Developing Novel
Scoring Functions for
Protein-Ligand Docking
Using Machine Learning

UNIVERSITY OF

OXFORD

Fergus Boyles

Supervised by Prof. Garrett M. Morris

Co-supervised by Prof. Charlotte M. Deane

Brasenose College
Department of Statistics

University of Oxford

Michaelmas 2019

A thesis submitted for the degree of Doctor of Philosophy.






UNIVERSITY OF

OXFORD

Copyright (©2020 University of Oxford

WWW.OX.AC.UK

First edition, July 29, 2020






Statement of Originality

I, the undersigned, declare that this is my own work unless where otherwise

acknowledged and referenced.

Candidate Fergus Boyles

Signed

Date July 29, 2020






Acknowledgements

Thanks to both of my supervisors; Garrett and Charlotte. Without your
guidance, I would not have a DPhil thesis to be proud of. By encourag-
ing me to push the limits of my ability over the course of my DPhil, you
have helped me to discover that I am capable of far more than I previously
thought. I am immensely grateful for your support over what turned out to
be a busy and turbulent several years, and it has been an absolute pleasure
to work with you.

Thanks to all the members of OPIG, past and present. Not only have you
created a wonderful environment for learning and doing incredible science,
but the memes and nerf wars have all been on point. Special thanks to
former OPIGlet Jin, who nobly sacrificed his home directory in the name of
testing my tutorial materials.

Thanks to everybody in the Department of Statistics for being such a
warm and welcoming community. Special thanks to Jennifer Rogers for
immensely helpful discussions about statistical testing, and to everyone in
IT support for putting up with my esoteric software requests.

Thanks to Teviot gang for the years of wit and entertainment; for Pochinki
drops and space trucking simulator; for trolley problems and the Pokémon
drinking game. Though I graduated from The University of Edinburgh in
2015 and left that beautiful city behind, the friends I made have remained a
universal constant in my life.

Thanks to everybody who has made the last four years in Oxford some
of the best fun I've had in my life. Thanks to Brian, for persuading me to
get a motorbike; and to Pete, for encouraging him. Thanks to the guys and
girls of OUPLC for shouting at me while I picked up heavy things. Thanks
to the Brasenose College HCR for four years of games night, coffee machine
drama, and Game of Thrones disappointment.

Finally, and most of all, thanks to my father, Allan. Without your end-
less support and encouragement, I wouldn’t be writing the last page of my
DPhil thesis right now. You may not be around to see me finish, but you've

been with me every step of the way. Thank you, for everything.

Vil






Abstract

Structure-based drug discovery uses information about the structure of
a protein to identify novel ligands that bind to the protein. The fundamental
problem in structure-based drug discovery is predicting if, how, and how
strongly a possible ligand binds to a protein. This is often accomplished
using scoring functions to rapidly estimate the strength with which a ligand
binds to a protein — its binding affinity.

This thesis explores the use of machine learning techniques to improve
scoring functions for protein-ligand binding affinity. We first analysed the
features used by several published machine learning scoring functions, be-
fore showing that augmenting these features with ligand-based features can
improve scoring function performance. We then compare the performance
of different machine learning algorithms.

We next perform a series of experiments to investigate how the size and
composition of the training set, and its similarity to the test set, influences
the performance of Random Forest scoring functions. We find that regard-
less of training set composition, augmenting structure-based feature sets
with additional ligand-based features leads to enhanced scoring function
performance on a diverse test set. We further investigate the predictions
of a Random Forest using only ligand-based features, and find that, when
a ligand has different binding affinities for multiple binding partners, this
ligand-only model is predictive of the mean binding affinity of a ligand for
its binding partners.

Finally, we address the use of docked poses for the ligand instead of
experimentally-determined binding modes. We find that pose prediction
errors are common. We show that using docked poses in place of crystal-
lographic binding modes reduces scoring function performance, and that
augmenting a structure-based scoring function with ligand-based features
can help to counteract this effect. We then construct a new data set and
show that generalising to new data and novel targets remains challenging
for machine learning scoring functions.

In this thesis we examine whether the use of a more detailed represen-
tation of the physicochemical properties of a ligand can improve machine

learning scoring functions for protein-ligand binding affinity
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Introduction and Background

1.1 | Introduction

Drug discovery is the process of finding new medicines. This most commonly
takes the form of identifying competitive inhibitors — small organic molecules,
or ‘ligands’, that interact specifically with a protein target of therapeutic interest,
usually with the effect of inhibiting the function of the protein. The drug dis-
covery process is a slow, expensive, and financially risky undertaking. Recent
reports estimate the cost of bringing a new medicine to market to be in excess of
$1 billion USD (Avorn, 2015; DiMasi et al., 2016), and a development period of
over 10 years from target identification to the conclusion of clinical trials (Taylor,
2015). This time and resource investment is no guarantee of success: much of the
cost associated with drug development can be attributed to late-stage attrition
where candidate drugs failing in clinical trials due to unanticipated problems re-
lating to safety or toxicology (Waring et al., 2015). The high cost and low produc-
tivity in drug development is a long-standing and well-studied problem (Myers

and Baker, 2001; Paul et al., 2010), for which a solution has yet to be found.
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Chapter 1. Introduction and Background

Motivated by the need to manage the rising costs of drug development, in-
terest has grown in the use of computational methods to address these chal-
lenges. By reducing the need for slow, costly in vitro and in vivo studies and
shifting toward rapid and less expensive in silico experiments, computer-aided
drug design (CADD) offers the potential to expedite the drug discovery process
and reduce development costs (Shekhar, 2008; Ou-Yang et al., 2012) while also
providing a greater understanding of the molecular processes governing the be-
haviour of a candidate drug (Macalino et al., 2015).

A fundamental aim of CADD is to predict if a ligand binds to a protein,
and if so, predicting the binding affinity of that ligand for the protein. Ideally,
we want a potent molecule so as to reduce the required dosage. In addition
to performing experimental assays to investigate binding, the binding affinity
of a ligand for a protein can sometimes be predicted accurately using free en-
ergy perturbation methods with molecular dynamics or Monte Carlo simula-
tions of the protein-ligand system (Deng et al., 2004; Chodera et al., 2011). How-
ever, these approaches are laborious and computationally expensive, and often
require manual parameterization of the ligand, making them sub-optimal for
screening large compound libraries in the early stages of drug discovery. In-
stead, the computationally-efficient approach of protein-ligand docking can be
used to generate hypothetical binding poses of each ligand, and their affinity can
be estimated using rapid scoring functions designed to evaluate protein-ligand
interactions with little computational cost.

Much of this work rests on our knowledge of the phenomenon of molec-
ular recognition: the ability of chemical and biological systems to distinguish

between different molecules and interact selectively, thereby regulating the be-
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Chapter 1. Introduction and Background

haviour of the system. Molecular recognition relies on a wide range of non-
covalent interactions between molecules, such as hydrogen bonds, van der Waals
forces, and electrostatic interactions. An understanding of molecular recogni-
tion, and how best to represent it computationally, is thus a vital part of accu-
rately predicting binding affinity. In identifying those features of proteins and
small molecules that enable us to predict binding affinity accurately, we may be
able to gain new insights into molecular recognition.

In this Chapter, we discuss the concept of molecular recognition, and how
the kinematics of protein-ligand binding relates to the free energy of binding.
We then briefly summarise the drug discovery process and discuss how compu-
tational methods are used in the early stages of drug discovery to quickly screen
large virtual libraries of compounds. We introduce protein-ligand docking, and
discuss the strengths and limitations of this computationally-efficient method
of modelling protein-ligand binding. We review the scoring functions used in
protein-ligand docking and describe how the introduction of machine learning
techniques has led to a new class of scoring functions that have improved the
accuracy of protein-ligand binding affinity prediction. We describe how scoring
functions are evaluated, introducing structural and binding affinity validation
sets and benchmarking exercises found in the literature. We finish by outlining

the structure of and key contributions of this thesis.

1.2 | Molecular Recognition

Molecular recognition is the specific interaction between two or more molecules

through noncovalent bonding driven by intermolecular forces such as van der

3



Chapter 1. Introduction and Background

Waals, electrostatics, and hydrogen bonding interactions, and is the physical
principle underlying protein-ligand interactions. The earliest model of molecu-
lar recognition was that of the “lock and key”, hypothesised by Emil Fischer (1894).
In this model, the active site of a host molecule has a specific fixed shape. Just
as a key fits a lock, a guest molecule will only fit into the active site and bind if
its shape is an exact complement to the shape and chemistry of the active site.
This does not, however, take account of the flexibility of biological molecules.
The induced fit model of molecular recognition proposed by Koshland (1958)
instead suggests that changes in the conformation of a protein or ligand occur
when each molecule is in the presence of the other, allowing initially incompat-
ible molecules to adopt conformations more conducive to binding.

An alternative hypothesis to the induced fit model is that of conformation se-
lection (Monod et al., 1965; Rubin and Changeux, 1966) in which different con-
formations of the protein and ligand exist independently, and binding occurs
between complementary conformations. There has been much debate about
whether the induced fit or conformation selection models more accurately de-
scribe molecular recognition (Changeux and Edelstein, 2011), and indeed how
to determine which mechanism is at play in a given interaction (Hammes et al.,
2009; Gianni et al., 2014). Both models have been implemented in docking proto-
cols, however due to limitations in computational power, use of the induced fit
model is often limited to allowing a small number of flexible side chains around
the active site of the protein to move. Similarly, docking against an ensemble of
conformations is limited by the cost of running a full docking simulation for each
conformation of the protein and, where necessary, using tools such as molecu-

lar dynamics to generate the ensemble of protein conformations (Totrov and
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Abagyan, 2008; Amaro et al., 2018).

1.2.1 | Free Energy of Binding

If we treat the bound complex and the unbound protein-ligand pair as two sep-
arate systems, then the strength of the binding is characterised by the difference

in the Gibbs free energy of the two systems,

AG = Gbound - Gunbound- (1-1)

The difference in free energy is known as the free energy of binding, and
results from an interplay of the potential energy associated with the various in-
teractions involved in the binding, as well as entropic contributions due to the
flexibility and motion of the molecules. In practice, solvation effects resulting
from hydrophilic and hydrophobic contacts on the surface of the molecules be-
ing buried in the binding pocket rather than exposed to solvent also contribute
to the difference in free energy. A complex with a highly negative free energy of
binding is strongly bound, while a complex with a less negative free energy of
binding is weakly bound and easily separated.

The Gibbs free energy of a thermodynamic system, G, is the internal energy

of the system available to do work, and is defined as:
G=H-TS (1.2)

where H is the enthalpy, S is the entropy, and T is the absolute temperature of
the system. Enthalpy comprises the internal energy of a system plus the work
done in making room for the system by displacing the surrounding environ-

ment. Entropy is a measure of the ‘disorder” of the system and is directly related
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Chapter 1. Introduction and Background

to the number of microstates of the system, W, by the Boltzmann equation:
S=kglnW (1.3)

where kg is the Boltzmann constant.
At equilibrium, and under standard conditions, for an infinitesimal change

at fixed temperature the change in free energy is given by:
AG = AH —TAS, (1.4)

so the binding interaction can be viewed as a valance between enthalpic and
entropic changes upon binding. For many systems, changes in enthalpy are ob-
served to occur alongside opposing changes in entropy, resulting in little change
in the free energy. This phenomenon is known as the enthalpy-entropy compen-
sation, and is often cited as an explanation for the behaviour of closely-related
chemical systems (Dunitz, 1995; Qian, 1998). It has been suggested that over-
coming enthalpy-entropy compensation is a significant limiting factor in bind-
ing affinity optimisation (Lafont et al., 2007; Freire, 2008; Reynolds and Hol-
loway, 2011). However, there is much debate in the literature over whether
enthalpy-entropy compensation is a physical phenomenon, or simply a math-
ematical artefact (Sharp, 2001; Starikov and Nordén, 2007), and consequently
whether pursuing affinity optimisation directly is more appropriate than en-

thalpic and entropic optimisation (Geschwindner et al., 2015).

1.2.2 | Binding Kinematics

The free energy of binding can be related to the kinematics of protein-ligand

binding as follows. For a protein, P, and ligand, L, we may write the following
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Chapter 1. Introduction and Background

reaction:

k
P+L =PL (1.5)
kot

where kon and kg are the rate constants for the binding and unbinding reactions,
respectively. At equilibrium, the binding and unbinding reactions are balanced,
SO we can write

Kon [P] [L] = koff [PL] (1.6)

where [L], [P], and [LP] are, respectively, the concentrations of unbound ligand,
unbound protein, and bound protein-ligand complex, usually given in moles
per litre, or mol L!. The dissociation constant K4 is then defined as the ratio of

unbound to bound molecules, and has units of concentration:

Kq = % = % (1.7)

For a competitive inhibition process, where an inhibitor I binds to the protein,
P, the inhibition constant Kj is defined equivalently to Ky as the ratio of the rate
constants:

[P] _ kot

A small inhibition or dissociation constant thus corresponds to a tightly-bound
ligand for which the rate of dissociation is much lower than the rate of binding.

A related quantity to the inhibition constant is the half-maximal inhibitory
concentration (ICsp). This is the concentration of the inhibiting ligand at which
the activity of the target protein is inhibited by half, and is related to the inhibi-
tion constant via the Cheng-Prusoff equation (Cheng and Prusoff, 1973; Lazareno

and Birdsall, 1993),

A
+oic

K; =

(1.9)

7



Chapter 1. Introduction and Background

where [A] is the concentration of the agonist! used in the assay. ECs is the equi-
librium concentration of agonist at which 50% of the target protein is activated.
Obtaining the inhibition constant from an ICsy measurement therefore requires
knowledge of the experimental conditions under which the measurement was
obtained. For this reason, measurements of ICs are less useful than measure-
ments of Kyq or Kiextsubscripti for the development of protein-ligand scoring
functions as it is not particularly meaningful to simply compare ICs values for
different ligands without knowledge of the assay conditions.

The free energy of binding is related to the dissociation constant by the Gibbs
equation:

K
AG = RTIn =% (1.10)
C

where 1.987 x 1072 kcal K! mol! is the ideal gas constant and T is temperature.
C% = 1 mol L is the standard concentration, and is required for the argument of
the logarithm to be dimensionless. Since the value of K; or Ky varies over many
orders of magnitude, the negative base-10 logarithm of the binding constant is

often reported. This is referred to as the pK of the molecule:
pK = —log;, Kq (1.11)

Table 1.1 shows the free energy of binding in kcal mol™ for different values of
the dissociation constant, ranging from weakly (millimolar affinity) to strongly
(femtomolar affinity) binding. Ligands with affinity greater than picomolar are

rare (Kuntz et al., 1999), but exceptional cases exist, such as the femtomolar

1A substance which binds to the target to activate it. In this context the inhibitor is referred
to as the ‘antagonist” as the inhibitory effect is opposite in function to that of the agonist. The
agonist and antagonist bind competitively i.e. only one can be bound to the target at any one
time.
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AG (kcal mol!) | K4 (mol L) pK Affinity Units
-4.09 1073 | 3 | millimolar | mM
-8.18 107 | 6 | micromolar | uM
-12.28 107° | 9 | nanomolar | nM
-16.37 1072 | 12 | picomolar | pM
-20.46 107 | 15 | femtomolar | M

Table 1.1: Free energy of binding corresponding to different values of the dis-
sociation constant. Values were computed using Equation 1.10 assuming a tem-
perature of 298.15 K

(Kg =~ 107mol L) affinity of biotin for the protein avidin (DeChancie and
Houk, 2007).

1.3 | The Drug Discovery Process

Drug discovery begins with the identification and verification of a therapeutic
target of interest. This is usually a protein, DNA, or RNA molecule important
to the development of the disease. Possible targets are identified through bio-
chemical studies and, more recently, disease-related genomics - the study of the
expression of genes and synthesis of the proteins they encode, and the role they
play in the disease.

Once a target has been verified to play a key role in the disease, the next
stage is assay development, which is followed by hit identification. Available
compounds are tested for activity against the target in high-throughput screens,
with compounds found to display activity known as ‘hits’. These hits are then
evaluated through further testing and assays to confirm their activity and test
for necessary properties such as bioavailability and lack of toxicity. Promis-

ing hits will undergo medicinal chemistry optimisation to improve selectivity
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and metabolism. The molecules selected at the end of this ‘hit-to-lead” stage are
known as ‘lead molecules’ or ‘leads’.

Next, in the lead optimisation phase, the structure of each lead molecule is
studied and modified to increase its affinity for the target. Sometimes, elimina-
tion of off-target effects is important, as well as optimisation of desirable prop-
erties such as bioavailability, metabolism, and stable storage will also be carried
out, while retaining potency.

Once the lead molecules have been optimised, pre-clinical trials using both
cell culture in vitro and animal in vivo models are used to better understand the
behaviour of the compounds and ensure that they are safe to begin human tri-
als. At this stage, compounds selected to proceed to clinical trials are known as
‘candidate drugs’. Finally, the candidate drugs undergo several stages of clini-
cal trials to determine whether they display the efficacy and safety required for

human use.

