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SUMMARY

Machine learning (ML) tools have emerged in all aspects of science including
the potential energy surfaces at quantum mechanical (QM) accuracy. In particular,
ML tools could be utilized for estimation of free energy changes upon small organic
molecules’ binding to bio-macromolecules such as proteins with higher accuracy and
lower costs than the conventional methods. A very recent neural network potential
(NNP) called ANI (Accurate NeurAl networK englNe for Molecular Energies)
employs active learning to determine the overall potential energy surfaces of organic
molecules using C, H, O, N, F, ClI, and S atoms at the accuracy of the wh97x/6-31G*
level.

In this thesis, the success of ANI potentials has been explored in the prediction
of binding free energies (BFE) of small organic compounds (inhibitors) to enzymes.
BFEs were estimated by the adoption of ANI-2x produced energies in the formalisms
of two different strategies: linear interaction energy (LIE) and Molecular Mechanics
Poisson Boltzmann Surface Area (MM/PBSA). Although developed for small
organic covalent compounds, we show that ANI-2x potentials could indeed be used
to produce non-covalently interacting systems by means of single-point interaction
energies between ligand-protein and ligand-solvent pairs sampled by molecular
dynamics (MD) simulations. Our results on 54 protein—ligand complexes composed
of Covid-19 main proteases, HIV-1 proteases, and JNK1 protein kinases show that
the LIE and MM/PBSA modifications by ANI (ANI_LIE and ANI_PBSAe) can be
much more accurate and fast with a correlation of R=0.87-0.92 to the experimental

binding free energies respectively, outperforming current end-state methods.

Keywords: Molecular Dynamics Simulation, Binding Free Energy, Quantum
Mechanics, Machine Learning, SARS-CoV-2 main protease, HIV-1 protease,
JNK1 protein kinase.



OZET

Makine 6grenimi (ML), potansiyel enerji ylizeylerini kuantum mekanigi (QM)
dogrulugunda hesaplayabilmek de dahil olmak iizere bilimin her alaninda yer almaya
baslamistir.  Ozellikle kiigiik organik molekiillerin proteinler gibi biyo-
makromolekiillere baglanmasi ile iligkili serbest enerji degisimlerinin geleneksel
yontemlerden daha yiiksek dogruluk ve daha diisiik maliyetlerle birlikte tahmin
edilmesi i¢in kullanilabilir. Son zamanlarda ANI (Molekiiler Enerjiler i¢in Dogru
Noral ag motoru) olarak adlandirilan ¢ok yeni bir ndral ag potansiyeli (NNP) C, H,
O, N, F, Cl ve S atomlarin1 kullanan organik molekiillerin potansiyel enerji
yuzeylerini wh97x/6-31G* seviyesi dogrulugunda belirlemek igin aktif dgrenmeyi
kullanir.

Bu tezde, kii¢iik organik bilesiklerin (inhibitorler) enzimlere baglanma serbest
enerjilerinin (BFE) tahmininde ANI potansiyellerinin basaris1 arastirilmistir. BFE'ler,
ANI-2x tarafindan iretilen enerjilerin Lineer etkilesim enerjisi (LIE) ve Molekiiler
Mekanik Poisson Boltzmann Yiizey Alani (MM/PBSA) formiillerine yapilan
adaptasyonlar ile tahmin edilmistir. Burada ANI-2x potansiyellerinin kiiguk organik
kovalent bilesikler i¢in gelistirilmis olmasina ragmen, molekiiler dinamik (MD)
simiilasyonlar1 tarafindan Orneklenen ligand-protein ve ligand-¢oziicl ciftleri
arasindaki tek noktali etkilesim enerjileri araciligiyla kovalent olarak etkilesime
girmeyen sistemler i¢in de kullanilabilecegini gosteriyoruz. Covid-19 ana proteazlar,
HIV-1 proteazlar ve JNK1 protein kinazlardan olusan 54 protein-ligand sistemlerine
iliskin sonuglarimiz, LIE ve MM/PBSA yaklagimlar1 yerine ANI ile yapilan
modifikasyonlarin (ANI _LIE ve ANI PBSAe) ¢ok daha dogru ve hizli sonuglar
tiretebilecegini gostermektedir. Tahminlerin, deneysel baglanma serbest enerjileri ile
korelasyonlarina bakildiginda da bunlar sirasiyla R=0.87-92°dir ve mevcut son-

durum yontemlerinden ¢ok daha iyi performans gosterir.
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Anahtar Kelimeler: Molekiiler Dinamik Simiilasyonlari, Baglanma Serbest
Enerjisi, Quantum Mekanik, Makine Ogrenmesi, Covid-19 ana proteaz, HIV-1

proteaz, JNK1 protein kinaz.
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1. INTRODUCTION

In this thesis, linear interaction energy (LIE) and Molecular Mechanics Poisson
Boltzmann Surface Area (MMPBSA) methods will be the main focus. It is aimed to
correct the Molecular Mechanics (MM) energy terms in these methods by
implementation of Quantum Mechanics (QM) accurate energies produced by ANI-2x
in the corresponding equations to predict BFES more accurately yet without too
much of computational cost.

This thesis is organized in the following way: In the first chapter (the
introduction chapter), a general background information about Kkinetics and
thermodynamics of protein-ligand binding is given and then several computational
methods are also briefly mentioned in. In the second chapter, the adoption of ANI-
ML potentials in LIE method for BFEs is introduced. The third chapter describes
ANI-ML potentials replaced in the MM term of MMPBSA calculations. The

conclusion and future directions are discussed in the last chapter.

1.1. Protein-ligand Interactions and Mechanism for Drug
Discovery

To carry out their biological tasks, proteins interact with a variety of molecules,
including other proteins, peptides, substrates, and small molecules (referred to as
ligands in this study) that they can bind to. Studies on interactions between proteins
and ligands have opened a number of new perspectives for investigating structural
dynamics at the molecular level. These interactions can be covalent or non-covalent.
The effectiveness of biological systems depends in part on how strongly ligands

attach to their target proteins [1].

A:Unbound state B:Bound state

Figure 1.1: Representation of binding of a ligand to a protein.



The kinetic mechanism can be described by association and dissociation events
that are dependent on molar concentrations of unbound states, protein (P) and ligand
(L) free can also be called as reactants and bound state protein-ligand (PL) together
can also be called as products. The equation [1] will be:

Kon

P+L—PL

(1.1)

kofr
P+L« PL

The kon and kofy are Kinetic rate constants that are related with the rate of

bound and unbound states and their unit’s *— , Lrespectively. An equilibrium is the
Ms s

condition in which the P, L, and PL are at a point where there is no obvious change
in the system anymore. After reaching equilibrium, the same number will be
produced and dissociated at any given time (i.e, the rate of the forward and reverse
reactions will be the same). When the system reaches equilibrium, the equation [1]
will be:

kon[P] [L] = koff[PL] (12)

The brackets represent concentrations of each molecule. And the association
(binding) constant K} is driven by ratio of ko» and kofy, the dissociation (unbinding)

constant K4 is driven by the reverse of this:

K, = kon — [PL] _ 1
"k IPIEL K, (13)

Unit of these constants is M. If the PL binding is strong, K, will be high and
Ka will be low.
Spontaneous events require the system's Gibbs free energy change, AG, to be

negative. However, when this energy becomes zero. The equation [1] is:



AG = AH — TAS = AG? + RTInQy (1.4)

AG), . = —RTIn(K.C°) = RTIn(Ka/C®) (1.5)

where C° is the standard molar concentration of water (for aquous systems), R
represents gas constant (8.3144598 : ) and T is absolute temperature (K). As K
b

mol.K
increases AGY,, becomes more negative. Therefore, magnitude of the negative
AG?,getermines how strongly ligand binds to a protein.

In drug discovery, one of the main strategies is to find a small molecule that
target a specific protein and activate or inhibit its function. In this thesis this
inhibition property through competitive inhibition mechanism will be focus. In this
mechanism, the inhibitor at the tolerable concentrations must have more binding
affinity than the protein’s natural substrate. In the case of inhibitor, the binding
constant is expressed by either K; and half maximal inhibitory concentration (IC50)
values. When the inhibition is competitive, K; shares the same mean with K. Thus,
the two constants generally describe the same reaction and K4 can be replaced with
the inhibition constant (K;). In addition to this, for competitive inhibition, K; and

I1C50 also have the relation as:

[S]
IC50 = Ki (1+ ) (1.6)

Ki is the inhibitory concentration necessary to dissociate 50% of the PL
complex in an equilibrium state, [S] is concentration of enzyme’s substrate, and Kn
is the Michaelis Menten constant of the enzyme [2]. The IC50 value, on the other
hand, assesses an inhibitor's efficacy by calculating the inhibitor concentration
required to suppress the rate of the PL binding process by 50% under a given test
setting. To put it another way, K; is a measurement of how tightly the inhibitor binds
to the PL complex, whereas IC50 is a measure of how well an inhibitor supress the
PL binding reaction [3].



AGb‘;nd « RTIn(1C50) (1.7)

In principle, AG?,can be calculated for any ligand to estimate the binding
strength and thus to understand whether the process of binding is thermodynamically
favored or not. It's crucial to remember that, regardless of the pathway separating
these states (bound and unbound states), the beginning and final states determine
AGfmgnd the BFE is a state function of a system. Therefore, it does not care about
which path is preferred. However, as shown in Figure 1.1, binding of ligand in
solution is not a simple one step process but rather complex process involving the
solvation of protein-ligand complex, isolated protein, and isolated ligand. The
existence of explicit solvent molecules complicates the calculations, since MD
simulations are stochastic and sufficient sampling is a limitation. The protein also has
dynamic properties which are affected when it is isolated (apo) or complexed (holo).
A careful consideration of conformational entropy of the protein must be considered.
Moreover, the classical MM force fields have somewhat lower accuracy when
describing system when compared to QM energies. The classical MD works only on
ensemble averages rather than single frame (of P, L and PL complex). Thus,
calculation of only a single snapshot at the end-states (bound and unbound states) is
not suitable to accurately predict the binding free energy. To calculate the BFEs, the
ensemble averages must be utilized in a way that takes the system from the initial
state to a final state during the MD. The events which evolve the system from initial
to final state occur at equilibrium, these processes are called reversible, and the work
produced by the system is maximized. Thus, a good complete thermodynamic cycle,
which mimics the reversible process, must be created to calculate the free energy
change. There have been several methods with devoting to the different
thermodynamic cycles have been developed to evolve the system from initial to final

state by infinite changes.

1.2. Computational Methods in Drug Discovery

Crystallographic studies show that protein flexibility is crucial in L binding,
but the cost and effort involved make them impractical for many researchers. Thus,

computational techniques that can estimate protein structures, properties, and



motions have become popular. These can be divided into five categories as
Molecular Docking, Molecular Dynamics (MD) Simulations, Quantum Mechanical
(QM) Calculations, Combination of Methods (i.e., QM/MM) and ML methods.
While the docking approach can be beneficial to find binding mode, others are more
related with binding strength. Numerous theoretical methods are devoted to
calculating this strength to create more effective candidates that can take the place of
the protein's original substrate. When there is little or no information about the
binding site, molecular docking studies can help to place the ligand into the most
probable site and correct orientation (pose). However, these studies can be inaccurate
when compared to experimental results in terms of binding affinities. Binding free
energy (BFE, AGuing) calculations at various levels ranging from molecular
mechanics (MM) to quantum mechanics (QM) can be used to estimate the binding
strength if the crystal structure of the PL complexes is known. In MM based BFE
calculations, a specific set of force fields are used in MD simulations to create the
conformational ensembles. Following an MD simulation, the PL system can be
subjected to BFE computations throughout the equilibrium or non-equilibrium
evolution of the system from bound to unbound state.

Although MD can accurately simulate the movement of atoms in many
systems, it is not capable of modeling chemical reactions that include changes in
electronic structures, such as charge transferring (polarization), bond formation and
breaking. QM is the ideal method for describing electronic structure changes, but it
brings high computational demands so it can be used for small systems with only a
few hundred atoms. Despite this limitation, QM methods are still widely used due to
their accuracy and ability to provide detailed insight into chemical reactions and
processes. In 1976, Warshel and Levitt introduced the hybrid quantum QM/MM
approach [4] for studying large biomolecules. This method was further developed
and evaluated by Karplus, who coupled semi-empirical QM methods with MM force
fields [5]. The QM/MM approach has become a widely used tool for studying

complex biological systems and chemical reactions [6].

1.2.1. Molecular Docking

Molecular docking is well-known in computational-aided drug design (CADD)

for prediction of binding affinity/mode between P and L. The important aim of



docking is to find the most stable ligand orientation in target protein as well as
binding trend among ligands (although the success for BFE is rather low due to
coarse nature of the method [7]). Diversity of docking software/algorithms rely on
two key concepts: a search algorithm and a scoring function. The algorithm will
search through the site of possible poses of ligand to find ones that are more stable
and have a low energy by using sampling techniques like Monte Carlo (MC) and
genetic algorithms [8], [9]. Once docking calculation is completed the ranks of all
possible conformations about ligand binding by using scoring function will be
provided. The most stable poses will be given top of the result with the highest
scores.

The strongest feature of docking in general comes from the calculation speed.
It is genuinely fast and can perform the millions of compounds at low computational
time and it will be useful for virtual screening [10]. The details of docking are

beyond the scope of this thesis and will not be discussed further.

1.2.2. Classical Molecular Dynamics (MD) Simulations

Molecular dynamics (MD) simulations are performed to model a system at the
most realistic definition. Building a computer model of the chemical system using
information from sources like nuclear magnetic resonance (NMR), crystallography,
or homology modeling is the first step in the general MD approximation process. The
forces operating on each atom are then estimated using this model by applying
Newton's equation of motion and considering both bonded and non-bonded
interactions. Chemical bonds and atomic angles are approximated by virtual springs,
while dihedral angles are represented by a sinusoidal function that quantifies the
energy differences between all conceivable conformations throughout the simulation.
The model also accounts for non-bonded forces, covers van der Waals interactions
and electrostatic interactions that are modeled using the Lennard-Jones potential and
Coulomb's law, respectively [11].

All these different interaction terms between a pair of atoms (i.e., pairwise
interactions) are described by using a force field. The force field is a series of
equations that expresses a system's potential energy as a function of the atomic
locations. The potential energy is required to solve the classical equations of motion
(Velocity Verlet algorithm) [12]:



q(t + At) = q(t) + Atv(t) —A_tdv(t)
2m dq

(1.8)

At dV(E+At)  dV(t)
v(t+At)=v(t)— ?n( da + dq)

The q is coordinate and v is velocity that are changeable through simulation time.
The positions of the atoms are related with bond stretching, angle bending, dihedral
(torsion) and non-bonded interaction energies are given at Figure 1.2 as example in

one molecule. The green, red, blue lines represent bond, angle, dihedral as the
bonded interactions and the pink line represents non-bonded interactions which are
van der Waals and coulombic interactions. There are several different types of force
fields available, and choosing the appropriate one is an important step in setting up
an MD simulation. Figure 1.2 represents example of interactions that are defined in

force fields.

H

Figure 1.2: The representation of interaction types that exist in the force fields to be
considered.

