386) CHALMERS

UNIVERSITY OF TECHNOLOGY

More Reliable Binding Affinity Prediction
of Protein Ligands Combining Molecu-
lar Dynamics Simulations and Machine
Learning Models

Master’s thesis in Complex Adaptive Systems

MARCUS HANSEN

Department of Physics

CHALMERS UNIVERSITY OF TECHNOLOGY
Gothenburg, Sweden 2025
www.chalmers.se



www.chalmers.se




MASTER’S THESIS 2025

More Reliable Binding Affinity Prediction of
Protein Ligands Combining Molecular Dynamics
Simulations and Machine Learning Models

MARCUS HANSEN

CHALMERS

UNIVERSITY OF TECHNOLOGY

Department of Physics
CHALMERS UNIVERSITY OF TECHNOLOGY
Gothenburg, Sweden 2025



More Reliable Binding Affinity Prediction of Protein Ligands Combining Molecular
Dynamics Simulations and Machine Learning Models
Marcus Hansen

© MARCUS HANSEN, 2025.

Supervisor: Marco Kldhn, AstraZeneca
Examiner: Paul Erhart, Department of Physics

Master’s Thesis 2025

Department of Physics

Chalmers University of Technology
SE-412 96 Gothenburg

Telephone +46 31 772 1000

Cover: Protein-ligand complex.

Typeset in BKTEX
Printed by Chalmers Reproservice

Gothenburg, Sweden 2025

v



More Reliable Binding Affinity Prediction of Protein Ligands Combining Molecular
Dynamics Simulations and Machine Learning Models

Marcus Hansen

Department of Physics

Chalmers University of Technology

Abstract

Efficient and accurate prediction of protein-ligand binding affinities is essential for
advancing drug discovery. This thesis presents a novel approach that combines
molecular docking results with features derived from short molecular dynamics (MD)
simulations to enhance the prediction accuracy of binding affinities. The thesis
aims to bridge the efficiency of traditional docking methods with the more accurate
Free Energy perturbation (FEP) techniques. MD simulations were conducted on
a dataset of around 5,000 protein-ligand complexes and extracted features related
to binding enthalpy and dynamic behavior related to the more complex binding
entropy. These features, alongside molecular docking scores, were used to train ma-
chine learning models. The CatBoost regressor was identified as the most effective
model, achieving better predictive accuracy than Molecular Docking alone. This
method facilitates more reliable binding affinity predictions by successfully integrat-
ing docking insights with dynamic protein-ligand behavior, thereby accelerating the
early stages of drug discovery.

Keywords: Protein-Ligand Binding, Binding Affinity Prediction, Molecular Docking,
Molecular Dynamics (MD), Machine Learning, Binding Enthalpy, Binding Entropy,
Drug Discovery, Free Energy Perturbation (FEP).
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1

Introduction

Discovering new drugs is a complex, multi-step process that is both time-consuming
and expensive [1], [2]. Tt can take over a decade and cost billions of dollars to de-
velop a potential drug, often with no guarantee that it will ever reach the market.
The early stages of drug discovery typically begin with identifying a target, such as
a protein associated with a particular disease [1]. The goal is then to find molecules
(e.g., ligands) that can change the function of this target. This involves screening
large databases of ligands to identify those that bind to the target with sufficient
binding affinity, that is, how tightly a ligand binds to its protein target [3], to be
considered a potential hit finding [4]. While binding affinity is an essential criterion
all drugs share, the ideal ligand must exhibit a favorable overall property profile [5].
This includes acceptable toxicity properties and desirable ADME (absorption, dis-
tribution, metabolism, and excretion) properties. The next stage, lead optimization,
focuses on refining these molecules while maintaining certain parts of the molecule
(the scaffold) unchanged to improve their effectiveness and develop drug candidates
with favorable properties.

Traditionally, these early steps in drug discovery were carried out experimentally,
making the process slow and costly [4], [6]. Computational techniques have been
introduced to accelerate and guide the early stages of drug discovery, helping to pri-
oritize candidates for experimental validation rather than replace laboratory testing.
One of the most widely used approaches is molecular docking [6]. Molecular docking
enables virtual screening by predicting how a ligand fits into a target site and esti-
mating the binding affinity, using an empirical potential to describe protein-ligand
interactions [4], [7]. This method provides a faster and more cost-effective way to
filter out weak binders and prioritize promising candidates for further study. While
docking has helped in narrowing down potential ligands by filtering out likely weak
binders, it comes with limitations. The high computational speed often comes at
the expense of accuracy, as docking relies on simplified models that, in the best case,
only capture some of the dynamic nature of molecular interactions [6], [7].

A smaller subset of candidate ligands is retained for further analysis following molec-
ular docking. At this stage, more accurate and computationally intensive methods
become feasible [8]. Techniques based on molecular dynamics (MD) simulations and
statistical mechanics, such as free energy perturbation (FEP), have demonstrated
high accuracy in predicting binding affinities [9]. Unlike docking, FEP uses exten-
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sive MD simulations to model the physical interactions between ligands and proteins
in greater detail. While FEP is considered more robust and reliable, it is also ex-
tremely time-consuming and resource-intensive, making it suitable primarily for the
lead optimization phase, where fewer molecules remain to be evaluated [4], [8].

This project proposes a novel approach to bridge the gap between the efficiency
of molecular docking and the accuracy of FEP methods. Integrating information
derived from molecular docking with short MD simulations aims to capture essen-
tial dynamic aspects of protein-ligand interactions often overlooked by docking. A
machine learning model will be trained to predict binding affinity, using features
extracted from MD simulations and initial docking scores as input. Experimentally
determined binding affinities will serve as the target values. The primary goal is to
develop a computational method that offers a significantly more efficient alterna-
tive to FEP while achieving higher predictive accuracy than docking alone, thereby
enabling the screening of a larger number of ligands with greater accuracy.

1.1 Aim

This project aims to develop a fast and accurate method for predicting protein-
ligand binding affinities with performance comparable to FEP. This goal will be
pursued through four main tasks:

1. Performing short MD simulations of protein-ligand complexes, starting from
experimental x-ray structures.

2. Extracting features related to binding enthalpy and dynamic behavior related
to the more complex binding entropy.

3. Developing a machine learning (ML) model capable of predicting binding affin-
ity using the extracted features and docking scores.

4. Evaluating the developed model against experimentally measured binding affini-
ties and predictions made by FEP.

Beyond these primary tasks, the thesis will also explore the importance of features
in identifying which ones are most predictive of binding affinity and which may be
redundant. This provides insight into how molecular properties influence binding
affinity.
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Theory

2.1 Protein-Ligand Interaction

Binding affinity prediction is critical in drug discovery, particularly during its early
stages [10]. Finding a ligand that binds strongly to its target protein is challenging
and costly, but it forms the foundation for much of a drug’s activity [11]. Accurate
estimation of binding affinities of drug candidates helps accelerate drug development
by filtering out weak binders and prioritizing strong candidates [12]. Due to its im-
pact on the efficiency and success of new drugs, binding affinity remains a significant
focus in the field.

This section will describe the fundamental principles of protein-ligand interactions,
including the factors and forces that drive binding kinetics and the relationship
between entropy and enthalpy and these kinetics.

2.1.1 Binding Kinetics

The first mechanism to be introduced is protein-ligand binding kinetics [4]. This
describes the rate and efficiency of protein-ligand association (binding) and dissoci-
ation (unbinding), which is illustrated in Figure 2.1.

P represents the protein, L is the ligand, and PL is the protein-ligand complex
formed through their association in a solution, such as water. The rate constant k,,

kOTl
+ =

kor

-

P L PL

Figure 2.1: Binding between a protein (P) and a ligand (L) forming a pro-
tein—ligand (PL) complex. The association rate is denoted by ko,, and the dis-
sociation rate by kg.
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describes the association rate, while ks describes the dissociation rate.

At equilibrium, the rate of association equals the rate of dissociation. This can be
expressed as:

kon[P] [L] = kOff[PL] (2~1)
From this equilibrium expression, the binding constant K can be introduced:
kon 1
Ky, = = — 2.2
b s K (2.2)

where K, is the dissociation constant and is inversely related to binding affinity. A
low K, indicates stronger binding, and a fast association rate (high k,,) combined

with a slow dissociation rate (low k,ss) favors the formation of a stable PL complex
[4].

The binding affinity between a protein and a ligand is commonly expressed as the
dissociation constant (K,;) or as the binding constant (K}), or their logarithmic
forms (pK, or pKy, defined as —log(K ) and — log(K,) respectively) [13]. In this
thesis, pKj is used to measure binding affinity, as it aligns with the format in which
the experimental values in the dataset were reported.

2.1.2 Thermodynamic Principles of Protein-Ligand Binding

The next mechanism to be discussed is the thermodynamic principles of binding. A
PL-solvent system consists of the protein, the ligand, and the surrounding solvent
(water and ions) [4]. The interactions are not limited to the protein and ligand alone
but also involve the solvent, making it a large and complex system that follows the
laws of thermodynamics.

The most important thermodynamic quantity for binding is the Gibbs free energy
(AG) [4]. This quantity describes the favorability of a binding event. It is measured
by the energy difference between the ligand and protein separated in water (left side
of figure 2.1) and protein and ligand in water during binding (right side of figure
2.1). Spontaneous binding occurs when AG is negative. A more negative value
indicates a more stable PL complex, corresponding to stronger binding between the
ligand and the protein.

The binding constant (K}) introduced in Section 2.1.1 can be related to thermo-
dynamics by defying the standard binding free energy (AG®), which represents the
Gibbs free energy change under standard conditions (1 atm pressure, a temperature
of 298 (Kelvin) K, and a PL concentration of 1 M) [4]. The relationship is given by:

AG° = —RTIn K, (2.3)

where R is the gas constant, and T is the temperature. This equation shows that
K3, which describes the binding kinetics, influences the stability of the complex and
the binding strength between the protein and ligand.

4
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The binding free energy at any point during the interaction is given by:
AG =AG°+ RT'InQ (2.4)

Q reflects the ratio of the PL complex to the free protein and ligand concentrations.
At equilibrium, ) = K, and AG = 0.

Gibbs free energy can also be expressed in terms of enthalpy and entropy changes
before and after binding, which will be touched upon multiple times in the thesis:

AG = AH — TAS (2.5)

The enthalpy change (AH) includes the energy gained from forming non-covalent
interactions, such as hydrogen bonds, van der Waals forces, and electrostatic in-
teractions, between the protein and ligand, as well as the energy required to break
interactions with surrounding water molecules and reorganization of the water when
the protein binds [4]. Another component the enthalpy change captures is the reor-
ganization energies of the protein when going from a non-binding to a binding state.
It thus captures both favorable and unfavorable energetic aspects of the binding
process.