1.4 | Virtual Screening

In drug discovery projects, large libraries of in-house compounds are routinely
tested for activity against target proteins in a process known as high-throughput
screening (HTS). HTS has traditionally been used to search for active compounds,
however the low hit rate and high resource cost of this approach make it desir-
able to use computational techniques to identify the most promising drug candi-
dates for experimental investigation (Bleicher et al., 2003). Virtual screening (VS)
is a technique used to complement HTS by computationally searching through

large ligand libraries for novel compounds with some affinity for the target pro-
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tein (Walters et al., 1998; Lavecchia and Di Giovanni, 2013). The molecules iden-
tified during the virtual screening process can then be prioritised for further
investigation, and if confirmed as hits, proceed to lead optimisation (Jorgensen,
2009).

VS techniques have historically been broken down into two categories: ligand-
based and structure-based (Sliwoski et al., 2014). Ligand-based virtual screening
(LBVS) relies on using knowledge of known active (and, for some methods, in-
active) compounds to identify novel molecules likely to bind to the target of
interest. These approaches tend to be computationally inexpensive and can be
used when a reliable three-dimensional structure of the target is unavailable. In
contrast, structure-based virtual screening (SBVS) uses three-dimensional struc-
tures of the target to examine how each ligand is expected to interact with the
target. One of the most common approaches in SBVS involves using protein-
ligand docking to predict the binding mode of the ligand in the binding pocket
of the target. The three-dimensional model of the protein-ligand complex is then
used to assess the strength of the interaction and rank the ligands. SBVS has the
advantage of making direct use of information about the target, and does not
require knowledge of any active molecules. A drawback of SBVS is the dramati-
cally increased computational cost associated with docking each ligand into the

target structure.

1.4.1 | Ligand-Based Virtual Screening

Modern LBVS techniques are an evolution in many ways of quantitative structure-

activity relationship (QSAR) modelling, in which the physicochemical proper-
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ties or theoretical descriptors of a molecule are used to construct a quantitative
model of the activity of the molecule. QSAR modelling has itself seen numerous
applications in drug design and drug discovery (Kubinyi, 1997a,b).

In the case where binding affinity data are available for known active com-
pounds but not for inactives, there are generally two methods which are em-
ployed: pharmacophore modelling and similarity searching. Pharmacophore
modelling consists of identifying “pharmacophoric” (electronic and steric) fea-
tures of the known actives. By selecting those features common to a represen-
tative set of actives it is possible to build up a model of those pharmacophoric
features likely to be important for a ligand to bind to the target (Sun, 2008). By
superimposing the pharmacophores of an unseen ligand on the model gener-
ated from the known actives and quantifying how similar the features are, it is
possible to rank a set of ligands by their similarity to the pharmacophore model.

Another option is chemical similarity searching (Willett, 1998) where rather
than comparing spatial features of compounds, a set of descriptors are com-
puted for each molecule. By defining a meaningful distance metric for differ-
ences in the chosen descriptors it is then possible to rank ligands by their similar-
ity to known actives. Perhaps the most commonly-used approach to similarity
searching is the use of molecular fingerprints that encode the chemical structure
of the model in a vector representation. Today, there are many different fin-
gerprints used as ligand descriptors, and their application to virtual screening
is well-studied (Cereto-Massagué et al., 2015). Even if the 3D structure of the
target is known it still makes sense to take advantage of any available informa-
tion. As such, a ligand-based virtual screen might be valuable as a precursor to

a structure-based virtual screen, as ligand-based methods are much less compu-
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tationally intensive and so can help to reduce the number of ligands used for
structure-based screening.

Finally, if binding data are available for both active and inactive compounds,
another option is to use supervised machine learning techniques to classify lig-
ands as active or inactive based on a chosen set of descriptive features. Ligand-
based virtual screening has been accomplished using a variety of techniques,
including support vector machines (Jorissen and Gilson, 2005; Mahé et al., 2006;
Hinselmann et al., 2011), Random Forest (Svetnik et al., 2003, 2004), and artificial

neural networks (Betzi et al., 2006).

1.4.2 | Structure-Based Virtual Screening

In SBVS, a model of the three-dimensional structure of the protein target is used
to propose a binding mode and /or assess the strength of the interaction between
the small molecule and the protein (Lyne, 2002). The goal of SBVS is to perform
two key tasks: predicting the position and orientation (and if it is flexible, con-
formation) of a small molecule with respect to the target (the ‘binding pose” or
‘binding mode’);sc and estimating the binding affinity, or free energy of bind-
ing, of the bound complex. Unlike LBVS, which relies on knowledge of active
molecules, SBVS can be used without knowing any active molecules for the tar-

get.

1.4.3 | Protein-Ligand Docking

The most commonly-used technique in SBVS is protein-ligand docking. A dock-

ing protocol consists of a search algorithm which samples a ‘search space” de-
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scribing the possible binding modes or “poses’ of the ligand with respect to the
target; and a scoring function which ranks the proposed poses with the aim of
both identifying the experimentally observed binding mode and estimating the
affinity of the complex (Kitchen et al., 2004; Huang and Zou, 2010; Meng et al.,
2011; Cheng et al., 2012). The success of docking is dependent both on the ef-
ficiency and reliability with which the search samples, positional, orientational,
and conformational space, and the accuracy with which the scoring function es-
timates the binding affinity or discriminates between binders and non-binders.

While there has been great progress, one of the major remaining challenges in
protein-ligand docking is incorporating receptor flexibility in a computationally-
efficient manner. Early docking methods, such as DOCK (Kuntz et al., 1982),
treated both the ligand and receptor as rigid bodies. AutoDock was the first
reported docking software to model the ligand as flexible (Goodsell and Olson,
1990). In contrast, modern docking methods allow for flexibility in both the
ligand and receptor, and have been used to demonstrate that accounting for
induced fit effects results in improved docking performance (Rosenfeld et al.,
2002; Meiler and Baker, 2006; Nabuurs et al., 2007; Barreca et al., 2009; Ding
et al., 2010), yet despite advances in this direction, modelling receptor flexibility
remains challenging (Lexa and Carlson, 2012; Yuriev et al., 2015)

Despite the challenges posed by modelling ligand and receptor flexibility,
there has been great progress in the development of docking algorithms, with
modern docking software often capable of reproducing experimentally-observed
binding poses. In contrast, predicting the binding affinity of a protein-ligand
complex, even when the binding pose is known, remains extremely challeng-

ing. In retrospective benchmarking studies (Cheng et al., 2009; Li et al., 2014c,b;
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Su et al., 2018) and community exercises using unseen data (Smith et al., 2011;
Damm-Ganamet et al., 2013; Smith et al., 2016; Carlson et al., 2016; Gathiaka
et al., 2016; Gaieb et al., 2019), the ability of docking scoring functions to predict

protein-ligand binding affinity is poor.

1.4.4 | Combining Virtual Screening Methods

While LBVS and SBVS have different sets of requirements, their use is not mu-
tually exclusive. On the contrary, LBVS and SBVS methods are often viewed as
complementary, and combinations of ligand-based and structure-based meth-
ods have been successfully applied in virtual screening projects (Drwal and Grif-
fith, 2013).

Sequential approaches, in which computationally less-expensive ligand-based
methods are used as a pre-filter for computationally more-expensive structure-
based methods, have the advantage of minimising the computational cost as-
sociated with structure-based methods by reducing the number of molecules
screened, and have been successfully applied to virtual screening projects (Hous-
ton et al., 2015; Floresta et al., 2018). One disadvantage of this approach is that
mis-classification at any step can result in an active molecule being removed
from the pipeline, even if subsequent steps would have correctly identified it as
active.

Parallel approaches, in which different structure-based and ligand-based meth-
ods are applied to the full set of molecules, have also proven successful (Svens-
son et al., 2011; Swann et al., 2011; Joshi et al., 2017). In contrast with a sequential

approach, a parallel approach allows for the strengths of different, complemen-
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tary methods to be combined at the expense of an increase in the computational
cost of screening each molecule.

Finally, hybrid approaches in which ligand-based and structure-based infor-
mation are combined in a single method have also been developed (see for ex-
ample Anighoro and Bajorath (2016)). The optimal approach for combining
different methods and data remains an open question; however, several studies
comparing different approaches have shown that parallel selection out-performs
other data fusion approaches (Tan et al., 2008; Kriiger and Evers, 2010; Svensson

etal., 2011).

1.4.5 | Proteochemometric modelling

Proteochemometric modelling (PCM) is an approach to modelling protein-ligand
interactions in which descriptors of the protein and the ligand are combined in
a single predictive model (Lapinsh et al., 2001), which can be seen as an ex-
tension of (ligand-based) QSAR. By construction, QSAR models can only make
predictions about ligands with respect to a single protein, and require data about
ligands for that protein in order to build the model. Consequently, QSAR is un-
able to model ligand selectivity across multiple proteins or to predict the activity
of ligands for a novel protein for which binding data are unavailable. Further,
QSAR models often struggle to extrapolate to novel areas of chemical space not
represented in the training data (Gedeck et al., 2006) and so are prone to failing
to identify activity cliffs - small changes in chemical structure that result in a
large change in the biological activity of the ligand (Maggiora, 2006).

In contrast to the ligand-based QSAR approach, PCM is able to model protein-
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ligand interactions across both protein and ligand space simultaneously. PCM
has been found to outperform QSAR when extrapolating to novel ligands (van
Westen et al., 2011), and has been proven to be capable of predicting ligand se-
lectivity (Ain et al., 2014) and capturing polypharmacology (Paricharak et al.,
2015). For recent reviews of methodological advances and applications of PCM,
the reader is referred to Cortés-Ciriano et al. (2015) and Qiu et al. (2016). The
success of PCM in a range of applications demonstrates the value of integrat-
ing protein-based and ligand-based approaches when modelling protein-ligand

interactions.

1.5 | Scoring Functions for Protein-Ligand
Binding Affinity

Scoring functions are approximate, computationally-efficient methods for as-
sessing molecular interactions. The scoring functions used in protein-ligand
docking can generally be classified as one of four types according to the infor-
mation and method used to score the ligand or predict its binding affinity for a
given target. These four types are: force-field, knowledge-based, empirical, and
machine learning.

Force-field scoring functions (Huang et al., 2006a,b; Genheden and Ryde,
2015) attempt to directly estimate the change in free energy upon binding by
summing the terms of a molecular mechanics force field, such as van der Waals
and electrostatic interactions between the two molecules. Other contributions

to the interaction energy, such as the effects of a solvent on exposed hydrophilic
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and hydrophobic atoms, are also often included. This approach has the advan-
tage of being grounded in well-understood physical models without depending
on experimental data to fit a model. However, it ignores statistical mechanics
and fails to compute entropic contributions, with the exception of approxima-
tions of the desolvation of the protein and ligand upon binding. Although de-
tailed molecular mechanics approaches have the potential to predict accurately
the free energy of binding of a system, concerns about reproducibility and the
computational cost of accurate calculations can limit the applicability of these
techniques (Guvench and MacKerell Jr, 2009; Mobley, 2012).

Knowledge-based scoring functions, also known as statistical potentials, are
derived from the distribution of pairwise distances between atoms in structures
found in the Protein Data Bank, which are are then converted into an energy
function using potentials of mean force (Miyazawa and Jernigan, 1985; Sippl,
1990). Although this technique is perhaps more commonly associated with pro-
tein structure prediction, it has seen numerous applications to the prediction of
protein-ligand binding affinity (DeWitte and Shakhnovich, 1996, Morris et al.,
1998; Muegge and Martin, 1999; Gohlke et al., 2000; Gohlke and Klebe, 2001;
Ozrin and Subbotin, 2004; Mooij and Verdonk, 2005).

Empirical scoring functions consist of a weighted sum of physically-meaningful
terms, examples of which might include force-field or force-field-like potential
terms, the presence of hydrogen bonds, the molecular weight of the ligand, or
entropic penalties due to the size and flexibility of the ligand. The weighting
of these terms might be determined by regression using experimental binding
data for known protein-ligand complexes or assigned manually. This approach

was pioneered by Bohm with LUDI (Bohm, 1992, 1994, 1998) and adopted in
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the scoring function of AutoDock 3 (Morris et al., 1998), and has since become a
popular approach for rapidly estimating binding affinity (Eldridge et al., 1997;
Gilson et al., 1997; Gilson and Zhou, 2007; Li et al., 2013). In particular, em-
pirical scoring functions are commonly used in protein-ligand docking both for
ranking binding poses and for affinity prediction (Morris et al., 2009; Trott and
Olson, 2010; Friesner et al., 2004, 2006; Baek et al., 2017). Although most dock-
ing software and empirical scoring functions are intended for general-purpose
use, variants of these scoring functions have been developed to represent a spe-
cific system by more accurately modelling specific interactions. An example of
this approach is the work of Laederach and Reilly, who adapted AutoDock 3 for
protein-carbohydrate complexes. This led to a reduction in a reduction in the
residual standard error on the free energy of binding from 2.070 kcal/mol using
the original AutoDock 3 scoring function to 1.101 kcal/mol using the adapted
scoring function (Laederach and Reilly, 2003). Further examples of this include
XBScore (Zimmermann et al., 2015) and AutoDock VinaXB (Koebel et al., 2016),
both of which model halogen bonding, and AutoDock4z, (Santos-Martins et al.,
2014), which explicitly models zinc ion coordination, resulting in substantial im-
provements in the docking of ligands to zinc metalloproteins.

Common to these approaches is the a priori assumption of the functional form
of the relationship between the predictive features and the binding affinity. In
contrast to this, a range of machine learning methods have been developed to
predict binding affinity and use a diverse range of representations of the protein-
ligand complex. This deviates from more traditional approaches in that it is not
necessary to assume the functional form of the relationship between descriptive

features and binding affinity. Instead, machine learning methods are able to in-
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fer the relationships between features and binding affinity directly from the data
they are trained on. Indeed, deep learning algorithms can be used to extract fea-
tures from the underlying data, albeit as a ‘black box’. Because of this difference
in methodology, force-field, statistical, and empirical scoring functions are com-
monly referred to collectively as “classical” scoring functions to distinguish them

from those built using machine learning algorithms.

1.5.1 | Machine Learning Scoring Functions

Beginning around 2004, there has been a growing interest in the use of machine
learning techniques to develop more accurate scoring functions (Deng et al.,
2004; Zhang et al., 2006). Numerous studies have been published reporting im-
proved performance over classical scoring functions by either using the small
number of features of existing scoring functions as input to a machine learning
algorithm, or by the use of other sets of descriptors.

In 2010, Durrant and McCammon published NNScore (Durrant and Mc-
Cammon, 2010), which uses a set of 194 features characterising a protein-ligand
complex as input to a neural network with a single hidden layer. Although
trained for virtual screening, the classification probabilities output by the re-
sulting model were found to rank accurately the relative binding affinities of
ligands, suggesting that the neural network model could also be used as a post-
docking scoring function for affinity prediction. A neural network was also
successfully used by Betzi et al. (2006) to combine several scoring functions in
a consensus model. The authors reported enhanced virtual screening perfor-

mance but did not address the affinity prediction problem. In 2011, Durrant and
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McCammon published NNScore 2.0 (Durrant and McCammon, 2011b), an up-
dated version of NNScore using a more detailed characterisation of the protein-
ligand complex computed using the BINANA algorithm (Durrant and McCam-
mon, 2011a) together with the features of the AutoDock Vina (Trott and Olson,
2010) scoring function. Unlike NNScore, NNScore 2.0 was specifically trained
for the task of binding affinity prediction, and was found to outperform both
the AutoDock Vina scoring function and a neural network using the AutoDock
Vina features alone.

One particularly popular machine learning algorithm for scoring function
development is Random Forest (RF) (Breiman, 2001), an ensemble learning algo-
rithm based on averaging the predictions of a large number of uncorrelated deci-
sion tree estimators. In 2010, Ballester and Mitchell published RF-Score (Ballester
and Mitchell, 2010), which used a set of thirty-six descriptors comprising counts
of protein-ligand atom pairs in close proximity as input to a RE. The resulting
scoring function was found to outperform classical scoring functions when eval-
uated on a held-out test set. In 2013, Zilian et al. (2013) used the descriptors of
the classical scoring function SFScore (Sotriffer et al., 2008) as input features for
a RF, resulting in more accurate affinity predictions. In 2014, Li et al. (2014a)
showed that substituting RF for linear regression in the empirical scoring func-
tion Cyscore (Li et al., 2014a) led to improved affinity predictions, and that the
RF was able to continue to learn as more training data were added while the per-
formance of the linear regression hit a plateau. In 2014, Ballester et al. published
RF-Score v2 as part of a study that showed that, perhaps counterintuitively, a
‘more detailed” description of the protein-ligand complex (in this case, binning

the atom-pair counts by separation and treating each binned count as a sepa-
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rate descriptor) did not necessarily lead to more accurate predictions of binding
affinity (Ballester et al., 2014). In 2015, Li et al. (2015b) showed that combin-
ing the atom-pair counts of RF-Score with the features of AutoDock Vina led
to improved predictions of binding affinity, resulting in a new version of the
scoring function, RF-Score v3. Even more recently, Wéjcikowski et al. (2017)
re-trained each version of RF-Score for virtual screening (i.e. binary classifica-
tion of compounds as active or inactive). The resulting classifiers significantly
outperformed classical docking scoring functions when examples of ligands for
the same target were included in both the training and test data (a so-called
‘horizontal split’); however, when the training and test sets contained different
protein targets (‘vertical split’), the performance of the RF classifiers was much
closer to that of the classical scoring functions. This suggests that the perfor-
mance of RF-Score in a virtual screening context is strongly dependent on the

existence of previously-seen examples for the target of interest.