And the overall equation will be as in equation 1.9 [13]:



2 2
Ebonded = Z Kr(r - T'eq) + Z Kg(@ — Qeq) +

bond angles
> Ko[1+cos(n@—y)]+>_ Ko(w =
impropers
dihedrals
2
Weq)
(1.9)
atoms
. ij Bj; 9:9;
— — +
nonbonded Z [ Rij 12 Rij 6 47T€Rij
i<j

Etot = Ebonded + Enonbonded

Bond and angle definitions can be explained by harmonic potentials. These
potentials cannot describe bond formation or breaking cases. r is the bond length, 6
is the atomic angle, @ is improper dihedral angle and w is the improper dihedral
angle. K¢, n, and y are parameters that represents the shape of potential of the
dihedral angle. Between atoms i and j, R; is the distance. K;, Ks, Ky and K, are
force constants. req, e and weqare equilibrium positions. n is multiplicity, and y is
phase shifting term and A; and Bj; are the distance at which the potentials reach
their minimum and ¢, q; are the charges on the respective atoms, finally € is
dielectric constant [6]. All these parameters are combined to build up the potential

energy of the system, that mimics experimental 3D structure of the system.

1.2.3. Quantum Mechanical Calculations

The behavior of matter and energy at the subatomic level is explained by the
theory of quantum mechanics. The properties of subatomic particles, atoms,
molecules, and molecular assemblies are only a few of the entities that are described
by the fundamental theory of physics. The correlations between the molecules'
physical properties that come from their wave-like nature are known as quantum
coherence [14] so the laws of quantum coherence control interactions between

molecules which cause them to behave like waves.



Quantum mechanical calculations are a type of computational techniques to
predict the behavior of biomolecular systems at subatomic level by approximation of
wavefunction and solution of the Schrodinger equation [15], [16]. A bound electron
cannot have any energy and cannot be in any particular place in space, according to
quantum physics [17]. These characteristics of a bound electron can be found using
the time-independent Schrodinger equation:

Hp(x) =T (x) + Wp(x) (1.10)

Hstands for the Hamiltonian operator, which is sum of Kinetic energy operator,
Tand potential energy operator, I/ With Schrédinger equation, understanding of
electron movements and making predictions about molecular structures or energies
become to be possible. However, as the equation can only be precisely solved for a
hydrogen atom with a single electron, approximations must be made for the others.

QM calculations can be performed using a variety of techniques, such as semi-
empirical approaches and ab-initio density functional theory (DFT) [18], [19]. To
take into consideration electron correlation, DFT methods require approximations
[18]-[20]. Thermodynamics of a reaction, vibrational frequencies, equilibrium
molecule structure, and dipole moments are a few examples of features of a system
that may be predicted using QM calculations. DFT methods provide reliable results,
while wavefunction methods such as electron correlation techniques like coupled
cluster single double (Triple) (CCSD (T)) and Magller-Plesset perturbation theory
(MP2 is a post-Hartree-Fock approach) could produce even more precise outcomes
[18]. As a result, the use of the latter methods is only limited to a few tens of atoms

since they are the most time- and resource-intensive methodologies.

1.2.4. QM/MM Methods

The quantum mechanics/molecular mechanics methods are a widely used
computational techniques for accurately predicting the electronic and dynamic
properties of biomolecules. The capacity of QM approaches to describe systems
larger than a few hundred atoms, despite being needed for this kind of study, is
constrained. The accuracy of QM approaches and the effectiveness of MM methods

about behavior of structural and dynamics of systems can be combined to create



hybrid QM/MM methods, which can help us get beyond this restriction. In this
method, the surrounding areas (known as MM region) are treated using the MM
method while the chemically active part of the system (known as QM region) is
described using the QM method. As a result, we are able to precisely model
complicated systems with acceptable computational effort. In order to understand
and anticipate atoms and molecules behavior at the quantum level while still being
able to model larger systems, hybrid QM/MM approaches are a crucial tool in the
study of chemistry [21]. The details of QM/MM are beyond the scope of this thesis

and will not be discussed further.

1.2.5. ML Methods Approaching to DFT Accuracy

Through the use of regression algorithms, machine learning (ML) is becoming
a widely used technique for developing various types of transferable [22]-[24] and
non-transferable [25], [26] atomistic potentials. In chemistry, ML has been used to
predict reaction pathways [27], calculate excited state energies [28] using QM,
determine formation energies [29], calculate atomic forces, and predict nuclear
magnetic resonance chemical shifts [30] and some other things. Furthermore, ML
potentials have been used to accurately predict molecular energies, achieving a
significant speedup of up to five orders of magnitude over traditional quantum
mechanical methods. When developing transferable ML potentials, the choice of
molecular representation is critical. This representation is a set of mathematical
functions that describe the energy of a molecule based on atomic coordinates. These
representations must meet certain criteria outlined by Behler [31] to be helpful for
ML models: the representation must give a distinct description of the conformation,
they must be rotationally and translationally consistent, and identical atoms must
provide the same outcome. Many molecular representations have been proposed
[32]-[35]; however, achieving a good accuracy in a wide range of chemical
environments remains a challenge, particularly for arbitrary organic molecules.
Symmetry functions (SF) were suggested by Behler and Parrinello as a molecular
representation approximation in 2007. Through the use of chemical localization,
these functions increase the transferability of neural network potentials (NNP) [33].

A lack of functional form for defining distinguishable features, limited atomic

number differentiation, and difficulty transferring knowledge from one molecule to
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another are some of the limitations of SFs in molecular representation for NN-based
predictions. As a result, SFs are only appropriate for studies of chemically symmetric
systems with small number of atom types or molecule data sets. In order to get over
these limitations, in 2017 the (Accurate NeurAl networK engINe for Molecular
Energies) short for ANAKIN-ME or ANI [36] was presented as a transferrable deep
learning potential. A potential that demonstrated chemical correctness when
compared to reference DFT ®B97X/6-31G* calculations level in test situations was
trained using the ANI-1 data set [37]. The data set was produced by randomly
perturbing 22 million different conformations into 57,000 small molecules
containing CHNO. Then, random normal-mode sampling, despite being based on
harmonic approximation, provides inadequate coverage of chemical space,
particularly in torsion space. Consequently, in order to diversity the data set a query
by committee (QBC)-based active learning algorithm was utilized to automatically
select new data [38], [39]. For poorly characterized structures, the QBC approach
was utilized to produce fresh QM data by using an ensemble of models to estimate
the energies of molecules. The ANI-1x potential (was developed after an extensive
conformational search using the QBC active learning algorithm, but because it was
an early proof-of-concept, it only sampled molecules with a small number of the
elements H, C, N, and O due to the size of the chemical space. Finally, because to its
broad usefulness in a variety of domains, including protein simulation and drug
development, ANI-1x was enlarged as ANI-2x (include 8.9 million molecular
conformations) [40] to incorporate elements S, F, and CI.

1.3. Conventional Binding Free Energy Calculations

Free energy (FE) methods are computational techniques which predict the
change in free energy of systems about their state or structure. Over the last few
decades, the use of free-energy calculations that are based on MD and MC
simulations has gathered more and more attention for their capacity to give precise
prediction of ligand protein binding (LPB) affinity and explanation of the binding
mechanisms of ligand in drug discovery. FE calculations can be classified into two
different categories: equilibrium and non-equilibrium methods. In this thesis, only
equilibrium methods are handled. These methods are separated into three categories

as end-state methods, alchemical perturbation methods and physical pathway
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methods. While the end-state and alchemical perturbation methods are used to
predict the LPB affinity given the binding mode of the ligand, the physical pathway
methods can be used to uncover the binding mode and mechanism of the ligand
binding. Some of these methods supply to predict of absolute PL BFE that is related
to free energy difference between the bound position (PL) and unbound position (P
and L are free), while others compute the relative binding free-energy (RBFE) that is

the difference of BFE between two ligands or more [41].

1.3.1. End-state Methods

1.3.1.1. Linear Interaction Energy (LIE)

In LIE method [42], [43], two kind of simulations should be run. One for
ligand in solvent (LS system) the other one for PL in solvent (PLS system). After
simulations, the frames will be provided and these can be used to calculate van der
Waals interaction energy and the Boltzmann-averaged electrostatic between ligand
and residues at LBD (at PLS), solvent (at LS) separately. The linear relation of
binding free energy can be provided using these average predictions if two empirical
parameters are specified that represent the internal energy of the P and the S but
solvation energy of P at PS system and entropic changes of L conformation are not
considered in this method.

In terms of accuracy, LIE methods outperform scoring functions when
predicting binding free energies, with a typical RMS error of less than ~1 kcal/mol
compared to an average error of 2-2.5 kcal/mol for scoring functions [44]. The
ANI_LIE section of THEORY will address details on LIE and LRA.

1.3.1.2. MMP(G)BSA, MMP(G)BSAe

When it comes to the contribution of conformational entropy and enthalpy
from water molecules in the binding site, MMP(G)BSA have approximation
constraints like LIE. The results obtained from both methods can differ depending on
the system being studied due to the disregarded enthalpy and entropy contributions,
even though MMGBSA has been demonstrated to be faster and more accurate than
MMPBSA. Studies have demonstrated that both LIE and MMPBSA outcomes are

system-dependent in terms of dependability. In conclusion, LIE is typically more
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rapid and precise than MMPBSA, especially when entropic term computations are
considered. It should be highlighted, nevertheless, that approaches like MM-PBSA,
MM-GBSA, and others of a similar nature can be useful for assessing large-scale
energy differences between various binding modes from docking. These techniques
might not be accurate enough to be used in studies on drug design based on free
energy calculations, though.

A computational technique for estimating the binding affinity of PL complexes
relying on the MM/PBSA descriptors was introduced in 2016 and is known as the
PBSA_E method [45]. This method has been developed and improved to increase the
precision of scoring systems used in the structure-based drug design process to
predict PL binding affinity. Following energy minimization processes, a single
optimum configuration is obtained in this procedure. The MM/PBSA method is then
applied to this improved setup to predict PL binding affinity. The approach has been
demonstrated to be more reliable than other standard scoring functions on basically
two test sets having 121 and 130 PL complexes. It is viewed as a potential credible
technique for a more accurate evaluation of PL binding affinity in the search for new
medicines. The ANI_PBSAe section of THEORY will address details on
MM/GPBSA and PBSA_E methods.

1.3.2. Alchemical Perturbation Methods

By analyzing simulation trajectories that define a thermodynamic path
connecting the bound (PL together) and unbound (P and L free) states using
statistical mechanics, alchemical free-energy perturbation methods compute the BFE
difference between these two end states. These alchemical states are unphysical that
can be connection between bound-unbound states. Free Energy Perturbation (FEP),
Thermodynamic Integration (T1) and Bennett Acceptance Ratio (BAR) are the most
known and applied alchemical methods, and their theoretical basis can be found in
the contributions of Kirkwood, Zwanzig, Bennett, and other experts in the field.
These methods all utilize the alchemical transformation of one state into the other
using a coupling parameter A that ranges from 0 to 1 (0 stands for bound state PL at
beginning of the simulation and 1 stand for unbound state P, L free at end of the
simulation). By summing the alchemical transformations between several different A

states, the final BFE difference between the two end states can be calculated.
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Tl, BAR, and FEP have some conceptual distinctions in their approach to
computing the ligand BFE, but they can still be considered similar due to their shared
application field and comparable similar important points. When crystal structure is
or ligand binding mode is known, these methods can be used for a precise estimation
of the ABFE for Tl and BAR, and of the RBFE for FEP [41].

1.3.2.1. Free-Energy Perturbation Method

FEP is a method derived from statistical mechanics to calculate BFE
differences with a carefully controlled shifting in potential energy of transformation

of one ligand to another (presented in Figure 1) through MD or MC simulations.

Figure 1.3: Representation of binding strength at different lambda steps.

The transformation process is divided into several windows, which are
determined by the coupling parameter A. A sufficient overlap of the states visited in
the adjacent A windows in phase space is crucial for the calculation to converge. It
will work well if the number of the windows is sufficient for sampling and changes
between two adjacent windows is very low that depend on A size. FEP can calculate

BFE difference by using Zwanzig equation [46]:

—(E1— Eo)

e 1.11
k1o (1)

AF = F1— Fo =—kT{exp [

AF stands for the FE difference between two states of PL that in first and
second window, -k is Boltzmann’s constant, T is temperature, brackets define
average of the equation in it, Eo and E1 are energies of first and second window,
respectively.
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FEP's strong points include precise BFE prediction (1 kcal/mol) and low
computational costs associated with operating distinct windows that allow for
parallel simulation. However, the method is constrained by the requirement to know
the binding mode [47].

1.3.2.2. Thermodynamic Integration

TI and related techniques such as double annihilation and double decoupling
approaches [48], [49] allow for the artificial separation of the intra and inter-
molecular energy contributions of a single ligand at the PBD, which can then be
recombined in the unbound state of the L free in solvent [48]-[50]. Tl calculate BFE
by decoupling of the L from the L free in solvent and PL complex in solvent by using

following equation:

AG—IduaU) 1.12
—0 A (1.12)

U stands for total Potential Energy of the given system using non-bonded
interactions, A is window size about non-bonded interactions. According to the
traditional alchemical thermodynamic cycle, the BFE (AGpind) can be calculated by
considered the difference between BFE of the complex (AGcompix) from the BFE of
L free (AG.) [51].

AGcomplex

AGfree

7\ + . - ‘ + ) AGpina= AGfree - AGa:omplex

Figure 1.4: Representation of alchemical free energy calculations using a model of
the thermodynamic cycle.
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This allows for the determination of the energy required for the ligand to bind
to the protein.

1.3.2.3. Bennet Acceptance Ratio (BAR) and Multistate BAR
(mBAR)

Similar to how TI works, BAR and multistate BAR (MBAR) [52]-[54] can
model the shift of a ligand from in the PL complex to free state, calculating the AG
between adjacent alchemical states using the Bennett approach and the Hamiltonians
and Fermi-Dirac distribution of the states. The calculation is considered to have
converged when the energy values obtained using the forward and backward
approaches are in good agreement for adjacent states [41].

By adding a A parameter, which gradually alters the contact between the ligand
and receptor, from complete interaction (A =1) to no interaction (A =0), the BAR
approach is applied in practice. This is accomplished by multiplying the lambda
parameter by the interaction energy of the P and L. The chance of detecting each
state is determined after the system has been in equilibrium for a specific amount of
time at each A value. The Bennett relation is then used to integrate the free energy
changes over the A values, yielding the AG between the two states. The BAR
computation solves for the FE (C) that fulfills the connections where i and j are

consecutive states and U is the potential energy from a defined state [55]:

2ifUi—U +C) N

AG =—kTIn|
2if(U—U+C)

c (1.13)

However, this approach might run into the same problems as if there were no
overlapping between nearby states. By utilizing the energy differential from all
windows, this has been expanded to the MBAR approach, which addresses the
crucial BAR concerns and offers the lowest variation of all FE estimators. The fact
that BAR does not necessitate computing the partition function which can be
challenging to compute for large systems is one of its key advantages. The
procedure, however, can be computationally expensive and may need a lot of
simulations to produce reliable results. The method also relies on the presumption

that the simulation adequately models the system and that it runs long enough to
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reach equilibrium. BAR gives more accurate and trustable results when is compared
with T1 especially if there is low number of windows for calculations [56].
The visual representation of all end-state and alchemical perturbation methods

is given at Figure 1.5:

A= . ‘ LIE=1/2(AUgs.)

aU/dh dU/dA au/dx
A . ) ) . = . [ TI=[(3U/oh).ch

AGB—)ID

AGps, AGy 5,
A= . —) ) . ) ) . ) FEP=3(AG ;5 1)

AGQHID

AGg. Gy,
. . wees — . ”. BAR=3(AG;.;.1)

Figure 1.5: Defining several MD techniques mathematically.