The entropy change (AS) reflects the system’s disorder. Binding typically reduces
the translational and rotational freedom of the protein and ligand (unfavorable).
However, it can increase entropy by releasing water molecules from the binding
site into the solvent (favorable) [4]. The total entropy change combines solvent
reorganization, molecular flexibility changes, and molecular motion loss. The total
entropy change can be decomposed into the following components:

A S = A Ssolvation + A Sconformational + A Srotational/translational (2 . 6)

For binding to occur, strong interactions or solvent entropy gain must compensate
for the unfavorable entropy changes.

The entropy change depends heavily on how the mobility of the ligand and protein
changes upon binding [4]. To accurately estimate binding affinity, this change in
entropy must be captured. FEP achieves this by simulating both the bound (right
side of figure 2.1) and unbound (left side of figure 2.1) states using MD, thereby
accounting for these entropy differences, a key reason for their predictive accuracy
[9]. Other methods for estimating this entropy change also exist, such as normal-
mode analysis, which estimates it by examining how the vibrations of the ligand
change upon binding [14]. However, they are not that reliable.

As mentioned, PL binding is driven by a decrease in Gibbs free energy (AG), which
depends on entropic and enthalpic changes. Conversely, favorable entropy gains
often involve enthalpic penalties. This balance is known as enthalpy—entropy com-
pensation, where opposing changes in enthalpy (AH) and entropy (AS) result in
changes in AG [4]. This compensation likely arises from alterations in weak non-
covalent interactions and is influenced by factors such as solvation, ligand structure,
binding site flexibility, and water dynamics.
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2.2 Computational Techniques of Binding Affin-
ity Predictions

Having established the basics of PL interactions, this section introduces computa-
tional techniques for estimating binding affinity, including molecular docking and
MD simulations.

Since the aim of this thesis is to build upon molecular docking by combining its
information with insights from MD simulations to predict binding affinity using an
ML model, it is crucial to understand both methods. Section 2.2.1 will describe
the principles of molecular docking and the types of information it provides. Sec-
tion 2.2.2 will cover MD simulations and provide an overview of their methodology,
which is described in more detail in Section 2.2.3.

2.2.1 Molecular Docking

Molecular docking is a computational technique commonly used in the early stages
of drug discovery to predict how a ligand (potential drug candidate) interacts with
a protein (target) [7]. Docking software typically consists of two main components:
a pose generation step that identifies possible binding modes between the ligand
and protein by translating and rotating the ligand close to the protein active site,
and then the ligand groups are rotated to find an optimal fit inside the protein
active site and a scoring function that evaluates and ranks each pose based on
estimated intermolecular interactions (e.g., hydrogen bonds, hydrophobic contacts),
which are mainly enthalpic, to approximate the binding affinity. This is illustrated in
a simplified way in Figure 2.2, where different ligand poses are evaluated by docking
them to the protein. The pose with the best fit is ranked highest (e.g., rank 1),
while less favorable poses receive lower rankings (e.g., rank 3).

Molecular docking is an efficient tool for screening large ligand libraries, helping
filter out weak binders and prioritize strong candidates [7]. To achieve the nec-
essary computational efficiency, docking methods introduce certain simplifications,
such as treating the protein as rigid, with only limited flexibility allowed for a few
residues [7]. These approximations can affect the accuracy of the predicted poses
and, consequently, the binding affinity estimates.

With this understanding of molecular docking, the next step is to introduce the
software used to estimate the binding affinity of the PL complexes in this thesis.
GNINA [15], a molecular docking tool, was used to provide an initial computational
prediction of binding affinities. These affinities serve as part of the input to the ML
model developed in this work.

GNINA [15] extends traditional docking frameworks such as AutoDock Vina [16]
and Smina [17] by incorporating convolutional neural networks (CNNs) to re-rank
ligand poses. This ML-enhanced scoring function aims to improve the accuracy of
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Ligand poses

Docked poses

Ranking 3 2 1

Figure 2.2: Simplified illustration of the molecular docking process. Different
ligand poses are docked to the protein target. The best-fitting pose receives the
highest rank.

binding affinity predictions over classical scoring approaches.

2.2.2 Molecular Dynamic Simulations

MD simulations provide a detailed view into the dynamics of protein behavior and
their interactions with other molecules like, for example, ligands [18], [19]. Ob-
serving these interactions over time helps us understand protein function and how
ligand binding can change a protein’s structure, dynamics, and conformation. MD
simulation gives us a way of understanding the dynamics of the entire PL complex,
which can help us in determining the stability [19].

MD simulations are a powerful tool for studying the motions of PL complexes at an
atomic level. MD simulations calculate the forces acting on each atom from all other
atoms in the system based on their positions. Newton’s laws of motion use these
forces and current velocities to update the positions and velocities over time [20].
Repeating this process across many time steps produces a trajectory that captures
the system’s dynamic behavior.

Since each atom experiences forces from all other atoms, resulting in N? pairwise
interactions for a system of N atoms [21]. In practice, the pairwise interactions
are only calculated between the atoms within a certain distance, and everything
beyond that is calculated in Fourier space using Ewald sum-based methods. MD is
computationally demanding with the need for very short time steps of 1 femtoseconds
(fs) to capture the system’s fastest motion, which are the atoms bonded to the light
hydrogen atoms and simulations often spanning nanoseconds (ns) or longer [21].

The forces between atoms are described using force fields, which are computational

7
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models that define a system’s potential energy as a function of atomic positions [4],
[21]. The forces are then calculated as the negative gradient of this potential. Force
fields account for both bonded interactions, such as bond stretching, angle bending,
and torsions (the first four terms in Figure 2.3), and non-bonded interactions, such
as van der Waals forces and electrostatics (the last two terms in Figure 2.3). This
enables an approximate representation of the physical behavior of molecular systems
[18].

UR)=Yk(r—r, ) bond Q-Q

bonds

+ Dk, (6’ - Heq)z angle

angles

+ > k,(1+coslng ) dihedral

dihedrals

+ Dk, (a) -, improper

impropers

12 6 )
+ Zgij (r—'"J —Z{Fﬁ) van der Waals Q-—Q

i<j By Vi

atoms qq
tdj
i<j 47[50’3}

+ electrostatic QD—

Figure 2.3: The force field is described by the different interaction types shown
on the right and their corresponding energy functions on the left. Key parameters
include bond length (r), angles (0, ¢, w), interatomic distances (r;;, ), force
constants (k), equilibrium positions, atomic charges (¢), and the dielectric constant

() [22], CC BY 4.0,

Once the trajectory has been generated, properties of the simulated system can be
estimated by averaging over the simulation frames. This approach is grounded in
the ergodic hypothesis from statistical mechanics [23]. The ergodic hypothesis states
that, given an infinitely long simulation, every accessible point in phase space will
be visited. Therefore, this allows us to approximate the ensemble average, which
represents all possible states of the system through time averages over a single
trajectory. However, in practice, the lengths of trajectories are finite, leading to
potential systematic errors in the estimates.

2.2.3 Molecular Dynamic Simulation Steps

Before starting an MD simulation, a starting structure of the PL complex is re-
quired, detailed information about the positions and arrangement of all atoms [3].
The protein structure can be obtained experimentally using techniques such as X-ray
crystallography or nuclear magnetic resonance spectroscopy [24] or predicted com-

8
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putationally using methods like AlphaFold [25]. The ligand structure can also be
determined experimentally or approximated through molecular docking, although
docking is generally less accurate than experimental approaches.

Step 1: Preparing the system

System preparation for MD simulations consists of several steps. The first step is
to generate a topology file containing all necessary information about the system,
including the protein, ligand, and solvent, as well as the interactions between atoms,
based on the selected force field [26]. Topology files are simulation system-specific.

The next step is to solvate the system by placing the PL complex in a simulation
box, adding water molecules, and introducing ions to neutralize the system’s net
charge [26]. Water is added to mimic the biological environment, as simulations in
a vacuum are not physiologically relevant.

After solvation, periodic boundary conditions (PBC) are applied [26]. This means
that copies of the simulation box are placed around the original. Atoms near the
boundaries of the box interact with atoms in neighboring images. If an atom moves
out of the box on one side, it re-enters from the opposite side, maintaining a constant
number of particles. PBC is used to avoid artificial surface effects and to ensure that
atoms at the boundaries still experience a realistic environment [26].

Step 2: Energy minimization

Energy minimization is important before starting an MD simulation [18]. When
a system is first built, atoms may be positioned in ways that create unrealistic
or high-energy interactions, such as being placed too close together. To resolve
this, energy minimization adjusts atomic positions to reduce the system’s potential
energy, resulting in a more stable and physically realistic starting structure.

This is achieved using numerical algorithms, such as steepest descent, that iteratively
move atoms in the direction that lowers the potential energy, based on the forces
calculated from the force field [18]. This process is done until the forces are small,
indicating that the system has reached a low-energy state suitable for simulation.

Step 3: Equilibration

After obtaining a stable starting structure through energy minimization, thermally
equilibrating the system is the next important step before running the final simu-
lation. This is necessary because the system is initially far from equilibrium. After
all, atomic velocities are assigned randomly, and the water needs time to reorganize
around the PL complex [26]. During equilibration, restraints are applied to the
protein and ligand, allowing the solvent to reorganize around them appropriately.

Equilibration is typically carried out in two phases. First, an NVT equilibration is
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performed to bring the system to the desired temperature, where NVT stands for
constant Number of particles, Volume, and Temperature. Secondly, pressure is also
controlled to adjust the system’s density to a realistic value (NPT: constant Number
of particles, Pressure, and Temperature) [26]. This process brings the system closer
to experimental conditions.

Step 4: Production MD

After equilibration, the system is ready for the main simulation phase, commonly
called Production MD [26]. The MD trajectory is generated during this phase at the
desired temporal resolution. For example, if a two ns simulation is performed and
atomic coordinates are saved every 10 picoseconds (ps), the trajectory will consist
of 200 frames. The atomic coordinates must be saved more frequently if higher
resolution is desired.

2.3 Molecular Dynamic Features

This section will introduce the MD features used in this thesis. As discussed in
Section 2.1.2, enthalpic and entropic contributions are key driving forces behind PL
binding. Therefore, the aim is to select features that reflect these thermodynamic
components, particularly the three entropy terms described in Equation 2.6. In
addition to entropy-related features, features capturing enthalpic interactions, lig-
and structure, and binding site flexibility are also considered. The primary goal of
incorporating these features is to support the prediction of binding affinity.