Deep Learning Scoring Functions

More recently, there has been a growing interest in the use of deep learning for
pose prediction, affinity prediction, and virtual screening. In 2017, Ragoza et
al. published two studies using convolutional neural networks to score protein-
ligand complexes for both pose-prediction and virtual screening (Ragoza et al.,
2017a,b). Inspired by the success of convolutional neural networks in image
processing tasks, the authors treated scoring as an image recognition problem
by representing each protein-ligand complex as a set of three-dimensional atom

density maps. By computing the density of each atom species on a regularly-
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spaced grid, a discretised representation of the protein-ligand complex’s struc-
ture was generated. This representation was analogous to the red-green-blue
colour channels of pixels in an image, but with the different atom types repre-
senting different colour channels.

This approach performed well at both pose prediction and virtual screening,
though a convolutional neural network trained on a pose prediction data set
tends to perform poorly at virtual screening and vice versa. The authors further
showed that when trained on a mixture of pose prediction and virtual screen-
ing data, the convolutional neural network performs moderately well at both
tasks, but not as well as when trained for either task alone. Their work builds
on AutoDock Vina by re-scoring docked conformations generated by Vina. In-
terestingly, the authors note that while their convolutional neural network out-
performs the Vina scoring function at inter-target pose prediction (prediction
across multiple targets), it is outperformed by the Vina scoring function at intra-
target pose prediction (prediction for a single target), which is the more likely
scenario when docking. It is suggested that this is a result of their training proto-
col only considering the RMSD (root-mean-square deviation) of a docked pose
and that intra-target pose prediction might be improved by weighting poses by
the binding affinity of the ligand to prioritise correctly identifying the binding
mode of active compounds. Although Ragoza et al. do not attempt to directly
predict binding affinity, studies by Gomes et al. (2017), Jiménez et al. (2018), and
Stepniewska-Dziubinska et al. (2018) found that a similar use of convolutional
neural networks for affinity prediction achieved competitive results. More re-
cently, Imrie et al. (2018) demonstrated that the methodology of Ragoza et al.

can be enhanced by applying recent advances in the design of convolutional
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neural network architecture, suggesting that advances in computer vision are

directly transferable to the problem of virtual screening.

1.5.2 | Scoring Function Validation

Despite the rapid advances in scoring function development through the appli-
cation of machine learning, concerns have been raised about the validation and
interpretability of such models. Kramer and Gedeck (2010) showed that the per-
formance of RF-Score drops substantially when applied to protein targets not
present in the training data. In addition, Li and Yang (2017) and Li et al. (Li
et al., 2018) found that the performance of RF-Score is strongly dependent on
whether the training set includes examples of proteins with similar structure
and sequence to those in the test set, suggesting that the scoring function can be
expected to generalise poorly to a previously-unseen target. Gabel et al. (2014)
showed that the performance of RF-Score was not significantly impacted by the
choice of distance at which atom-pairs were counted. In particular, even when
atom-pairs are only counted if their separation was between 10-12A, the scor-
ing function’s performance was not significantly impacted, suggesting that the
RF-Score descriptors do not, in fact, allow the RF to correctly identify physi-
cal interactions between the protein and ligand. These concerns are not limited
to RF-Score, or even to affinity prediction in general. Indeed, Sieg et al. (2019)
demonstrated that convolutional neural network virtual screening models are
susceptible to bias and artificial enrichment in popular virtual screening bench-

mark sets such as DUD-E (Mysinger et al., 2012).

The ultimate test of the usefulness of a scoring function is its ability to en-
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rich hit rates in a virtual screening campaign and prioritise strong binders over
weaker ones. However, such prospective validation is often beyond the reach
of academic research since it requires not only conducting a virtual screening
campaign on a novel set of targets and/or compounds but also experimental
validation of the predicted active compounds. This an expensive undertaking
in terms of both research time and financial resources. Moreover it does not offer
a readily-accessible benchmark against which researchers can test their methods
to allow direct comparison with the present state of the field. In practice, scor-
ing functions are typically assessed using publicly-available data such as crys-
tal structures of bound protein-ligand complexes taken from the PDB (Berman
et al., 2000) and bioactivity data taken from databases such as ChEMBL (Gaulton
et al., 2017). However, the quantity and diversity of publicly-available data
means that in the absence of an accepted standard for scoring function valida-
tion, it would be difficult to compare the results of two scoring function pub-
lications in any meaningful way. To address this issue, numerous benchmark
sets and community challenges have been published with the aim of assessing
the state of the field and offering robust standards by which different scoring

functions can be compared.

Benchmarking Sets

Perhaps the most widely-adopted standard for scoring function comparison is
the Comparative Assessment of Scoring Functions (CASF). Originally published
in 2009 (Cheng et al., 2009) with subsequent updates published in 2014 (Li et al.,
2014c¢,b) and 2018 (Su et al., 2018), CASF defines four different tests — docking
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power, scoring power, ranking power, and screening power — designed to eval-
uate the performance of scoring functions in a range of tasks. The benchmark is
based on a subset of the publicly-available PDBbind database (Liu et al., 2017),
known as the ‘core set’, and all data associated with the exercise are made pub-
licly available to allow researchers to directly compare methods against those
tested in the exercise. A popular training and validation paradigm, particularly
for machine learning scoring functions, is to hold out one or more versions of
the ‘core set” as an external test set, while using the remaining data from the
PDBbind database for training purposes.

Several other benchmarking sets for the validation of virtual screening meth-
ods have been published in recent years. The Directory of Useful Decoys — En-
hanced (DUD-E) (Mysinger et al., 2012) consists of 102 protein targets with a
total of 22,886 active compounds and their affinities and was an extension of its
predecessor, DUD (Huang et al., 2006c). For each active compound 50 mostly
putative inactives, or ‘decoys’, are provided. The decoys are chosen to have
similar physicochemical properties to the actives but dissimilar 2D topology,
to prevent them being trivially differentiated on the basis of simple properties.
Another such benchmarking set is DEKOIS 2.0 (Bauer et al., 2013): a set of 81
structurally-diverse protein targets with active compounds drawn from Bind-
ingDB (Gilson et al., 2015). Similar to DUD-E, 30 decoys are selected for each
active by matching physicochemical properties while ensuring topological dis-
similarity. Another popular benchmark is the set of ‘Maximum Unbiased Vali-
dation” (MUYV) datasets published by Rohrer and Baumann (2009). These are in-
tended to avoid artificial enrichment of screening results by ensuring adequate

embedding of active compounds among decoys in chemical space and features
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experimentally verified non-binders.

Community Exercises

The Community Structure-Activity Resource ran four docking and scoring ex-
ercises in which the scientific community was invited to submit binding pose
and activity predictions for a diverse set of protein targets (Smith et al., 2011;
Dunbar et al., 2011; Damm-Ganamet et al., 2013; Dunbar et al., 2013; Smith et al.,
2016; Carlson et al., 2016). Unlike CASF which is based entirely on publicly-
available data, CSAR made use of previously-unseen in-house and industrial
data; in particular, the 2014 exercise featured a large set of data donated by
GlaxoSmithKline (Carlson et al., 2016). The goal of these exercises was not to
compare methods and rank from ‘best’ to ‘worst” but rather to assess the state of
the field. Following the conclusion of the 2014 exercise, Carlson provided a sum-
mary of the lessons learned over the course of the four exercises (Carlson, 2016).
Perhaps most illuminating are Carlson’s comments on the difficulty of data set
construction and the dire need for greater statistical rigour in the assessment of

model performance.

More recently, the Drug Design Data Resource (D3R) was established for
the purpose of sharing datasets and techniques for CADD, and regularly runs
community exercises across a range of computational problems. To date, D3R
has run four ‘Grand Challenges’: community-wide blinded exercises in bind-
ing pose and activity prediction, of which the overview and results of the first
three have been published (Gathiaka et al., 2016; Gaieb et al., 2018, 2019). These

challenges provide an overview of the state of the art in docking and affinity
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prediction, and help to highlight challenges facing the field. The results of D3R
Grand Challenge 3 suggest that although in many cases accurately predicting
the binding pose of a ligand is possible, the results of docking can be inconsis-
tent and depend on how a docking tool is used. Furthermore, when docked
poses were used to predict binding affinity, the accuracy of the pose used was
found to not be correlated with the accuracy of the affinity prediction, indicat-
ing that affinity prediction remains challenging even when docking accurately

reproduces the binding pose (Gaieb et al., 2019).

Homology modelling in Drug Discovery

The data sets described previously all feature protein targets for which experi-
mentally determined structures of the target are available. However, in a real-
world drug discovery problem, this is not always the case. If the structure of the
target has not been solved (through X-ray crystallography or NMR analysis), an
alternative approach is to first use homology modelling to generate a structural
model of the target. While this introduces an additional source of error, there are
numerous success stories of the use of homology modelling in structure-based
drug discovery (Muhammed and Aki-Yalcin, 2019). The use of modelled struc-
tures is particularly common for G-protein-coupled receptors (GPCRs), a large,
diverse group of membrane proteins. While GPCRs make up a third of all FDA-
approved drug targets (Hauser et al., 2017), the majority of human GPCRs do
not have experimentally-solved structures available in the PDB, making them a

good candidate for SBVS using homology models (Castleman et al., 2019).

Despite the prevalence of GPCRs as drug targets, and the successful use
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of homology models of GPCRs in drug discovery campaigns, the application
of SBVS methods to homology models remains challenging. Ferrara and Ja-
coby (2007) studied the use of homology models of the insulin-like growth factor
1 receptor and found that virtual screening performance varied greatly between
different homology models, and that the best homology models performed worse
than the best available crystal structures. Lim et al. (2018) performed a virtual
screening benchmarking study across 19 human GPCRs with available crystal
structures, and found that for 10 of the 19 GPCRs, virtual screening perfor-
mance using a homology model matched the performance when using a crystal
structure. Conversely, Loo et al. (2018) found that GPCR crystal structures con-
sistently out-performed homology models in both binding pose prediction and
virtual screening enrichment. Recent case studies in using homology models for
docking have also met with mixed success (Chen et al., 2018; Pan et al., 2019;
Costanzi et al., 2019), indicating that the use of homology models for SBVS re-

mains challenging.

1.6 | Other Methods for Modelling

Protein-Ligand Interactions

Although docking is the premier technique applied to structure-based drug dis-
covery, owing to its computational efficiency, other, more computationally ex-
pensive methods are also used to explore protein-ligand interactions. Here we
briefly review two such approaches: molecular dynamics and free energy per-

turbation.
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1.6.1 | Molecular Dynamics

While protein-ligand docking and scoring functions enable rapid generation of
the likely binding pose and estimates of binding affinity for large libraries of
compounds, the models of molecular recognition used are simple approxima-
tions of the underlying physical processes, often relying on a single static snap-
shot of a protein to evaluate the binding interactions. A complementary ap-
proach to these computationally-cheap approximations is that of molecular dy-
namics, in which detailed simulations of the motions of the atoms comprising

the molecules are used to study the behaviour of the molecules.

In molecular dynamics, a physics-based force field is used to define the in-
teractions between the atoms in the simulation. By numerically integrating the
resulting Newtonian equations of motion, a trajectory describing the time evolu-
tion of the system can be constructed. While molecular dynamics is more com-
putationally expensive than docking, the resulting trajectories can be used to
study the physical processes underlying binding pathways (Salmaso and Moro,
2018), and explore the dynamics of processes such as ligand unbinding (Huang

and Caflisch, 2011b,a; Zhu et al., 2017).

Molecular dynamics is a well-established method in computational biology,
with the simulation of protein dynamics beginning in the 1970s (McCammon
et al., 1977) and the 2013 Nobel Prize in Chemistry awarded to Martin Karplus,
Michael Levitt, and Arieh Warshel for laying the groundwork for the develop-
ment of molecular dynamics (Smith and Roux, 2013). In recent years the in-
creasing availability of high-quality protein structures has led to together with

advances in computer hardware has led to a rapid growth in the application of
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molecular dynamics to problems in structural and molecular biology (Karplus
and McCammon, 2002; Hollingsworth and Dror, 2018). This increase in the ac-
cessibility of molecular dynamics is reflected in its growing application as part
of the drug discovery process (Durrant and McCammon, 2011c; De Vivo et al.,
2016).

Much as ligand-based and structure-based virtual screening methods are
used in tandem, docking and molecular dynamics are regularly applied together
as complementary techniques. One example of this is the relaxed complex scheme,
in which the ligand is docked into different conformations of the receptor ob-
tained by simulating the apo form using molecular dynamics (Lin et al., 2003;
Amaro et al., 2008). This approach enables an ensemble of conformations of the
protein-ligand complex to be generated, accounting for both ligand and recep-
tor flexibility without the need for full molecular dynamics simulations of the
complex. Molecular dynamics has also been applied as a pre-processing and
post-processing step to protein-ligand docking for structure preparation, pose
optimisation, affinity prediction, and ranking of docked ligands (Alonso et al.,

2006).

1.6.2 | Free Energy Perturbation

The speed and computational efficiency of protein-ligand docking and scoring
functions are made possible through approximations of the underlying physics,
such as the use of simple models to describe the effects of solvent exposure and
conformational entropy. While the computational efficiency of these methods

makes it possible to rapidly screen large compound libraries in the early stages
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of the drug discovery process, these approximations result in coarse-grained
models that yield poor predictions of the free energy of binding (Schneider,
2010).

In contrast, free energy perturbation methods aim to directly calculate either
the relative change in free energy between two states, or the absolute free energy
of binding, by making a series of perturbations to the system and computing
the change in energy at each step (Zwanzig, 1954). While these approaches are
computationally expensive and require significant sampling of the system using
either molecular dynamics (Jorgensen and Thomas, 2008) or Monte-Carlo (Jor-
gensen, 2009) simulations, the physical detail and potential for accurate binding
energy predictions offered by free energy perturbation methods has led to grow-
ing interest in their application to drug discovery (Chodera et al., 2011; Wang
et al., 2015; Lenselink et al., 2016; Williams-Noonan et al., 2017).

Finally, endpoint methods such as molecular mechanics Poisson-Boltzmann
surface area (MM/PBSA) and molecular mechanics generalized Born surface
area (MM/GBSA) offer a compromise between the speed of docking and the
accuracy of FEP (Genheden and Ryde, 2015). These approaches are known as
endpoint methods because they rely on simulating only the bound state and un-
bound state of the complex. For a recent review of the application of MM /PBSA
methods to biomedical problems, including protein-ligand binding, see Wang et

al. (2018)
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1.7 | Thesis Structure and Contributions

In this Chapter we have given a brief overview of the drug discovery process
and computer-aided drug design (CADD). We have discussed ligand-based vir-
tual screening (LBVS) and structure-based virtual screening (SBVS), introducing
protein-ligand docking and highlighted its success in predicting ligand binding
poses and its weaknesses in predicting ligand binding affinity. We provided a
summary of the classes of scoring functions used in protein-ligand docking to
predict binding affinity, and discussed examples of how the application of ma-
chine learning techniques to the ever-growing body of publicly-available struc-
tural and affinity data has led to a new family of scoring functions displaying an
enhanced ability to predict protein-ligand binding affinity.

In the thesis, we focus on new applications of supervised machine learning
to further improve the prediction of protein-ligand binding affinity. In Chapter
2, we explore a range of structure-based and ligand-based features and how they
may be used with different supervised machine learning algorithms for binding
affinity prediction. We examine the dimensionality of the sets of features, and
investigate how simple, parsimonious, and effective models can be constructed
by using only a small set of informative features. We focus on the case where
the correct binding mode is known, making use of x-ray crystal structures of the
protein-ligand complex.

In Chapter 3, we investigate how the inclusion of a rich set of rapidly-computed
ligand-based features improves the performance of RF-based scoring functions,
and how scoring function performance is affected by the size and composition

of the training set. We also examine how the size of the test set affects confidence
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in the results of scoring function assessment. As in Chapter 2, we focus on us-
ing crystal structures of the protein-ligand complex. We find that the inclusion
of ligand-based features consistently improves scoring function performance.
We investigate the predictive power of models based on ligand-based features
alone, and find that they are predictive of the mean observed affinity of a lig-
and for its binding partners. We conclude this chapter by testing whether scor-
ing functions with and without ligand-based features are able to generalise to
previously-unseen proteins and ligands, showing that despite strong predictive
power on a diverse benchmark set, machine learning scoring functions gener-
alise poorly to novel proteins and ligands.