>
I

Non-covalent interactions between molecules are typically described by two
types of energies: electrostatic and van der Waals. The parameter A; is adjusted by
reducing it in small steps from 0 to 1, separately for each of these interactions. Many
windows is ideal for constructing a reversible system. However, the number of
windows must be chosen with the trade-off between the number of windows and the
computational cost in mind. For an accurate estimate of a ligand's solvation free
energy (SFE), a minimum of 10 windows for electrostatic separation (Acow = 0.0,
0.1,0.2...,0.9,1.0) and a minimum of 10 windows for van der Waals separation
(Avaw = 0.0, 0.1, 0.2. .., 0.9, 1.0) should be utilized, for a total of 20 windows. More
MD simulations are required to calculate the BFE of the P-L at a P-L-Solvent (PLS)
systems. These simulations use a constant force field and are run at the MM level.
There are various methods proposed in the literature for developing computational
techniques. Most of these methodologies aim to enhance accuracy and decrease the
computational cost. However, currently there is no established optimal method that

has reached a consensus among the scientific community.
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1.3.3. Physical Pathway Methods

The primary objective of Physical Pathway (PP) methods is to regenerate the
physical pathway process by which L binds to P. PP methods differ from end-point
methods and alchemical transformation techniques in that they estimate the free
energy of the ligand binding process to the protein, allowing for identification of the
energetically bound state that is most stable one. This allows for a more detailed
understanding of the ligand binding mode. Thus, they are particularly useful in cases
where the possible location of the binding site on the protein is known, but there is
little or no information available on the ligand binding mode. These techniques can
provide especially valuable insights into the binding process in such cases. The PP
methods include Umbrella Sampling (US), Steered Molecular Dynamics (SMD)
[57], and Funnel-Metadynamics (FM). FM is the newest one among these techniques
[41]. The details of PP methods are beyond the scope of this thesis and will not be
discussed.
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2. MODIFICATION OF LIE BY ANI FOR
BINDING FREE ENERGY CALCULATIONS
FROM MD SIMULATIONS

Adopted with permission from {Akkus, E., Tayfuroglu, O., Yildiz, M., &
Kocak, A. (2022). Accurate Binding Free Energy Method from End-State MD
Simulations. Journal of Chemical Information and Modeling, 62(17), 4095-4106}.
Copyright {2022} American Chemical Society (AC) & Creative Common License
(CC-BY).

2.1. Introduction

Developing small compounds that target medically relevant protein is one of
the main strategies in modern drug discovery studies. There are two core questions
that must be addressed in these efforts: (a) what is the binding mode? (i.e., where
does it bind from the receptor?) and (b) what is the binding strength? (binding free
energy) [41]. Inhibition of an enzyme can be involved in various mechanisms. For
instance, an inhibitor can bind to the enzyme from the active site via competitive
inhibition or it can bind from an exo/allosteric site by uncompetitive/noncompetitive
inhibition [3].

Kinetic studies was conducted to understand the activity loss of the enzyme on
a substrate by the inhibitor report values such as inhibition equilibrium constant Ki or
half maximal inhibitory concentration IC50. These two experimental parameters are
proportional to each other for competitive inhibition (they are equal in special cases)
[3], [58]. Thermodynamic equilibrium constant Ki and thus IC50 can be
approximated to the experimental binding free energy of the system for the
competitive inhibitors by:

AGerp = —RTIn(IC 5() (2.1)

A more correct form is

AAG = —RTIn(ICs0ig1/1Cs0 ig2) (2.2)
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where AAG is the relative binding free energy between two competitive
inhibitors. AG can also be calculated from the thermodynamic potential. In principle,
it is possible to compare experimental binding free energies determined from IC50
and theoretically determined from IC50 predicted by thermodynamic potentials using
computational methods for a series of competitive inhibitors. Thus, numerous efforts
have been made to develop new strategies that can accurately predict binding free
energies. However, a trade-off between computational accuracy and speed must be
made.

Methods to calculate the potential binding free energy range from simple end-
state methods such as linear response approximation (LRA) to linear interaction
energy (LIE) and molecular mechanics Poisson—Boltzmann/generalized Born surface
area (MM-(P/G)BSA) [59]-[62] to more sophisticated alchemical perturbation
methods either at equilibrium such as free-energy perturbation (FEP),
thermodynamic integration (TI) [51], [56], [63]-[70], Bennett acceptance ratio
(BAR) [56], [65], [68], [71]-[75] and multistate BAR (MBAR) [76]-[78] or non-
equilibrium like Jarzynski’s equality [79], [80] and Crooks fluctuation theorem [81].

Perturbation methods require several intermediate lambda states (A—), in which
the ligand can be decoupled, annihilated, or pulled. They use the explicit water
definition, and its prediction for relative binding free energies is quite successful.
However, they are still at the level of MM energy terms and visit nonphysical
intermediate states. All of these methods require a higher computational cost.

Binding free energy (BFE) calculations from single-step end-states are quite
attractive since they require only one MD simulation for each protein—ligand (PL)
complex system with less computational cost. However, the accuracy is very low due
to over-simplifications such as implicit solvent definition in the case of MM-
P(G)BSA and molecular mechanics (MM) definition of the Hamiltonian of the
system.

Classical force fields, which do not account for electron polarization, charge
transfer, and many-body effects, are very limited in accurately defining the
protein—ligand interaction. Thus, the system needs to be described at the quantum
mechanical (QM) level to include these essential physical effects [82], [83]. There
have been several attempts to replace the MM energies with more accurate QM
energies. Recently, Fox et al. [82]-[84] have introduced a “QM-PBSA” method for

eight ligands and improved the MMPBSA energies. One caveat to overcome the
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prohibitive DFT calculations on thousands of atoms of protein—ligand complexes is
to use semiempirical quantum mechanics (SEQM) such as AM1 and SCC—DFTB or
QM/MM calculations [85]-[91]. There are also ongoing efforts to use fragmentation-
based QM calculation methods. Most of these studies suffer from no/low sampling
from MD simulations [84], [90], [99]-[104], [91]-[98].

Machine learning (ML) techniques have attracted great interest for the past
decade due to their successful algorithms to scientific questions including but not
limited to chemical reactions [105], [106] potential energy surfaces [24], [105],
[107], [108], forces [109]-[111], atomization energies [22], [112], and
protein—ligand complex scorings [113]. One of the most promising aspects of the
ML techniques is that the trained models can be applied to new systems
(transferrable) [105]. In particular, ML potentials with their great capability of
learning a multidimensional potential energy surface (PES) at the QM level are
promising due to their efficiency and scalability to large systems [114]-[116].

Recently, several ML-based neural network potentials (NNPs) such as ANI
[37], [117], [118] have been developed using QM energies and forces to predict the
potential energy surfaces of small organic compounds. ANI uses modified Behler
and Parrinello symmetry functions to construct single-atom atomic environment
vectors (AEVs) and could be considered as a quantum accurate force field without
requirement of atomic charges. Thus, it only uses atomic symbols and 3D
coordinates as an input for the calculations to estimate pairwise atomic interactions.
The initial model (ANI-1x) used the PES of nonequilibrium geometries belonging to
a total of ~17.2 million conformations generated from ~58k small organic
compounds composed of C, H, O, and N atoms [36]. The extended version, ANI-2x,
has been shown to predict DFT energies of equilibrium or non-equilibrium
conformations of molecules containing C, H, O, N, S, F, and CI atoms. It has been
shown to reproduce the energies at the accuracy of the wh97x/6-31G* level million
times faster than the actual QM calculations [105].

Herein, we introduce a new strategy to estimate the binding free energies of
small organic compounds to proteins using end-state MD simulations. The method
utilizes ANI-2x neural network potentials and predicts the binding free energies of
the protein—ligand (PL) in the linear interaction energy (LIE) formalism. Our results
show that the “ANI _LIE” method outperforms current methods for binding free

energies.
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2.2. Theory

2.2.1. Linear Interaction Energy (LIE)

In the LIE method, only the protein—ligand aqueous complex (PLS) and free
ligand in water (LS) are simulated. Assuming that the interactions are additive from
the simulations of the protein (P) + ligand (L) + solvent (S) complex system (PLS), it
can be derived as:

age O

EPLS — EP + EL + ES_i_AEP*S_'_AEL*P_'_AEL*S

EPLS:EP+EL+ES+(EPS_EP_ES)+
AEL*P
+ AEL=S (2.3)

EPLS _ EPS _ EL — AEL_P + AEL—S
AEL™PS = AEL™P + AEL™S

Thus, the interaction of ligand with its surroundings can be calculated by using
left-hand side of the equation 2.3, which requires defining L as energy group.

AELfsurr — AEL*PS + AEL*ions ~ AEL*PS (24)

ANI has been trained only for atoms C, O, N, H, CI, F, and S. Sodium ions
cannot be calculated in the current version of ANI-2x. The term AEL"™ in this
equation is the interaction energy of the ligand with ions (which were added to the
simulation box to neutralize the protein), and this term can be neglected assuming
that the ions will not be nearby the ligands since there are only a few ions in the box
and the ligand is mostly buried in the binding pocket. The AEXS“" term can also be

calculated from the right-hand side of eq 2.3 by defining two energy groups, P and L.
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In that case, the pairwise contributions from each of the separate energy groups of P
and L can be extracted and the average interaction between each group is calculated
(i.e, AEY"P  AEY)

AELfsurr — AEL*P + AEL*S + AELfrest ~ AEL*P + AElﬁS (25)

Similarly, from the free ligand in water simulations

O+ — O

AEL—surr = AFL-S (26)

Originating from the linear response approximation (LRA), the binding free-
energy change from the bound (PLS) to the unbound state (LS) is given by

AGpina= BUAE " )prs— (AE;)1s5) +¥ (2.7)

Here, the brackets and their subscripts, (), denote the ensemble average and the
components of the simulation, respectively. AE;~® corresponds to the electrostatic
interaction energy term between the ligand (L) and surroundings (solvent, S) from
the ligand in solvent simulations. Thus, the binding free energy can be calculated

from:
AGbina = B(AE" )p1s + (AE™ J)pLs — (AE*)1s) +y (2.8)
Including van der Waals terms, the LIE equation becomes:

AGping = a((AEZl;VﬁLS + (AE:C;;/)PLS_ (E;;Vhs) +

ﬁsl(AEL—P)PLS + (é}EL_S)PLS _ (Ael[?L_SﬁS) +y (2.9)

Here a, 3, and y are empirical parameters determined from linear fitting to the
experimental binding energies.
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2.2.2. ANI/D3 Linear Interaction Energy (ANI_LIE)

We explored the success of ANI’s performance on estimation of binding
energy using these LIE equations after modifications. Here, we replaced the
electrostatic terms with ANI energies and van der Waals terms in the MM energies
with Grimme’s dispersion functions (D3) at the wb97x/6-31G* level. In addition,
since all of these equations require two simulations (PLS and LS), we have explored
either by ignoring solvent terms or borrowing (E%y5).s term from calculations.

In linear response approximation (LRA), “preorganization energy” (POE) is
included in ligand—surrounding electrostatic interaction energy. This term is
computed from an ensemble in which the partial charges on the ligand atoms are set
to zero. On the other hand, the POE term is ignored in a linear interaction energy
(LIE) method. With this aspect, ANI follows LIE rather than LRA.

When the solvent is totally ignored and ANI interaction energies are replaced
with MM electrostatic energies (similarly, D3 terms replaced with MM van der

Waals terms), egs 2.8 and 2.9 become:

AGping= B(AE, “)pis+y (2.10)
_ L-P L-P
AGpina = B(AE, pLs + A{AE")prsty (2.11)

Although these equations ignore the solvent effects, the source of large noise,
which stems from the high mobility of solvent molecules, could be avoided, and
thus, more precise (not necessarily more accurate) trends in binding free energies
could still be observed.

When the solvent is not ignored, these two equations are updated to:

AGpina = B(AEY, DhpLs + (AE™ PapLs — (AE*7)us) +y (2.12)
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AGpina= P ((Agl';,;ﬂ)ms + (AEVTD)PLS - (A[l%'llfb)Ls)
+CZ(<AEL[;§)PLS+<AEL793PLS_<AEL75>DL§)

vy (2.13)

Here, we generated conformational sampling of protein-ligand (PL), protein
(P) and ligand (L) in the presence of explicit water using a single MD simulation
(PLS) in the case of solvent ignored calculations. Then, the single point energies
(SPE) of each MD frame have been calculated by ANI-2x and D3 by stripping out
water and ions. For each MD frame, three different energies were calculated: the

ligand is complexed with protein, E4%;; bare protein that is extracted from the MD

frame, E?  and bare ligand that is extracted from the MD frame, EL . Similarly,
ANI ANI

dispersion energy of each component (EP%, Ef , and E ) has been calculated. When
D3 D D3
3
the solvent included, L-S interaction terms in PLS MD simulation along with

additional simulation of bare ligand in water (LS) has been considered.

In this study, we used eqs 2.10-2.13 to investigate the ANI’s performance of
LIE approach (ANI_LIE) in the presence of solvents. Strikingly, we found that the
calculations using eq 2.10 outperform conventional approaches by producing BFEs
that strongly correlate with experimental results. The additional terms appearing in
eqs (2.11)-(2.13) bring subtle improvements to the predictions. Here, our aim is to
test the success of the ANI on the interaction energy term; thus, we ignored
conformational entropy changes of the ligand and protein upon binding. It has been
shown that a single trajectory approach is more precise than the three-trajectory
approach due to error cancellation [105]. Although continuum model definitions such
as PBSA could be used in egs 2.12 and 2.13 rather than using explicit solvents, we
preferred not to include these terms because the primary aim of this study is to test
the success of ANI in the ligand—protein interaction in the LIE approach with explicit
waters. It should also be noted that the conformations are already sampled in the
presence of explicit waters and ANI predicted energies even in egs 2.10 and 2.11
belong to equilibrium geometries of aqueous systems (not gas-phase calculations).
Therefore, we believe that these conformations inherently reflect the solvent effects

at some level. Here, we note that the ANI potentials were used as a postclassical MD
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simulation to recalculate the MD frames rather than performing the ANI potentials
during the MD simulation. Thus, the method is still limited to the classical force field
to generate conformational sampling. In addition, the entropic contributions of the
free energies are reflected by the width of the energy distributions as with the nature
of the LIE approach.