However, emphasis is placed on entropic features because, as mentioned in Section
2.2.1, docking scores primarily capture enthalpic contributions. Since this thesis
combines docking scores with MD-derived features, focusing on entropic factors,
typically underrepresented in docking-based approaches, is beneficial.

A detailed explanation of how each feature was extracted will be provided in the
Methods section 3.3. The following section will provide a brief introduction to each
feature, along with the motivation for its selection.

2.3.1 Root Mean Square Fluctuations
Root mean square fluctuation (RMSF) measures atomic fluctuations during a simu-
lation [18]. It quantifies the average deviation of a particular atom from its average

position throughout the simulation. The following equation can describe the RMSF
for an atom i:

RMSF; = \/{(r; — (r:))?) (2.7)

10
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Where r is the positional vector (z,y,z) and (---) denotes the time average over
the simulation frames.

As mentioned in [27], RMSF is an important value for understanding the flexibility
of a protein’s binding site. A highly flexible binding site (indicated by high RMSF)
leads to larger entropy, which is always favorable (see equation 2.5). However, when
the ligand binds to the protein, the ligand loses flexibility and gets an entropy
penalty.

2.3.2 Dihedral Angle

Four atoms, forming two planes, define a dihedral angle: one plane formed by atoms
A-B-C and another by atoms B-C-D, as illustrated in Figure 2.4. The dihedral
angle is the angle between these two planes.

A

C

Figure 2.4: Dihedral angle defined by four atoms (A-B-C-D). The angle is formed
between the plane of atoms A—B—C and the plane of atoms B-C-D.

Dihedral angles are directly related to conformational entropy (ASeconformational) s
described in Equation 2.6 [28]. Previous studies have also shown that dihedral angles
change upon ligand binding [29].

2.3.3 Solvent Accessible Surface Area

Solvent Accessible Surface Area (SASA) is a measure that describes the area of
a molecule that is accessible to solvent molecules, such as water [30]. The SASA
is illustrated in figure 2.5 for a protein before and after ligand binding. When
unbound, the entire surface of the protein is accessible to the solvent (blue-shaded
region). When the ligand binds, that area of the protein is no longer accessible to
the solvent; hence, the SASA value has decreased.

11
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Figure 2.5: SASA for a protein before and after ligand binding. When unbound,
the entire surface of the protein (blue-shaded area) is accessible to solvent molecules.
Upon ligand binding, part of the protein surface becomes buried and inaccessible,
decreasing the SASA.

In this thesis, SASA is used as an MD feature due to its relationship with solva-
tion entropy [4], [31], which, as described in Equation 2.6, forms part of the overall
entropy driving PL binding. Upon binding, regions of the protein and ligand previ-
ously exposed to the solvent become buried, releasing solvent molecules. This release
contributes favorably to the solvation entropy term, ASg,,. Therefore, capturing
this behavior through SASA measurements can provide important information for
predicting binding affinity.

2.3.4 Hydrogen Bonds

A hydrogen bond is an attraction between or within the same molecule [32]. Hy-
drogen bonds occur when a hydrogen atom is connected to an atom like nitrogen,
oxygen, or fluorine [33]. This pulls on the shared electrons, making the hydrogen
slightly positively charged. When hydrogen is slightly positively charged, it attracts
other nearby nitrogen, oxygen, or fluorine atoms. This interaction helps keep the
molecules close together.

The reason for considering hydrogen bonds as a feature in MD simulations is that a
higher number of hydrogen bonds between the ligand and the protein can indicate
stronger binding and a more stable PL complex [18], [21]. Another motivation is
the direct connection between hydrogen bonding and enthalpy [4]. As discussed in
Section 2.1, enthalpy influences PL binding.

2.3.5 Interaction Energy

Van der Waals and electrostatic interactions are both types of non-covalent inter-
actions that occur between the protein, ligand, and surrounding solvent. These
interactions are enthalpic and contribute to the net enthalpy change (AH), which
in turn influences the Gibbs free energy (see Equation 2.6) and thus the binding
affinity. The Coulombic interaction energy, representing the electrostatic interac-
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tion energy, is the sum of all pairwise electrostatic interactions and is described
by the last equation in Figure 2.3. The van der Waals interaction energy, calcu-
lated using the Lennard-Jones potential as described by the second-to-last equation
in Figure 2.3, is implemented in GROMACS [34]. Van der Waals interactions are
maximized when there is a tight fit between the ligand and the binding site, and
even though weaker than electrostatic interactions, they are necessary for stabilizing
high-affinity complexes [35], [36].

2.4 Machine Learning

This thesis will use supervised ML to predict binding affinity, which is the target
variable. To perform this prediction, a dataset containing PL complexes is neces-
sary. The goal is to develop an ML model that can take input features relevant to
binding affinity (like the ones discussed in section 2.3) and produce a corresponding
prediction [37]. This is similar to defining a mathematical function f that represents
the ML model, where the function takes features x as input and outputs a predicted
binding affinity, see figure 2.6.

Input features —— f(x) —— Binding affinity prediction

Figure 2.6: ML model f(z) that takes input features and outputs predicted binding
affinity.

So, how is such a function determined? It is done through a process known as train-
ing, during which the function is adjusted to minimize the error in its predictions
compared to the actual target values [37]. Once the training process is complete,
an ML model is created that can predict binding affinity based on a given set of
features. The next step is to evaluate the model’s performance on PL complexes not
included in the training set; this evaluation process determines how well the model
generalizes to unseen examples.

2.4.1 Regression Models

This section introduces the ML models used to predict binding affinity, a continuous
numerical value. Since the task involves predicting numerical outputs, regression
models are used [38].

Linear regression is a type of ML model that aims to find a relationship between the
input features x = [z, z9, ..., ¥,] and a numerical target value, which in this thesis
is the binding affinity [37]. The linear regression model is defined as:
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y(X) = Wy + wiT) +woxe + -+ Wnln (28)
where wp, wy,ws, - -+, w, are the model parameters learned during training. The goal
is to adjust the regression line, as shown in Figure 2.7a, so that the average distance
from the predictions to the line is minimized (i.e., to minimize the error) [37].

Support Vector Machine (SVM) Regression is another ML model that will be used.
As with Linear Regression, the goal is to find a relationship between the input
features and the numerical target value. However, SVM Regression differs in its
approach. Instead of minimizing the distance from all points (predictions) to the
regression line, it focuses on reducing the distance from the predictions outside a
specified margin (represented by a blue tube in Figure 2.7b) to the edge of this
margin [37]. This approach makes SVM Regression less noise-sensitive, which helps
the model’s generalizability. Ridge Regression is another ML. model used and builds

A

A

v

4

A

v

(a) Linear Regression (b) SVM Regression

Figure 2.7: Comparison of Linear Regression and SVM Regression approaches. (a)
Linear Regression aims to minimize the distance from all points to the regression
line. (b) SVM Regression focuses on minimizing the distance from points outside a
specified margin to the edge of this margin.

upon Linear Regression by adding a regularization term. The regularization helps
prevent overfitting to the training data (i.e., learning the noise), increasing the
model’s ability to generalize to unseen data [38]. This is achieved by controlling the
model parameters and, consequently, the influence of each input variable, ensuring
that no single variable dominates the predictions. Lasso Regression also builds on
top of Linear Regression by using another type of regularization compared to Ridge
Regression. It promotes sparsity in the model, encouraging only a few parameters
to be non-zero. This effectively reduces the number of features the model uses for
making predictions [38].

The next type of ML models that will be used are tree-based ones. Tree-based
regression models make decisions based on specific rules [38]. The most basic is the
Decision Tree Regressor, which constructs a decision tree as illustrated in Figure 2.8.
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The model starts at the root node (green node) and traverses the tree by applying
the rule at each node. It outputs the prediction once it reaches a leaf node (red
node). Decision trees are capable of making non-linear predictions. However, on
their own, decision trees are highly prone to overfitting.

Yes No

Yes No Yes No

Figure 2.8: Decision Tree structure allows for decision-making based on specific
rules, starting from the root node (green node) and continuing until reaching a leaf
node (red node), where a prediction is made.

To address this, the Random Forest Regressor has been developed [38]. A random
forest builds multiple decision trees, seen in figure 2.8, each trained on a different
subset of the input features and data samples. This results in a collection of decision
trees, and the final prediction is obtained by averaging the predictions from all trees.

Another powerful method is the Gradient Boosting, which builds trees sequentially
rather than in parallel. Each new tree is trained to correct the errors made by the

previous one. XGBoost [39], LGBM [40], and CatBoost [41] are powerful models that
use gradient boosting in different innovative ways to make even better predictions.

2.4.2 Data Leakage

Data leakage is a common issue in ML applications [42], [43]. It occurs when infor-
mation from the test set, data that should remain unseen during training, leaks into
the training set. This allows the model to access information it would not have in
a real-world application, often resulting in overestimating performance. Data leak-
age can occur during various stages, including data collection, pre-processing, and
dataset splitting [43].

In this thesis, a potential source of data leakage is the presence of highly similar PL
complexes in both the training and validation/test sets. This could cause the model
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to effectively "see" test data during training, leading to overly optimistic results.
The dataset is split randomly and based on the similarity between complexes to
address this. See Section 3.1.4 for details on how the similarity-based split was
performed. Comparing these two approaches highlights the importance of preventing
data leakage.

2.4.3 Cross-Validation Techniques

Cross-validation is a commonly used technique for model selection in ML [44]. By
evaluating on unseen data during training, a more robust ML model that is less likely
to be overfitted can be created. One specific method is K-fold cross-validation, where
the dataset is divided into K equally sized folds [37]. The model is trained on K-1
folds and evaluated on the remaining fold. This process is repeated K times, with
each fold used once for validation. The final performance metric is then averaged
across all K runs.

This thesis will use both K-fold cross-validation and Group K-fold cross-validation.
Group K-fold takes into account predefined groups within the data. This is relevant
when performing the similarity-based split described in Section 2.4.2, where similar
complexes must not be split across training and validation sets.

Group K-fold ensures that all samples from the same group are kept together in
either the training or validation set for each fold. The dataset is divided into G
groups, which are then split into K folds. This approach helps prevent data leakage
when related samples could otherwise appear in both sets.

