structurally
similar ligands and in predicting the binding afﬁnities towards various mutants of
same receptors. However, many failures of these methods go unnoticed as these are
not reported in general. We have noticed that the MM-GBSA and MM-PBSA
methods cannot explain the relative binding afﬁnities of indole-Substituted benzothiazoles and benzoxazoles compounds towards monoamine oxidase B and their
binding speciﬁcity towards MOA-B when compared to MOA-A [32]. We have also
reported that in the case of thiabendazole-based compounds the correlation between
the experimental and computed binding afﬁnities towards amyloid beta ﬁbril using
molecular docking and MM-GBSA approach when compared to quantum
mechanics-based cluster model was not impressive [33].
The main reason behind is that force-ﬁeld methods cannot account for the
changes in the electronic structure of ligands when they are bound to the target.
Usually, the charges for ligands are the same for the ligand in water as well as in the
binding site of target. This is not true, the electronic structure and molecular dipole
moment of the ligand can vary signiﬁcantly depending upon the microenvironment
[34, 35], and such polarization due to environment should be accounted for in the
free energy calculations. Such a requirement automatically leads to the need for the
description of the ligand using a quantum mechanical theory where the electronic
degrees of freedom are treated explicitly and so the environment-speciﬁc changes in
electronic structure and molecular structure can be accounted accurately [36, 37].
However, electronic structure theory is not suitable to describe protein–ligand
complex systems as the number of electronic degrees of freedom is too many. So,
many approximations are employed to treat the interactions between the protein–
ligands in a quantum mechanical way.

5 Ab Initio Methods in Free Energy Calculations
It should be possible to calculate binding free energies using ab initio methods;
however, calculation of the free energy is difﬁcult and even intractable for large
systems and an approximation is often invoked where only the energy is calculated
(Eq. 6) and the temperature is assumed to be 0 K.
DE ¼ EComplex  Eprotein  Eligand

ð6Þ

In this section, we briefly describe some of the known and recent developments
in QM-based approaches which have been used for free energy-based drug
development projects.
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QM Cluster Model

In this model, the ligand and binding site residues are extracted and treated using
electronic structure theory. Since the binding/catalytic site residues are mostly
dictating the binding energies with ligand and the rest of the residues only play
supportive role and are contributing to retain the structure of the enzyme, in particular the binding site conformation, this is reasonable approximation. Since not all
the amino acids of enzyme are included in the calculation, certain approximations
need to be applied. To avoid spurious charge accumulation in dangling bonds
which might alter the energetics of the whole protein–ligand systems, the cut bonds
are capped with hydrogens. Since the rigidity of the binding site was mostly stabilized by the rest of the protein, the free optimization of cluster might lead to
unrealistic distortions in the binding site geometry. So, certain terminal residues are
ﬁxed in the space, only partial optimizations are performed, and the energies are
computed for these geometries. In certain cases, the QM cluster is placed in continuum solvent to mimic the protein-like environment and the dielectric constant for
the medium is chosen to be 4 [38]. There was the use of more than one quantum
mechanical theory in some cluster calculations. For example as in the case of 8‐Cl
TIBO bound to human immunodeﬁciency virus reverse transcriptase, authors
employed two-layer and three-layer ONIOM (in particular [MP2/6‐31G(d),
B3LYP/6‐31G(d,p) and PM3]) approach to estimate the interaction energy. The
residues closer to ligand are described using the high-level theory (like MP2) as
these contribute to total interaction energy dominantly, while the residues far away
from the ligand can be described using low-level theory as these contributions will
not be very signiﬁcant [39]. There are not many studies which employ this
methodology to compute ligand binding energies or interaction energies with
receptor [38, 40–42]. However, for modelling a number of enzymatic reactions, this
method has been used successfully. In particular, the study on the enzymatic
reaction of acetylene hydratase to produce vinyl alcohol using two different
approaches, namely QM cluster model and QM/MM model, is worth recalling [43].