Due to the power of QM-predicted potential energy surfaces, the ANI method
can also be applied to ligands that do not have similar structures as opposed to
methods such as BAR, FEP, and MMP(G)BSA, in which calculations mostly require
ligands with similar scaffolds. We have embedded the end-to-end script to GitHub

for broader access.

2.3. Computational Methods

2.3.1. Dataset Selection: SARS-CoV-2 Main Proteases, HIV-1
Proteases, INK1 Proteins

The selected data that will be used to test ANI accuracy is generated by
collecting severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) main
proteases MP™ (also known as 3CLP"™), human immunodeficiency virus type 1 (HIV-
1) proteases, and c-Jun N-terminal kinases 1 (JNK1).

The digestive and respiratory systems of a number of vertebrate hosts,
including people, can be harmed by coronaviruses (CoVs), single-stranded
ribonucleic acid (RNA) viruses. They are split up into four groups: a, B, y, and 9.
There are seven known human coronaviruses, including severe acute respiratory
syndrome coronavirus (SARS-CoV), Middle-East respiratory syndrome coronavirus
(MERS-CoV), and severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2),
which have all been linked to lethal respiratory infections. Especially, the virus that
causes COVID-19, SARS-CoV-2, has had a serious impact on public health and has
killed millions of people worldwide [119]. By attaching to ACE2 with the viral spike
(S) protein via ligand binding domain (LBD) and activating the virus S protein with
the aid of the cellular transmembrane serine protease 2 (TMPRSS2), SARS-CoV-2
enters human cells [120]. Then it generates two overlapping polyproteins, main
protease (MP™) or 3CLP™) and papain-like protease (PLP™) that cleaves itself. During
viral replication, the MP™ cleaves polyproteins at various sites to create several

functional proteins to generate copy of new viruses. The MP® is a class of highly
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conserved cysteine hydrolases [121] thus it might be a rational target to generate new
drugs to stop viral cycle.

An important turning point in medical history was the identification of human
immunodeficiency virus (HIV) as the causative agent of AIDS, and since that time,
considerable strides have been achieved in our knowledge of and ability to treat the
virus. Since the early 1980s, when the HIV/AIDS epidemic first started, millions of
people have been infected or died as a result of the disease, which has had a terrible
effect on world health. Despite the ongoing evolution of antiretroviral therapy (ART)
for HIV/AIDS treatment, complete clearance of the virus from an infected patient
remains elusive. Reverse transcriptase (RT), protease (PR), and integrase (IN) have
all been identified as possible targets for antiviral medication as a result of the
identification of HIV as the causal agent of AIDS and the finding of crucial
molecular steps in its reproduction. HIV type 1 (HIV-1) protease is an important
enzyme that is crucial for the development of mature and infectious virions by
cleaving viral polyproteins into functional proteins that are required for virus
replication.

In detail, by fusing with T-cell membranes, HIV infects them. The RT allows
the viral RNA to enter the cell where it is transformed into DNA. When this viral
DNA reaches the cell nucleus, IN incorporates it into the DNA of the host cell. The
machinery of the host cell is subsequently utilized by HIV to create viral proteins,
which PR then transforms into mature forms. When viral RNA and proteins have
accumulated at the cell surface, they are subsequently discharged as virions, which
are new viruses. HIV-1 protease is an enzyme that breaks down the two specific
polyproteins at precise locations to produce the viral structural proteins RT, IN, and
PR as well as the viral envelope glycoproteins. The assembly of new virions requires
these proteins. One of the most important steps in stopping HIV replication is
inhibiting PRs [122].

A subfamily of the mitogen-activated protein kinase (MAPK) superfamily, c-
Jun N-terminal protein kinase (JNK), also known as stress-activated protein kinase
(SAPK), is essential for the control of a variety of cellular processes, including gene
expression, cell proliferation, differentiation, and programmed cell death (apoptosis).
JNK1 and JNK2 are the two isoforms of the JNK subfamily, and they are both
widely expressed in the body and shared distinct functions. Tumor necrosis factor

alpha (TNF-a) and UV light are two such examples of extracellular stimuli that
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enable JNKs to become active through a process of successive protein
phosphorylation via a MAPK cascade. JSAP1, JIP, and B-arrestin, as well as protein
phosphatases, are also a few of the scaffold proteins that interact with one another to
regulate the activation of JNK. Inhibition brought on by NFk-B activity also controls
JNK activation, in addition. Long-term JNK activation can cause apoptosis by the
induction of TNF- o if NFk-B activation is not present. The kind of cell, the stimulus
that causes apoptosis, the time frame during which JNK is activated, and the
activation of some of the other signaling pathways are only a few of the variables
that can affect INK's function in apoptosis [123]. Therefore, INKs must be inhibited
to affect a variety of biological processes and disease conditions. In diseases like
cancer, inflammation, and neurodegeneration, JNKSs' activity can be inhibited to
produce positive results. Additionally, JNK inhibition can aid in the prevention of
other disorders like cancer. The inhibition of JNKSs is a hot topic for research in the
medical industry because of their diverse functions in the body.

2.3.2. System Preparation

For the binding studies, the crystal structures of noncovalent ligands
complexed with 3CLP™ of SARS-CoV-1, SARS-CoV-2, and HIV-1 proteases, a total
of 54 protein—ligand complexes with known IC50 values (Supporting Information),
were retrieved from the Protein Data Bank (PDB) except for c-Jun N-terminal
kinases, which were retrieved from the work by Khalak et al. [124] using Gaussian
16 software, the model ligands were first optimized at the B3LYP/6-31G* level and
ESP charges were generated at the HF/6-31G* level. Using an Antechamber module
in AmberTools 2021, RESP charges and GAFF force field atom types were
generated. The Amber2gmx module [82] from AmberTools 2021 was used to
convert amber-type input files to Gromacs.

2.3.3. MD Simulations

The molecular dynamics simulations were carried out using a Gromacs 2018+
software package [125] with an all-atom model of Amber ff99SB-ILDN75-77 force
field implemented in Gromacs. The protein—ligand complex (~6000 atoms) was
placed in the center of a dodecahedron box. Each system was solvated in the TIP3P

model type water [126] with a cell margin distance of 10 A for each dimension. The
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protein—ligand systems with ~70,000 atoms were neutralized in 0.15 M NaCl.
Classical harmonic motions of all bonds were constrained to their equilibrium values
with the LINCS algorithm.

Energy minimization was carried out to a maximum 100 kJ- mol-1 -nm—1
force using a Verlet cutoff scheme. For both long-range electrostatic and van der
Waals interactions, a cutoff length of 12 A was used with the particle mesh Ewald
method (PME) (fourth order interpolation) [127]. The neighbor list update frequency
was set to 20 ps~!. As with our earlier studies [128]-[130], two-step energy
minimization and equilibration schemes were used. Each minimization step consisted
of up to 50 000 cycles of steepest descent and a subsequent 50 000 cycles of Ibfgs
integrators.

After minimization, each system was equilibrated within three steps using
Langevin dynamics. The first step consisted of a 1 ns of NVT ensemble. The
protein—ligand and the rest of the system were defined as two temperature groups at
310 K. The next step consisted of NPT ensembles, in which the systems were
equilibrated to 1 atm pressure by Berendsen for 200 ps and followed by Parrinello-
Rahman isotropic pressure coupling for 1 ns to a reference pressure of 1 atm. When
systems reached to equilibrium, an MD simulation of 10 ns was carried out at the
NPT ensemble.

2.3.4. Free Energy Calculations

Simulations for alchemical free energy calculations were carried out using a
Gromacs 2018+ software package [125] with the all-atom model of Amber ff99SB-
ILDN [131]-[133] force field implemented in Gromacs. For the alchemical free
energy calculations, 10 equal decoupling steps (i.e., decoupling the ligand from the
environment) of each Coulombic and van der Waals interaction (AL = 0.1, total 21 A-
windows) were used. For the calculations of the protein— ligand complex, a separate
decoupling of the ligand from the ligand+water system with the same parameters was
performed and subtracted from the decoupling of the ligand from the protein + ligand
+ water complex system [128]. An Alchemicalanalysis module from the pymbar
library83 was used to print alchemical free energies.

MM-PB(GB)SA calculations were performed using gmx_MMPBSA script

byAmberTools 2021 v4. For the calculations of protein—ligand complexes, we used
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the A = 0 trajectories of proteintligand+water complexes from alchemical free
energy calculations. Only the protein + ligand complex part from the trajectories was
extracted and default parameters of implicit water with € = 80 and solute with € = 2
were used. Nonpolar solvation parts were separated into dispersion and cavity terms,
which is defined by solvent accessible surface area from molecular volume.

ANI and D3 calculations were performed using our custombuilt python scripts
deepQM as with our previous study for LS solvation free energies (data
unpublished). Since it corresponds to a fully interacting state, we used a trajectory of
the first window ((Acou=0; Avaw=0) from the alchemical MD simulations for QM
accuracy calculations using ANI and Gaussian 16 software (G16). For G16
calculations at the wh97x/6-31G* level, it is computationally too expensive to carry
out the entire protein—ligand system. Therefore, we had to truncate the residues
around the ligand by 4.0 A (nearly 900 atoms). Gromacs software was utilized to
index energy groups, remove PBC, order the nearest waters around the PL complex,
and extract structures from trajectories for ANI calculations while PyMol was used
to truncate the nearest residues around the ligand for the QM calculations at Gaussian

16 software.

2.4. Results and Discussion

2.4.1. Workflow

deepQM is written in Python 3.9 (details of the functionality and different
modules of deepQM are discussed elsewhere) and uses ASE libraries to calculate
ANI and DFTD3 single-point energies of the given A—B complex structure (e.g, A =
protein, P; B = ligand, L). As an end-to-end process with the DFT accuracy, binding
free energy is predicted from the PL/LS complex, free protein, and ligand structures,
all of which are extracted from the trajectories of classical MD simulations of the

protein—ligand complex system in water.
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Figure 2.1: deepQM General Workflow for Performing EndState Binding Free
Energy Calculations (The first step consists of extracting individual groups and
converting to xyz file format. The second step is the calculator. Single or
multicalculators can be selected. Finally, the results were printed and combined to
predict binding free energy).

The workflow for the prediction of protein—ligand binding free energy from
multiframes of an MD simulation is as follows: First, the atomic indices of the
protein and ligand are read from the index groups of the index file and extracted into
three separate xyz coordinates (PL, P, L or LS, L, S) after preprocessing the pdb files
to make compatible for deepQM (Scheme 1). Next, ANI and DFT-D3 calculators are
imported and set from the ASE platform, and then, each group is read by both
calculators to predict total single-point energy (SPE) and D3 dispersion energy,
respectively. Next, the interaction energy between the protein and ligand is written to
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data files for each frame in both methods. In the final step, binding free energy is
estimated using the equations discussed in the Computational Methods section. In
principle, it can work with any MD simulation packages upon converting trajectories
to separate pdb files that contain the protein—ligand—solvent complex and defining

energy groups. Index file format must be Gromacs type.

2.4.2. ANI Results

2.4.2.1. Can ANI Reproduce DFT Interaction Energies?

Since ANI has been trained using atomic environments, it could still be
scalable to the DFT calculations for larger systems such as protein—ligand
interactions. It should be noted that DFT single-point energies of the protein and
protein—ligand complex systems are in the order of hundreds of thousands of eVs,
whereas the binding energy is only a few eVs. Therefore, it is important to have the
total energies converged for accurate binding free energy calculations. Table 1.1
shows the absolute energies of truncated protein+ligand complex systems (HIV
protease, PDB ID = 51VS) calculated by ANI and G16 at the wh97x/6-31G* level.
There are 55 residues around the ligand in the truncated protein with 920 atoms
(Figure 2.1).
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Figure 2.2: Truncated structure in the DFT calculation as a comparison to ANI, in
which all the PL system can also be calculated. All the residues were saturated with
H atoms to make the structure neutral. All H atoms were ommitted from structuress
for better view. The table shows which residues included in the truncated structure.

ANTI’s prediction on ligand’s energy is excellent. However, the ANI predicted

absolute value of the protein—ligand complex deviates by ~2 eV from that of DFT
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calculations. However, this energy is just a bias and canceled out by subtracting the
energy of the protein in the interaction energy term. This bias cancellation will also
occur on extended (untruncated) systems (i.e., a full protein + ligand complex).
Therefore, the ANI-predicted interaction energies are in reasonable agreement with
G16 calculations, with a shift by only ~0.252 eV (5.812 kcal/mol). This value can be
minimized so as to converge by increasing the number of frames sampled by the MD
simulation and increasing simulation time. It should also be noted that it has been
trained for atomic environments with a cutoff (5.1 A for radial and 4.5 A for angular

chemical environments), which limits its calculation to short-range interactions.

Table 2.1: Absolute Energies of Truncated Protein + Ligand Systems (HIV Protease,
PDB ID = 5IVS) from MD Simulations (in eV).

G16 ANI

Frame AEint

Complex Receptor ngimd Complex Receptor ngfnd AE,, Abs. Err.

PL P PL P

601409.137 | 543088.071 | 58316.912 | 4.154 | 601407.549 | 543086.919 | 58316.653 | o2/ | 0177

1 611338.434 | 553017.357 | 58317.024 | 4.053 | 611337.259 | 553016.927 | 58316.904 | ~3:428 0.625

2 | 611343896 | 553023.284 | 58316.737 | 3.876 | 611342.856 | 553022.874 | 58316543 | 5439 | 0436
3 | 611338693 | 553021.427 | 58316102 | 1.164 | 611337.181 | 553020251 | 58315.018 | 1012 | 0152
100 | 611340901 | 553023.152 | 58315.756 | 1.992 | 611340.670 | 553023.116 | 58315703 | 1878 | 0115
Mean | 11366208 | 553047.220 | 58316.584 | 2.424 | 611368.035 | 553046.484 | 58319.368 | 2183 | 0252

To assess the convergence of the total energy, we have extracted snapshots
from the trajectories of 10 ns MD simulations by retrieving the first frames in
different time intervals (e.g, 10 ps for 1000 frames). Figure 2.2a shows the
convergence of the average interaction energy when more snapshots are averaged,
assuming 1000 frames in 10 ns MD simulations as the fully converged energy. The
data suggests that using 100 frames in the average calculations is sufficient to have a
convergence to a maximum of 0.04 eV (1.1 kcal/mol). This error drops to below 0.02
eV (0.46 kcal/mol) when 200 frames are used.
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Figure 2.3: Absolute deviations of the average P—L interaction energies for selected
complexes calculated by ANI, considering 1000 frames and 10 ns simulations as the
converged value (a) as a function of the number of frames to average and (b) as a
function of simulation time using only 100 frames in each time interval.

We have also investigated how MD simulation time affects the interaction
energy (Figure 2.2b). It suggests that the simulation time does have more impact on
the absolute errors and an 8 ns of simulation time can bring a maximum error of 0.09
eV (2.5 kcal/mol). This error reduces to below 0.5 kcal/ mol in 10 ns simulations.

One of the most important features of the ANI calculations is that they can be
run on GPU or CPU and either construction can be run in parallel. The computation
time is million times faster than DFT calculations. On a 4x NVIDIA Tesla V100
construction, the 1000 frames of the P-L and L—S complexes can be calculated
within hours if not minutes. A single frame in our truncated P—L structures with 55

residues and 920 atoms could take several hours at the wb97x/6-31G* level.