In Chapter 4 we study the effect of structural features derived from docked
poses instead of experimentally-determined binding poses for affinity predic-
tion. We re-dock the PDBbind database and assess the quality of the gener-
ated poses; we find that in many cases, pose prediction errors are common. We
re-train and test RF scoring functions on docked poses and find that the accu-
racy of binding affinity predictions is worse than when trained on x-ray crys-
tal structures, even when testing on docked poses close to the experimentally-
determined binding pose. We show that when ligand-based features (that are
independent of the binding pose) are included in the scoring function, the accu-
racy of affinity predictions is substantially improved compared to when using
just structural features derived from docked poses. Finally, we construct a new
data set of ligands for six protein targets from the DUD-E database with new
affinity data taken from the ChEMBL database, and generate docked poses for
these ligands. We test RF scoring functions on this new data set, and find that

the scoring functions are unable to predict the binding affinity of the ligands for
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each target, unless they are trained on ligands for that target. We conclude that
while the use of ligand-based features can help to mitigate the deleterious effects
of docking pose prediction errors, machine learning scoring functions generalise
poorly to novel targets and data sets.

Finally, in Chapter 5, we summarise the results of this work. We discuss the
conclusions we have drawn and describe future work that might follow from

this thesis.
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Exploration of Features and
Algorithms for Binding Affinity
Prediction

This Chapter contains the results of an exploratory analysis of ways to improve
protein-ligand binding affinity predictions. We first investigate the use of Ran-
dom Forest (RF) to improve the AutoDock Vina scoring function. We compute
a diverse set of ligand-based features and show that the addition of these to the
Vina scoring function improves binding affinity prediction on our test set. We
also investigate the features used by several published machine learning scor-
ing functions for protein-ligand binding affinity and show that RF models using
these features are also improved by the inclusion of a diverse set of ligand-based
features. We analyse the correlations present in the features used across our
training set and find that there are strong correlations between features in each
feature set. We show for each set of features that the dimensionality of the corre-
sponding scoring function can be substantially reduced by removing less-useful
features without significantly affecting performance. Finally, we investigate sev-

eral other machine learning algorithms and compare their performance to that
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of RF. We find that for each set of features, XGBoost achieves comparable per-
formance to RF, while linear models, neural networks, and AdaBoost perform

worse than XGBoost or RE.

2.1 | Introduction

The last decade has seen widespread adoption of the use of machine learning
techniques to develop scoring functions for protein-ligand binding affinity. A
wide array of methods have been employed, from using substituting machine
learning models for linear models in classical scoring functions Li et al. (2014a)
or using machine learning methods to correct classical scoring functions (Wang
and Zhang, 2017), to designing novel feature sets specifically for use in machine
learning models (Ballester and Mitchell, 2010; Durrant and McCammon, 2010;
Wojcikowski et al., 2018), and even using deep learning to learn a latent repre-
sentation of a protein-ligand complex directly from a structural model (Ragoza
etal., 2017a; Jiménez et al., 2018; Stepniewska-Dziubinska et al., 2018). It has also
seen the development and adoption by the community of standard benchmarks
for scoring function performance (Cheng et al., 2009; Li et al., 2014c; Su et al,,
2018; Liu et al., 2017) as well as numerous community exercies (Dunbar et al.,
2011, 2013; Smith et al., 2016; Carlson et al., 2016) and grand challenges (Gathi-
aka et al., 2016; Gaieb et al., 2018, 2019) to assess the state of the art and guide
the growth of the field.

With the abundance of tools and techniques available to aid in the task of
scoring function development, it is important to explore these resources to un-

derstand how they might be used, and where improvements might be made.
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In this Chapter we investigated the features used by several published machine
learning scoring functions, namely: RE-Score (Ballester and Mitchell, 2010), RF-
Score v3 (Li et al., 2015b), and NNScore 2.0 (Durrant and McCammon, 2011b),
as well as the classical scoring function used by the protein-ligand docking tool,
AutoDock Vina (Trott and Olson, 2010). We compute each of these sets of fea-
tures for the protein-ligand complexes comprising the PDBbind 2016 refined set,
and explore the structure of the resulting feature sets. As these features are pre-
dominantly structure-based, and as ligand-based methods have been employed
successfully in virtual screening, we hypothesised that including a more de-
tailed representation of the physicochemical properties of the ligand in a scoring
function may be valuable for predicting protein-ligand binding affinity.

To test this hypothesis, we computed a detailed set of molecular descriptors
— values describing physicochemical properties of the molecule — for the ligands
in the PDBbind 2016 refined set using the open-source cheminformatics toolkit
RDKit (Landrum, n.d.a). We investigated the performance of Random Forest
(RF) regression models using each set of structure based features with and with-
out the addition of these ligand-based features, validating our models using
the PDBbind 2007 core set. We will show that, for each set of structure-based
teatures, augmenting the structure-based features with additional ligand-based
features results in a RF scoring function that outperforms a RF scoring function
using the structure-based features alone.

Next, for each feature set, we investigated how the number of features used
affects the performance of RF models. Using the feature importance computed
by the RF, we identify the most useful features and re-train RF models using

only those features. We find that the size of each feature set can be substantially
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reduced without reducing performance on our test set. We also investigated
the predictions of a RF using only ligand-based features, and observed a strong
correlation between its predictions and the experimentally-determined binding
affinity for the complexes in our test set.

Finally, we investigated the use of other different machine learning algo-
rithms: regularised linear regression, artificial neural networks, AdaBoost, XG-
Boost. For each of our feature sets, and our ligand-based features, we use cross-
validation to compare the performance of these machine learning algorithms to
that of RF. We show that RF consistently outperforms linear, neural network, and
AdaBoost models for each feature set, and achieves performance comparable to

that of XGBoost.

2.2 | Materials and Methods

2.2.1 | Data

In this work we focused on the task of “scoring’: the prediction of protein-ligand
binding affinity given the binding mode of the ligand. To accomplish this, we re-
stricted our data to protein-ligand complexes for which a crystal structure of the
bound complex and an experimentally-determined value of the binding affin-
ity was available. For this, we use the PDBbind database (Liu et al., 2017): a
curated set of bound macromolecule structures drawn from the Protein Data
Bank (PDB) (Berman et al., 2000), each with an experimentally-measured bind-
ing affinity for its binding partner. Each release of PDBbind includes a ‘general

set’, which contains all the protein-ligand structures in the database; and a ‘re-
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fined set’, a subset of protein-ligand complexes satisfying strict criteria concern-
ing structure quality, affinity data reliability, and the nature of the complex. In
this Chapter we use two versions of the PDBbind database: the 2016 release and
the 2018 release. The 2016 release of PDBbind contains 13,308 protein-ligand
complexes in the general set, with 4,057 complexes in the refined set, while the
2018 release of PDBbind contains 16,151 protein-ligand complexes in the general
set, with 4,463 complexes in the refined set.

PDBbind provides for each complex an experimentally-determined value of
the inhibition constant K;, the dissociation constant K, or the half-maximal in-
hibitory concentration ICsp, in decreasing order of preference (e.g. if both K;
and K; values are available, PDBbind reports the measurement of K;). The re-
fined set includes only measurements of K; and K;, while the general set also
includes data for which only IC5) measurements were available. For our pur-
poses, these values are used interchangeably and are collectively denoted by the
binding constant, K. We used the negative base-10 logarithm of K, commonly

denoted as pK:

pK = —log,, K (2.1)

Test Set

To validate our models, we used a subset of the PDBbind refined set referred to
as the “core set’. This is obtained by clustering the proteins in the refined set at
90% sequence identity and selecting representatives of each cluster for which the
corresponding ligands have a broad range of binding affinity values, resulting

in a diverse, non-redundant set of protein-ligand complexes. In this Chapter we
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use the PDBbind 2007 core set, which contains 210 protein-ligand complexes, as
our test set. This version of the core set was used as the ‘scoring power” bench-
mark in the first iteration of the Comparative Assessment of Scoring Functions
(CASF) exercise (Cheng et al., 2009), allowing us to directly compare the perfor-
mance of our models to that of the classical scoring functions tested in CASFE.
Structures for which features could not be computed due to errors parsing the
structural data were excluded, resulting in a test set of 196 protein-ligand com-
plexes. The full list of PDB codes for the test set is included in Appendix Table
Al

Training Set

Models were trained using data from the PDBbind refined set. We used the
PDBbind 2016 refined set for all experiments except the comparison of different
machine learning algorithms. This experiment was conducted later, enabling
us to use the PDBbind 2018 refined set instead. In all cases, the training set
consisted of all structures in the refined set excluding the structures in the test
set. As with the test set, structures for which any features could not be computed

due to errors parsing the structural data were excluded from the training set.

2.2.2 | Features

We used two distinct types of features to describe a protein-ligand complex:
ligand-based features, derived from the 2D molecular graph of the ligand, and

structure-based features, derived from a 3D structural model of the complex. As
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part of the data preparation process, any feature with zero variance across the

training set was not included in the models.

Ligand-Based Features

To represent the ligand in our models we used a diverse set of molecular descrip-
tors computed using the cheminformatics toolkit RDKit. Using the Descriptors
module of the Python RDKit package, we computed a set of 200 molecular de-
scriptors for each ligand. These descriptors are conformation-independent and
may be categorized as either (computed) experimental properties (e.g. molar
refractivity, logP) or theoretical descriptors derived from a symbolic representa-
tion of the molecule. The theoretical descriptors may be further categorized ac-
cording to the dimensionality of the representation of the molecule from which
they are derived. The conformer-independent descriptors we consider are ei-
ther 1-D compositional properties (e.g. heavy atom counts, bonds counts, and
molecular weight) or 2-D topological properties (e.g. fragment counts, topologi-
cal polar surface area, and connectivity index). Any features with zero variance
across the data set, or that were null-valued (i.e. infinite or not computable)
within the data set were excluded. We removed the Ipc index (an information
theory-derived descriptor) as it produced extreme numerical values for larger
molecules (too large to be represented as 32-bit floats). In total, 185 features
were retained, and the full list of features is included in the Appendix. We refer

to this set of features as ‘RDKit features’.

43



Chapter 2. Exploration of Features and Algorithms for Binding Affinity Prediction

Structure-Based Features

To investigate the effects of augmentation with ligand molecular descriptors, we
considered the features of several publicly-available scoring functions, namely
the AutoDock Vina scoring function (Trott and Olson, 2010), RF-Score (Ballester
and Mitchell, 2010), RF-Score v3 (Li et al., 2015b), and NNScore 2.0 (Durrant and
McCammon, 2011b). We computed the features of each of these scoring func-
tions using the implementations provided by the Open Drug Discovery Toolkit
(ODDT) version 0.6 (Wojcikowski et al., 2015).

The AutoDock Vina Scoring Function

We first combined the RDKit features with the features used by a classical scor-
ing function. For this, we chose the scoring function used by the protein-ligand
docking software AutoDock Vina (Trott and Olson, 2010). We chose the Vina
scoring function over other classical scoring functions for two reasons. First,
AutoDock Vina is open-source and widely used in the literature, with the deriva-
tive work Smina (Koes et al., 2013) providing a user-friendly interface. Second,
the terms used by the AutoDock Vina scoring function have been used in the
development of several machine-learning scoring functions (Durrant and Mc-
Cammon, 2011b; Li et al., 2015b; Wang and Zhang, 2017), demonstrating that
they are a useful set of features for binding affinity prediction.

The Vina scoring function uses a weighted sum of five inter-molecular en-
ergy terms, representing interactions between the protein and the ligand, with a
non-linear penalty proportional to the flexibility of the ligand, representing the

effect of conformational entropy on the free energy of binding. The contribu-
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tions from the five inter-molecular energy terms takes the form:

Cinter = wgausslAEgaussl + wguussZAEgaMSSZ + wrepulsionAErepulsion

+ whydrophobicAEhydrophobic + whydrogenAEhydrogen (2.2)

where AEguuss1, AEgauss2, DEreputsions DEnydrophovics @A AEpygroen are potentials
obtained by summing the pairwise contributions of all protein-ligand atom pairs,
defined in the original publication (Trott and Olson, 2010). The AutoDock Vina
score obtained from this inter-molecular contribution is then given by:

C.
g —_ inter 23
1 + wyot Nyot ( )

where N is the number of rotatable bonds in the ligand. The weights w; are
shown in Table 2.1. Note that as w;,; << 1 the denominator in Equation 2.3 will
be close to 1 for a small ligand that does not have many rotatable bonds, so the

conformational entropy penalty will be low.

Weausst —0.0356
Wauss? ~0.00516
Wrepulsion 0.840
Whydrophobic —0.0351
Whydrogen —0.587
Wrot 0.0585

Table 2.1: The weights used in the AutoDock Vina scoring function.

We refer to the set of five energy terms plus the number of rotatable bonds of

the ligand as ‘Vina features’.
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RF-Score, RF-Score v3, and NNScore 2.0

In addition to combining the RDKit descriptors with the Vina scoring function,
we also investigated whether more complex machine-learning scoring functions
could be improved by including a more detailed description of the ligand. For

this, we chose to use the features of three machine-learning scoring functions.

The RF-based scoring function RF-Score (Ballester and Mitchell, 2010) uses
features that count the number of times atoms of each element belonging to the
protein are found within 12 A of atoms of each element belonging to the ligand;
for example, the number of carbon atoms in the protein found within 12 A of
nitrogen atoms in the ligand. Four elements (C, N, O, S) are considered for the
protein and nine elements (C, N, O, F, P, S, Cl, B, ) for the ligand, giving a total
of 36 pairwise interaction features. We refer to these as ‘RF-Score features’. All

RE-Score features had non-zero variance across the training set.

An updated version of RF-Score, RF-Sore v3 (Li et al., 2015b), combines the
36 features of RF-Score with the 6 features of the AutoDock Vina scoring func-
tion. This version displayed improved performance over either RF-Score or a
RF using the Vina features, so we also considered this combination of features
as an additional model. We refer to this combination of 42 features as ‘RF-Score

v3 features’.

The neural network-based scoring function NNScore 2.0 (Durrant and Mc-
Cammon, 2011b) combines the force field-like terms used by the scoring func-
tion of AutoDock Vina with a large number of structure-based features describ-
ing interactions between the protein and ligand. It also uses a small number of

teatures of the ligand. These interaction features are defined by the BINANA
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(BINding ANAlyzer) algorithm (Durrant and McCammon, 2011a), and include
counts of protein atoms found close to ligand atoms, electrostatic interactions,
hydrophobic contacts, hydrogen bonds, salt bridges, t-interactions, as well as
counts of each AutoDock atom type found in the ligand, and the number of ro-
tatable bonds in the ligand. After excluding features with zero variance across
the training set, a total of a total of 174 NNScore 2.0 features remained. The full
list of features used is included in the Appendix. We refer to this set of features,

including the AutoDock Vina terms, as ‘NNScore2 features’.

2.2.3 | Machine Learning Algorithms

We investigated several machine learning algorithms for fitting regression mod-
els, which we outline here. With the exception of XGBoost, which has a dedi-
cated Python API (Chen and Guestrin, 2016), we used the scikit-learn (Pedregosa

et al.,, 2011) implementation of each algorithm

Elastic Net Linear Regression

As classical scoring functions such as the AutoDock Vina scoring function are
typically linear combinations of features, it makes sense to include a linear model
when comparing different machine learning algorithms. However, as we are
introducing many additional features to the model that may contain correla-
tions, ordinary-least-squares (OLS) regression may result in an unstable model
with high variance. The solution to this problem is to reduce the variance of
the model by introducing an acceptable level of bias. This process of lowering

variance at the cost of introducing bias is known as regularization.
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Two popular approaches to regularization are ridge regression and lasso re-
gression. In ridge regression, the sum of squares of the coefficients of the linear
model is penalised. This punishes large coefficients for features that do not sig-
nificantly improve the fit, pushing the weights associated with less-useful fea-
tures or those correlated with other features toward zero. Lasso regression is
conceptually similar to ridge regression, except the sum of the absolute values
of the coefficients is penalised instead. This pushes the coefficients of less-useful
features toward zero and, unlike ridge regression, rewards the setting of coef-
ficients to identically zero. Both approaches reduce the variance of the model,
allowing it to better generalise to new data, at the cost of introducing some bias

due to down-weighting features.

For our linear models, we used a form of regression called elastic net, which
combines the penalties of ridge and lasso regression, with a weight assigned to
each penalty. This allows an optimal combination of the two forms of penalty
to be determined without imposing a hypothesis about whether ridge or lasso
regression would be more appropriate. In the limiting cases where the optimal
strategy would be to simply use one of the two, elastic net will assign a high

weight to the optimal penalty and a low weight to the other penalty.