2.4.4 Bayesian Hyperparameter Optimization

An ML model usually has some hyperparameters that must be set manually be-
fore training begins. These hyperparameters can significantly impact the model’s
performance and must be carefully tuned to achieve the best possible results.

Bayesian Optimization is an efficient method for hyperparameter tuning [45]. Sup-
pose we have an ML model f(x) with a set of hyperparameters to optimize. Bayesian
Optimization begins by evaluating the model on a few selected combinations of hy-
perparameters [45]. Based on these evaluations, it constructs a probabilistic f(z)
model that maps hyperparameters to model performance. It then uses an acquisi-
tion function to select the next set of hyperparameters to evaluate. This function
balances exploitation (choosing parameters with high expected performance) and
exploration (trying parameters with more uncertainty). The more combinations
that are evaluated, the better the model becomes at guiding the search for optimal
hyperparameters.
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2.4.5 Evaluation Metrics

Various evaluation metrics will be used to evaluate the performance of the differ-
ent ML models described in Section 2.4.1. The first is Root Mean Squared Error
(RMSE), which measures the average error size between the predicted and observed
values. RMSE is on the same scale as the target value, and a lower RMSE indicates
better performance, while a higher RMSE indicates worse performance. The RMSE
is calculated as:

RMSE — \/w (2.9)

n

where y; is the observed values and g; is the predicted values.

The following evaluation metric is the Spearman rank correlation coefficient, p.
This metric measures the strength and direction of the relationship between two
ranked variables (predicted values and observed values). The ranking means that
the highest value receives rank one, and lower values receive higher numerical ranks
[46]. Spearman’s p is a nonparametric and distribution-free metric, meaning it does
not assume any specific data distribution. It only requires a monotonic relationship
(either increasing or decreasing). One calculates how much the ranks differ between
the predicted (Y;) and observed (Y;) sets, equation 2.10. p takes a value between
-1 and 1 where -1 indicates a perfect monotonic relationship and + 1 indicates a

perfect negative one. 0 indicates no monotonic relationship.

6y (Y - V)

=1
P n?(n—1)

(2.10)

The next evaluation metric is the Kendall rank correlation coefficient, 7. This metric
is also nonparametric and measures the association between two ranked variables
[46]. The information provided by both Spearman and Kendall is quite similar.
However, Spearman is more sensitive to errors because it takes the square of the
differences (see Equation 2.10). It has been suggested that the lower Spearman and
Kendall values should be considered [46]. Kendall’s 7 is calculated as:

(2.11)

Here, n. is the number of concordant pairs (i.e., for two data points ¢ and j, the pair
is concordant if predicted; > predicted; and observed; > observed;, or predicted; <
predicted; and observed; < observed;). n, is the number of discordant pairs (i.e.,
the pair is discordant if predicted; > predicted; and observed; < observed;, or
predicted; < predicted; and observed; > observed;). N is the total number of data
points. This metric also takes values between -1 and 1, where -1 is a disagreement,
1 is an agreement, and 0 indicates no correlation.

The last metric used is the coefficient of determination R2. This statistical measure-
ment describes how much variation in the observed variables can be explained by
the predicted values in a model [47]. A higher value of R? indicates a model with
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better performance. The quantity can be calculated as follows

D (?Jz‘ - Qi)Q

R*=1- -
i:l(yi - y)2

(2.12)

where g; is the predicted value, y; the observed value and g is the mean of the
observed values.

2.4.6 Feature Reduction

Feature reduction is a pre-processing technique in ML. Feature reduction aims to
reduce the dimensionality of the input data while preserving as much relevant infor-
mation as possible [48]. Often, the feature space can be reduced without losing too
much information, and in many cases, this can even increase the model’s accuracy.
The advantages of feature reduction are numerous, including removing redundant
or noisy data, faster training times, and, in many cases, improved performance (i.e.,
increased predictive power).
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Methods

This section details the methodology used to address the central problem of develop-
ing a more accurate and faster approach for predicting binding affinity, as introduced
in the preceding chapters. The project followed a sequential workflow, illustrated in
Figure 3.1, progressing from the initial preparation of PL complex topologies (de-
scribed in Section 3.1) to the execution of MD simulations (detailed in Section 3.2).
Feature extraction is covered in Section 3.3. Following this, the development and
evaluation of ML models are described in Section 3.4.

> s . . Feature ML Model
Data Splitting Shiml iterms Extraction Development

Topology
Generation

Figure 3.1: The workflow for predicting binding affinity encompasses PL complex
preparation, MD simulations, feature extraction, and ML model development and
evaluation.

3.1 Dataset and Data Processing

Two different datasets are used in this project. Section 3.1.1 details the initial
dataset used for training and validating the ML models. Section 3.1.2 describes the
test set used for the final evaluation of the ML models.

3.1.1 Initial Dataset Description

The initial dataset used in this study was developed in-house at AstraZeneca and
consists of approximately 5,000 three-dimensional (3D) PL complexes, each based
on X-ray crystallography. For each complex, the protein structure was provided
in the PDB (Protein Data Bank) format, and the ligand was provided in the SDF
(Spatial Data File) format, along with experimentally determined binding affini-
ties expressed in pK, as described in Section 2.1.1 and docking scores. A specific
preprocessing workflow was implemented to prepare each complex for MD simula-
tions using GROMACS. First, the Ligands were protonated using RDkit, and then
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topologies were generated using AmberTools (Antechamber) with a compatible force
field and converted to the GROMACS format via ACPYPE. This step addressed
the common issue of GROMACS force fields not recognizing specific ligands [26].
Protein topologies were prepared directly using GROMACS’s pdb2gmx tool. The
ligand and protein coordinates were combined into a single GROMACS input file,
with the ligand information integrated into the system topology.

3.1.2 Test Set Description

The test set is similar to the initial dataset described in Section 3.1.1, with a few key
differences. It consists of approximately 750 3D PL complexes, where the starting
structures were generated through molecular docking aligned to an experimentally
known reference ligand rather than being obtained directly from X-ray crystallogra-
phy, as in the initial dataset. Another notable difference is that, in the test set, each
protein is paired with a congeneric series of ligands, meaning the scaffold remains
unchanged. In contrast, specific parts of the ligand are modified, reflecting the lead
optimization phase of drug development. In contrast, the initial dataset consisted
of a more diverse set of ligands. Each test set complex includes FEP-calculated
and experimentally measured binding affinities. The FEP-calculated binding affini-
ties were performed using Schrodinger’s FEP+ [49] but will only be referred to in
this thesis as FEP. The dataset was prepared using the same protocol as the initial
dataset and serves as a final benchmark to evaluate the ML model developed in this
thesis against a more accurate computational method: FEP.

3.1.3 Data Splitting

After generating the PL complexes described in 3.1.1, the complexes were split into
training and validation sets using two strategies. The first approach was a standard
random split, allocating 80% of the complexes to the training set and 20% to the
validation set. The second approach applied a similarity-based splitting, which is
detailed below. The different split is due to the effects of data leakage, an issue
discussed in section 2.4.2 and how it can be prevented when training ML models.

3.1.4 Similarity-Based Dataset Splitting

A clustering approach was used to group PL complexes based on calculated similarity
between complexes. These clusters were then used for the similarity-based split. The
steps are as follows:
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Step 1: Similarity Calculation

Ligand Similarity: The RDKit library was used to compute the Tanimoto simi-
larity between ligand molecules. Resulting in an n x n similarity matrix, where each
element represents the Tanimoto coefficient between ligand pairs. The Tanimoto
coefficient is one of the most widely used metrics for assessing chemical similarity
[50], and is used in this thesis to quantify the similarity between ligands.

Protein Similarity: Using the Biopython package, global protein sequence align-
ments were performed to create an n x n similarity matrix with the alignment scores
for each protein pair. This approach was used by Ragoza et al. [51].

Step 2: Distance Matrix Construction

These similarity scores were transformed into distance measures:

o Ligand Distance Matrix: For each ligand pair, the distance was calculated
by subtracting the Tanimoto similarity score from 1.

o Protein distance matrix: Similarly, for each protein pair, the distance was
derived by subtracting the alignment score from 1.

The ligand and protein distance matrices were stacked using NumPy, forming a 3D
array for combined distance evaluation.

Step 3: Threshold Application

A boolean similarity matrix was generated to indicate whether pairs of PL. complexes
are considered similar. Two complexes are defined as similar if they satisfy either of
the following conditions:

1. The distance between their protein structures is less than 0.5, or

2. The distance between their ligands is greater than 0.9 and the distance be-
tween their protein structures is less than 0.7.

These distance thresholds were originally introduced by Ragoza et al. [51] for clus-
tering PL complexes and are adopted without modification in this work.

Step 4: Clustering with GROMOS

The GROMOS clustering algorithm, as described by Daura et al. [52] (initially
developed for clustering MD trajectories), was used to process the boolean matrix,
grouping ligand-protein complexes into clusters.
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Step 5: Dataset split

The clustered complexes were separated into training (approximately 80%) and val-
idation (approximately 20%) sets. Clusters were kept intact, meaning that only
whole clusters, rather than individual complexes, were divided between the different
sets. This approach was used to avoid data leakage.

3.2 Molecular Dynamics Simulations

This section outlines the setup and execution of the MD simulations, which is the
third step in the methodology. It describes the simulation configuration, the param-
eters used, the energy minimization, equilibration procedures, and the production
run.

3.2.1 Simulation Setup

MD simulations were performed using GROMACS 2024, which was selected for
its design for protein systems, comprehensive documentation, and broad use within
the scientific community. These simulations were carried out on AstraZeneca’s high-
performance computing cluster, leveraging GROMACS’s efficient support for graph-
ical processing units (GPUs) and parallel processing to handle the dataset of 5,000
PL complexes.

The simulation protocol followed the standard workflow outlined in Justin Lemkul’s
MD tutorial [26], with minor adjustments. This approach was chosen because the
project aimed to conduct short simulations for high-throughput analysis, thus elim-
inating the need for a specialized setup. The AMBER99SB-ILDN force field was
applied to the proteins, while General AMBER ForceField (GAFF2) was used for
the ligands. Each PL complex was solvated in a dodecahedral box using the TIP3P
water model, ensuring a minimum distance of 1.5 nm between the solute and the
box boundaries. Solvation was performed using the gmx solvate tool. To achieve
charge neutrality, Na™ and Cl— ions were added by replacing water molecules using
the gmx genion tool, and the system topology was updated accordingly. The result-
ing solvated and neutralized system served as the initial configuration for energy
minimization.