2.4.2.2. Can the Electrostatic Interaction Term Be Replaced by
ANI?

The ANI and D3 energy terms are correlated and can be replaced with

Coulombic and van der Waals terms, respectively. As both van der Waals interaction
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terms in MM and Grimme’s D3 functions originate from Lennard-Jones potentials, it
would be trivial to correlate these two terms. Thus, the original LIE equation can
easily be adopted by replacing D3 energies with MM-based van der Waals terms and
by replacing MM-based electrostatic interaction energy terms with ANI-predicted
interaction energies (Figure 2.3). ANI also shows great correlation to electrostatic

terms, which allows us for the modification of the LIE equation.
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Figure 2.4: ANI-predicted average interaction energies and classical electrostatic
interaction energies between the protein and ligand from PLS simulations are
correlated while the energies from Grimme’s D3 functions are correlated to van der
Waals interactions.

Since ANI and MM energy terms are strongly correlated, one should expect
LIE calculation by both methods to follow similar trends with respect to
experimental free energies. Surprisingly, the correlation of ANI_LIE values to

experimental free energies is greater by ~15% than that of MM_LIE.

2.4.2.3. BFE by Ignoring LS Interaction

Using the simplest modification of the LIE formula (i.e., eq 2.10), we have
calculated the ANI interaction energies. The coefficients were determined from the
fit to the experimental values (Figure 2.4). It should be emphasized that there are
three different protein families with a total of 54 complexes and the ligands do not
necessarily have similar scaffolds. We observed excellent agreement (R = 0.87)
between the experimental and ANI/LIE-predicted absolute binding free energy

values.
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Figure 2.5: ANI interaction energies calculated from eq 2.10 with f =0.10639 +
0.0164 and y =—4.9875 + 0.881 using average of 100 snapshots of 10 ns MD
simulations for 54 protein—ligand complexes, showing 0.87 correlation to the

experimental values. The bar lines show uncertainties. The bottom plots show the fits
of individual protein families as CoV, HIV-1, and JNK-1.

The mean absolute error (MAE) is just 1.76 kcal/mol. Similar to LIE
calculations using only ANI potentials, we also investigated the effect of the
inclusion of D3 terms in the prediction using eq 2.11. Although the correlation
coefficient was not improved significantly, the MAE value decreased to 0.76
kcal/mol (Figure 2.5).
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Figure 2.6: ANID3 interaction energies calculated from the equation (2.5) with o=-
0.025440.0282, p=0.1240 + 0.0212 and y=-5.5692 + 0.7821 using average of 1000
snapshots of 10 ns MD simulation for 54 protein ligand complexes, showing 0.88
correlation to the experimental values. The bar lines show the mean absolute error.
The bottom plots show the fits of individual protein families as CoV, HIV-1 and
JNK-1.

2.4.2.4. BFE by Including LS Interaction

After showing the success of ANI’s prediction of interaction energies and
binding free energies in the absence of solvents, we have also attempted to calculate
the binding free energies using the most extensive LIE formalism in which the
solvent effects are also included. The solvent requires a second simulation of ligand
in water (LS) along with the contribution of L—S interactions in the PLS simulations
as explained in the Theory section.

In principle, ligand—solvent interactions can be computed with implicit
definitions as in the case of PBSA, GBSA, or any other continuum models. For
instance, a recent work by Fox et al. introduced the so-called “ONETEP” program, in
which they coupled the DFT energies with PBSA to calculate QM-PBSA energies
[134]. However, here, we attempted the L—S interaction energies using explicit
waters in the system sticking with the original formalism of the LIE method.

Although ANI enables us to calculate such large protein +ligand+water (PLS)

systems, due to memory limitations, we could only perform L—S interaction energies
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after reducing the PLS systems so as to include waters by only 4 A around the PL

complex. We achieved this by ordering the water in the trajectories and extracting

the nearest solvents in the PLS system. Figure 2.6 shows examples of reduced vs

complete water in PLS systems for each protein family.

a) Complete
#8SOL:

b) Reduced

# 8OL:

CoV2-7P51
20622

HIV1- 2A4F
10903

JNKI- 18633
15347

Figure 2.7. Illustration for the representative structures in protein + ligand +
complete/reduced water (PLS) systems. The LIE calculations were performed using
reduced water to ease memory cost of the computations. The results are almost
identical in both cases.

Since the ligand is mostly buried in the protein, there are only a limited number

of solvents around the ligand in the bound state. Thus, the effect of the solvents that

are beyond 4 A should not affect the calculations. Figure 2.7 shows that the solvent

included ANI and ANID3 LIE calculations. We have summarized the correlation

coefficients for different approaches in Table 2.3.

Table 2.2: MM energy terms and LIE for complete vs reduced systems, showing
reducing system hardly affects the results.

Complete System | 0=0.181; | Reduced System | a=0.181;
B=0.5 B=0.5
PDB | Lrest_ | Lrest LJ|LIE_whol L- L-rest_LJ LIE |Diff_coul|Diff_lj|Diff LIE
ID coul [(kcal/mol)le systemt| rest_coul |(kcal/mol)| reduced
(kcal/mo (kcal/mol) | (kcal/mol) system
1) only
4Awaters
(kcal/mol)
2GZ7 | -10.76 | -11.29 -3.23 -9.92 -9.94 -2.57 -0.84 |[-1.35 | -0.67
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Table 2.2: Continue

2GZ8 | -18.02 | -17.36 -2.09 -18.21 -14.33 -1.63 019 ([-3.03 | -0.45
3V3M | -13.71 | -11.04 -3.07 -10.51 -10.38 -1.35 -3.20 |-0.67 | -1.72
4AMDS | -24.22 | -17.62 0.54 -24.48 -15.78 0.75 026 |-1.85| -0.20
4YOJ | -19.46 | -10.19 -3.18 -19.61 -8.74 -2.99 0.15 |-146 | -0.19
7L10 | -7.89 -13.27 -1.12 -8.59 -11.95 -1.23 069 |-131| 0.11
7L11 | -4.85 | -12.07 -2.11 -5.40 -11.01 -2.19 055 |[-1.06 | 0.08
7L12 | -20.46 | -12.98 1.01 -20.92 -11.38 1.07 046 |[-1.60 | -0.06
7L13 | -24.10 | -13.36 -151 -24.65 -11.87 -1.51 055 |[-150 (| 0.01
7L14 | -496 | -13.68 -2.45 -5.49 -12.44 -2.49 052 |-1.23 | 0.04
7LMF | -12.31 | -11.89 -3.15 -12.69 -10.76 -3.13 0.38 |-1.13 | -0.02
TLMG | -14.46 | -11.42 -2.65 -14.69 -10.38 -2.57 0.23 |-1.04 | -0.07
7LMH | -15.27 | -13.71 -1.78 -15.72 -12.38 -1.77 045 |-1.34 | -0.01
7LMI | -14.99 | -11.89 -1.12 -15.26 -10.82 -1.06 0.28 |-1.08 | -0.06
TM8M | -25.97 | -11.67 -2.64 -26.39 -10.35 -2.61 042 (-1.33| -0.03
7M8N [ -27.85 | -13.39 -3.78 -28.22 -11.67 -3.65 036 (-1.72 | -0.13
7M80O | -19.07 | -13.19 -0.79 -19.16 -11.69 -0.56 0.09 |-1.50 | -0.23
TM8P | -23.13 | -14.29 -1.10 -23.96 -12.59 -1.20 082 |-1.70 | 0.10
7TM8X | -10.86 | -13.16 -2.46 -11.54 -11.86 -2.56 068 |-1.30| 0.11
TM8Y | -25.35 | -16.43 0.47 -25.82 -14.49 0.58 048 |-1.95| -0.11
7TM8Z | -28.66 | -12.70 0.32 -28.94 -10.92 0.50 028 |[-1.78 | -0.18
7M90 | -33.05 | -14.38 -1.91 -33.09 -12.64 -1.61 0.04 (-1.73 | -0.29
7M91 | -18.63 | -10.96 0.34 -18.98 -9.99 0.34 0.35 |[-0.97 | 0.00
7N44 | -22.70 | -12.97 0.20 -23.08 -11.48 0.28 0.38 |[-1.50 | -0.08
7P51 | -14.64 -9.94 -0.38 -14.95 -9.07 -0.38 031 |-0.86 | 0.00
2A4F | -23.79 -9.82 0.20 -23.82 -9.01 0.33 0.02 |-0.81| -0.13
3ROW | -55.87 | -15.94 1.13 -55.73 -15.06 1.35 -0.13 |-0.88 | -0.22
3ROY | -38.54 | -16.56 -0.95 -38.43 -15.59 -0.72 -0.12 |-0.98 | -0.23
3SPK | -8.94 -8.21 -0.63 -8.83 -1.77 -0.49 -0.11 |-0.44 | -0.14
4KB9 | -19.53 -6.86 -2.31 -19.52 -6.38 -2.22 -0.01 |-0.49 | -0.09
SDGW| -16.30 | -10.96 0.39 -16.40 -10.19 0.48 0.10 |-0.76 | -0.09
51vS | -31.12 | -15.71 -9.37 -31.25 -14.20 -9.16 0.13 |-151| -0.21
5IVT | -26.26 | -10.23 -4.20 -26.14 -8.98 -3.91 -0.12 |-1.25| -0.29
5TYS | -3L.76 | -11.71 -3.09 -31.50 -10.64 -2.76 -0.26 |-1.07 | -0.33
S5ULT | -18.51 -9.58 -1.06 -18.77 -9.03 -1.10 0.26 |-0.55 | 0.03
5U0V | -36.78 | -25.32 -0.16 -37.10 -22.58 0.17 032 ([-2.73 | -0.33
6CDJ | -32.87 | -17.31 -6.78 -33.08 -15.98 -6.64 020 |-1.33 | -0.14
6CDL | -11.60 | -13.63 -0.90 -11.72 -12.82 -0.82 0.12 |-0.80 | -0.09
6VOE | -31.69 | -13.75 -7.78 -21.30 -13.81 -2.60 -10.38 [ 0.06 | -5.18
TMYP | -17.19 -9.22 -4.31 -17.19 -8.82 -4.24 0.00 |-0.41 | -0.07
18624 | -6.77 -8.06 4.23 -6.96 -7.39 4.25 0.19 |[-0.67 | -0.03
18629 | -9.01 -8.22 3.77 -9.16 -7.50 3.83 0.15 ([-0.72 | -0.05
18630 | -6.19 -8.41 3.49 -6.49 -7.62 3.48 030 |-0.79| 0.01
18631 | -4.78 -8.01 3.61 -5.02 -1.27 3.63 024 |-0.74 | -0.01
18632 | -10.81 -8.45 3.13 -10.98 -7.68 3.18 0.17 |-0.76 | -0.06
18633 | -6.03 -9.12 3.86 -6.16 -8.26 3.95 0.13 |-0.86 | -0.09
18634 | -9.23 -9.02 2.98 -9.39 -8.17 3.05 0.16 |[-0.84 | -0.07
18635 | -5.55 -8.80 3.63 -5.69 -7.95 3.71 0.14 |(-0.84 | -0.08
18637 | -19.97 | -11.21 4.25 -19.75 -9.80 4.61 -0.21 |-1.40 | -0.36
18638 | -23.61 | -10.50 3.63 -22.68 -9.04 4.36 -093 |-1.46 | -0.73
18639 | -10.28 | -10.38 2.11 -10.12 -9.19 2.40 -0.16 |-1.19 | -0.29

39



Table 2.2: Continue

18652 | -17.17 | -10.36 3.05 -16.87 -9.01 3.45 -0.30 |-1.34 | -0.39
18658 | -17.49 -9.25 2.63 -17.49 -8.23 2.81 0.00 |[-1.02 | -0.18
18659 | -11.53 | -10.09 3.48 -11.73 -9.10 3.56 0.20 |-0.99 | -0.08

Indeed, one can see the comparison of MM energy terms (Coulombic, van der

Waals) along with MM_LIE calculations by taking only reduced water in the system

rather than the complete water (Table 2.2).

By applying egs 2.12 and 2.13, we could successfully produce the absolute

binding free energies based on ANI/D3 interactions.

a)

(kcal/mol)

ANI_LIE with solvent

b)

(kcal/mol)

ANID3_LIE with solvent

-10 —

11—

-12 —

-13 —

14 —

CoV, HIV and JNK
Cor =0.85

-12 -10
Experimental (kcal/mol)

CoV, HIV and JNK
Cor =0.86

-12 -10
Experimental (kcal/mol)

Figure 2.8: LIE calculated by ANI and ANID3 using a) eq 2.12 and b) eq 2.13, in
which the solvent effects around the ligand were included in the calculations.
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Table 2.3: Coefficient values derived from equations 2.10-2.13.

E\ﬂ‘;ﬁé‘eﬂ” Method o B v (keal/mol)
4 ANI_LIE 0 0.106+ 0.016 | -4.987 +0.881
5 ANID3_LIE | -0.025+0.028 | 0.124 +0.021 | -5.569 +0.782

6 ANI_LIE 0 0.127+0.011 -5.111+0.480
7 ANID3_LIE |-0.035+0.029 | 0.149 +0.021 | -5.987 +0.806

7 (RS) ANID3_LIE | -0.035+0.008 | 0.148+0.008 | -5.978+0.230

a : van der Waals terms (LJ or D3); B:electrostatic term (ele or ANI); v: intercept
RS: Random sampling as validation (90% training bootstrapped by 100 different

selections) and test (10%)

2.4.3. Benchmarking with Other Methods

2.4.3.1. Comparison to the Classical LIE Approach

In addition to the ANI method introduced here, we also performed calculations
from several other methods for the studied protein—ligand complexes. The very first
method was the classical LIE method, in which Coulombic and van der Waals
interactions at the level of molecular mechanics were computed and fit to the
experimental binding free energies to determine the coefficients.

The default parameters of LIE in Gromacs software use o = 0.181, B = 0.5, and
v = 0 and yield very low correlation to the experimental values. The B coefficient for
the electrostatic interactions was reported to have several values according to the
charged vs uncharged ligands. Studying 18 PL complexes, Hansson et al. [135]
concluded that B = 0.5 is a good approximation for charged ligands whereas lower
values such as 0.43, 0.37, and 0.33 for neutral molecules with 0, 1, or >1 hydroxyl
groups, respectively [55]. Since then, it has been used with care by fitting to the new

sets of protein—ligand complexes [136]-[141].
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Figure 2.9: The LIE calculated by MM electrostatic and van der Waals interactions
using equation 2.3. The preassigned parameters available in Gromacs software were
used. The bottom plots show the correlation in each individual protein family.

With the default parameters (oo = 0.181, p = 0.5, and y = 0), we have observed
very low correlation between the experimental and MM_LIE prediction (Figure 2.8).
On the other hand, when new parameters are assigned from our fit, we observe
0.70—-0.73 correlation with a = 0.25, B = —0.06, and vy = —3.09 (Figure 2.9). Here, all
of the ligands studied are neutral and we did not classify them according to the
presence of polar groups like hydroxyl groups. Note that MM_LIE is still quite
successful (R = 0.70—0.73), and it is clear that ANI LIE (R = 0.85—0.87) is much

better in reproducing experimental values.
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Figure 2.10: LIE calculated by MM electrostatic and van der Waals interactions
using eq 2.9. The parameters were determined from the fit. The bottom plots show
the correlation in each individual protein family.