Random Forest

Random Forest (RF) is an ensemble learning method which functions by training
a collection of decision trees. Predictions are made by collecting the predictions
of each tree and taking either the mode (for classification) or mean (for regres-

sion) of the predictions. The general method of building ensembles of decision
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tree learners was proposed by Ho (Ho, 1995, 1998), while the modern formu-
lation of the RF was introduced by Breiman (Breiman, 2001) in 2001. The RF
algorithm builds and trains a diverse set of decision trees as follows.

First, a number of subsets of the training data are randomly sampled with
replacement in a process known as ‘bootstrap aggregation’, or ‘bagging’. This
ensures that the training data seen by each tree are slightly different but consis-
tent. An estimate of the error of the RF when applied to unseen data, known as
the out-of-bag (OOB) estimate can be obtained by computing the error in pre-
dictions for each training sample x, for those trees whose training data did not
include x. This acts as a form of internal cross validation of the RF. In addition,
the importance of each feature is estimated by permuting the value of that fea-
ture in the training data and comparing the OOB estimate for a RF trained on
this permuted data to that obtained when training on the original data.

Second, at each node of a tree, the criterion for splitting is determined using
a random subset of the features in the data. As the number of features used at
each split increases, the predictive performance of each individual tree increases,
but so does the correlation of the trees. This is the parameter to which the per-
formance of the RF is most sensitive, and so optimal performance is usually
obtained by identifying the optimal range for this parameter.

A major advantage of RF over other classification or regression methods is a
resilience (though not an immunity) to over-fitting. This is generally explained
by the sub-sampling of features at each node, also known as the random sub-
space method. This introduces a form of stochastic determination, which is con-
sidered to be an effective approach to reducing over-fitting (Kleinberg, 1996,
2000).
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Boosting

Boosting is a family of ensemble learning algorithms that use a collection of
weak predictors, typically shallow decision trees (‘stumps’), to build a strong
predictor. The learners in the ensemble are trained sequentially, with each learner

attempting to correct the training errors of the previous.

Bagging and boosting can be understood with respect to the bias-variance
tradeoff as follows. In a bagging algorithm, such as RF, each member of the
ensemble is trained independently on a bootstrap sample of the training data.
For a decision tree, which maximally overfits its training data, this results in a
predictor with high variance (large errors on unseen data) and low bias (mini-
mal training error). By training many decision trees on independent bootstrap
samples of the data, the RF contains many different high-variance low-bias pre-
dictors. Bagging relies on the random errors of each independent predictor aver-
aging out to zero when aggregated over a sufficiently large ensemble of predic-
tors, resulting in a predictor with bias at the cost of some variance introduced
by aggregation. Each learner captures unique insights about part of the data,
and by pooling their knowledge, the ensemble of learners is able to generalise

to previously-unseen data.

Boosting, in contrast with bagging, takes the approach of combining the pre-
dictions of an ensemble of high-variance low-bias predictors. In a boosting algo-
rithm, each predictor in the ensemble is a weak learner (error only slightly better
than random), such as a short decision tree with only a single split. Because of
its low complexity, the learner is very stable (low variance) and can only learn

a small part of the relationship in the training data (high bias). This high bias
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means the learner will have large errors on some of the training data. The key
insight behind boosting is that a weak learner can be converted into an arbitrar-
ily strong (low error) learner (Schapire, 1990). By training an ensemble of such
weak learners sequentially, with each learner attempting to correct the training
errors of the previous, the resulting ensemble is predictor with low variance at

the cost of some bias introduced by aggregation.

Adaptive Boosting

Adaptive Boosting, commonly known as “AdaBoost’ is a boosting algorithm in
which each learner attempts to correct the errors of the previous learner by fo-
cusing on the samples that were poorly fitted. When fitting an AdaBoost predic-
tor, the first learner is trained with equal weight assigned to all training samples.
The training errors on the set of training examples are computed, and passed to
the next learner as a set of weights on the training examples, with larger errors
corresponding to greater weight. In this way, each subsequent learner focuses

more on accurately predicting the examples poorly fitted by previous learners.

Gradient Boosting and XGBoost

Gradient boosting, just like adaptive boosting, builds a strong learner by train-
ing a sequence of weak learners, with the training errors of each weak learner
informing the training of the next learner. The difference between the two ap-
proaches lies in how the training errors are propagated. Gradient boosting, as
suggested by the title, is based on the concept of gradient descent. Rather than

passing the training errors of a learner as weights to the next learner, each learner
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is instead fitted to the residual of the predictions of the previous learner. By se-
quentially fitting to the residual and adding the resulting learner to the ensem-
ble, each learner corrects the residual of the previous, resulting in an ensemble
predictor with low error. More formally, for predictor variable x and target vari-
able y, let F,,(x) denote the ensemble predictor function at iteration m, and h(x)
the estimator added to the ensemble at this iteration. If h(x) perfectly corrected
the error on the predictions of F;, the resulting ensemble predictor would be

given by

Fpir (%) = Fu(x) + h(x) = v. 2.4)

Rearranging gives h(x) = y — F,(x), and so the target of the new estimator

h is precisely the residual of the ensemble at iteration m.

XGBoost, which stands for ‘eXtreme Gradient Boosting” is an open-source
framework implementing a range of optimisations intended to improve the ac-
curacy and computational speed of gradient boosting models (Chen and Guestrin,
2016). Since its introduction in 2016, XGBoost has grown rapidly as a popular
choice for gradient boosting, with XGBoost solutions regularly winning machine
learning competitions! such as those hosted by Kaggle?. Because of this success
and the availability of a Python API, we used XGBoost to investigate gradient

boosting models.

1h’r’cps: / /github.com/dmlc/xgboost/tree/master/demo#machine-learning-challenge-
winning-solutions, last accessed 22/10/2019
thtps: //www.kaggle.com/, last accessed 22/10/2019
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Neural Networks

Neural networks are a family of models inspired by the networks of neurons
found in the brain. A wide range of neural network architectures have been
applied successfully to problems in cheminformatics and drug discovery, and
these were discussed in Chapter 1. In this Chapter we focused on one class of
neural network, the multilayer perceptron. This is a form of feed-forward neu-
ral network in which each layer consists of a number of nodes, with the output
of each layer of nodes forming the input to the nodes of the next layer. By ap-
plying a non-linear transformation to a weighted sum of the inputs of each node
(the “activation function’), the network is able to learn non-linear relationships
from the data. Historically, the activation function commonly took the form of
a sigmoidal function such as the logistic function or hyperbolic tangent; more
recently, advances in deep learning have led to the rectified linear unit (ReLU)
gaining popularity as an activation function.

We used a simple neural network architecture consisting of a single hidden
layer and one continuous-valued output node. The size of the hidden layer
and the activation function were among the hyperparameters tuned using the

training data.

2.2.4 | Scoring Function Assessment

Prediction of protein-ligand binding affinity using machine learning is a regres-
sion problem, where the objective is to achieve a linear correlation between the
predicted and experimentally-determined binding affinity values. To assess the

predictions of a scoring function, we used the Pearson correlation coefficient
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between the predicted and experimentally-determined pK values. The Pearson
correlation coefficient is a measure of the linear correlation between two vari-
ables X and Y and is calculated as follows: let x; and y; denote the i" sample
of X and Y respectively, then the Pearson correlation coefficient, pp,, between X

and Y is:

op = Li(x —_f)(yi —7) _ (2.5)
V8l — )2y — 7)?
where ¥ and 77 denote the mean value of X and Y respectively. The square
of the Pearson correlation coefficient, pp?, is a special case of the coefficient of
determination R%: it measures the proportion of the variance in Y that can be

explained by X using a linear regression.

2.2.5 | Parameter Tuning for Machine Learning

For all algorithms except RF, parameters were tuned using random search on a
five-fold cross-validation performed using our training set: the PDBbind 2018
refined set excluding structures found in the PDBbind 2007 core set. We used
random search rather than an exhaustive grid search over all parameters as this
approach has been shown to explore parameter space more efficiently, resulting
in reduced search time and increased model performance (Bergstra and Bengio,
2012). For the cross-validation, the pK values of the training set were binned
in 1 pK intervals, and the folds generated using stratified sampling across these
bins, resulting in similar distributions of pK values across each of the five folds.

Performance of the models was assessed by computing the Pearson correlation
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coefficient between predicted and experimental pK values for each fold, and
taking the mean of the Pearson correlation coefficients for the five folds.

RF is generally robust with respect to hyperparameter choice. However, we
investigated two parameters to see whether parameter tuning had a significant
impact on RF performance on the PDBbind data. The parameters tuned were
the number of trees in the forest and the number of features randomly sam-
pled when making a split in a tree. To determine the optimum value for these
two parameters for each feature set, we trained RFs for different values of the
parameters and computed the Pearson correlation coefficient on the out-of-bag
predictions. These are predictions obtained for the training data by predicting
each training sample using only the trees in the RF that were not trained on that
sample. This can be viewed as a form of internal cross-validation that does not

require splitting the data into folds.

2.3 | Results and Discussion

2.3.1 | Exploratory Data Analysis

We first perform some exploratory analysis on the featurised data. For each
set of features, a correlation matrix was constructed by computing the Pearson

correlation coefficient between all pairs of features across the training set.

Principal Component Analysis

To quantify the dimensionality of each feature set, we use principal component

analysis (PCA) to determine the number of dimensions necessary to capture the
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Figure 2.1: Out-of-bag performance when tuning RF parameters on the PDB-
bind 2016 refined set. (a) Performance increases with the number of trees used,
reaching a plateau at 500 trees. (b) Performance fluctuates with the number of
features sampled at each split; performance drops slightly for all feature sets for
values of max_features greater than 0.4.

variance in the data. PCA performs a linear transformation of the data such
that the first basis vector of the new coordinate system, the ‘first principal com-
ponent’, captures the maximum possible amount of variance in the data. The
second principal component captures the maximum amount of remaining un-
explained variance, and so on. By determining the number of principal com-
ponents necessary to capture a desired percentage of the variance in the data,
it is possible to gain some insight into the number of dimensions necessary to
capture the information content of the data.

For the RDK:it features, RF-Score features, RF-Score v3 features, and NNScore
2.0 features, PCA was performed on the training set. In each case, the features
were standardised by scaling to zero mean and unit variance before applying

PCA. The variance explained by the principal components for these four feature
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Figure 2.2: PCA explained variance for RDKit, RF-Score, RF-Score v3, and
NNScore 2.0 features. The variance explained by each component is shown by
the blue line. The cumulative variance explained by the first n features is shown
by the red line.
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sets is shown in Figure 2.2. For each feature set, the number of components
necessary to explain most of the variance in the data is much smaller than the
total number of features, suggesting that the dimensionality of the feature sets

could be substantially reduced.

Correlation of Features

We next investigated the correlations within each feature set for the RDKit fea-
tures, RE-Score v3 features, and NNScore 2.0 features. The results of the PCA in
Figure 2.2 suggest that the number of dimensions necessary to capture the infor-
mation in the features is much lower than the number of features. We computed
the correlation matrix for the RDKit features, RF-Score features, and NNScore 2.0
features. This comprises the Pearson correlation coefficient between each pair of
features in the feature set. We did not compute a separate correlation matrix for
the RF-Score features or the Vina features because the RE-Score v3 features com-
prises both the RF-Score features and the Vina features, and the Vina features
are also included in the NNScore 2.0 features.

Figures 2.3 to 2.5 show the correlation matrix for each feature set. Features
are grouped along the axes: RDKit features are grouped according to the type of
descriptor; RF-Score features are grouped by the ligand atom element; NNScore
2.0 features are grouped according to the type of interaction captured. For RF-
Score v3 and NNScore 2.0 features, a group containing the Vina features was
also defined.

Figure 2.3 shows that, with the exception of descriptors counting the pres-

ence of drug fragments, many of the RDKit features are highly correlated. For
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Figure 2.3: Correlation matrix for the RDKit features.
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example, the SlogP descriptors (purple labels) are the computed Wildman-Crippen
contributions to the molecule’s logP (Wildman and Crippen, 1999), so we should
expect some correlation between these features and the computed logP itself,
which is included in the ‘Other’ features (yellow). Similarly, the graph-based
descriptors (‘Graph’, red labels) capture the connectivity and complexity of the
molecular graph (Hall and Kier, 1991), and so will be correlated with overall

graph complexity.
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Figure 2.4: Correlation matrix for the RF-Score v3 features.
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Figure 2.4 shows the correlations between RF-Score v3 features. The Vina fea-
tures are indicated by magenta labels; RE-Score features are grouped according
to the element of the ligand atom in the protein-ligand atom pair, each indicated
by a different coloured label. The Vina features are more correlated with each
other than they are with most of the RF-Score features, despite being computed
using different potentials. In particular, the two Gaussian potentials are highly
correlated, indicating that both capture very similar information. It is interesting
to note that many of the RF-Score features appear to be very highly correlated
(Pearson correlation coefficient greater than 0.9). We inspected the correlations
between RF-Score features and found that for a given element in the ligand, the
number of close contacts between that element and the four elements from the
protein (C, N, O, and S) were all highly correlated. This suggests that the RF-
Score descriptors are primarily a measure of the number of protein heavy atoms
surrounding the ligand, and are too coarse-grained to capture detailed interac-
tions with different elements in the protein.

Figure 2.5 shows the correlation between NNScore 2.0 features. The Vina fea-
tures are indicated by red labels; other NNScore 2.0 features are grouped accord-
ing to the type of interaction captured, each indicated by a different coloured
label. The pairwise correlations between NNScore 2.0 features are overall lower
than those observed for the RF-Score v3 features. This is not surprising, since
the atom pair-style descriptors used by NNScore 2.0 are more fine-grained than
those used by RF-Score v3, as they distinguish between different AutoDock
atom types, interaction range, and electrostatic interactions, rather than simply

counting all instances of a pair of atoms within 12A.
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Figure 2.5: Correlation matrix for the NNScore 2.0 features.

2.3.2 | Benchmarking the AutoDock Vina Scoring Func-
tion

We first benchmarked the AutoDock Vina scoring function on the PDBbind 2007
core set. Figure 2.6 shows the predicted vs experimental pK values using the
Vina scoring function for the structures in the PDBbind 2007 core set. The Vina

scoring function predicts the change in free energy upon binding, so pK val-

62



Chapter 2. Exploration of Features and Algorithms for Binding Affinity Prediction

ues were computed using Equation 1.10. The Pearson correlation coefficient
between the predicted and measured pK values is 0.585, falling within the range
of 0.545 to 0.644 for the scoring functions tested on the PDBbind 2007 core set in
CASF2009 (Cheng et al., 2009).

14

e pp=0.585
12 e ®
e ©
10
X Ted e
o ° o
8 8 ® o 0@ 0, °
+ ® [ Y ° ® °
© oo o
© e 0% ® ]
g ° Lo ot OO ‘oece” o
o ° o @ %@ chi\g ° o
4 ?o [ 9 %O’Ge DOOOO ®
e & %% "% °
Qe o0 0 of °,
°e °
ge © of o
2 . g,
o’ @ ¢
< o
0
0 2 4 6 8 10 12 14

Experimental pK

Figure 2.6: Predicted vs experimental pK values for the PDBbind 2007 core set
using the AutoDock Vina scoring function.

One structure (PDB: 1TYR) was excluded as an outlier: the Vina scoring func-
tion assigned an unreasonably large, positive change in free energy (equivalent
to a pK of -31.4). To determine the cause of this, we compared the computed
interaction terms to the distribution of the values computed for the structures
in the PDBbind 2016 refined set. We found that the ‘repulsion” term is a clear
outlier: this takes a value of 71.2 for the structure of 1TYR, compared to a mean
of 6.2 with a standard deviation of 4.3 across the PDBbind 2016 refined set. This

suggests some steric clash between the protein and the ligand in the 1TYR struc-
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Figure 2.7: Binding surface in 1TYR. Close contacts and overlapping of the lig-
and (sticks) and surface of the protein (mesh) suggests steric clash resulting in a
poor score using the AutoDock Vina scoring function

ture. The experimentally-determined binding pose of the ligand and the surface
of the active site of the protein are shown in Figure 2.7. This image shows parts
of the ligand in close proximity to the surface of the active site, which would
explain the abnormally large repulsion term in the AutoDock Vina scoring func-

tion and the resulting large, positive predicted change in free energy upon bind-

ing.

2.3.3 | Augmenting Scoring Functions with Ligand Molec-

ular Descriptors

We next investigated whether using RF in place of the AutoDock Vina scoring

function improves binding affinity prediction on our test set. We also investi-
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gated whether including additional ligand-based features in the scoring func-
tion improved binding affinity prediction. To do this, we trained two RFs on
the PDBbind 2016 refined set: one using the Vina features, and one using the
Vina features and the RDKit features. Figure 2.8A shows the predicted against
measured pK values for the RF using the Vina features; Figure 2.8B shows the
predicted against measured pK values for the RF using Vina features and RDKit
features. The Pearson correlation coefficient for the RF using Vina features is
0.683; a considerable improvement over the 0.585 achieved by the Vina scoring
function. The Pearson correlation coefficient for the RF using Vina features and
RDKit features is 0.768, indicating that the inclusion of additional ligand-based

features results in a substantial improvement in performance.
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Figure 2.8: Predicted vs experimental pK values for the PDBbind 2007 core set.
A: RF model using Vina features. B: RF model using Vina features and RDKit
features.