3.2.2 Simulation Parameters

The leap-frog algorithm was employed to integrate the equations of motion with a
time step of 2 fs. The time step of 2 fs worked because the bonds between atoms that
involved hydrogens were constrained using the LINCS algorithm. Long-range elec-
trostatic interactions were treated using the Particle Mesh Ewald (PME) method.
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For short-range van der Waals interactions, a cutoff distance of 1.2 nanometers (nm)
was applied using the Verlet cutoff scheme. Throughout all simulation stages, posi-
tional restraints were applied to the protein backbone atoms using a force constant
of 200 kJ mol™! nm~2 in each Cartesian direction. This was done to ensure the
protein remained close to the initial X-ray structure during the short simulations.
Initial atomic velocities were assigned based on a Maxwell-Boltzmann distribution
corresponding to the target simulation temperature.

3.2.3 Energy Minimization and Equilibration

Energy Minimization was performed using the steepest descent algorithm until
the maximum force on any atom reached 10 kJ mol~! nm~!. A step size of 0.01 nm
was used, with a maximum of 50,000 minimization steps.

NVT Equilibration with Simulated Annealing: The systems were equilibrated
under a constant volume (NVT) ensemble for 100 ps with a time step of 2 fs.
Simulated annealing gradually heated the system from 0 K to 300 K throughout
10 ps; this one was done to keep the simulations close to the x-ray structure. The
temperature was controlled using the velocity-rescaling (V-rescale) thermostat, with
separate coupling groups defined for the PL complex and the solvent (water and
ions).

NPT Equilibration: Following NVT equilibration, the system underwent further
equilibration under constant pressure (NPT) conditions for 100 ps to allow volume
adjustments and achieve the appropriate system density. The pressure was main-
tained at 1 bar using the C-rescale barostat with isotropic box scaling. Temperature
coupling was maintained using the same thermostat settings as in the NV'T equili-
bration phase. The pressure coupling time constant was set to 2 ps, and reference
coordinate scaling was applied.

3.2.4 Production and Energy Calculation Runs

The production simulations employed an integration time step of 2 fs, consistent
with the parameters used in Lemkul’s tutorial [26]. The simulation duration was
set to 2 nanoseconds (ns), and three independent replicas were run for each system
to enhance the reliability of the results [53].

A rerun of the production simulations was necessary to calculate interaction ener-
gies. This was primarily due to the lack of GPU support for calculating interaction
energies simultaneously with the production run in GROMACS. As recommended
by the GROMACS software documentation, a separate rerun was performed, dur-
ing which specific atom groups were defined, for which the interaction energies were

to be calculated. More information about the extraction of interaction energies in
Section 3.3.5
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Once interaction energies were calculated, the solvent molecules were removed from
the trajectory to reduce the size of the simulation files.

3.3 Feature extraction

This section outlines how the MD features introduced in Section 2.3 were extracted
from the MD trajectories generated in the simulations described in Section 3.2.
These features were then transformed into a format suitable for comparison across
different PL complexes. As discussed in Section 2.1, the extracted features are
related to entropy and enthalpy and include the following: RMSF, dihedral angles,
SASA, hydrogen bonds, interaction energy, ligand properties, and docking score.

Different software packages were used to extract the various features from the sim-
ulation trajectories. The software and packages included, MDAnalysis [54], GRO-
MACS [55], GNINA [15] and RDKit [56]. An overview of each feature and the
corresponding software or package used for its extraction is provided in Table 3.1.

Table 3.1: Overview of extracted features and the corresponding software or pack-
ages used.

Feature Software/Package
RMSF MDAnalysis

Dihedral Angles MDAnalysis, GROMACS
SASA GROMACS

Hydrogen Bonds MDAnalysis
Interaction Energy | GROMACS
Ligand Properties | RDKit
Docking Score GNINA

3.3.1 Root Mean Square Fluctuations

RMSF, a measure of atomic flexibility described in Section 2.3.1, was analyzed near
the ligand to capture the dynamic behavior of the binding site. Two shells around
the ligand were considered: protein atoms within 0-5 A and those within 5-10 A,
as illustrated in Figure 3.2.

The RMSF values of the 20 closest protein atoms to the ligand were extracted for
each shell. If a shell contained fewer than 20 atoms, the resulting RMSF vector was
zero-padded to maintain consistent dimensionality. Three distinct feature represen-
tations were derived from this 20-element RMSF vector for each shell:

1. A scalar feature calculated as the sum over all 20 atoms in the vector of the
natural logarithm of the product of the RMSF value (rmsf;) and the square
root of the atom’s mass (/1m;), i.e., 22, In(rms.f;\/m;).
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Figure 3.2: Visualization of two shells around the ligand highlighting the different
atom ranges analyzed for RMSF feature extraction.

2. The entire 20-element RMSF vector was used directly as a feature vector.

3. The fluctuations of the 20 atoms within the vector were discretized into five
bins with the following boundaries (in A): 0-0.5, 0.5-1, 1-1.5, 1.5-2, 2-2.5,
and > 2.5. The resulting feature was a 6-element vector representing the count
of atoms falling into each bin.

The scalar feature, as described for the protein in step one, was also calculated for
the ligand.

This procedure yielded 27 features per shell (2 scalars + 20 vector elements + 6 bin
counts), resulting in 54 RMSF-related features for each PL complex.

3.3.2 Dihedral Angles

The extraction of dihedral angle features, as described in Section 2.3.2, followed a
technique similar to that used for the RMSF analysis. Two shells surrounding the
ligand, defined by distances of 0-5 A and 5-10 A, were considered, as illustrated in
Figure 3.2. For each shell, all dihedral angles with at least one atom located within
the specified distance were identified. If any atom defining the dihedral angle resided
within a shell, the values of all four atoms involved in that dihedral were extracted.

Next, the fluctuation of each identified dihedral angle was computed due to its rel-
evance for conformational entropy [28]. These fluctuations were then discretized
into six bins based on their magnitude (in degrees): 0-10, 10-20, 20-30, 30-40, and
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greater than 40. This discretization helps categorize the dihedral motion and identify
conformational flexibility. A 6-element vector was generated for each shell, repre-
senting the count of dihedral angles falling into each bin. Additionally, the average
fluctuation value of all dihedral angles identified within each shell was calculated,
resulting in a single scalar feature per shell.

This procedure yielded seven features per shell (6 bin counts + 1 average fluctua-
tion), totaling 14 dihedral angle-related features for each PL complex.

3.3.3 Solvent Accessible Surface Area

This feature captures the SASA, which quantifies the solvent-exposed surface of
molecular components, as described in Section 2.3.3. Figure 3.3 illustrates the PL
complex and the different methods of SASA extraction, with the blue shading in-
dicating the areas where SASA measurements were taken. The following SASA
measurements were calculated: total protein SASA, as shown in Figure 3.3a, along
with individual contributions from hydrophobic and hydrophilic regions. Figure
3.3b shows the total ligand SASA, while Figure 3.3c presents the combined SASA
of the PL complex. Additionally, the fluctuation of each of these five SASA values
over the simulation trajectory was computed, resulting in 10 SASA-related features
comprising two features per category.

(a) Total protein SASA (b) Ligand SASA (c) PL SASA

Figure 3.3: Visual representation of SASA calculations for (a) Protein, (b) Ligand,
and (c) Combined complex demonstrating their solvent accessible areas.

3.3.4 Hydrogen Bonds

The hydrogen bond feature, as described in Section 2.3.4, was extracted by quanti-
fying the number of hydrogen bonds formed between the protein and the ligand at
each frame of the MD trajectory. Four metrics were calculated:

1. The fluctuation of the number of hydrogen bonds over the simulation.

2. The average number of hydrogen bonds per frame.
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3. The total number of hydrogen bonds observed throughout the simulation.

4. The maximum number of hydrogen bonds observed in any single frame.

3.3.5 Interaction Energies

Interaction energies between PL and ligand-solvent were extracted from the MD tra-
jectories generated during the production rerun (as detailed in Section 3.2). These
energies were calculated using the gmx energy module within the GROMACS soft-
ware, with a focus on the non-bonded van der Waals (Vdw) and Coulombic (Coul)
components.

For both the PL and ligand-water pairs, the following analyses were performed:

1. Total Interaction Energy: The sum of the average van der Waals and
average Coulombic interaction energies ((Vdw) + (Coul)) over the simulation.

2. Fluctuation of Van der Waals Energy: The standard deviation of the van
der Waals interaction energy (oya,) over the simulation.

3. Fluctuation of Coulombic Energy: The standard deviation of the Coulom-
bic interaction energy (0¢oy) over the simulation.

This approach yielded six interaction energy-based features: three for the PL inter-
action and three for the ligand-water interaction.

3.3.6 Docking Score

The Molecular Docking Software, described in Section 2.2.1, provides several outputs
that will be used as features for the ML model:
o minimizedAffinity — The regular docking score for the ligand after re-docking.

e« minimizedRMSD - Root Mean Square Deviation of the re-docked ligand
compared to the original x-ray ligand pose.

« CNNscore — The probability that the re-docked pose is closer than 2A to the
in x-ray.

o CNNaffinity — The binding affinity estimated by GNINA.
e CNN__VS - CNNscore x CNNalffinity.

o CNNaffinity_variance — The uncertainty associated with the affinity esti-
mation.
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3.3.7 Ligand Properties

Eighty-three ligand properties were derived using the rdkit.Chem.rdMolDescriptors
module and included as additional features alongside MD-derived features and dock-
ing scores. Boyle et al. [57] demonstrated that ML could enhance binding affin-
ity prediction by combining molecular docking information with ligand descriptors.
Their results showed improved predictive performance when such descriptors were
incorporated. Based on these findings, including ligand descriptors in the feature
set is a natural choice. The specific descriptors used are listed in the appendix.

3.3.8 Feature Reduction

Correlation-based feature selection [48] was used to reduce the number of features.
The goal was to eliminate redundant features, those highly correlated with other
features, and those that do not correlate with the observed value. This was assessed
using the Spearman rank correlation coefficient, p, as described in Section 2.4.5. All
features with an absolute correlation coefficient greater than 0.1 with the observed
value were kept, while features with an absolute correlation greater than 0.95 with
another feature were removed. This method was applied to all features mentioned
in Sections 3.3.1 - 3.3.7, resulting in a total of 87 features.

3.3.9 Summary of Features
A summary of the number of features extracted and their respective types is pre-

sented in Table 3.2. Note that after Total features is also how many features were
left after the feature reduction introduced in Section 3.3.8.

Table 3.2: Summary of features.