In addition to the parameters calculated from all 54 data points of the dataset
for both MM_LIE and ANID3_LIE, we have also analyzed the data by splitting
training (90%, 48 points) and test sets (10%, 6 points). We have done this by
randomly selecting 100 different trains and test sets. The coefficients were produced
from the training sets and applied on test sets. The coefficients generated from
random sampling and whole dataset are in a good agreement. We have reported the
predicted values for the coefficients and their RMSE values on training and test sets.

2.4.3.2. Comparison to the MMPBSA

We have also performed MMPBSA and MMGBSA calculations as a
comparison to ANI. The computational cost of these two methods is very similar to
ANI since they are also end-state methods applied on bound-state (PLS) classical
MD simulations. We should note that these methods do not use empirical fitting
coefficients in the calculations. However, their success of predicting absolute binding
energies can become very poor according to the system and they are mostly used to

predict the relative binding free energies. In particular, when the ligands have similar
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scaffolds, they can accurately predict relative binding free energies. Similarly, when

the same ligand’s binding to a protein and its mutations were compared, they can be

quite successful. We have tested the performance of both MMPBSA and MMGBSA

methods for the protein— ligand complexes studied here.

CaV, HIV and JNK
Cor=0.1

MMPBSA (kcal/mol)

[ &) ‘

-20 — PY °

-14 -12 -10 -8
Experimental (kcal/mol)

0 -

HIV
Cor

=021

-------

__________

JNK

Figure 2.11: MMPBSA results show low correlation due to failure to predict BFES in
HIV-1 protease. The bottom plots show the correlation in each individual protein

family.

Due to the fact that protein families of the ligands are very different, we could

only observe somewhat meaningful correlations when the protein families were

analyzed separately in the case of MMPBSA. When all proteins were treated with the

same preassigned values of MMPBSA, we observed very poor correlation to the

experimental values (Figure 2.10).
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Figure 2.12: MMGBSA results showing higher correlation than LIE, but still lower
than ANI_LIE. The bottom plots show the correlation in each individual protein
family.

Surprisingly, MMGBSA showed a somewhat similar correlation (R = 0.81)
with classical LIE to the experiments even when all 54 protein—ligand complexes
were analyzed together (Figure 2.11). This is still less than the ANI-predicted values
of R =0.87-0.88.

2.4.3.3. Comparison to alchemical calculations

We have also explored the binding energies by means of alchemical methods
using a 10 A decoupling window for electrostatic interaction and 10 A for van der
Waals interactions. During decoupling, no restraint was applied on the ligands; 10 ns
from each window brings 20-fold computational cost to the simulations, whereas it
still has a bare correlation to the experimental binding free energies (Figure 2.12).

These low correlations may be due to the limited number of windows.
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Figure 2.13: BAR results for CoV and HIV compared with experimental results
when they are treated together or individually.

2.5. Summary and Conclusion

Here, we applied ANI-ML potentials, trained at the wb97x/6-31G* level, to
calculate the interaction energies of protein—ligand and ligand-solvent pairs. The
results show that the predicted interaction energies even when the solvent is totally
ignored are highly correlated with experimental values. By modification of the LIE
method, we have assigned coefficients for the ANI_LIE method. The ANI_LIE
method outperforms conventional methods like LIE, BAR, and MMP(G)BSA in
terms of accuracy and is comparable to MMP(B)SA in terms of computational cost.
Our preassigned parameters determined for the method can be applied on any
protein—ligand complex systems even when the protein(s)/ligand(s) have different

scaffolds.
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3. MODIFICATION OF MM/PBSA BY ANI:
PERFORMANCE IMPROVEMENTS OF MM-
PBSA BY ANI-ML POTENTIALS, MC BASED
SURFACE AREA/NVOLUME, AND TWO VALUED
INTERIOR DIELECTRIC CONSTANT

3.1. Introduction

Accurate and fast prediction of free energy changes is a substantial research
field in computational chemistry [142]. All chemical and biomolecular events are
governed by the foundation of thermodynamic processes. Experimental techniques
can become too costly, time consuming and not informative about the dynamic
properties [143]-[145]. In particular, in biomolecular events such as binding free
energy of a ligand to a macromolecule has been great deal in drug discovery.
Computation of binding free energies (BFEs) and screening large libraries of
potential drug candidates based on BFEs has been a routine process in rational drug
design studies [146]. However, the computational studies require the most realistic
modeling of the system. Due to the large size such that biomacromolecule-small
ligand complex surrounded with explicit water molecules, the system cannot be
simply simulated at the quantum mechanical (QM) level. At the current
computational power, most parts of these systems, if not all, must be defined at the
molecular mechanics (MM) level [59].

Molecular dynamics (MD) simulations have been widely used for BFE
calculations. The methods to calculate the BFEs using MD simulations can be
classified into two classes. The first, BFEs are predicted by using only bound and
unbound states of the system so called end-state methods. Second, the system is
evolved from bound to unbound state by physical or alchemical pathway via (ideally)
infinitesimal changes of the energy function [41]. Although the pathway methods are
more rigorous, they do not perform well in the trade-off between accuracy and
computational cost [142]. On the contrary, the end-state methods, although more
approximate methods, have been widely used in drug discovery [147], [148] . The
most common end-state methods are linear interaction energy (LIE) [135], Molecular
Mechanics-Poisson Boltzmann Surface Area (MMPBSA) and Generalized Born
Surface Area (MMGBSA) [149], [150]. LIE uses averaged ensembles of interaction
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energies between ligand and surroundings in both bound and unbound states and
BFE is predicted by empirical coefficients produced by fitting to experimental data.

MM-P(G)BSA methods finds BFE by composing contributions from gas phase
binding energy (i.e. MM energy term), solvation, and entropy. The implicit solvation
term is also assembled by contribution of polar (PB or GB) and non polar solvation
based on surface area (SASA) or volume (SAV) energy terms [151]. These
contributions to BFE can be collected by following two ways as separate trajectory
protocol and single trajectory protocol.

In separate trajectory protocol (3A-MMP(G)BSA), independent MD
simulations are performed for L in water (LS), apo-protein in water (PS) and protein-
ligand complex in water (PLS). This protocol is more realistic approach to the
experimental process since the conformational sampling of apo-protein and free
ligand may differ from that of the complex. However, running separate MD
simulations may bring additional errors and noise due to large internal energy
fluctuations at different conformations. In most of the cases, these errors cannot be
fixed by longer MD simulations. Indeed, studies have shown that longer MD
simulations worsens the BFE prediction of the MMP(G)BSA calculations. On the
other hand, these errors can be minimized by increasing the number of replicas in
simulations at the end points. Su et al have shown that 4 ns of simulation time is
sufficient along with 30-50 replica simulations [152].

In single trajectory protocol (MMP(G)BSA), only a single MD simulation of
PLS is performed and the individual components of P and L are extracted from the
same trajectory. Although this protocol suffers from the lack of conformational
sampling of apo-protein and free ligand, the error due to the fluctuation of energy
terms is much smaller since it is cancelled by the use of the same MD frames for
each component. In addition, the computational cost is much less than the separate
trajectory protocol. Therefore, the single trajectory protocol is more widespread in
the field.

There have been several attempts to improve prediction power of
MMP(G)BSA in literature [59], [153]-[155]. Wang et al have recently reviewed
these studies in detail [142]. Most of the studies have been focused on correcting
PB/GB and SA terms in the MMP(G)BSA energy formalism. Since efficiency and
accuracy of these methods are system dependent, there is no consensus on the

coefficients used to convert these terms in the energy equation. In Amber22
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software, there are 6 regimes to calculate PBSA and regimes for GBSA
contributions.

In the original MMPBSA calculation using SAV for the non-polar solvation
term, the volume is calculated by integration of SASA [156], in which a spherical
probe samples the accessible surface of the protein-ligand complex. Recently, Ongari
et al [157] have introduced the use of accessible surface area (ASA), probe
occupiable accessible volume (POAV) and probe centered accessible volume
(PCAV) for the internal voids of microporous materials available in Zeo++ software
[158]. In these strategies, the area and volume of cavities (or voids) are determined
by Monte Carlo simulations of the spherical probe rather than integration of SASA.
Ideally, ASA in Zeo++ should correspond to SASA in AMBER. Similarly, PCAV
corresponds to SAV in protein-ligand complexes except for the calculation method.
POAV differs from PCAV by including the additional pore volume due to the probe
radius, which is not considered in PCAV (or SAV).

Here, we attempt to improve the BFE prediction by thoroughly assessing the
performance of MM-P(G)BSA from four different perspectives. First, conventional
MMPBSA is analyzed using different regimes covering SASA only, SAV only and
SPT models in non polar solvation contribution part of the binding free energy.
Second, the applicability of using POAV/PCAV rather than SAV in the
MMP(G)BSA have been tested. Next, ANI-ML potentials are adopted as a
replacement of MM terms in implicit solvent approach so called ANI_PBSA to
predict BFEs with higher accuracy. In our previous work, we have introduced
ANI_LIE method which uses ANI-2x machine learned (ML) potentials in the LIE
formalism and showed significant improvements in BFE predictions over the
classical LIE approach. Finally, the use of two different dielectric constants in the

same calculation has been tested.

3.2. Theory

3.2.1. MM-P(G)BSA

In the single trajectory MM-PBSA or MM-GBSA, the free energy change for

binding of a ligand (L) to a protein (P) to form a complex (PL) can be expressed as
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AGping=(Gp,— Gp— G)prs (3.1)

where ( )rLs shows the averaged ensemble from the simulation carried in protein-
ligand-solvent (PLS) system. Here each individual component (PL, P, and L) are
extracted from each of MD frames. The binding free energy can be decomposed into

[159]:

AGbind =AH —TAS = AEMM + AGsolv —TAS (32)

in which:

AEMM ~ AEbonded + AEnb - AEbonded + AEele + AEvdw (33)

where AEwmm, AGsorv and —TAS are the changes in the gas phase MM energy,
solvation free energy and conformational entropy changes upon ligand binding.
AEumu includes the energy from AEsondeq bonded terms (bond, angle, dihedral) and
AEn, non-bonding terms as AEee electrostatic and AE.aw Vvan der Waals
interactions. For the non-covalent interaction between protein and ligand AEponded iS

basically zero and thus;

AEMM: AEele +AE1]dW (34)

The solvation term is also decomposed as

AGgop, = AGpolar + Aan = AGppigp+ Alsy (35)

where the AGpgigr is the polar (electrostatic) contribution to the solvation free
energy calculated by PB or GB model. Ideally, interior (solute) and exterior (solvent)

dielectric constants are set to €in: = 1 and e.x: = 80, respectively [160]. Previous
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studies have shown that the dielectric constant of the solute (interior dielectric
constant) should be larger than 1 for highly charged solutes and thus need to be
adjusted for better performance [161]-[164]. AGsa is the non-polar contribution
between solute and continuum solvent, which has been calculated either by solvent-
accessible surface area (SASA) or solvent accessible volume (SAV) enclosed by

SASA.

3.2.1.1. One Term (SA Only) Model for AG,,

The non-polar solvation term is expressed by an empirical function of SASA or SAV

in this model [165], [166]:

G =y. ASASA+ b (3.6)

AG:;”’ =p.ASAV + b (3.7)

where y , p and b are surface tension constant, solvent pressure constant and
correction terms, respectively (y = 0.00542 kcal-mol*-A~2 and b = 0.92 kcal/mol; y
= 0.005 kcal-mol™*-A2 and b = 0; or ¥ = 0.0072 kcal-mol™"-A2 and b = 0 in the
AMBER package). The use of both SASA and SAV, which is called scaled particle
theory (SPT) [166], has also been tested and showed better results

AG:%=y. ASASA +p. ASAV + b (3.8)

We note that the herein described SPT model, just like the other one-term
models, corresponds to repulsive terms only, AGrep, (i.e. ignores the attraction terms)
in two-term model explained below. It has been shown that for small spherical
cavities, AGrep Is more correlated with the cavity volume for the cavity radius below
10 A whereas for larger cavity radius, it is more correlated with the cavity surface
[167], [168]. The SPT model rather than SASA only and SAV only models could be

more beneficial to reflect this crossover since it includes both terms in the equation.
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3.2.1.2. Two Terms (Cavity-Dispersion) Model for AG,,,

The true nature of non polar solvation term comes from repulsive and attractive

components between solute and explicit solvents [165].
Aan = AGrep + AGatt (39)

where AGrep is the solvation free energy contribution from solute-solvent
repulsive interactions and the formation of solute cavity. AGa: is the solvent-solute
attractive non-polar interactions and it also includes the solvent-solvent
reorganization component. Therefore, in the two terms model, non-polar energy is
further divided into cavity and dispersion contributions [165].

AG oy = AGrgy (3.10)
AG gy = AGdisp = AGgy (3-11)
Aan =AGgyt AGdisp (3.12)

where AGcqv IS the cavity formation free energy corresponding to repulsive
terms and AGuisp IS the dispersion free energy corresponding to attractive non-polar
interactions between solute and solvents. For the attractive term or dispersion
contributions, several schemes have been tested such as using the attractive part of
Lennard-Jones 6/12, Weeks-Chandler-Andersen (WCA), and o-schemes [165]. For
the repulsive part, SASA or SAV have been used in the same formula of one term

approach. So,

AGeaw=y. ASA + b (3.13)

D —
Aan =y.ASA+ b+ AGdisp (3.14)
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Similarly, the accessible volume instead of area can be used in these equations.
The dispersion term, AGuaisp, can also be calculated by solvent-accessible volume (or
surface) integration (The scaling factors, ¥ = 0.0378 kcal-mol™-A~? and b = -0.5692
kcal/mol in the AMBER package). Although it is the integration of the volume, we
think (and show) it is still a direct function of solvent accessible volume and can be

approximated to;
AGaisp = m. ASAV (3.15)

Implementing this approximation in the two-term formula, the equation
becomes similar to one-term approach of SASA-SAV model (i.e. SPT theory) or

SAV-only model with new coefficients. If area as the repulsive (cavity) term is used;

AG;;’ =y. ASASA +m. ASAV + b (3.16)

If the volume is used;

If both area and volume are used:

AG? =y. ASASA + p. ASAV + b+ m. ASAV + n
np
=y.ASASA + (p + m). ASAV + b (3.18)

It is clear that if the dispersion energy term in the two term model is linear to
accessible volume, one term model is reached in either case. The only change will be
in the weight factors of SASA and SAV terms. Recently, Zhang et al. [45] have

proposed a new approach for energy estimator, PBSA_E, which is defined as;

MMPBSAE = ai1. (AEeie + AGpg) + a2. AEvaw + a3. ASASA
+ a4Nrot (319)
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where y=0.0072 kcal.mol*.A2 and a;, ay, s and ay, coefficients are 0.03037,

0.07791, 1.2193 and 0.1854, respectively. Here, N,,: was introduced as rotatable
bonds to account for entropic contribution. This formula can be extended to entirely
empirical parameters of all energy components and can be even represented by;

MMPBSA_Ex = a1. AEeie + a2. AEvaw + as. AGpp
+ 4. ASASA + as. ASAV + b (3.20)

3.2.2. ANI Replacement with MM Terms

Previously, we have shown that ANI-ML potentials can be utilized in the linear
interaction energy (LIE) formalism by replacing of ANI with MM term [169].
Herein, we borrow the same change in the MM/PBSA formalism so as to test

ANI_PBSA approach. The updated formula for the free energy of binding would be;

a. AEani + AGpp+y. ASA+ b

(3.21)
one-term (SA only) model
a. AEan1 + AGpg +y. ASA+ b + AEpisp
(3.22)
two-term (SAV+Disp) model
a. AEani + AGpg + b. ASASA + c. ASAV +d
(3.23)
SPT model
a. AEan1 + b. AGpp + c. ASASA + d. ASAV +d
(3.24)

PBSA_E model
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In order to calculate the non-polar contribution to the solvation free energy, we
have assessed the use of ASA instead of SASA, PCAV or POAYV instead of SAV in

all the equations.