5.2

Hybrid QM/MM Approach

This approach combines the best of the two worlds, namely force-ﬁelds and electronic structure theory-based approach. Even though the receptor–ligand complex
system is too large in length scale, most of the time the region of relevance to us is
the ligand and certain residues that are in direct contact with the ligand. So, it is a
smarter idea to split the system into two regions and use the more accurate level of
theory (here, it is electronic structure theory) to describe the region of relevance and
to use a relatively less accurate but cheaper (here, it is force-ﬁeld) approach to
describe the rest of the region. However, the harder part is the description of the
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interaction between these two regions or subsystems. If there is no charge transfer
between these two subsystems, then one can add electrostatic and van der Waals
terms to account for such interaction, and in this way the polarization of the
quantum mechanical subsystem due to the system described using force-ﬁeld is
accounted for. The implementation is straightforward when the ligand alone is
described by quantum mechanics and receptor and solvents are described using the
force-ﬁelds. However, when certain residues of the receptors are to be included in
the QM region, then the description of the chemical bonds between the receptor
parts in QM region and MM region is a bit challenging. Methods such as hydrogen
capping are developed to describe such regions, and it has become routine to use
QM/MM methods for computing the protein–ligand interaction energies and free
energies. Another main problem is due to the over-polarization of the terminal
bonds in QM region due to atomic charges in the immediate MM region. Usually,
the properties of certain atoms or groups closer to the interfacial region are moved
further away into MM region so that such over-polarization is not a problem any
more. Other option is to use damping function in the calculation of electrostatic
contribution to deal with such effect in a mathematical way. It is also worth
mentioning that the QM/MM methods in addition to energetics can be used to
model the enzymatic catalytic reaction and can also be used to model the optical
(linear and nonlinear) and magnetic properties of ligands when they are bound to
receptors.

5.3

Fragment Molecular Orbital

A computationally viable strategy to evaluate the energy of an entire protein or
protein–ligand complex is the fragment molecular orbital (FMO) method [44]. In
the FMO method, the entire system is divided into several fragments and their
energy is evaluated in the presence of all other fragments. This is known as the
one-body FMO (FMO1) method. Usually, a single fragment consists of a single
residue. To further enhance the quality of the calculation and include important QM
effects, all pairs of fragments are evaluated in the presence of the rest of the
fragments. This is known as the two-body FMO (FMO2) method. The total energy
for an FMO2 calculation is given as in Eq. 7
E¼

N
X

N
X

DEIJ

ð7Þ

DEIJ ¼ EIJ  EI  EJ

ð8Þ

I

EI þ

I [J

where EI is the energy of a monomer in the electrostatic potential (ESP) of all
other monomers. DEIJ is the interaction energy of fragment I and J evaluated as in
Eq. 8.
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Case study: HIV-1 RT RNase H Inhibition Screening

Many drugs or inhibitors potentially bind with metal ions in the catalytic site of
enzyme or receptors in order to exhibit the therapeutic effect, e.g. magnesium ions
containing enzymes such as HIV-1 integrase and RNase H [45, 46]. Thus, a good
scoring function should be able to accurately calculate the metal–inhibitor interaction which impacts an overall binding afﬁnity of individual compounds. Although
the metal-binding term in the docking-scoring function is included (e.g. glide
score), it considers only the anionic or highly polar interactions; therefore, ranking
of actives is not appropriately achieved. On the other hand, it has been reported
previously that magnesium ions in the HIV-1 reverse transcriptase-associated
ribonuclease H (RNase H or RNH) play an essential role in binding and positioning
of RNA–DNA duplex (natural substrate) during digestion in the viral genome
reverse transcription process. Inhibition of this enzyme by chelation of magnesium
ions (active site binder) is provided as an attractive approach in anti-HIV RT
inhibition based drug design and discovery projects.
It is well known that the active site binder mechanism of inhibition is primarily
through chelation with magnesium ions; thus, binding afﬁnity prediction model was
improved through the use of QM-based calculations by primarily considering the
chelation mechanism of inhibitors with the catalytically active magnesium ions.
This could be useful as a high-throughput ﬁlter in the virtual screening process.
The simplest possible model (scenario 1) to describe the binding of the ligand is
to only describe the chelation process between the magnesium ions and the ligand in
solution yielding the following approximation to Eq. 8. To further reﬁne scenario 1,
we consider in scenario 2 geometry optimization of the protein–ligand complexes
using the Qsite module (version 5.0) of the Schrödinger suite. Here, the magnesium
ions and inhibitors were considered in the QM region (optimized with B3LYP and
the 6-31G(d) basis set). The rest of the protein and water molecules were considered
in the MM region (evaluated using the OPLS 2005 force-ﬁeld) and kept frozen.
In general, docking methods could also be used for ranking compounds; however, the correlation between scoring functions and experimental values for binding
free energies is rather poor in this case, and one reason is the lack of protein
flexibility in the majority of the docking experiments. The correlation between
molecular docking using glide score and experimental activity was quite low
(n=7; R2 = 0.098). However, when the atomic coordinates were used for chelation
energy calculations using the DFT-B3LYP method (scenario 2; n=7; R2 = 0.93)
and FMO methods(R2 = 0.80-0.94). [47].
As we have discussed above that an effective virtual screening of RNase H
inhibitors from large chemical databases could be achieved using the combination
of docking and QM-based reﬁnement calculations. In order to identify a novel
chemotype for RNase H inhibition and to validate previously developed computational methods, the best models were used to screen the Specs database (containing 277,325 drug-like compounds for purchase) for HIV-1 RNase H inhibition
screening (Fig. 3). A set of 1205 compounds was obtained at the end of the
docking-based virtual screening, and these compounds were subsequently used for
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Fig. 3 Structure of HIV-1 reverse transcriptase enzyme and its active site. The components of the
QM and MM region for geometry optimization are shown