Feature Category Number of Features
RMSF Related Features 54

Dihedral Angle Related Features 14

SASA Related Features 10
Hydrogen Bond Related Features 4
Interaction Energy Related Features 6

Docking Features 6

Ligand Descriptor Features 83

Total Features 183
Correlation-Based Feature Set 87
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3.4 Machine Learning Model Development

This section outlines the steps to select an ML model, which uses the features
described in Section 3.3 to predict binding affinity. As Figure 3.4 illustrates, the
ML model development process consists of five blocks.

Model evaluation will be conducted using the random train-validation split and sim-
ilarity split methods described in Section 3.1. For models trained with the random
train-validation split, a 5-fold cross-validation approach will be used. In contrast,
a Group 5-fold cross-validation will be applied when using the similarity split to
prevent data leakage during the cross-validation process.

. Evaluation of .
Baseline Model Different ML Hyperparameter Feature Set Final Mt?del
Development Models Tuning Evaluation Evaluation

Figure 3.4: Overview of the ML workflow used to develop an ML model for pre-
dicting binding affinity.

3.4.1 Baseline Model Description

Two baseline models were constructed to evaluate the contribution of the MD-
derived features. Considering the thesis’s objective of enhancing binding affinity
prediction beyond molecular docking, a logical baseline used a simple linear regres-
sion model with only the CNNaffinity score (the predicted binding affinity from
GNINA) as the first baseline model. The second baseline model uses a simple linear
regression with the minimizedAffinity (predicted binding affinity before being re-
evaluated using GNINA) as the input feature. These two baselines will be evaluated
for both the random and similarity-based split. The performance of these baselines
on the validation set will indicate whether incorporating MD-derived features and
ligand properties improves predictive capability and whether more complex models
lead to better performance.

3.4.2 Evaluation of Candidate Models

Regression models were evaluated using their default settings to identify a suitable
model architecture for predicting binding affinity. The candidate models included:

These models were trained using the complete feature set described in Section 3.3
and evaluated through cross-validation on the training set, both for the Random
split and the Similarity-based split. FEach model’s performance was reported as
the average across all folds, using the following metrics: R-squared (R?), RMSE,
Kendall’s 7, and Spearman’s p, as these are commonly used for evaluating binding
affinity predictions [3].

29



3. Methods

o CATBoostRegressor » Linear Regression

o XGBRegressor Ridge Regression

o LGBMRegressor « Lasso Regression
o Random Forest Regressor e SVM Regressor

e Decision Tree Regressor

During cross-validation, the model that showed the best overall performance across
these metrics (i.e., high R?, low RMSE, high 7, and high p) was selected for further
optimization. This selected model underwent hyperparameter tuning using Bayesian
Optimization, as described in Section 2.4.4. The reason for using Bayesian Opti-
mization for hyperparameter tuning and not Grid Search and Random Search is
because those methods do not consider previous results, which Bayesian Optimiza-
tion does [58]. This results in faster convergence for Bayesian Optimization, as it
uses previously learned information.

3.4.3 Feature Set Evaluation

Following the selection of the best ML model (as described in Section 3.4.2), the pre-
dictive power of different feature sets was evaluated to understand the contribution
of various features. Beyond using all features (as initially done during candidate
model evaluation in Section 3.4.2), the following subsets were examined:

1. Docking Features: These features, detailed in section 3.3.6, represent infor-
mation derived solely from molecular docking.

2. MD Features: This set includes only the features extracted from the MD
trajectories, as described in sections 3.3.1-3.3.5.

3. Docking Features + MD features: This combined set incorporates the
features from both feature sets 1 and 2.

4. Ligand Properties + MD features: This set combines the MD features
(set 2) with the ligand properties described in section 3.3.7.

5. Correlation-Based Features: This feature set is described in Section 3.3.8
and is based on correlation analysis of all features.

These feature sets were used to investigate how adding MD-derived features to the
docking features impacts the binding affinity prediction. This involved assessing the
individual performance of docking and MD features, followed by observing the effect
of their gradual combination (both with and without ligand properties), to quantify
the value each feature set contributes to the model’s predictive capabilities.
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The ML model was trained on each feature set using hyperparameters found through
Bayesian Optimization and then evaluated using the validation set for each feature
set. From now on, only the similarity-based split will be used. This is because it
represents more of the model’s true performance.

3.4.4 Analysis of Selected Model

Following the model selection in section 3.4.2 and the feature set selection in section
3.4.3, an analysis of the features most influential in the model’s predictions was done.
This analysis aimed to identify which types of features contribute most to binding
affinity prediction. Additionally, a final comparison was performed between the
selected model and the affinity predictions from docking (minimizedAffinity) and
improved prediction (GNINA), using various evaluation metrics. This evaluation
offers insights into the relative performance of the developed model compared to
traditional molecular docking methods.

3.5 Final Evaluation

For the final evaluation, the best-performing ML model identified in section 3.4.2
was trained using the optimal feature set determined in section 3.4.3. The model’s
performance was then assessed using the independent test set described in section
3.1.2. The evaluation strategy was twofold. First, a comprehensive assessment of the
model’s performance on the entire test set was conducted, comparing it with affinity
predictions from docking (minimizedAffinity), re-docked prediction (GNINA), and
FEP using the different evaluation metrics. Second, protein-specific predictions were
performed to investigate the model’s performance across different proteins. For each
protein, binding affinity predictions from the ML model were compared with those
from docking, GNINA, and FEP. This evaluation provided insights into how the
model’s performance varied across different protein targets.
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Results

4.1 Performance of Baseline Models

The results from the baseline models, shown in Table 4.1, indicate that CNNaffinity
consistently outperforms minimizedAffinity across all evaluation metrics for both
splitting strategies. Interestingly, when using minimizedAffinity, the similarity-
based split yielded slightly better performance than the random split.

Table 4.1: Performance comparison of baseline models using different splitting
strategies.

Split Feature R’ | RMSE | Kendall’s 7 | Spearman’s p
Random | CNNalffinity 0.45 1.28 0.45 0.63
Random | minimizedAffinity | 0.29 1.45 0.36 0.52
Similarity | CNNaffinity 0.39 1.31 0.41 0.58
Similarity | minimizedAffinity | 0.30 1.39 0.36 0.53

4.2 Evaluation of Candidate Models

Different regression models were evaluated on both the Random split (Table 4.2)
and the similarity-based split (Table 4.3).

On the Random split (Table 4.2), the tree-based models; CatBoost Regressor,
LGBM Regressor, XGB Regressor, and Random Forest, generally demonstrated
strong performance across all metrics. They showed higher R? values (ranging from
0.639 to 0.658), lower RMSE values (ranging from 0.990 to 1.036 pKj,), and higher
ranking correlation coefficients (7 ranging from 0.585 to 0.597, and p ranging from
0.772 to 0.785) compared to the other models. SVM Regressor also showed competi-
tive results. In contrast, Linear Regression and Ridge Regression displayed moderate
performance, while Decision Tree and Lasso Regression consistently produced the
poorest results across all evaluation metrics.

A similar trend was observed for the similarity-based split (Table 4.3). The tree-
based models (CatBoostRegressor, Random Forest, LGBMRegressor, and XGBRe-
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Table 4.2: Candidate model evaluation results (random split). The row highlighted
in gray corresponds to the best-performing model, CatBoost Regressor.

Model R?> |RMSE | 7 P)

CatBoost Regressor | 0.658 | 0.990 | 0.597 | 0.785
XGB Regressor 0.625 | 1.036 | 0.569 | 0.757
LGBM Regressor 0.648 | 1.005 | 0.587 | 0.776
Random Forest 0.639 | 1.018 | 0.585 | 0.772
Decision Tree 0.237 | 1.479 | 0.424 | 0.588

Linear Regression 0.554 | 1.131 | 0.521 | 0.705
Ridge Regression 0.552 | 1.134 | 0.519 | 0.703
Lasso Regression 0.107 | 1.601 | 0.450 | 0.625
SVM Regressor 0.619 | 1.046 | 0.576 | 0.764

gressor) again showed good performance across the metrics, with relatively higher
R? values (ranging from 0.535 to 0.554), lower RMSE values (ranging from 1.104
to 1.218 pK,), and better ranking correlation (7 ranging from 0.507 to 0.533, and
p ranging from 0.690 to 0.716) compared to the linear models and the Decision
Tree and Lasso Regressors, which struggled across all metrics. SVM Regressor’s
performance was also within the range of the better-performing models.

Table 4.3: Candidate model evaluation results (similarity-based split). The row
highlighted in gray corresponds to the best-performing model, CatBoost Regressor.

Model R? | RMSE T P

CatBoost Regressor | 0.554 | 1.104 | 0.533 | 0.716
XGB Regressor 0.484 | 1.218 | 0.481 | 0.658
LGBM Regressor 0.536 | 1.164 | 0.507 | 0.690
Random Forest 0.535 | 1.148 | 0.510 | 0.691
Decision Tree 0.094 | 1.601 | 0.376 | 0.532

Linear Regression 0.504 | 1.187 | 0.497 | 0.680
Ridge Regression 0.448 | 1.228 | 0.467 | 0.644
Lasso Regression 0.050 | 1.643 | 0.458 | 0.628
SVM Regressor 0.524 | 1.156 | 0.512 | 0.695

All models except Decision Tree and Lasso Regression outperformed the baseline
models (Table 4.1). Considering the performance across the various evaluation met-
rics on random and similarity-based splits, CatBoost Regressor was selected as the
model for further hyperparameter optimization. It is also worth noting that perfor-
mance dropped when using a similarity-based split compared to a random split, as
expected.
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4.3 Optimization of Selected Model

As the CatBoost Regressor demonstrated the best overall performance in the candi-
date model evaluation, hyperparameter tuning was performed to increase its perfor-
mance. This optimization used Bayesian Optimization with 100 iterations for both
the Random and Similarity-based splits. The best hyperparameter values identified
for each split are presented in Table 4.4. The meaning of each hyperparameter, as
provided in the CatBoost documentation, is described below:

o Learning Rate: How fast the model learns.

o Iterations: Number of trees that can be built.

e Depth: How deep the trees can grow.

« L2 Leaf Reg: L2-regularization (prevent overfitting).

e« Min Data in Leaf: The minimum number of training samples in a leaf.

« Random Strength : Used to prevent overfitting the model.

o Border Count: Number of trees that can be built.

Table 4.4: Hyperparameters identified through hyperparameter tuning for the
Random Split and Similarity-Based Split.