3.3. Computational Methods

3.3.1. System Preparation

For the binding studies, the crystal structures of non-covalent ligands complexed
with 3CLpro of SARS-CoV-1, SARS-CoV-2 and HIV-1 proteases, a total of 54
protein-ligand complex with known IC50 values, were retrieved from Protein Data
Bank (PDB) except for c-Jun N-terminal kinases, which were retrieved from the
work by Khalak et al. [36]. Using Gaussian 16 software, the model ligands were first
optimized at the B3LYP/6-31G* and ESP charges were generated at the HF/6-31G*
level. Using Antechamber module in AmberTools 2021, RESP charges and GAFF
force field atom types were generated. Amber2gmx module from AmberTools 2021

was used to convert amber type input files to Gromacs.

3.3.2. MD Simulations

The molecular dynamics simulations were carried out using Gromacs 2018+
software package [125] with all-atom model of Amber ffO9SB-ILDN [131]-[133]
force field implemented in Gromacs. The protein-ligand complex (~6000 atoms) was
placed in the center of a dodecahedron box. Each system was solvated in the TIP3P
model type water [126] with a cell margin distance of 10 A for each dimension. The
protein-ligand systems with ~70,000 atoms were neutralized in 0.15 M NaCl.
Classical harmonic motions of all bonds were constrained to their equilibrium values
with LINCS algorithm.

Energy minimization was carried out to a maximum 100 kJ.mol*.nm? force
using Verlet cutoff scheme. For both long range electrostatic and Van der Waals
interactions, a cutoff length of 12 A was used with the Particle Mesh Ewald

method (PME) (4™ order interpolation). The neighbor list update frequency was set
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to 20 ps™t. Two-steps energy minimization and equilibration schemes were used.
Each minimization step consisted of up to a 50000 cycle of Steepest Descent and a
subsequent 50000 cycles of I-bfgs integrators.

After minimization, each system was equilibrated within three steps using
Langevin Dynamics. The first step consisted of a 1 ns of NVT ensemble. The
protein-ligand and rest of the system were defined as two temperature groups at 310
K. The next steps consisted of NPT ensembles in which the systems were
equilibrated to the 1 atm pressure by Berendsen for 200 ps and followed by
Parrinello-Rahman isotropic pressure coupling for 1 ns to a reference pressure of 1
atm. When systems reached to equilibrium, an MD simulation of 10 ns were carried

out at NPT ensemble.

3.3.3. PBSA Calculations

MMPBSA calculations were performed using the trajectories of Gromacs MD
simulations via gmx_MMPBSA package [170], [171]. Our custom scripts were used
to combine ANI and PBSA calculations as ANI_PBSA.

Statistical analysis were performed by using Igor Pro and custom python
scripts for predictive index (PI) as outlined in [172], Pearson R, Spearman R, MUE,
MUEtr and MUEsc [147].

3.4. Results and Discussion

3.4.1. MMPBSA by SASA and/or SAV

Single trajectory approach MMP(G)BSA calculations can be carried out using
several schemes as outlined in the Theory section at this chapter. The most popular
methods, which are also embedded in Amber22 software, are SASA only and
SAV+Disp models. In addition, SAV only model can be modulated, but it mostly
mimics the results of SASA only model. Although SASA is in area unit with numeric
values ranging from ~10000 to 15000 A? and SAV is in volume unit ranging from
~40000 to 80000 A3 for protein-ligand complexes (PL) for our case, the difference
values (PL-P-L) on both SASA and SAV are very similar in the range of -500 to -
1000 A? or A% and thus the coefficient values of y and p in equations 3.1-3.2 are very
similar, thus they can be simply represented with the same coefficient. Therefore,
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SASA only model and SAV only model yield almost identical results in reproducing
experimental relative binding free energies (RBFE).

We have first tested the performance of predefined coefficients using SASA
(or SAV) only model (Table 3.1). Setting the interior dielectric constant to 1 (gint=1),
we could only get Pearson’s correlation coefficient, R=0.42-47. However, when
eint=2.1, we observed dramatic increase in the correlation coefficient to R=0.78-0.79.
We have also tested different &int values (up to 10) and got no further significant
improvement. In addition to single term non-polar model, we have also tested the
two-term approach in which SASA (or SAV) combined with dispersion (Disp) using
predefined values of y=0.0378 and b=-0.5692. Unfortunately, this yielded very poor
correlation (even reverse correlation) to the experimental values with gint =1. By
increasing &int (to 10), we could produce R=0.50 correlation. More of &int Will be
discussed later in the chapter. Instead of using predefined coefficients, we have also
fitted the SASA (or SAV) in both one and two term models using the experimental
BFE of the 54 PL complexes. For one term model, we improved the correlation by
5% (using y=0.08) with &int=1 or 2.1. This correlation could not be further improved
by changing €int. In the SPT model, which is not a default model in Amber22, we
produced slightly better fit to the experimental binding free energies (R=0.84).
Figure 1.1 shows correlation between experimental binding free energy values of PL
complexes and SASA only/SPT regimes by setting €in=2.1. Interestingly, the success
of this model was not affected by different eint values. Table3.1 shows the summary

of Pearson coefficients produced by original and our fit parameters.

A SASA only (R=0.80)
B SPT (R=0.84)

MMPBSA SPT model
MMPBSA SASA only

Experimental (kcal/mol)
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Figure 3.1: The experimental and calculated binding free energies by MMPBSA
using SASA only/SPT regimes for non-polar contribution where &in=2.1 for

electrostatic and polar solvation terms.

Table 3.1: MMPBSA calculated by one term, two term and SPT approaches for
non-polar contribution to solvation free energy.

SASA_only SAV_only SAV+Disp SPT
Our
_— GBIPB4 GB2=PBS  Ouw | GBI=PB4 GB2:PBS Our v:g 5’317& our i
y=0.0072  y=0.005 y=0.0836 | y=0.0072  y=0.005 00785 | omeep YOS | ote
3
PI 0.42 0.36 0.86 0.43 0.36 0.85 -0.51 0.83 0.87
Pearson R 0.47 0.42 0.78 0.47 0.42 0.82 054 0.80 0.84
SpearmanR | (39 0.34 0.72 0.40 0.33 0.77 -0.45 0.76 0.80
MUE 24.52 22.31 101.35 24.46 22.26 95,51 10.70 99.92 | 101.86
MUEtr 3.79 3.84 13.34 3.85 3.87 13.00 7.40 13.24 13.32
MUEsc 2.93 3.44 1.04 2.93 3.43 1.10 261 1.20 1.03
¥=0.09
Emi=2.1 ¥=0.0582 1=0.0538 y=0.1234 pf§b3
43
PI 0.83 0.83 0.85 0.82 0.83 0.84 -0.13 0.82 0.86
Pearson R 0.79 0.79 0.80 0.79 0.78 0.83 -0.11 0.80 0.84
SpearmanR | .76 0.75 0.78 0.74 0.75 0.76 -0.09 0.75 078
MUE 39.20 36.99 90.46 39.14 36.95 85.62 5.39 90.03 91.58
MUEtr 531 5.00 13.26 5.42 5.08 12.92 3.88 13.26 13.17
MUEsc 1.22 1.25 1.07 1.26 1.28 1.11 15.11 1.23 1.06

PI: predictive index, MUE: Mean unsigned error; MUEtr: Mean unsigned error after subtraction of average signed
error, MUEsc: MUE rescaled by slope and intercept of the predicted vs experimental results

As discussed in the Theory section, when the dispersion energies are a linear

function of SASA, SAV+Disp model should converge to the same equation with the

SPT model (with new weight factors). Figure 3.2 shows the correlation between

dispersion energy and SASA (or SAV enclosed by SASA). Therefore, using
SASA+SAV terms (SPT model) instead of SAV+Disp (two term model) should
produce very similar results. We find the SPT model slightly better results than

SAV+Disp model since the coefficient for Disp is set to 1 (i.e., not a fitting

parameter) in the case of SAV+Disp whereas it is also fitted in the SPT model.
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Figure 3.2: The relationship between SASA (or SAV enclosed by SASA) and Eqisp
(calculated by integration of SASA). The values are of averages of PL-P-L
differences over 100 MD snapshots.

When all energy terms are defined with empirical parameters as in the
MMPBSA _E formalism in equation [19] using original values of coefficients, we
observed the Pearson correlation of 0.84, which is almost the same as SPT model.
However, when we used our fitting parameters, we could slightly improve the
correlation to 0.85-0.86. In this model, electrostatic MM energy and polar solvation
energy difference (AEc.. and AGpp) are scaled with the same scaling factor. The
logical idea is that since both terms are electrostatic and use the simple Coulombic
potential, they must be scaled with the same coefficient, which corresponds the effect
of interior dielectric constant. Using the extended version of MMPBSA Ex in
equation [20], the correlation can be improved up to 0.91. Table 3.2 shows Pearson

correlation coefficients using all these different regimes.
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Table 3.2: MMPBSA_E by SASA only and MMPBSA_EXx (extended) by SPT

models for non-polar contribution to solvation free energy.

Eine=1 Eme=2.1
MMPBSA_E by SASA MMPBSA_Ex MMPBSA Ex by
only by SPT MMPBSA_E by SASA only SPT
Our fit Our fit
Original Our fit 0;=1.0265 Original Our fit 0,=2.1878
0,=0.0303 a1=0.5566 0,=0.8330 01=0.0303 0=1.2792 0,=0.8444
0,=0.0779 02=0.1969 03=0.0894 0,=0.0779 ,=0.2029 03=0.2315
03=0.0072 03=0.1046 04=0.0870 03=0.0072 03=0.1057 04=0.0878
o5=-0.0838 o5=-0.0841
PI 0.85 0.86 0.90 0.84 0.86 0.90
Pearson R 0.84 0.85 0.91 0.84 0.85 0.91
Spearman R 0.77 0.79 0.86 0.77 0.79 0.86
MUE 0.98 90.46 62.38 1.16 91.13 62.81
MUEtr 0.94 12.98 12.26 0.99 12.98 12.27
MUEsc 1.08 1.03 0.77 1.10 1.02 0.77
PI: predictive index, MUE: Mean unsigned error; MUEtr: Mean unsigned error after subtraction of average signed
error, MUEsc: MUE rescaled by slope and intercept of the predicted vs experimental results

3.4.2. ASA/IPCAV(POAYV) in Replacement of SASA/SAV

In addition to the results of superiority of SPT model over the other tested
schemes, we also investigated the area and volume calculations using a different
approach. In Zeo++, the accessible surface area (ASA), probe centered accessible
volume (PCAV) and probe occupiable accessible volume (POAV) could be utilized
for the effect of area/volume on the success of binding free estimation in MMPBSA
calculations. Ideally, ASA corresponds to SASA and PCAV corresponds to SAV.
The only difference is that Zeo++ uses Monte Carlo sampling of the probe in
calculation of void of the bulk structure. Since we are interested in molecular surface
rather than pore volume, we have subtracted Zeo++ calculated pore volumes from
the total volume of the cell (Figure 3.3). On the other hand, POAV eliminates the

volume which is over calculated due to the probe radius.
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a)

® van der Walls volume
(Geometric Volume, Gm)

®+@  Probe occupiable accessible volume
(POAV)

+ @+ @ Probe center accessible volume
(PCAV)

00

Accessible molecular volume
Total cell volume Accessible pore volume

PCAV (or POAV) = V- Vyore

Figure 3.3: lllustration of pore volume produced by Zeo++ showing a) covered
regions in PCAV and POAYV definition b) how we calculated the molecular surface
from pore volume.

We first compared the values of ASA generated by Zeo++ instead of SASA
from the Amber software. They are almost identical and as expected there is no
improvement in the MMPBSA calculations when SASA is replaced by ASA. On the
other hand, PCAV generated by Zeo++ and SAV from the Amber software produced
slightly different results (Table 3.3). When the MMPBSA equations are modified to
include ASA/PCAV rather than SASA/SAV in SPT model, the R values are slightly
improved from 0.84 to 0.87 whereas the use of ASA/POAYV has yielded very similar
results with the original SPT model (i.e., SASA/SAV). Similarly, MMPBSA_EX is
also improved by ~3% (to R=0.91) by using ASA/PCAV or ASA/POAYV instead of
SASA/SAV.

61



Table 3.3: MMPBSA calculated by Zeo++ produced SA terms for non-polar
contribution to solvation free energy.

One-term Two-term SPT
- ASAonly  PCAVonly  POAVonly | PCAV4Disp ~ POAV4Disp AyszAOT ICS'?,V Ajggg;«’v

1=0.08525  y=0.06748  y=-0.1150 y=0.1327 y=-0.1907 0=-0.0326 0=-0.0299
Pl 0.87 0.74 0.55 0.45 -0.36 0.88 0.87
Pearson R 0.85 0.70 0.53 0.45 -0.31 0.86 0.85
Spearman R 081 0.66 0.47 0.38 -0.34 0.83 0.80
MUE 101.87 70.75 24.77 57.44 35.28 105.67 98.29
MUEtr 13.36 11.38 6.42 13.03 13.19 13.49 13.25
MUEsc 1.02 1.63 2.28 3.35 485 0.94 0.97

=21 v=00594  y=0.0414  y=-00925 | y=0.1067  y=-0.1682 Y;g;g?gé’ gz%‘fggz’
Pl 0.86 0.80 073 0.52 -0.23 0.88 0.85
Pearson R 0.84 0.75 077 0.50 -0.13 0.87 0.85
Spearman R 0.78 0.71 0.64 0.45 -0.22 0.82 0.77
MUE 90.92 64.82 37.98 51.50 22.38 96.73 86.58
MUEtr 13.31 11.17 7.57 12.28 8.91 13.12 13.06
MUEsc 1.05 1.46 1.34 2.98 11.07 0.91 1.01

PI: predictive index, MUE: Mean unsigned error; MUEtr: Mean unsigned error after subtraction of average signed error,
MUEsc: MUE rescaled by slope and intercept of the predicted vs experimental results

3.4.3. ANI in Replacement of MM Terms (ANI_PBSA)

As discussed in the theory section, ANI has been tested using several schemes
in MMPBSA calculations. Instead of MM energy terms so as to estimate protein-
ligand gas phase binding free energy contribution to the total binding free energy of
solvated systems, ANI could be used referred as “ANI_PBSA”. Introducing ANI, we
have observed dramatic increase in the correlation plots in almost all the different
regimes (Table 3.4-3.5) of PBSA calculations with original parameters.