QM-based reﬁnement calculation based on density functional theory
(DFT) calculations as described above (Eq. 8). The best-ranked 180 compounds
from the screening were sorted for further inspection. To select a diverse set of
structures for the biochemical assays, these compounds were clustered according to
the structural similarity. Of the 50 structural clusters, 25 structurally diverse compounds, with the best scores, were chosen and purchased from the chemical vendor
(www.specs.net) to be tested against the HIV RT-associated RNase H function in
enzymatic assays. The overall workflow of the virtual screening process is shown
in Fig. 4. Out of 25 compounds tested, 3 compounds inhibited the RNase H activity

Fig. 4 Overall workflow of structure-based virtual screening strategies applied. Initial hit
molecules from the ﬁrst screening are provided and one of the compound is highlighted in regions
where it shares a common structural pattern with known RNase H inhibitor BHMP07
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below an IC50 value of 100 µM and compound AN-648/41665045 showed an IC50
value of 9.35 µM. Notably, none of these compounds has previously been reported
as an inhibitor for RNase H [48]. (Fig. 4).

5.4

QM Fragmentation Approach

In this approach, whole protein is fragmented into individual amino acids, and the
fragment-wise interaction energies with ligand are calculated and added together to
get the total interaction energies as in the equation below. Since the whole protein is
broken into individual fragments, the size of the protein is not a problem any more
and a high-level electronic structure theory such as Møller–Plesset perturbation
theory or coupled cluster method that accounts for electronic correlation explicitly
can be used to compute the subsystem interaction energies [49].
DE ¼

n
X

DEðAiligandÞ

ð9Þ

i¼1

where Ai is the ith amino acid in a receptor, n is the total number of amino acids,
and Ai-ligand refers to the ith residue–ligand complex. The ΔE is interaction energy
between the ith residue and the ligand, which itself is computed as below:
DEAiligand ¼ EAiligand  EAi  Eligand

ð10Þ

The amino acids are cut along the peptide bond and capped either with hydrogens or with other functional groups to mimic protein-like environment around the
residue. When the hydrogen atoms are employed as capping atom, then the above
equation for the calculation of interaction energy is sufﬁcient. However, it is
appropriate to use –NHCH3 and –CO–CH3 as capping groups for either side of the
amino acids. Moreover, the additional contributions to the interaction energies due
to these capping residues should be removed as below:
EpL ¼

N 2
X
k¼1

EFk L 

N 3
X
k¼1

ECCk L 

N 2
X
k¼1

EFk þ

N 3
X

ECCk  EL

ð11Þ

k¼1

In this case, the interactions are due to two molecular entities (a ligand and an
amino acid) at a time and so we completely ignore the three-body contributions to
the total interaction energies. In other words, this is similar to making an
assumption that interaction between an amino acid and the ligand is not modulated
by the presence of the neighbouring amino acids (or fragments). However, by doing
additional calculations for estimating the interaction energies of dipeptide (or in
units of two amino acids) and ligand at a time, such three-body contributions can be
included. The expression for interaction energy is now a bit more complicated and
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Scheme 1 Construction of various capped fragments for a peptide made of four amino acids (and
so three peptide bonds). As can be seen, there are eventually four fragments (referred to F1, F2, F3
and F4). Each peptide bond can be capped with three pairs of –CO–CH3 and –NH–CH3 groups,
so there are three conjugate caps (referred to CC1, CC2 and CC3), and the interactions of these
with ligands should be removed as these are counted twice. (Note the positive sign for these
contributions in the equation above.) It can be seen for a peptide with n amino acids there can be
n − 1 fragments formed and n − 2 conjugate gaps possible if we fragment them using a scheme
shown above