Noting that the inclusion of additional ligand-based features improved the

performance of a RF using the Vina features, we next investigated whether RFs
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using larger, more complex feature sets of published machine learning scoring
functions could also be improved by the inclusion of additional ligand-based
teatures. To do this, we trained RFs using RF-Score, RF-Score v3, and NNScore
2.0 features and, for each set of features, we also trained a RF using that set of
features together with the RDKit features. Each RF was then tested on our test
set. Figure 2.9A shows the predicted against measured pK values for the RF
using RF-Score features; Figure 2.9B shows the predicted against measured pK
values for the RF using RF-Score features combined with the RDKit features. The
RF using RF-Score and RDKit features out-performs the RF using RF-Score fea-
tures alone (Pearson correlation coefficient 0.761 versus 0.706), suggesting that it
is also beneficial to augment the RF-Score features with additional ligand-based
features.

However, Ballester and Mitchell (2010) reported a Pearson correlation co-
efficient of 0.776 on the PDBbind 2007 core set using the published version of
RF-Score, and we verified this result using the R code provided by Ballester and
Mitchell. We hypothesised that the cause of this difference in performance could
be the result of the substantial difference in training set: we trained on the PDB-
bind 2016 refined set (excluding structures found in our test set, and structures
for which features could not be computed), resulting in a total of 3,689 training
structures. In contrast, Ballester and Mitchell trained on the PDBbind 2007 re-
fined set (excluding structures found in the PDBbind 2007 core set), for a total
of 1,105 training structures. While the increased size of the training set could
be expected to result in improved performance, the additional data may also
be more dissimilar to the structures in the 2007 core set than those found in the

2007 refined set, and so may not contribute to improved performance on the
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chosen benchmark. To test this hypothesis, we re-trained the RF using RF-Score
features on the PDBbind 2007 refined set (excluding structures found in our test
set and structures for which features could not be computed). The resulting
model achieved a Pearson correlation coefficient of 0.789 on our test set, which
is comparable to the result reported by Ballester and Mitchell, indicating that the
choice of training set has a significant impact on scoring function performance
when assessed using the PDBbind 2007 core set as a benchmark.

As test set performance should not be used to tune the model during train-
ing, we did not modify our training set in light of this result. Instead, we com-
puted the out-of-bag Pearson correlation coefficient of the RF using RF-Score
tfeatures when trained on the PDBbind 2007 refined set and compared it to the
out-of-bag Pearson correlation coefficient when the same RF was trained on the
PDBbind 2016 refined set. Training on the PDBbind 2007 refined set resulted
in an out-of-bag Pearson correlation coefficient of 0.705, while training on the
PDBbind 2016 refined set resulted in an out-of-bag Pearson correlation coeftfi-
cient of 0.743, validating our choice of training on the more recent version of the
PDBbind refined set. This result illustrates the limitations of relying on a single
benchmark set to assess scoring function performance. In Chapter 3 we will ex-
plore in detail the effect of training RF scoring functions on different versions of
the PDBbind database, and how this affects performance on different versions
of the PDBbind core set.

Figure 2.10A shows the predicted against measured pK values for the RF us-
ing RF-Score v3 features; Figure 2.10B shows the predicted against measured
pK values for the RF using RF-Score v3 features combined with the RDKit fea-

tures. The RF using RF-Score v3 features (Pearson correlation coefficient 0.732)
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Figure 2.9: Predicted vs experimental pK values for the PDBbind 2007 core set.
A: RF model using RF-Score features. B: RF model using RF-Score features and
RDKit features.

out-performs the RF using either Vina features (Pearson correlation coefficient
0.683, Figure 2.8A) or RE-Score features (Pearson correlation coefficient 0.706,
Figure 2.9A) separately. The RF using RF-Score v3 features and RDKit features
out-performs the RF using RF-Score v3 features alone (Pearson correlation coef-
ticient 0.772 versus 0.732), suggesting that each feature set adds different, useful

information to the model.

Figure 2.11A shows the predicted against measured pK values for the RF
using NNScore 2.0 features features; Figure 2.11B shows the predicted against
measured pK values for the RF using NNScore 2.0 features combined with the
RDKit features. The RF combining NNScore 2.0 features and RDKit features
out-performs the RF using only NNScore 2.0 features (Pearson correlation co-
efficient 0.780 versus 0.750), and achieved the highest performance of all the

models tested on the 2007 core set.
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Figure 2.10: Predicted vs experimental pK values for the PDBbind 2007 core set.
A: RF model using RF-Score v3 features. B: RF model using RF-Score v3 features
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set. A: RF model using NNScore 2.0 features. B: RF model using NNScore 2.0
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2.3.4 | Using Fewer Features Does Not Diminish Perfor-
mance

Next we investigated how the complexity of the model can be reduced by re-
moving less-important features. The PCA and correlation matrices computed in
Section 2.3.1 suggest that the dimensionality of each feature set can be reduced
substantially without sacrificing information. To identify the features to be re-
tained, we used the feature importance computed by the RF algorithm. For each
feature set, a RF was trained on the PDBbind 2016 refined set, and the features
ranked by the RF’s feature importance. A series of new RFs were then trained;
the first using only the highest-ranked feature, and each subsequent RF includ-
ing the next highest-ranked feature. Figure 2.12 shows the Pearson correlation
coefficient achieved on the PDBbind 2007 core set by RF models using up to 50

of the highest-ranked features from each feature set.
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Figure 2.12: Performance of RF models using only the most important features.
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For each feature set except Vina, which has only six features, using less than
ten features results in diminished performance. With the exception of Vina, us-
ing only the top ten features from any feature set results in a Pearson correlation
coefficient greater than 0.644, the highest reported for any of the classical scoring
functions reported in CASF2009 (Cheng et al., 2009). Performance grows as more
features are added, with steady improvement until the top twenty features are
used. Beyond twenty features there is little improvement in performance, with
the exception of models using RF-Score + RDKit or RF-Score v3 + RDKit fea-
tures which show a small improvement as additional features are added. These
results suggest that it is possible to substantially reduce the number of features

used by these scoring functions without sacrificing predictive performance.

The PCA and feature correlation matrices discussed in Section 2.3.1 indicated
that the variance in the data could be captured by a subset of the features in
each feature set. The results shown in Figure 2.12 confirm that for each of these
teature sets, the dimensionality of the model can be reduced substantially by
removing correlated or low-information features without sacrificing model per-
formance. When additional low-ranking features are included the performance
does not degrade. This is because, if a feature is not useful, the decision trees in

the RF will simply not use it if another, more useful, feature is available.
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Figure 2.13: Predicted against experimental pK values on the PDBbind 2007 core
set for a RF using RDKit molecular descriptors, trained on the PDBbind 2016
refined set.

2.3.5 | Ligand-Based Features Alone are Predictive of
Binding Affinity

The RF using Vina terms and RDKit ligand molecular descriptors is strongly
predictive of binding affinity, with a Pearson correlation coefficient of 0.768 on
the PDBbind 2007 core set, comparable to that of the RF using the features of
RE-Score, RF-Score v3, or NNScore 2.0. To determine the predictive power of the
RDK:it descriptors, we next trained a RF using only the RDKit descriptors on the
PDBbind 2016 refined set. Figure 2.13 shows the predictions of this ligand-only
model on the PDBbind 2007 core set. There is a strong correlation between the
predicted and experimental pK, with a Pearson correlation coefficient of 0.733:

higher than the 0.683 of the RF using the Vina features, but lower than the 0.768
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of the RF using Vina + RDKit features.
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Figure 2.14: Out-of-bag predictions against experimental pK values for a RF
using RDKit molecular descriptors, trained on the PDBbind 2016 refined set.

Figure 2.14 shows the out-of-bag predictions of the ligand-only model. The
out-of-bag Pearson correlation coefficient is 0.724, very close to that achieved on
the test set, suggesting that the model is generalising well to the unseen data.
We verified that there was no strong correlation between any one of the RDKit
descriptors and the pK values in the PDBbind 2016 refined set, so the predictive
power of these features is not the result of a systematic bias in the chemical prop-
erties of the ligands represented in the data. Regardless of which structure-based
features the RDKit descriptors were combined with, the resulting RF outper-
formed a RF using either the RDKit descriptors or the structure-based features
alone, suggesting that some of the information captured by the ligand-based fea-

tures is complementary to that captured by any of the structure-based features.
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2.3.6 | RF Out-Performs Other Machine Learning Algo-

rithms

We next explored the performance of different machine learning algorithms us-
ing each of the feature sets. Hyperparameters were tuned separately for each
feature set-algorithm pairing using randomized search as described in Section
2.2.5. Figure 2.15 shows the mean Pearson correlation coefficient achieved by
each feature set-algorithm pairing on a stratified five-fold cross-validation on
the PDBbind 2018 refined set (excluding structure found in our test set). RF
models achieved mean Pearson correlation coefficients from 0.65 (Vina features)
to 0.77 (NNScore 2.0 + RDKit features), comparable with the performance of
the RF models on the PDBbind 2007 core set in Section 2.3.3. XGBoost and RF
achieve comparable performance using each feature set, with linear, neural net-
work, and AdaBoost models achieving worse performance than either XGBoost
or RF any given feature set. The poor performance of neural network models
using NNScore 2.0 and NNScore 2.0 + RDKit features (o, = 0.6 and p, = 0.58
respectively) may be a result of not allowing a sufficiently large hidden layer
during the parameter optimisation, as the NNScore 2.0 feature set is consider-
ably larger than the Vina, RF-Score or RF-Score v3 feature sets. These results
show that XGBoost and RF are both good algorithm choices when using each of
our chosen feature sets.

It is also interesting to note that linear models achieved comparable per-
formance to that of neural network and AdaBoost. Wojcikowski et al. (2018)
also observed that a linear model achieved comparable results to neural net-

works and RF when using protein-ligand extended connectivity fingerprints
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Figure 2.15: Performance of different machine learning algorithms and feature
sets under stratified five-fold cross-validation.

as predictive features. These results indicate that using a more sophisticated
machine learning algorithm does not necessarily lead to a more powerful pre-
dictive model. Instead, it is necessary to carefully tune and compare multiple

algorithms in order to make the most appropriate choice for the task at hand.

Given the similar performance of XGBoost and REF, it is worth comparing
other properties of these algorithms to determine which is most suitable for scor-
ing function development. Both algorithms are based on ensembles of decision
trees, and so both algorithms have similar definitions of feature importance to
aid in interpreting the resulting models. XGBoost, like all gradient-boosting
methods, fits each tree sequentially, making parallelism more difficult. In con-

trast, RF allows trees to be fitted in parallel, resulting in faster model training.
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XGBoost performance is dependent on parameter tuning, while RF is generally
robust with respect to hyperparameter choice (as illustrated in Section 2.2.5).
Noise in the training data also affects XGBoost more strongly than RF, as the re-
sulting training errors for noisy samples will result in those samples being con-
tinually prioritised at each stage of the boosting algorithm. As a result of these
differences, RF is easier and faster to train than XGBoost, and since both algo-
rithms achieved comparable cross-validation performance, we chose to focus on

RF in subsequent experiments.

2.4 | Summary

In this chapter we explored the features used by four different scoring functions,
and showed that combining these with a detailed set of computed molecular
descriptors results in a scoring function with improved performance.

We found that RF regression models using four different sets of structure-
based features were improved by the addition of a diverse set of computed
molecular descriptors of the ligand. In particular, a RF using a combination
of the interaction potential terms of the AutoDock Vina scoring function and the
molecular descriptors of the ligand resulted in a scoring function with perfor-
mance comparable to more complex machine-learning methods.

We investigated the use of several other machine learning algorithms, namely:
elastic net linear regression, single-hidden-layer neural networks, AdaBoost,
and XGBoost. We found that for all the feature sets considered, XGBoost models
achieved performance comparable to those of RF models, while Linear, neural

network, and AdaBoost models performed considerably worse than either XG-
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Boost or RF. These results suggest that either XGBoost and RF are both good
choices of regression algorithm for scoring function development.

We analysed the correlations between the features of each scoring function
and found that, across the PDBbind 2016 refined set, many features were highly
correlated. Performing PCA revealed that much of the variance in the data can
be explained using a small number of features, and computing the correlation
matrix for each feature set demonstrated that many of the features are correlated.
We then used the feature importance computed by the RF algorithm to rank the
features of each feature set, and trained new RFs using only the most informative
features. For each feature set, model performance reached a plateau when only a
subset of features were used, confirming that the dimensionality of each feature
set can be reduced without sacrificing useful information.

Finally, we found that a RF using only the molecular descriptors of the lig-
and was strongly predictive of binding affinity, with both out-of-bag and test
set Pearson correlation coefficients greater than 0.7, far exceeding that of the
AutoDock Vina scoring function. These results suggest that there are properties
of a ligand that are intrinsically useful for binding affinity prediction, and that
machine learning scoring functions can be easily improved by the inclusion of a

diverse set of molecular descriptors of the ligand.
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Using Ligand-Based Features to
Improve Binding Affinity Prediction

The majority of this chapter is based on work described in the following pa-
per: E Boyles, C. M. Deane, G. M. Morris. Learning from the Ligand: Using
Ligand-Based Features to Improve Binding Affinity Prediction. Bioinformatics,

btz665 (Boyles et al., 2019).

In Chapter 2 we explored the addition of ligand-based features to machine learn-
ing scoring functions, and the performance of different machine learning algo-
rithms for binding affinity prediction. We found that including ligand-based
features in a scoring function showed promising results for binding affinity pre-
diction, with improved performance under cross-validation and the PDBbind
2007 core set benchmark, and showed that Random Forest (RF) and XGBoost
consistently outperformed several other methods. In this Chapter we extend
our analysis to the most recent version of the PDBbind database to examine
how the composition of the training set affects scoring function performance. In

particular, we explore the impact of protein and ligand similarity between the
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training and test set. We also employ a leave-ligand-out and a leave-protein-out
approach to model validation to determine how well the scoring functions gen-
eralise to unseen proteins or ligands, and how well they differentiate between
similar structures. We investigate the apparent predictive power of models us-
ing only ligand-based features, and discuss the implications of these results for

training and validating using PDBbind data.

3.1 | Introduction

In Chapter 2 we trained models on data from the PDBbind refined set and vali-
dated on the PDBbind 2007 core set. In this Chapter we perform a more detailed
validation using multiple versions of the PDBbind core set, as well as leave-
cluster-out validation, and examine how the similarity between the training and
test data influences scoring function performance on each benchmark. The scor-
ing functions used for protein-ligand binding affinity prediction and common
approaches to scoring function validation were described in Chapter 1 Section
1.5. Here, we briefly review the research surrounding the use of PDBbind core
set in the CASF benchmark of scoring function performance, and describe the

limitations of this approach to scoring function validation.

3.1.1 | Evolution of the CASF Benchmark

Recognizing the need for a robust benchmark for scoring function performance
against which advances in methodology can be critically assessed, the Wang

group has published three scoring function benchmarking exercises: CASF 2009 (Cheng
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et al., 2009), CASF 2013 (Li et al., 2014¢,b) and CASF 2016 (Su et al., 2018), which
use the core set derived from the PDBbind 2007, PDBbind 2013, and PDBbind
2016 releases respectively. These three core sets are a widely-adopted as a way
of validating scoring function performance, and many publications report the
performance of novel methods on one or more of the core sets. Together with
the yearly updates of the PDBbind database, a common protocol for machine
learning scoring function development has evolved: train on some subset of the
PDBbind database, and test on the PDBbind core set(s). While this has resulted
in a degree of standardisation in the training and validation of machine learning
scoring functions, allowing for direct comparison of methods to establish the
state-of-the-art, it is also important to consider the possible limitations of such a

benchmark.

3.1.2 | Similarity Between Training and Test Data

The CASF exercises focus on ‘classical” scoring functions (scoring functions not
based on machine learning methods). As such, their suitability for benchmark-
ing machine learning scoring functions, and how this relates to the data used to
train such models, is largely ignored in the CASF publications. One machine-
learning scoring function, AyinaRF2p (Wang and Zhang, 2017), was included in
CASF 2016 and significantly outperformed all classical scoring functions at bind-
ing affinity prediction. The authors used the pre-trained Ai,,RFpo out-of-the-
box, noting that the training set used by Wang and Zhang, derived from the
PDBbind database, included many of the structures used in the CASF 2016 ex-

ercise. Since RF can be expected to display near-perfect accuracy when tested
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on its training set, it is somewhat unsurprising that this scoring function outper-
formed all others tested.