In addition, ANI_PBSA calculations were compared to the MMPBSA
calculations with our fit parameters. The correlation coefficient by ANI_PBSA
calculations is either comparable to or even slightly better than MMPBSA
calculations with our fit parameters when €_int=1 or 2.1. In particular, when ANI is
implemented in the SPT formalism using in either ASA+PCAYV or SASA+SAV (i.e.,
equation 2.3), we produced the highest correlation as much as R=0.89 and R=0.90,
respectively. This is almost 5% improvement over MMPBSA using the same
formalism (SPT).

ANI has been also implemented in the extended form of PBSA_E formalism as

named “ANI _PBSAe”. In almost all the different regimes, introducing ANI as a
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replacement of MM term increase the correlation coefficient. Using SASA+SAV or
ASA+PCAYV in SPT scheme, ANI_PBSAe yields 0.90 and 0.91, respectively (Table

3.6). The correlation coefficient was not affected by changing € int, but the fitting

parameter of PB term in the equation is linearly dependent to € int as expected.
Figure 3.4 shows comparison of MMPBSA_E and ANI_PBSAe by using SASA only

and SPT regimes respectively.

Experimental (kcal/mol)

A
[ |
m ANI_PBSAe (R=0.89)
A MMPBSA _E (R=0.84) .
23
c
o]
<
0
<
2]
L
A
)
S
<
U)]
<
2}
<
e
[
o
2]
o i ANI_PBSAe (R=0.90)
A MMPBSA_E (R=0.86)
| 1 | |
-14 -12 -10 -8 -6

SASA only

SPT (SASA SAV)

Figure 3.4: The comparison of MMPBSA_E and ANI_PBSAe by using SASA only

Table 3.4: ANI_PBSA calculated by AMBER produced SA terms for non-polar

and SPT regimes.

contribution to solvation free energy.

One-term Two-term SPT
SASA only SAV only SAV+Disp SaA:SlA‘;EgV

Ein=1 a=1.5508, 2=16187, a=1.6497, 01112,

¥=0.0609 y=0.0511 y=0.1184 b=-0.0636
PI 0.82 0.81 0.79 0.80
Pearson R 0.79 0.78 0.76 0.80
Spearman R 074 0.73 0.69 0.73
MUE 76.05 69.17 72.87 73.28
MUEtr 1391 13.54 13.70 13.99
MUEsc 1.17 1.24 1.34 1.16
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Table 3.4: Continue

a=1.3757,
Em=2.1 E;;%)'})ﬁsz' a=1.2554,7=0.0316 Yiﬁé%gi; 1= O,
P 0.84 0.83 0.82 0.85
Pearson R 0.85 0.84 0.82 0.86
Spearman R 0.76 0.75 072 0.77
MUE 67.19 60.09 63.78 213.96
MUEtr 13.44 13.07 13.30 38.04
MUEsc 0.98 1.02 1.12 0.98
PI: predictive index, MUE: Mean unsigned error; MUEtr: Mean unsigned error after subtraction of
erigseJﬁge signed error, MUEsc: MUE rescaled by slope and intercept of the predicted vs experimental

Table 3.5: ANI_PBSA calculated by Zeo++ produced SA terms for non-polar

contribution to solvation free energy.

One-term Two-term SPT
ASA_PCAV  ASA_POAV
_— ASAonly PCAVonly POAVonly | PCAV+EDisp POAV+EDisp a=1.6755, a=1.5568,
Eim™= a=1.4993,  a=2.4414, a=2.1347, a=2.9684, a=2.922, y=0.1139, y=0.0562,
y=0.0662  y=-0.0212  y=-0.0498 ¥=0.0072 y=-0.07088 p=-0.0669 p=-0.0300
Pl 0.83 0.79 0.78 0.70 0.70 0.86 0.81
Pearson R 0.80 0.77 0.78 0.69 0.72 0.84 0.80
Spearman
R 0.75 0.70 0.70 0.60 0.60 0.81 0.73
MUE 77.77 43.63 47.96 28.26 24.76 81.15 72.74
MUEtr 13.93 13.41 13.92 15.04 15.05 14.22 13.87
MUEsc 1.15 1.29 1.31 1.67 151 1.02 1.16
a=1.2596, a=1.1504,
eme=2.1 | a=1.1029, a=1.8698, a=1.5612, a=2.3969, a=2.3485, ¥=0.0907, ¥=0.0399,
¥=0.0482 y=-0.0232 ¥=0.0389 ¥=0.0052, y=-0.0599 p=-0.0596 p=-0.0248
Pl 0.84 0.83 0.82 0.76 0.77 0.89 0.84
Pearson R 0.85 0.84 0.84 0.76 0.79 0.89 0.86
Spearman
R 0.76 0.76 0.74 0.66 0.68 0.84 0.77
MUE 68.53 41.66 46.77 26.30 23.56 71.56 64.38
MUEtr 13.47 12.90 13.41 14.02 14.14 14.02 13.58
MUEsc 0.97 1.04 1.05 1.35 1.27 0.86 0.98

PI: predictive index, MUE: Mean unsigned error; MUEtr: Mean unsigned error after subtraction of average signed error,
MUEsc: MUE rescaled by slope and intercept of the predicted vs experimental results
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Table 3.6: ANI_PBSAe calculated by SPT model for non-polar contribution to
solvation free energy.

SASA+SAV ASA+PCAV ASA+POAV

1=0.7568, @1=0.7294, @1=0.5403,

Eine=1 @,=0.4126, @,=0.2250, a,=-0.3433,

3=0.0850, 3=0.0589, a3=0.0150,

@,=0.0882 @,=0.0492 @4=0.0144
Pl 0.87 0.90 0.86
Pearson R 0.90 0.91 0.89
Spearman R 0.81 0.85 0.79
MUE 13.50 13.89 10.65
MUEtr 0.80 0.79 0.84
MUESsc 0.87 0.90 0.86

,=0.7633, @1=0.7349, @1=0.5433,

P @,=0.8606, @,=0.4710, @,=0.7327,

int=e @3=0.0834, @3=0.0589, @3=0.0150,

@,=0.0863 @4=0.0491 @4=0.0137
Pl 0.87 0.90 0.85
Pearson R 0.90 0.91 0.89
Spearman R 0.81 0.85 0.78
MUE 13.49 13.89 13.34
MUEtr 0.80 0.79 0.85
MUEsc 0.87 0.90 0.85

PI: predictive index, MUE: Mean unsigned error; MUEtr: Mean unsigned error after subtraction of average
signed error, MUEsc: MUE rescaled by slope and intercept of the predicted vs experimental results

3.4.4. Bivalent ¢£_int in MMPBSA/ANIPBSA Calculations

In the original MMPBSA formalism, ¢ int, which corresponds to the solute
dielectric constant is set to 1. The use of a single solute dielectric constant for ligand-
receptor complexes, which are not uniform dielectric media, is controversial and can
cause significant errors [147], [161], [173], [174]. There have been numerous
attempts to correct the MMPBSA calculations by adjusting ¢ int [147], [148], [156],
[175], [176]. One of the most promising methods is to use variable dielectric
constant, which take different values on acidic basic and neutral amino acids in the
protein [65]. However, most calculations still use single value of € int which is set to
2-4 for larger datasets of diverse proteins [100], [177].

Although the attempts were focused on correcting the solvation free energy
part of the MMPBSA calculations by adjusting the dielectric constant of the solute, it
is appeared in two terms and in both it is reversely proportional to energy. The first is
the coulombic energy term of the MM part of P-L and the second is the polar
solvation term of the PB/GB calculations. Thus, the total binding free energy is

affected by these two altered values.

65



Our MMPBSA calculations using default parameters in Amber software
yielded comparatively poorer results with ¢ int=1. When this value is increased to
2.1, we have observed significant improvement in correlation coefficient with greater
MUEs. However, when further increased up to 10, negligible improvements were
observed.

Instead of using single dielectric constant for both protein-ligand electrostatic
term and polar solvation free energy change upon complexation, we considered a
different approach and defined two € _int values (Figure 3.5), one for coulombic term

of P-L, the other for PB term of (PL-P-L).

SASA only

&y Value

ele=pb=1 (R=0.48)
ele=pb=2.1 (R=0.79)
ele=1,pb=2.1 (R=0.89)

beonm

| | | | |
-14 -12 -10 -8 -6
Experimental (kcal/mol)

Figure 3.5: The comparison of the single valued vs two valued &int for coulombic (P-
L) and polar solvation term, respectively.

The rationale behind this is that the neutral ligand is mostly buried in the
binding pocket whose amino acids are mostly neutral. Therefore, the € int of the
coulombic term appearing in the MM term must not be changed. On the other hand,
amino acids that are surface exposed have direct interaction with solvent. Thus, € int
in the PB term must be optimized to better estimate solvation energies. Using this
idea, we defined divalent ¢ int in which it is fixed at 1 for P-L coulombic term
whereas various values of ¢ _int was used for polar solvation term (from 2 to 10). Our
results showed an improvement of ~10% in the correlation coefficient in all cases.
Table 3.7-3.8 shows the comparison between single valued and two valued € int

results.
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Table 3.7: Bivalent epsilon calculated by MMPBSA produced SA terms for non
polar contribution to solvation free energy.

One-term Two-term SPT
SASA only SAV only SASA+Disp SAV+Disp SlA:SOA;)Sﬁ;/
Eate=1, pb=2.1 1=0.0360, y=0.0319, 1=0.1085, ¥=0.1015, v —0.0655.
b=0 b=0 b=0 b=0 p=k 99,
b=0
PI 0.88 0.87 0.90 0.85 0.90
Pearson R 0.89 0.88 0.89 0.85 0.90
Spearman R 0.83 0.82 0.84 0.79 0.84
MUE 82.44 78.01 90.42 82.42 84.58
MUEtr 12.98 12.66 13.03 12.95 13.10
MUEsc 0.84 0.89 0.82 0.99 0.79

Table 3.8: Bivalent epsilon calculated by Zeo++ produced SA terms for non-polar

contribution to solvation free energy.

One-term Two-term SPT
PCAV
i only ASA_PCAV  ASA_POAV
826_‘2 ;| ASAonly 400256 POAVonly | ASA+EDisp PCAV+EDisp POAV+EDisp | y1=0.0653,  y1=0.0310,
pb=z. ¥=0.0368, y=-0.0642, | v=0.1103, ¥=0.0909, y=-0.1399, y2=0.0311,  y2=0.0311,
b=0 b=0 b=0 = b=0 = b=0 b=0
PI 0.89 0.86 0.26 0.90 0.70 -0.74 0.90 0.87
Pearson
R 0.89 0.86 0.21 0.89 0.70 -0.64 0.90 0.88
Spearman
R 0.84 0.79 0.21 0.84 0.60 -0.66 0.85 0.81
MUE 82.76 66.57 8.63 90.74 53.26 129.61 86.38 52.36
MUEtr 13.04 11.34 6.94 13.15 11.48 28.87 13.42 8.72
MUEsc 0.83 0.95 751 0.79 1.73 2.03 0.81 0.91

3.5. Summary and Conclusion

We have thoroughly revisited single trajectory approach MMPBSA and
MMPBSA _E calculations for selected 54 protein-ligand complex systems, of which
experimental values are determined with high accuracy. We have tested predefined
coefficients in the non-polar solvation term as well as our own fitting parameters.
Our results have shown that SPT model superior to other regimes. We have also
investigated the success of ASA/PCAV over SASA/SAV and shown slight
improvement at the SPT regime. In addition, we have implemented ANI-ML

potentials in the MM terms of the MMPBSA calculations, which lead to significant
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improvements over the single and two term approaches and somewhat similar to SPT
model. Finally, we have also investigated the use of two valued dielectric constant

and shown superiority over the single valued one.
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4. CONCLUSION

In this thesis, firstly ANI-ML potentials, trained at the wb97x/6-31G* level, are
utilized to compute interaction energies for both protein-ligand and ligand-solvent
complexes. Our findings unravel a strong correlation between predicted interaction
energies and experimental values, even when the solvent is disregarded. We have
modified the conventional LIE method by replacing MM interaction energy terms
(coulombic and van der Waals) with ANI predicted interaction energy terms in our
so-called ANI_LIE method. We extensively benchmark our ANI_LIE method with
other existing methods such as BAR, and LIE, MMP(G)BSA. The ANI_LIE
approach shows superior accuracy while maintaining similar computational cost to
MMP(B)SA. Additionally, the preassigned parameters determined for the ANI_LIE
method are transferable and can be applied to any protein—ligand complex system,
regardless of the protein(s)/ligand(s) scaffolds.

As an extension to ANI_LIE method, we have implemented the same approach
of replacing MM terms with ANI potentials in MM-PBSA method. Due to the
complex nature of decomposed energy components of MMPBSA approach, we have
thoroughly revisited each component in these calculations and suggested several new
perspectives to this field. We have focused on the electrostatic P-L energy terms
along with non-polar solvation free energy change. Our findings indicate that the
SPT model for prediction of non-polar contribution to the solvation free energy
outperforms to other regimes. We also examined the success of ASA/PCAV
compared to SASA/SAV and noted a slight improvement with the SPT regime.
Finally, we investigated the effect of using a two-valued dielectric constant for
electrostatic terms, which demonstrated superiority over the single-valued approach.

The present study evaluated the performance of ANI_LIE and ANI_PBSA
methods on a total of 54 proteins from three different families. The correlations
showed that both methods vyielded excellent outcomes when compared to
experimental binding free energies (BFEsS). Moreover, we demonstrated that
ANI_LIE and ANI_PBSA are applicable to any protein-ligand pairs that have atoms
within the ANI-2x capacity. As a future direction of the study, it would be beneficial
to extend the range of protein families and ligand types tested to further validate the
generalizability of ANI_LIE and ANI_PBSA. To achieve this, these methods could
be applied to a larger and more diverse set of protein-ligand systems, and the results
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compared against experimental data. In addition, protein-protein interactions are also
so important at computational chemistry studies, these methods would also be used
to predict protein-protein interactions by beginning with studies on protein-peptide
interactions. One of the fundamental methods for studying protein-substrate
interactions is to determine the BFE between the protein and ligand. However, both
the macro-molecular structure of the protein and the fact that the substrate is a
peptide structure containing multiple amino acids make it difficult to calculate the
BFE. Therefore, there are very limited methods available for calculating the protein-
peptide BFE, with the most common being methods such as MM/PBSA and
MM/GBSA. These methods, which are referred to as "end-state” methods, are
attractive because of their low computational cost, but their accuracy is low, they
exhibit high variability from system to system, and they can only calculate relative

binding energy, which creates a need for alternative strategies.
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