involves the calculation of trimer (two residues and a ligand), dimer (one residue
and ligand) and monomer energies.
QM fragmentation energies can be further made sophisticated by computing the
individual monomer, dimer, trimer energies with an embedding scheme which
allows the interaction between these fragments with the rest of the protein through
an effective Hamiltonian. This part is methodologically very similar to the
above-discussed QM/MM approach where the QM system interacts with MM
subsystem through electrostatic and van der Waals interaction. However, care
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Fig. 5 Interaction energy calculated using M062X/6-311G** for Efavirenz with a fragment of
HIV-1 reverse transcriptase containing residues in the range from Asn175 to Leu193 of chain A.
Reprinted (adapted) with permission from (Acc. Chem. Res., 2014, 47 (9), pp 2748–2757).
Copyright (2014) American Chemical Society

should be taken to make sure that certain subsystem interactions are not double
counted or in general over-counted (Scheme 1).
QM fragmentation scheme has been employed successfully to compute the
interaction of ligands with various drug targets. Interestingly, certain studies
showed that the computed interaction energy is comparable to that of QM cluster
model. Figure 5 compares the interaction energy of Efavirenz with HIV NNRT
target based on the two approaches, namely QM cluster and QM fragmentation
schemes [50]. As can be seen, the interaction energy as obtained from QM fragmentation scheme agrees well with the full QM model suggesting that the former
scheme is accurate as well as quite inexpensive.
Recently, it has been shown [51] that QM fragmentation method was able to
correctly reproduce the relatively larger binding afﬁnity of a tracer, FDDNP towards
tau ﬁbril when compared to amyloid beta ﬁbril. In contrary, the MM-GBSA-based
method predicted that FDDNP has a larger binding afﬁnity towards amyloid beta
ﬁbril which is not in agreement with experimental binding afﬁnity data. As shown
in Fig. 6, it is necessary to include interaction energy of the ligand with water
(within a cut-off of 15 Å) with that of its interaction with protein residues to
correctly reproduce the experimental binding afﬁnity data.
QM fragmentation scheme has been applied to compute not only protein–ligand
interaction energies but also solvation energy, molecular electrostatic potential and
properties such as NMR chemical shifts of the ligands in solvent and
bio-environment [50]. Even the electron density of the whole biomolecule can be
obtained using this approach.
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Fig. 6 Total interaction energy between the FDDNP tracer and amyloid and tau ﬁbrils with
increasing number of residues (related to increased cut-off). Also, the interaction energy of tracer
with solvents located near the binding site is shown with increasing number of solvent. The
residues and water solvents were ﬁrst arranged with increased distance from the tracer centre of
mass, and their contributions were computed and added to the total interaction energy. As can be
seen with inclusion of around 125 residues, the major part of interaction energy with amyloid and
tau ﬁbril is retrieved. The ﬁgure has been reproduced with peermission from (ACS Chem.
Neurosci., 2018, 9 (7), pp 1757–1767). Copyright (2018) American Chemical Society