The PDBbind core sets are constructed by clustering the structures in the
PDBbind refined set by sequence identity, and selecting a fixed number of rep-
resentative structures for each cluster that span the range of experimentally-
determined binding affinity values reported for those protein-ligand complexes.
This means the core set is a diverse, representative set of the most common pro-
teins in the PDBbind database without over-representation of any one protein.
This selection mimics one of the properties desired of a scoring function: that
they work out-of-the-box on a wide range of protein targets. However, by con-
structing the core set in this manner, it is necessarily representative of the most
common proteins in the PDBbind database, so when a method is trained on
PDBbind data and tested on a core set, there will be a large degree of protein
structural and sequence similarity between the training and test data.

As there should be no overlap between training and test sets for any method,
care must be taken when assessing a pre-trained scoring function on any com-
munity benchmark. It is also important to consider how similarity between
complexes in the training and test sets can influence performance. Several au-
thors have approached the issue of similarity between proteins and ligands in
the training and test data, the primary result being that when proteins with high
structural or sequence similarity to those in the core set are excluded from the
training data, performance on the core set benchmark drops considerably (Li
and Yang, 2017; Li et al., 2018). Kramer and Gedeck (2010) argued that rather
than testing on the PDBbind core set, it is better to cluster the PDBbind database

and test on each cluster individually in a leave-one-cluster-out manner. This ap-
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proach has two advantages: first, it ensures that the proteins in the test set are
not represented in the training set, so the scoring function is required to gener-
alise to an unseen protein, and second, it makes it possible to identify proteins
for which the scoring function performs particularly well (or poorly). The dis-
advantage of this approach is that, other than a few well-represented proteins
(such as HIV-1 protease or carbonic anhydrase 2) the size of each cluster will
be considerably smaller than any of the core sets, often less than 50 structures.
Such a small sample size makes it difficult to quantify the performance of a scor-
ing function, or to compare scoring functions, as there will be large confidence

intervals for any performance metric.

3.1.3 | Sample Size and Uncertainty

The effect of sample size on the statistical significance of results in the context of
scoring function development has received little attention in the literature. Carl-
son (2013) highlights the implications of a small test set on the ability to compare
different scoring function, and bootstrapped confidence intervals were adopted
for the CASF 2016 benchmark (Su et al., 2018). Yang et al. (2019) have addressed
Carlson’s comments in the context of the CASF benchmark and argue that the
size of the PDBbind 2016 core set is adequate to make meaningful comparisons
between scoring functions.

Another important consideration when training and validating models using
experimental data is the experimental uncertainty associated with the data. The
experimental error in publicly-available inhibition constant measurements and

its consequences for the theoretical upper limit on the accuracy of binding affin-
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ity predictions has been quantified (Kramer et al., 2012), as has the compatibility
of public inhibition constant and ICsy data (Kalliokoski et al., 2013). This is par-
ticularly relevant to the training and validation of methods using PDBbind data
as experimental errors are not readily available for the affinity data and, in the
case of the PDBbind general set, K;, K4, and ICsj data are used interchangeably.

However, despite this growing body of work, there is still no community
standard for benchmarking the performance of machine-learning scoring func-
tions that accounts for similarity between training and test samples, or the ex-
perimental uncertainty in the data. We have not attempted to develop a new
standard for benchmarking; but instead have explored how all of these factors
influence the performance of our models and discuss the implications of our

results for the development of machine-learning scoring functions.

3.2 | Materials and Methods

The full features, algorithms, and data used in this Chapter are described in
Chapter 2 Section 2.2 ‘Materials and Methods’. Here we describe the approaches

to training and validation used in this Chapter.

3.2.1 | Data

In this chapter we extended the analysis presented in Chapter 2 to the 2018 re-
lease of the PDBbind database. At the time of writing, this is the most recent
version of the database, and contains 16,151 protein-ligand complexes in the

general set, with 4,463 of these complexes in the refined set. In Chapter 2 we
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used the refined set as our primary source of training data; however, it has been
reported that including the lower-quality data comprising the remainder of the
general set can still improve the performance of machine learning scoring func-
tions (Li et al., 2015a), so we now extended our analysis to the general set. RD-
Kit, Vina, RF-Score, RF-Score v3, and NNScore 2.0 features were computed for
all complexes in the PDBbind 2018 general set, as described in Chapter 2 Section

2.2.2 ‘Features’.

In Chapter 2 we used the PDBbind 2007 core set (the validation set in CASF2009)
as a validation set and trained on the non-overlapping data in the PDBbind 2016
refined set. In this Chapter we additionally test on the PDBbind 2013 and 2016
core sets, used as the validation sets in CASF2013 and CASF2016 respectively.
Excluding proteins and ligands that could not be parsed by OpenBabel or RD-
Kit, the 2007, 2013, and 2016 core sets contain 196, 180, and 276 structures re-
spectively. The PDB codes of the structures used from the 2007, 2013, and 2016

core sets are listed in Appendix Tables A.1, A.2, and A.3 respectively.

These test sets are relatively small, making it difficult to identify statistically-
significant differences in results generated by different models (see Figure 3.14).
To address this shortcoming we constructed a new validation set by combining
the structures from each core set, with duplicate structures removed. This ‘com-
bined core set’” numbers 525 structures, almost twice the size of the PDBbind
2016 core set. The distribution of pK values for these four test sets are shown in

Figure 3.1.
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Figure 3.1: Distribution of experimentally-determined pK for the structures in
the 2007, 2013, 2016, and combined core sets.
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3.2.2 | Varying Training Set Size and Composition

We investigated the effect of four aspects of training set composition on the per-
formance of our models: training set size; training data quality; similarity of
ligands between training and test examples; and similarity of proteins between

training examples.

Training Set Size and Quality

To examine the effect of training set size, we simulated the effect of adding more
structural and affinity training data over time by restricting the training set to
the six annual releases of the PDBbind database from 2013 through to 2018. Each
release contains more data than the previous releases. We also trained separately
on the general and refined sets of each year, to explore two different scenarios: a
larger data set of varying quality, and a smaller data set with strict quality con-
trols. The size of the general set and the refined sets from 2013 to 2018 inclusive,
excluding the 525 core set structures, are shown in Figure 3.2. The number of
general set structures available for training when using the 2018 version is twice
that of the 2013 version (14803 versus 7364), while the number of refined set

structures available for training is approximately 60% greater (3800 vs 2373).

Protein Similarity

To study the effect of including similar proteins in the training and test sets,
for each version of PDBbind we constructed a series of training sets by remov-
ing from the PDBbind general and refined sets any structures with a protein

sequence identity to any protein in the test set above a threshold of sequence
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Figure 3.2: Training set size when using different versions of the PDBbind
database.

identity. We used the BLASTclust clustering of the PDB provided on the PDB
website!. The size of the resulting training set obtained from the PDBbind 2018
general and refined sets at each level of sequence identity is shown in Figure
3.3. For both the general set and the refined set, there is a large drop in training
set size when structures with 100% sequence identity to any test set protein are
removed: from 14804 to 10761 structures for the 2018 general set and from 3800
to 2371 structures for the 2018 refined set, or a reduction in size of 27.3% and
39.0% respectively. This shows that much of the similarity between training and
test set structures is the result of the presence of many different structures of the

same protein in the PDBbind database.

1h’ftp: / /www.rcsb.org/pdb/statistics/ clusterStatistics.do, last accessed 13/05/2019
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Figure 3.3: Training set size when using different versions of the PDBbind
database and excluding structures with protein sequence identity above a
threshold value to any core set structure.

Ligand Similarity

To investigate the effect of including similar ligands in both the training and test
sets, we used RDKit to compute the Tanimoto similarity between the Morgan
fingerprints (radius 2 and 2048 bits) of each pair of ligands. We then constructed
a series of training sets by removing from the PDBbind 2018 general or refined
sets any structure with a ligand Tanimoto similarity above a threshold value.
This threshold of Tanimoto similarity ranges from 0.1 to 1.0 in increments of 0.1.
The number of structures in the training set obtained from the PDBbind 2018
general and refined sets at each level of Tanimoto similarity is shown in Figure
3.4. The proportion of structures with ligand Tanimoto similarity of 1 to those in

the core sets is much lower than that of proteins with 100% sequence identity:
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from 14806 to 14011 structures for the 2018 general set and from 3800 to 3449 for
the 2018 refined set, a reduction in size of 5.4% and 9.2% respectively (cf. 27.3%

and 39.0% respectively).
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Figure 3.4: Training set size when using different versions of the PDBbind
database and excluding structures with ligand Tanimoto similarity above a
threshold value to any core set structure.

The number of distinct clusters of proteins and unique ‘singleton” proteins
in each version of the PDBbind refined set when clustered at different levels
of sequence identity are shown in Figure 3.5. Similarly, the number of distinct
clusters of ligands and unique singleton ligands in each version of the PDBbind
refined set when clustered at different levels of ligand Tanimoto similarity are
shown in Figure 3.6. With the exception of 2017 refined (in which there is an
overall drop in the number of singleton proteins), the number of both clusters

and unique proteins and ligands increases monotonically with successive PDB-
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bind releases at each level of sequence identity or Tanimoto similarity. This in-

dicates that as the size of the data set grows, so too does its diversity in proteins

and ligands.
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Figure 3.5: Number of distinct protein clusters (left) and unique protein single-
tons (right) when the PDBbind 2013 to 2018 refined sets are clustered at different
levels of sequence identity.

When excluding test-set similar complexes from the training data, we treated
each test set separately. For example, when testing on the PDBbind 2016 core set,
only proteins similar to those found in the 2016 core set were excluded from the
training set. Regardless of the choice of training and test set composition, all

core set structures were always excluded from the training set.
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Figure 3.6: Number of distinct ligand clusters (left) and unique ligand singletons
(right) when the PDBbind 2013 to 2018 refined sets are clustered at different
levels of sequence identity.

3.2.3 | Leave-Cluster-Out Validation

To investigate how each scoring function differentiates between different com-
plexes containing the same ligand, we identified groups of structures in the
PDBbind 2018 general set that feature the same ligand. We clustered the struc-
tures of the PDBbind 2018 general set by the three-character chemical compo-
nent ID of the ligand as specified in the PDB, and selected all ligands found in at
least three structures. Holding out each ligand in turn as a test case, each model
is trained on all structures not containing that ligand.
Similarly, to investigate how each scoring function generalises to a previously-

unseen protein, we group the structures in the PDBbind 2018 general set by pro-

tein and employ a leave-one-out validation strategy. We perform this grouping
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in two ways. First, we group the structures of the PDBbind 2018 general set
by the UniProt ID of the protein, with the largest groups (at least 50 structures)
chosen as validation sets. The UniProt IDs and names of these 50 proteins are
shown in Table 3.1. Second, we cluster the structures in the PDBbind 2018 gen-
eral set at 30% protein sequence identity and choose the largest clusters (at least
20 structures) as validation sets. The PDB ID and name of a protein represen-
tative for each cluster are shown in Table 3.2. This results in a smaller number
of validation sets, and ensures the model cannot learn from similar structures in
the rest of the database. In both cases, for each validation set, the training set

comprises all remaining structures in the PDBbind 2018 general set.

3.2.4 | Performance Measurement

As in Chapter 2, models are assessed by computing the Pearson correlation co-
efficients between the predicted and experimental pK values for the samples in
the test set. All Pearson correlation coefficients are computed using the Python
package SciPy (Jones et al., 2001).

To estimate confidence intervals on the Pearson correlation coefficient, we
take 10,000 bootstrap samples of equal size to the test set and computed the pp
for the bootstrap sample. The two-tailed 95% confidence interval was then taken
to be the 2.5% and 97.5% percentiles of the bootstrapped values of pp.

For each set of predictions on a test set, we took m = 10,000 random per-
mutations of the predicted pK values and computed p, between the permuted
predictions and the unpermuted experimental pK values. Under the null hy-

pothesis that any correlations are due to random chance, the p-value for the
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UniProt ID | Protein Name

014757 Serine/threonine-protein kinase Chk1
014965 Aurora kinase A

060674 Tyrosine-protein kinase JAK2

060885 Bromodomain-containing protein 4

P00489 Glycogen phosphorylase, muscle form
P00517 cAMP-dependent protein kinase catalytic subunit alpha
P00533 Epidermal growth factor receptor

P00734 Prothrombin

P00742 Coagulation factor X

P00749 Urokinase-type plasminogen activator
P00760 Cationic trypsin

P00797 Renin

P00811 Beta-lactamase

P00918 Carbonic anhydrase 2

P02766 Transthyretin

P03366 Gag-pol polyprotein

P03367 Gag-pol polyprotein

P03372 Estrogen receptor

P04585 Gag-pol polyprotein

P07900 Heat shock protein HSP 90-alpha

P08581 Hepatocyte growth factor receptor

P11309 Serine/threonine-protein kinase pim-1
P18031 Tyrosine-protein phosphatase non-receptor type 1
P19491 Glutamate receptor 2

P23639 Proteasome subunit alpha type-2

P24941 Cyclin-dependent kinase 2

P26663 Genome polyprotein

P27487 Dipeptidyl peptidase 4

P34913 Bifunctional epoxide hydrolase 2

P48736 Phospshoinositide 3-Kinase 3-kinase gamma
P56817 Beta-secretase 1

Q00987 E3 ubiquitin-protein ligase Mdm?2

Q16539 Mitogen-activated protein kinase 14
QI9H2K2 Poly [ADP-ribose] polymerase tankyrase-2
Q9Y233 cAMP and cAMP-inhibited cGMP 3’,5’-cyclic phosphodiesterase 10A

Table 3.1: UniProt IDs of PDBbind targets. The three entries for Gag-pol
polyprotein, P03366, P06672, and P04585, correspond to three different isolates
of human immunodeficiency virus type 1 group M subtype B, namely: BH10,
BRU/LAI and HXBU, respectively.
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Cluster | Representative Protein Name PDB ID
1 | Antibody Fab fragment 1A4K
2 | Cyclin-dependent kinase 2 1B38
3 | Prothrombin 1A4W
4 | Progesterone receptor 1A28
5 | HIV-1 protease 1A30
6 | Penicillopepsin-1 1APV
7 | Bromodomain-containing protein 4 2YEL
8 | Adipocyte lipid-binding protein 1ADL
9 | Carbonic anhydrase 2 1AVN

10 | Purine nucleodise phosphorylase 1A69
11 | Acetylcholine-binding protein 10Ve6
12 | Transthyretin 1BM7
13 | Glutamate receptor 2 1FITM
14 | cAMP-specific 3’,5'-cyclic phosphodiesterase 4B | 1IRO6
15 | Myrosinase 1E6Q
16 | Heat shock protein 90 1AMW
17 | Protein tyrosine phosphatase 1B 1BZC
18 | Stromelysin-1 1B8Y
19 | Alpha thrombin 1BCU
20 | HIV-1 integrase 3A02
21 | Histidine-binding protein 1HSL
22 | Factor VIla 5U6]
23 | tRNA-guanine transglycosylase 1ENU
24 | Pantothenate synthetase 3COW
25 | FimH adhesin 1UWF
26 | Factor Xa 1EZQ
27 | Periplasmic oligopeptide-binding protein 1B05

Table 3.2: Representative proteins and PDB structures of clusters formed when
the PDBbind 2018 general set was clustered at 30% sequence identity.
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permutation test is given by p = (b + 1)/ (m + 1) where b is the number of per-
mutations for which the value of p, was at least as large as that obtained for the
unpermuted predictions.

Where the confidence intervals overlapped for two models, we also apply
the Mann-Whitney U test to the distributions of the bootstrapped values of the
correlation coefficient to test for a statistically-significant difference in the per-
formance of the models. We compute the Mann-Whitney U test statistic using

SciPy.

3.3 | Results and Discussion

In Chapter 2 we showed that including a detailed set of physicochemical de-
scriptors of the ligand in a scoring function improves binding affinity prediction
across the protein-ligand complexes found in the PDBbind database. We also
found that a model using only ligand-based features is able to predict binding
affinity more accurately than the AutoDock Vina scoring function. In this chap-
ter we explore in detail how the composition of the training set affects scoring
function performance on the CASF benchmark sets, and under what circum-
stances the inclusion of ligand-based features in the scoring function is bene-
ficial. We examine whether homology bias between the training and test sets
leads to overly-optimistic assessment of performance when training on PDB-
bind data and testing on the CASF sets. Finally, we address the question of
why the ligand-only model is predictive of binding affinity and whether this is
indicative of limitations to current methods of benchmarking.

In these experiments we exclusively use RF, as it achieved the best perfor-
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mance among the machine learning algorithms investigated in the cross-validation

and benchmarking experiments discussed in Chapter 2.