Hyperparameter | Random Split | Similarity-Based Split
Learning Rate 0.030 0.027
[terations 1000 739

Depth 10 10

Min Data in Leaf 1 30

Border Count 32 32

L2 Leaf Reg 0.001 0.001

Random Strength 0.001 0.001

The performance results before and after hyperparameter tuning of the CatBoost
regressor for both the random split and the similarity-based split are shown in
Figure 4.1 and Figure 4.2, respectively. In both figures, we observe a slight improve-
ment in performance for R?, Kendall’s 7, and RMSE, while Spearman’s p remains
unchanged. As expected, there is a consistent decrease in performance when tran-
sitioning from the random split to the similarity-based split.
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Figure 4.1: Model performance before and after hyperparameter tuning across
multiple metrics using the random split. For RMSE, lower values indicate better
performance, whereas for B2, Kendal’s 7, and Spearman’s p, higher values indicate
better performance.
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Figure 4.2: Model performance before and after hyperparameter tuning across
multiple metrics using the similarity-based split. For RMSE, lower values indicate
better performance, whereas for R?, Kendall’s 7, and Spearman’s p, higher values
indicate better performance.
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4.4 Feature Set Evaluation

An evaluation of the different feature sets described in Section 3.4.3 was conducted,
with the results summarized in Table 4.5. Using all available features delivered
strong performance across all metrics, outperforming the individual use of Docking
and MD features. Notably, MD features performed better than Docking features.

Combining Docking and MD features further improved performance compared to
using them separately, but combining Ligand Properties with MD features achieved
an equally strong, if not slightly better, performance. This combination matched
the previous one in terms of RMSE and exceeded it in ranking metrics (7 and p)
despite excluding docking scores.

Applying correlation-based feature reduction resulted in a model that performed
slightly better than the complete feature set, while using fewer features. It achieved
the same R? (0.60), a slightly lower RMSE (1.05 vs 1.06), and subtle gains in p.

Based on these findings, the correlation-based feature set will be used in the final
model due to its comparable (and slightly improved) performance with reduced
complexity.

Table 4.5: Performance comparison of different feature sets based on R?, RMSE,
Kendall’s 7, and Spearman’s p. The best-performing feature set was the correlation-
based features, highlighted in gray:.

Feature Set R? |RMSE | 1 p
Docking Features 0.44 | 1.25 | 043 ] 0.61
MD Features 0.51 | 1.17 ]0.46 | 0.63

Docking Features + MD Features | 0.58 | 1.09 | 0.51 | 0.69
Ligand Properties + MD Features | 0.57 | 1.09 | 0.52 | 0.71
Correlation-Based Features 0.60 | 1.05 | 0.54|0.73
All Features 0.60 | 1.06 | 0.54 | 0.72
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4.5 Analysis of Selected Model

As the CatBoost Regressor was the the best-performing model, and the most effec-
tive feature set was the correlation-reduced feature set, a more thorough analysis
of the model was conducted. First, CatBoost’s built-in feature importance method
was used, which outputs a list of features along with their corresponding importance
scores. These scores indicate how frequently a feature was used to make better pre-
dictions. The importance values for all features sum up to 100.

In Table 4.6, the feature importances are grouped according to the feature types
introduced in Section 2.3. The MD features received a total importance score of
43.5, the Docking features 6.97, and the Ligand Properties 49.77. Among the MD
features, Dihedral Angles appeared to be the most influential, followed by RMSF and
SASA. For the Docking features, the most important ones were minimizedRMSD
and CNN_ variance. Another thing to keep in mind is that, as shown in Table 4.6,
all three feature categories are part of the correlation-based features introduced in
Section 3.3.8.

Table 4.6: Feature importance grouped by MD features, Docking features, and
Ligand properties. The total of MD Features, Docking Features, and Ligand Prop-
erties sums up to ~ 100.

Feature Group ‘ Importance
MD Features
Dihedral Angles 27.28
RMSF 7.42
Hbonds 1.90
SASA 5.25
Interaction Energy 1.60
Total MD 43.50
Docking Features
minimizedRMSD 2.04
minimized Affinity 0.61
CNNscore 0.59
CNNaffinity 0.91
CNN_VS 0.37
CNN  variance 2.44
Total Docking 6.97
Ligand Properties
Total Ligand | 49.77
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The performance of the CatBoost model was also evaluated by comparing it against
Docking and GNINA binding affinity predictions using the validation set. As shown
in Figure 4.3, the CatBoost Regressor model outperformed both traditional Docking
and GNINA predictions across all metrics. Note that the right y-axis is used for
RMSE, where a lower value indicates better performance, in contrast to the metrics
R?, Kendall’s 7, and Spearman’s p.
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Figure 4.3: Comparison of model performance, showing the predicted values from
the CatBoost model evaluated on the validation set, alongside the affinity predictions
from traditional Docking and GNINA. The left y-axis represents R?, Kendall’s 7,
and Spearman’s p, while the right y-axis corresponds to RMSE.
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4.6 Final Evaluation

The final evaluation of the CatBoost model is presented in Figure 4.4. Consistent
with the results from the validation set (Figure 4.3), the CatBoost model outper-
forms Docking and GNINA across all evaluation metrics. Additionally, the test set
includes binding affinity predictions obtained using FEP, represented by the orange
bar. As shown, FEP achieves the highest performance overall, outperforming all
other methods, including the CatBoost model, as expected. Note that the right y-
axis is used for RMSE, where a lower value indicates better performance, in contrast
to the metrics R?, Kendall’s 7, and Spearman’s p.
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Figure 4.4: Final evaluation of model performance on the test set. The ML model
is compared against Docking, GNINA, and FEP methods across multiple evaluation
metrics. The left y-axis represents R?, Kendall’s 7, and Spearman’s p, while the
right y-axis corresponds to RMSE.
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The next evaluation on the test dataset assesses model performance per protein
target, as shown in Figures 4.5-4.7. These figures illustrate the performance of the
methods, including Docking, GNINA, CatBoost, and FEP, across various proteins.
The performance is evaluated using Spearman’s p, Kendall’s 7, and RMSE.

The ranking performance of the different methods is shown in Figure 4.5 and Fig-
ure 4.6. Overall, we observe that FEP outperforms the other methods across the
various protein targets for both Spearman’s p and Kendall’s 7. There are a few cases
where the CatBoost model performs best, specifically, on the protein targets cdk2
and syk when considering Spearman’s p, and on cdk2 and cdk§ in when considering
Kendall’s 7. Interestingly, GNINA outperforms the CatBoost model in some cases,
which is worth noting.
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Figure 4.5: Comparison of Spearman’s p values for model performance across
various protein targets.
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Figure 4.6: Comparison of Kendall’s 7 values for model performance across various
protein targets.
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The RMSE metric, shown in Figure 4.7, displays a similar trend, with FEP outper-
forming the other methods for 18 out of 23 protein targets. The CatBoost model
performs best on four proteins, while GNINA performs best on only one protein,
tnks2. In several cases, such as bace, bace ciordia_ retro, chkl, egh, and hif2a, GN-
INA outperforms the ML model.
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Figure 4.7: Comparison of RMSE values for model performance across various
protein targets.
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Discussion

5.1 Model Performance and Selection

The creation of the baseline models demonstrated that using CNNaffinity as the
input feature to a linear regression model resulted in better performance than using
minimized Affinity. This outcome is expected, as CNNaffinity represents an enhanced
binding affinity prediction generated by the GNINA software, which utilizes a CNN
to re-score docking poses and is thus more likely to correlate with the target values.

An interesting and somewhat unexpected finding was that using minimized Affinity
as input and applying a similarity-based split led to better performance than using a
random split. Typically, random splits introduce more data leakage, which would be
expected to inflate performance. One possible explanation is that minimized Affinity
does not correlate well with the target values. As a result, the model can not take
advantage of the leaked data.

Several ML models were evaluated when selecting an ML model for binding affinity
prediction. The best-performing models were tree-based models, which is expected,
as these models can capture complex, non-linear relationships in the data, some-
thing linear models fail to do. The top-performing models showed similar results,
suggesting that further evaluating and tuning additional candidates could have been
beneficial in determining whether any could outperform the CatBoost model.

As anticipated, model performance declined when using a random split compared
to a similarity-based split. This emphasizes the importance of addressing potential
data leakage for a more realistic performance measure. Comparing the ML models
to the baseline linear regression model, it was clear that incorporating all available
features, MD-derived, docking features, and Ligand Properties, and using more
complex models improved performance. This suggests that MD features may be
valuable for estimating binding affinity.

CatBoost, the best-performing model, was further optimized through hyperparam-
eter tuning, resulting in a slight improvement in the validation set. The relatively
small performance gain indicates that the model performed well without tuning. Hy-
perparameter tuning can lead to a model specific to the training data, potentially
reducing the model’s ability to generalize. Therefore, given the strong performance
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of the untuned model, it may be advantageous to explore how these generalize to
unseen data.

5.2 Feature Set Evaluation

Table 4.5 presents the performance of the evaluated feature sets. The MD features
yielded better predictive performance when using MD features alone versus Docking
Features alone. This suggests that the entropic contributions to the binding, cap-
tured by MD features, play a significant role in predicting binding affinity, a factor
that docking approaches do not effectively account for. Surprisingly, combining MD
features with Ligand Properties resulted in performance comparable to combining
MD and Docking Features. One might expect Docking Features to add more value
than the relatively simple Ligand Properties, but this was not the case. An explana-
tion for this is that MD still captures many of the properties that Docking captures
(e.g., enthalpic contributions), making the Docking features somewhat redundant.
This further reinforces the importance of incorporating MD features when predicting
binding affinity. The best-performing feature set was refined using correlation-based
feature selection, where Spearman correlation was used to remove redundant and
highly correlated features. This reduction in feature dimensionality, without sacri-
ficing performance, highlights the value of feature selection and motivates further
investigation into which specific features contribute most to prediction accuracy.

5.3 Final Model Performance

One of the aims of this thesis was to understand how molecular properties influence
binding affinity. The results in Table 4.6 clearly show that the final ML model re-
lied most heavily on the MD features and Ligand Properties, with Docking Features
contributing significantly less to the predictions. This again underscores the impor-
tance of incorporating MD features when predicting binding affinity, but surprisingly
enough, something as easy to extract as Ligand Properties is a good addition to the
prediction of binding affinity. Dihedral Angles, RMSF, and SASA contributed the
most to the model’s predictions among the MD features. This is expected, as these
features are more closely associated with entropy, whereas the others are primarily
related to enthalpy. Interestingly, CNNaffinity did not appear as one of the most
important features despite the initial assumption that it would correlate strongly
with the target values.