6 Entropic Contributions in the QM-Based Free
Energy Calculations
So far in all the electronic structure theory-based approaches, we have only seen
how to compute the interaction energies between a receptor and a ligand. However,
the quantity of interest is the free energy of binding and not the interaction energy.
For this, we also need to add the entropic contributions. The translational, rotational
and vibrational contributions to the entropies are computed from the translational,
rotational and vibrational partition functions as given in the reference by Yu et al.
[52]. The translational and rotational contributions to the protein–ligand association
are usually positive, while the vibrational contributions favour the association
process. The vibrational contribution has been often reported to be much smaller in
quantity when compared to the translational and rotational contributions. In some
cases, we have noticed that the addition of translational and rotational contributions
to total interaction energy yielded positive binding free energies. The computation
of absolute free energy (including all these different entropic contributions) still
remains as a challenge as there are no detailed benchmarking studies on the estimation of the translational and rotational contributions and their relative contributions to binding free energies.
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7 Machine Learning (ML)-Based Approaches for Drug
Discovery
Application of machine learning (ML) methods to problems in chemistry, biology,
materials, etc., has taken a huge leap during the last few years. Speciﬁcally, a number
of problems related to accurate intermolecular potentials, [53] drug design, [54]
protein–protein interaction, [55] viable retrosynthetic pathways, [56] stability of
solids, [57] potential energy surfaces [58], etc., are being addressed [59]. Advances
that are being made in this space in terms of tackling problems in a way that was not
thought about even few years are rapid, and the number of papers that are being
published in this area is increasing exponentially. Unlike in the most research areas
of science and technology, traditional ML methods such as single-layer neural
networks or random forest have been applied in the area of computer-aided drug
design long time ago. However, modern deep learning methods within ML are
expected to make signiﬁcant contributions to the area of drug design in the coming
days [54, 60, 61]. Given that the last ﬁfteen years have witnessed proliﬁc generation
of experimental data in terms of synthesizable compounds, their pharmacodynamic
and pharmacokinetic properties, application of data-driven methods is likely to
advance the ﬁeld signiﬁcantly. The following sections give a brief account of ML
and some of the recent successes in application of ML methods in areas relevant to
various drug design projects, including off-targets [62].
There are two fundamentally different methods in ML: supervised and unsupervised learning. Given a large data of inputs and outputs, supervised learning
methods try to learn a function so that given a set of inputs, output may be predicted. Supervised learning methods such as the artiﬁcial neural networks (ANNs)
are pertinent in quite a few drug discovery applications. On the other hand,
unsupervised learning methods learn structure within the data when only inputs are
available, which are typically applied dimensional reduction, pattern recognition,
etc. Most of the ML methods are based on ANNs that connect the input and the
output layers via an interconnected neural network (hidden layer(s)). The ANNs
consist of a number of layers with each containing a number of neurons. Output of
one of the layers is taken as input of the next layer, and the output values are
calculated using an activation function. Fully connected deep neural network
(DNN), recurrent neural network (RNN), convolutional neural network (CNN) and
autoencoders are some of the variants of ANNs that are very successful as efﬁcient
methods for statistical modelling in a variety of ﬁelds. For a detailed account of
different machine learning methods relevant to drug discovery, the readers may
refer to the review by Lavecchia [63].

7.1

Structure-Based ML Approaches in Drug Design

As explained in previous sections, molecular recognition is a fundamental phenomenon behind all biological processes and in drug binding. While the number of

Recent Advancements in Computing Reliable Binding Free Energies …

241

drug-like molecules that could be synthesized is estimated to be around 1060, the
current experimental techniques cannot possibly screen all of these within reasonable time and expense. Computational methods such as docking calculations address
this to some extent; however, the accuracy of the scoring functions behind these
algorithms is still not good enough to efﬁciently narrow the search space that can be
explored by experiments. Recently, it has been shown that machine learning (ML)based scoring functions can predict binding afﬁnities better than the classical scoring
functions that are primarily used in computer-aided drug design [64]. Wojcikowski
et al. recently reported a systematic study on the performance of ML-based scoring
functions and compared it to well-known established methods [65]. They proposed a
scoring function based on the random forest method (RF-Score-VS) that was
trained on about 15,000 active and 900,000 inactive molecules against about 100
different drug targets . However, the authors do indicate that use of better molecular
representations and descriptors will further increase the success of machine learning
scoring functions. In addition, Kinnings et al. also showed that the support vector
machines (SVMs) can be used to improve the performance of scoring functions.
They constructed two prediction models; one is a regression model to predict the
IC50 values, and the second is a classiﬁcation model that was shown to perform very
well across the entire data set [66]. Ragoza et al. have proposed a CNN-based model
for scoring functions that can be used in structure-based drug design [67]. The model
used the existing three-dimensional structures of protein–ligand complexes to train a
model that predicts the binding afﬁnity corresponding to any protein and ligand. The
model was systematically trained by including a series of structural and binding
variations such as high afﬁnity binders, low afﬁnity binders, correct binding pose and
incorrect poses. They found that the scoring function obtained based on the CNN
algorithm performs signiﬁcantly better than AutoDock Vina in terms of predicting
both binding poses and afﬁnities. Recently, Dror and co-workers proposed a method
named Siamese Atomic Surfacelet Network (SASNet) that applies CNN to predict
protein–protein binding interfaces with high accuracy compared to the previously
available knowledge-based and ML-based methods [58]. Interestingly, the training
was done on a biased data where binding-driven conformational changes are not part
of the data set; however, the model was shown to perform very well suggesting that
the model has possibly learned the inherent structural and dynamic properties of
proteins in general. In addition to the traditional neural network-based algorithms,
there are other deep learning methods such as reinforcement learning that have been
found to be very effective in drug design. Reinforcement learning is based on two
neural networks, namely the generative and predictive neural networks. Popova et al.
have recently proposed, Reinforcement Learning for Structural Evolution
(ReLeaSE), a de novo method based on reinforcement learning [68]. Initially, the
generative and predictive networks are trained individually using one of the
supervised learning methods followed by training of both models together. This
allows for predicting new chemical structures with desired biological activities. They
have shown test cases by generating libraries of molecules with desired melting
points, hydrophobicity and biological activities. They propose that it is possible to
use a similar approach for optimization of multiple properties such as biological
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Fig. 7 Schematic representation of a multi-layer feed forward ANN

activity and different ADMET properties simultaneously to identify small molecules
with desired pharmacodynamic and pharmacokinetic properties at the same time.
Machine learning methods are also being used in ligand-based drug design projects .
The main goal of ligand-based drug design activities is to predict how a chemical
structure can be modiﬁed to achieve desired biological activity and/or ADMET
properties. The aim of QSAR, one of the major methodologies in ligand-based drug
design, is to generate a predictive regression model that gives a relationship between
biological activity (or any other property) and a set of molecular descriptors. Such an
exercise is inherently very suitable for traditional machine learning algorithms, and
hence it has been adopted very early [69]. Supervised learning algorithms such as
neural networks, random forest, SVMs and k-nearest neighbour have been used in
QSAR [55, 60, 61]. Similarly, application of unsupervised methods such as clustering methods, principal component analysis and independent component analysis
has been successful. Schematic representation of ANN workflow is shown in Fig. 7.

7.2

Future Prospects of AI-ML in Drug Design

Machine learning methods have been used in ligand-based drug design for a long
time and have been reasonably successful. During the last ﬁve years, applications of
deep learning algorithms have showed a lot of promise in terms of their superior
performance compared to traditional ML methods used in drug design. The rate of
advance of computational methodologies that are traditionally applied to drug design
seems to be far lower than the advances that are being made by machine learningbased methods. The availability of high-quality data, improved biophysical experimental techniques, increasing computational resources/power and faster evolution of
machine learning methods such as deep learning are further pushing the drug design
efforts in right direction. Although the efforts seem to be fragmented at this point of
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time, further involvement of research groups with varied backgrounds and availability of clean data are expected to inspire emergence of more efﬁcient workflows in
drug design that combine traditional methods and machine learning methods.

8 Conclusions
The current drug discovery projects can be beneﬁted a lot from advancements in the
structure elucidation methods such as cryogenic electron microscopy, NMR
spectroscopy, X-ray crystallograpy and from computational free energy calculation
methods. This chapter presents various computational approaches available for
estimating the free energies of drugs in different environments which surrogate
various components of fate of drugs in the biosystem and this not only limited to drug
binding to its targets but also other interactions and its relevant properties e.g.
ADMET. We present various free energy calculation methods which use force-ﬁeld,
semi-empirical and ab initio electronic structure theory-based methods. Until a
decade ago, using the electronic structure theory method for studying the structure
and energetics of biomacromolecule was formidable. Thanks to the fragmentation
and effective Hamiltonian approaches, it is possible to employ these methods for
computing the interaction energy between ligand and biomacromolecular fragments
reliably. Here, various working principles of these approaches along with key
illustrative examples are presented. Even though the methods appear very promising
for computing the free energy of the ligands in solvent or in biomacromolecular (such
as enzyme, membrane, ﬁbril, DNA and RNA) environment, we need to systematically study various receptor–ligand systems and test for their ability to reproduce
experimental binding afﬁnity and other pharmacokinetic parameters before
employing them as lead compounds in drug discovery projects. While physics-based
methods such as those mentioned above are important and unavoidable, alternative
approaches based on machine learning algorithms that exploit existing experimental/
computational data are emerging to be powerful tools for drug design. We expect that
elegant combination of traditional physics-based methods, better computational
power and more sophisticated machine learning algorithms will enable efﬁcient and
accurate quantiﬁcation of protein–ligand binding afﬁnities for improved lead
identiﬁcation/optimization processes in the drug design and discovery projects.
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