As shown in Figure 4.3, the method developed in this thesis outperforms standard
docking approaches for predicting binding affinity. This highlights the potential of
the proposed method to significantly improve binding affinity prediction.

The final evaluation comparing the ML approach with traditional Docking, GNINA,
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and FEP binding affinity predictions showed that the CatBoost model outperformed
standard Docking and GNINA but was outperformed by FEP. The most surprising
aspect of this result was the noticeable drop in performance from the validation set
to the test set. Potential explanations for this decline include a poor generalization of
the model to the new dataset or a significant difference in PL complexes between the
training and test sets, such that the model encountered entirely unfamiliar examples
during testing. The performance drop is most likely due to the differences in ligands:
the test set consisted of a congeneric series of ligands for each protein, whereas the
training set included a broader and more diverse set of ligands. As a result, the
model may have learned to distinguish between strong binders and weak binders
in general but struggled to capture significant binding affinity changes that occur
when only minor modifications are made to a ligand. Based on this understanding,
the approach considered in this thesis would be more effective during the hit-finding
stage of drug discovery compared to the lead optimization step (the training set
was more similar to the hit-finding, and the test set was more similar to the lead
optimization).

Furthermore, as described in the dataset section, the training and validation sets
consisted of PL complexes derived from X-ray crystal structures, whereas the test
set structures were generated via molecular Docking. This structural difference may
have negatively impacted model performance, particularly since the MD features
used during training were generated from simulations starting from experimentally
determined structures. In contrast, the test set simulations were based on docked
poses, potentially leading to different dynamic behaviors and MD-derived features
that differ from those seen in the training data.

Another unexpected finding appeared when analyzing the performance of the dif-
ferent methods on individual proteins. In many cases, GNINA outperformed the
CatBoost model. This is surprising because the CatBoost model was trained using
GNINA’s predicted affinity (CNNaffinity) as one of its input features, which would
be expected to enhance the CatBoost model’s predictive capability. Again, a likely
explanation lies in the differences between the PL complexes in the training and
test sets, as well as the differences in the starting structures. The test set structures
were generated via Docking, whereas the training set structures were based on X-
ray crystallography. As a result, docking-derived features, such as CNNalffinity, may
have been less reliable or consistent in the test set.

5.4 Limitations and Future work

The primary limitation of this study was the restricted time frame, which con-
strained the level of detail with which certain aspects could be addressed. One key
limitation was the exclusive use of an internally generated dataset from AstraZeneca
without incorporating publicly available datasets such as those described by Liu et
al. [3]. Including publicly available datasets could have introduced greater diver-
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sity in PL complexes, potentially resulting in a model with improved generalization
across different types of complexes. The training dataset was not analyzed in detail;
it was treated more as a diverse set of protein targets and ligand series. Future work
could involve evaluating model performance across specific classes of protein targets
to improve predictions for underperforming groups.

Another limitation was the reliance on standard MD simulation settings without
exploring alternative simulation types or parameter variations. The quality of the
features derived from simulations can be highly sensitive to simulation protocols.
Allocating more time to the simulations could have led to higher-quality features
and, thus, better model predictions. The theoretical background describes that
the Gibbs free energy determines binding affinity, the energy difference between
the unbound state (protein and ligand separated in water) and the bound state (PL
complex in water). Running additional short simulations of the unbound state could
offer valuable insights into binding affinity and improve the predictive features.

Additionally, as stated in the Methods section, water molecules were removed from
the MD trajectories to save disk space. This decision meant that all features, except
interaction energies, were extracted without considering solvent interactions, which
may have affected the quality of the derived features. Future studies could inves-
tigate whether retaining water in the trajectories improves the model’s predictive
performance. Since the features used in this thesis already yielded promising results,
no further exploration into feature engineering was conducted. However, future work
could build on the feature importance findings to extract features that more accu-
rately represent binding affinity. For example, dihedral angles, RMSF, and SASA
contributed significantly to model performance, and more refined representations of
these features could be explored.

Another potential direction is to make feature extraction more data-driven by pro-
viding the whole MD trajectory as input to an ML model. This would allow the
model to learn relevant patterns and extract important features automatically for
direct binding affinity prediction.

In this thesis, only a few regression models were evaluated, most of which were lin-
ear or tree-based. Neural networks were also tested, but they did not perform as
well as the tree-based models, primarily because they overfitted quickly and were
not explored further due to time constraints. For future work, it would be inter-
esting to investigate whether neural networks could improve predictive performance
when applied to larger datasets. Exploring alternative approaches, such as ensemble
methods that combine multiple models, could enhance prediction accuracy.

Since the test set consisted of different proteins, each with a congeneric ligand series,
it would have been beneficial for the training data to include similarly structured
examples rather than just a diverse set of ligands. This would allow the model to
learn that binding affinity can change significantly even when the ligand structure
undergoes only minor modifications. The importance of this is illustrated in Figure
4.4, where the model performed well overall on the entire test set, but the perfor-
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mance varied notably when evaluated on individual proteins, Figure 4.5-4.7. This
suggests that the model struggles to capture subtle ligand variations that lead to
significant changes in binding affinity.
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Conclusion

This thesis focused on developing an ML model to predict PL binding affinities with
accuracies approaching FEP methods. The ML model, which integrates features
from MD simulations, docking, and ligand properties, demonstrated improved pre-
dictive performance over traditional docking techniques. The findings highlight the
important role of MD-derived features, particularly in capturing entropic contribu-
tions to binding affinities.

Using a tree-based model, such as CatBoost, helped manage the complex relation-
ships within the data. However, limitations were noted in the model’s generalization,
particularly due to differences between the test set (a congeneric series of ligands)
and the training set. Features such as dihedral angles, RMSF, SASA, and ligand
properties were instrumental in the model’s performance. Although the developed
method outperformed standard docking, it did not surpass FEP predictions, indi-
cating areas for potential improvement.

Future work should focus on incorporating more diverse datasets, particularly those
involving congeneric series of ligands, and exploring alternative MD protocols to
enhance feature quality. Additionally, retaining solvent interactions during feature
extraction could lead to more accurate predictions. Further exploration of feature
extraction and ML approaches is recommended, particularly with larger datasets.

Overall, this study offers valuable insights into integrating MD-derived features for
predicting PL binding, laying a solid foundation for continued advancements in the
early stages of drug discovery.
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Appendix 1

A.1 RDKit Ligand Descriptors

This section lists the molecular descriptors used as features in the model. These
descriptors were computed using RDKit.

Table A.1: Summary of RDKit-derived ligand descriptors and their interpretations.

Feature Name

Description

Molecular Weight

LogP

TPSA

Num Rotatable Bonds
Num H Donors

Num H Acceptors

Num Rings

Heavy Atom Count
Fraction sp3

Max Partial Charge
Min Partial Charge
Balaban J

Molar Refractivity

Num Aromatic Rings
Num Aliphatic Rings
Num Chiral Centers
Fraction Aromatic Atoms
ChiOv

Kappal

Num Heteroatoms

Num 5-Membered Rings
Num 6-Membered Rings
Exact Molecular Weight
Num Valence Electrons
Chilv

Kappa?2

Kappad

Num Spiro Atoms

Num Bridgehead Atoms
Num Lipinski Violations

Total molecular weight of the compound
Octanol-water partition coefficient
Topological polar surface area

Number of rotatable bonds

Number of hydrogen bond donors

Number of hydrogen bond acceptors
Number of rings

Number of non-hydrogen atoms

Fraction of sp3 hybridized carbon atoms
Maximum Gasteiger partial charge
Minimum Gasteiger partial charge
Balaban J topological index

Molar refractivity

Number of aromatic rings

Number of aliphatic rings

Number of chiral centers

Ratio of aromatic atoms to heavy atoms
Valence molecular connectivity index (order 0)
Kier’s first kappa shape index

Number of heteroatoms

Number of 5-membered rings

Number of 6-membered rings

Precise molecular weight including isotopes
Total number of valence electrons

Valence molecular connectivity index (order 1)
Kier’s second kappa shape index

Kier’s third kappa shape index

Number of spiro atoms

Number of bridgehead atoms

Number of Lipinski rule violations
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IT

Feature Name

Description

Num Atoms

Num Sulfur Atoms

Num Oxygen Atoms

Num Nitrogen Atoms

Bertz CT

ChiOn — Chi4n

Chi2v — Chidv

HallKier Alpha

Num Aliphatic Carbocycles
Num Aliphatic Heterocycles
Num Amide Bonds

Num Aromatic Carbocycles
Num Aromatic Heterocycles
Num Atom Stereo Centers
Num Heterocycles

Num Saturated Carbocycles
Num Saturated Heterocycles
Num Saturated Rings
BCUT2D_ Sum
AUTOCORR2D _Sum
Asphericity

Crippen__LogP
Crippen_ MR

GETAWAY _Sum
InertialShapeFactor
LabuteASA

MORSE _Sum

NPR1

NPR2

PBF

PMI1 - PMI3

Phi

RDF_ Sum
RadiusOfGyration

WHIM __Sum

SlogP_ VSA_ Sum
SMR,_ VSA Sum
PEOE_VSA Sum

MQNs_ Sum

Total number of atoms
Count of sulfur atoms
Count of oxygen atoms
Count of nitrogen atoms
Bertz complexity index

Connectivity indices (order 0 to 4, non-valence)
Connectivity indices (order 2 to 4, valence)

Hall-Kier alpha descriptor

Count of aliphatic carbocyclic rings
Count of aliphatic heterocyclic rings
Count of amide bonds

Count of aromatic carbocyclic rings
Count of aromatic heterocyclic rings
Number of atomic stereocenters
Count of heterocyclic rings

Count of saturated carbocyclic rings
Count of saturated heterocyclic rings
Total number of saturated rings
Sum of BCUT2D eigenvalues

Sum of 2D autocorrelation values
Measure of shape anisotropy

LogP from Crippen model

Molar refractivity from Crippen model
Sum of GETAWAY descriptors
Inertial shape factor

Approximate surface area (Labute)
Sum of 3D-MoRSE descriptors
Normalized principal moment ratio 1
Normalized principal moment ratio 2
Plane of best fit

Principal moments of inertia (1 to 3)
Angle between principal axes

Sum of radial distribution function values

Radius of gyration

Sum of WHIM descriptors

Sum of SlogP—VSA values

Sum of SMR-VSA values

Sum of PEOE-VSA values

Sum of Molecular Quantum Numbers
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