3.3.1 | Ligand-Based Features Improve Scoring Function
Performance

Figures 3.7 and 3.8 show the Pearson correlation coefficient between predicted
and experimental pK achieved by each RF scoring function on five-fold cross-
validation, the PDBbind 2007, 2013, and 2016 core sets, and the combined core
set, when trained on the PDBbind 2018 general set and the PDBbind 2018 re-
fined set, respectively. In all cases, a scoring function combining structure-based
protein-ligand features with the RDKit features outperforms the corresponding
scoring function using protein-ligand features alone. The difference between the
Pearson correlation coefficient in each such case was found to be significant at
95% confidence (Mann-Whitney U test p < 0.05), however difference in perfor-
mance is marginal for scoring functions using the RF-Score v3 and NNScore 2.0
features trained on the 2018 general set and tested on the 2016 core set (0.814 vs
0.821 and 0.819 vs 0.826), and for the scoring function using NNScore 2.0 fea-
tures when trained on the 2018 refined set and tested on the 2013 core set (0.739
vs 0.742). Our best-performing models are competitive with state-of-the-art ML
scoring functions reported in the literature, such as PLECScore (up to pp = 0.83
on the 2016 core set (Wdjcikowski et al., 2018)), Kpggp (0p = 0.82 on the 2016 core
set (Jiménez et al., 2018)) and RF-Score v3 (o, = 0.803 on the 2007 core set (Li

et al., 2015b)). In particular, the RF using both Vina features and RDKit features
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is competitive with RFs using RF-Score, RF-Score v3, and NNScore 2.0 features,
achieving p, = 0.840, pp, = 0.749, and p,, = 0.792 respectively on the 2007, 2013,
and 2016 core sets. The RF models trained on the PDBbind 2018 general set out-
perform those trained on the PDBbind 2018 refined set when tested on the core
sets. There is no single model that performs best on the 2007, 2013, and 2016
core sets. Cross-validation performance of all models is lower than observed on
the core sets. There are two factors that might contribute to this. First, the ef-
fective training set size during five-fold cross-validation is 80% of the size of the
full training set. Second, the PDBbind general and refined sets are far more di-
verse than the core sets, including many examples of unique protein structures.
Thus, under cross-validation, the test set contains a greater variety of structures
many of which are not represented in the training data, and so we should expect

performance to be lower.

3.3.2 | Effectof Training Set Composition on Scoring Func-
tion Performance

Next we consider how the composition of the training set, and its similarity to
data found in the benchmark, affects our assessment of scoring function perfor-
mance. We investigate three factors: the size of the training set, the similarity
between proteins in the training and test set, and the similarity between ligands
in the training and test set. Here, we present results obtained by testing on the
combined core set. The Pearson correlation coefficient for each model on the

combined core set when trained on different versions of the PDBbind general
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Figure 3.7: Pearson correlation coefficient of predicted against experimental
affinity achieved by RF models trained on the PDBbind 2018 general set.

set is shown in Figure 3.11. Analogous results obtained by testing separately on

the 2007, 2013, and 2016 core sets are available in Appendix Figures A.1 and A.2.

Figure 3.9 shows how the performance of each model on the combined core
set varies with the level of sequence identity permitted between proteins in the
training and test set. There is a significant drop in the performance of all scoring
functions even when a sequence identity cutoff of 100% is imposed, i.e. when
only proteins with identical sequence to those in the test set are excluded from
the training set. Reducing the sequence identity cutoff from 90% to 50% has a
smaller impact on performance than the initial imposition of a 100% cutoff. Fur-

ther reducing the cutoff from 50% to 30% has a more apparent effect. This sug-
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Figure 3.8: Pearson correlation coefficient of predicted against experimental
affinity achieved by RF models trained on the PDBbind 2018 refined set.

gests that the performance of all models considered is dependent on the avail-
ability of relevant training data, with larger errors present when attempting to
generalise to a novel protein target. Regardless of training set construction the
addition of ligand-based features to a structure-based RF scoring function im-
proves performance. The trend toward ligand-based features improving scoring
function performance is exemplified by the RF using Vina features and RDKit
features. This combination results in predictive performance comparable to that
of the RFs using RF-Score, RF-Score v3, or NNScore 2.0 features, suggesting that
a more complex and detailed set of features describing protein-ligand interac-

tions is not necessarily more predictive than a comparatively simple set of force-
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Figure 3.9: Pearson correlation coefficient achieved on the combined core set
by RF models using different sets of features when trained on data from the
PDBbind 2018 general set.

tield-like terms (Vina features) and molecular descriptors of the ligand (RDKit

features).

Figure 3.3 showed that the largest drop in training set size occurs when pro-
teins with 100% sequence identity to those in the test set are excluded from the
training set, with only a small decrease in training set size occurring when pro-
teins with sequence identity of 90% or more are also excluded. This suggests that
‘homology bias” due to the presence of similar proteins in the training and test
sets is predominantly caused by the presence of many complexes of the same
protein (100% sequence identity), rather than the presence of large numbers
of similar or nearly-identical proteins. This explains the sharp drop in perfor-
mance when excluding proteins from the training set at 100% sequence identity,
since this eliminates almost all of the most-similar structures to those in the test

set, with subsequent, stricter sequence identity thresholds removing fewer less-
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similar structures.
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Figure 3.10: Pearson correlation coefficient achieved on the combined core set
by RF models using different sets of features when trained on data from the
PDBbind 2018 general set. The ligand ECFP4 fingerprint Tanimoto similarity
above which structures similar to those in the test set were excluded from the
training set is indicated on the horizontal axis.

The performance of each model on the combined core set when trained on
the PDBbind 2018 general set, when ligands with an ECFP4 Tanimoto similarity
above a set threshold to those in the test set are excluded from the training set, is
shown in Figure 3.10. There is a small drop in the performance of every model
when ligands with Tanimoto similarity of 1 to those in the test set are excluded
from the training set; lowering the Tanimoto similarity threshold to 0.8 does not
further decrease model performance. Figure 3.4 showed that most of the ligands
with Tanimoto similarity of 0.8 or greater have Tanimoto similarity of 1, similarly
to the case of protein similarity. Importantly, this overlap in protein and ligand
similarity is not due to the presence of identical protein-ligand complexes in

both the combined core set and the remainder of the general set, so the drop in
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performance is not the result of memorisation of different structures of the same
complex.

Performance of all models starts to drop at a Tanimoto similarity threshold
of 0.7, with the models using ligand-based features dropping off more rapidly.
Further decreasing the Tanimoto similarity threshold results in decreased per-
formance for every model. Models using the ligand-based features suffer a more
rapid decline in performance, with the the combination of structure-based and
ligand-based features ceasing to outperform the structure-based features alone
once ligands with Tanimoto similarity of 0.5 or greater are excluded from the
training data, and the performance of the ligand-only model becomes compara-

ble to that of the RF using Vina features.
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Figure 3.11: Pearson correlation coefficient achieved on the combined core set
by RF models using different sets of features when trained on different versions
of the PDBbind general set.

Overall, there is little improvement in performance when larger, more recent

versions of the general set are used, suggesting that more training data does not
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necessarily translate to improved performance. This is contrary to the results
of Li et al. (Li et al., 2015a) who found that a larger training set resulted in im-
proved performance. The smallest training set used here is larger than the small-
est training set used by Li et al., suggesting an element of learning saturation,
with diminishing returns once the training set reaches a certain size. Similar re-
sults are obtained when using different versions of the PDBbind refined set in
place of the general set (see Appendix Figures A.3 and A.4); however, there is a
systematic increase in performance when the general set is used in place of the
refined set for a given version of PDBbind, suggesting a difference in compo-
sition of these sets. This difference in performance between models trained on
the general and refined sets vanishes when complexes with ligands with Tani-
moto similarity of 0.9 or greater are excluded from the training set (see Appendix
Figures A.5 and A.6), and is greatly reduced when structures with 90% protein
sequence identity to those in the test set are excluded. This suggests that the
increase in performance when training on the general set can be attributed to
increased representation of the core set proteins and ligands in the general set.
To better understand these results, we also investigated the performance of
the scoring functions on bootstrapped samples of each version of the refined set
when trained on the rest of the data from the same version of the refined set.
We find that the mean correlation coefficient achieved by each scoring function
did not vary with the version of the refined set used, as shown in Figure 3.12.
The variance of the performance does not increase with the larger, more diverse
versions of PDBbind; this is illustrated by the box plots of the Pearson correla-
tion coefficients achieved by the RF using RF-Score v3 and RDKit features on the

bootstrapped test sets shown in Figure 3.13.
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Figure 3.12: Mean Pearson correlation coefficient achieved by RF models using
each feature set trained on different versions of the PDBbind refined set and
tested on bootstrapped samples from the same version of the refined set.

As shown in Figure 3.5 the number of distinct clusters of structures at dif-
ferent sequence identity thresholds increases with each release of PDBbind. The
number of distinct clusters of ligands also increases with each release of PDB-
bind, as shown in Figure 3.6. This suggests that by using a larger, more diverse
training set, the domain of applicability of the scoring function grows, allowing
it to generalise to a more diverse test set without affecting performance. This
is consistent with the fact that performance on a constant benchmark does not

change when training on more recent versions of PDBbind.
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Figure 3.13: Box plot of the Pearson correlation coefficients achieved by RF mod-
els using RF-Score v3 and RDKit features trained on different versions of the
PDBbind refined set and tested on bootstrapped samples from the same version
of the refined set. The box shows the mean and quartiles of the distribution of
the Pearson correlation coefficient across the bootstrapped samples, with out-
liers shown by markers.

3.3.3 | Sample Size Strongly Impacts Confidence in Scor-

ing Function Performance

Figure 3.14 shows the 95% confidence intervals estimated using bootstrap sam-
pling for the Pearson correlation coefficient RF models trained on the PDBbind
2018 general set and tested on the 2007, 2013, 2018, and combined core sets. The
confidence intervals obtained when testing on the 2007 and 2013 core sets (n <
200), and are most narrow on the combined core set (n = 525). There is near-

total overlap of the confidence intervals for the models using RE-Score + RDKit,
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RE-Score v3, RF-Score v3 + RDKit, NNScore 2.0, and NNScore 2.0 + RDKit fea-
tures on the 2016 core set, corresponding to the lack of discernible difference in
performance of these models on this core set when trained on the PDBbind 2018

general set (Figure ??).
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Figure 3.14: Bootstrapped 95% confidence interval on the Pearson correlation
coefficient achieved by each RF scoring function on each test set when trained
on the PDBbind 2018 general set.
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3.3.4 | Ligand-Based Features are Predictive of Mean
Binding Affinity

The results presented up to this point show that a purely ligand-based model
is predictive of protein-ligand binding affinity for complexes found in the PDB-
bind database. This should not work - we should not expect to be able to predict
the affinity of a ligand for its protein binding partner without knowing any-
thing about that protein. To determine the reason for the success of the ligand-
based model, we investigate cases where there are multiple structures featuring
the same ligand bound to different proteins with different binding affinities. A
structure-based method should be able to distinguish between these, whereas
a ligand-based method cannot. We first identify the most common ligands in
the PDBbind 2018 general set and, for each, train the RF model using RDKit
features on all complexes that do not contain that ligand. The single value pre-
dicted for each ligand, together with the set of experimentally-reported affini-
ties of that ligand in different complexes, are shown in Figure 3.15. With the
clear exception of biotin (BTN), the marker is often close to the centre of the
swarm plot, indicating that the model appears to be estimating the mean affin-
ity of the ligand even when the experimental data have a range of several pK
units. Many of the structures featuring biotin are biotin-streptavidin or biotin-
avidin complexes, explaining the incredibly high experimental affinity values.
Since ensemble-based methods such as RF cannot extrapolate beyond the range
of values seen during training, it is unsurprising that the model cannot predict
such a high average affinity when no such examples are included in the training

set.
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When the RF model using RDKit features is tested on a previously-unseen
ligand, having been trained on all other data in the PDBbind 2018 general set, the
score is strongly correlated with the mean experimental pK of that ligand for its
targets across the PDBbind 2018 general set (o, = 0.71, as shown in Figure 3.16).
For the most common ligands in the PDBbind 2018 general set, the reported
affinity values can span several orders of magnitude, so the RF model using
RDKit features is not simply predicting a single ‘correct” value for a ligand that

happens to have many similar affinity measurements.
12 & =071

10

Predicted pK

2 4 6 8 10 12

Figure 3.16: Ligand-only model predicted pK (vertical axis) against mean exper-
imental pK (horizontal axis) for ligands found in multiple structures in the PDB-
bind 2018 general set. Each marker represents a single ligand; the straight line
denotes a linear regression fit through the points. For each ligand, the ligand-
only model was trained on the PDBbind 2018 general set excluding all com-
plexes containing that ligand, and tested only on that ligand. The line denotes a
linear regression through the points.

When nearly-identical ligands (Tanimoto similarity > 0.9) are excluded from

the training data, this correlation is actually stronger (o, = 0.74, Figure 3.17 A).
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The correlation remains strong (op > 0.7) when ligands with Tanimoto similar-
ity greater than 0.7 to the test ligand are excluded from the training data (Figure
3.17 C), while a moderate correlation (o, ~ 0.6) remains when ligands with Tan-
imoto similarity greater than 0.4 to the test ligand are excluded from the training
data (Figure 3.17 F). When ligands with Tanimoto similarity greater than 0.1 to
the test ligand are excluded from the training data, there is little correlation be-
tween the predicted and mean experimental pK (Figure 3.17 I).This gradually
weakening correlation suggesting that the ligand-only model is able to make in-
ferences about similar molecules, rather than simply memorizing affinity mea-
surements for near-identical molecules.

Structure-based scoring functions should be able to differentiate between dif-
ferent complexes featuring the same ligand. To test this, we repeated the above
experiment with each set of structure-based features, and computed the correla-
tion coefficient between the predicted and experimental pK values for the struc-
tures featuring each ligand. These are shown in Figure 3.18. In most cases, there
is no correlation between the predicted and experimental pK, and there is no
consistent trend toward a certain model performing well on certain sets of lig-
ands. As an example of this behaviour Figure 3.19 shows the predicted against
experimental pK values for all structures featuring the ligand ADP from models
using RDKit, RF-Score v3, and RF-Score v3 + RDKit features. The models using
RF-Score v3 and RF-Score v3 + RDKit features are both unable to accurately pre-
dict the pK values associated with the different structures, achieving no mean-
ingful correlation between predicted values and experimental values. The single
value predicted by the model using only ligand-based RDK:it features is lower

than any predicted by the two structure-based models. The predictions of the
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Figure 3.17: Ligand-only model predicted pK against mean experimental pK for
ligands found in multiple structures in the PDBbind 2018 general set, for varying
values of the Tanimoto similarity threshold above which similar ligands were
excluded from the training set. For each ligand, the model was trained on the
PDBbind 2018 general set excluding all complexes containing similar ligands,
and tested only on that ligand. Each marker represents a single ligand. The line
denotes a linear regression through the plotted points.
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RF-Score v3 + RDKit model are systematically lower than those of the RF-Score
v3 model, showing that the ligand-based features bias the predictions toward

that of the ligand-only model.

Figure 3.20 shows the predictions of the ligand-only model (red markers)
against the predictions of RF-Score v3 (black swarm plot) when tested on those
ligands with the largest number of structures. Comparing the predictions of RF-
Score v3 with the experimental data for these ligands shown in Figure 3.15, it is
clear that RF-Score v3 is unable to predict the distribution of the experimental
affinity data for each ligand. Instead, the values predicted by RF-Score v3 for
a given ligand are very similar regardless of the protein target or experimental
affinity, and in most cases are close to the value predicted by the ligand-only
model. Similar results were observed for models using the Vina features, RF-
Score features, and NNScore 2.0 features, and are included in Appendix Figure

Al7.

3.3.5 | Both Structure-Based and Ligand-Based Features

are Important

The relative importance of the twenty highest-ranked ligand-based features for
the RF model using RDKit features trained on the PDBbind 2018 general set is
shown in Fig. 3.21. The bulk properties molar refractivity (MoIMR) and the log-
arithm of the octanol-water partition coefficient (MolLogP) are ranked highest.
Molar refractivity captures the total polarizability of the molecule and log P cap-

tures its solubility; we might therefore expect these features to capture useful
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Vina RF-Score RF-Score v3 NNScore 2.0 RF-Score v3 + RDKit
ADP (n=66) 0.24 -0.051 0.21 0.19
ATP (n=64) 0.079 -0.0092 0.057 0.12 3 0.08
017 (n=33) 0.082 -0.18 -0.15 0.22 -0.045
SAH (n=31) -0.13 0.024 0.055 0.23 3 0.12
BTN (n=28) 0.27 0.2 0.26 -0.026 0.14
STU (n=22) -0.12 -0.081 -0.047 -0.051 3 -0.0033

GLU (n=21) -0.019
AMP (n=21) 0.21
BEN (n=20) 0.14
sanio19) 03
C2E (n=19) -0.28 -0.27 -0.17 -0.031
G39 (n=18) -0.13
AZM (n=16) -0.076
ANP (n=16)
ROC (n=16)
478 (n=15)
ADN (n=15)
CIT (n=14) 0.
OAN (n=14) 0.033 -0.049 -0.12 -0.027
DAN (n=14)
BO2 (n=13)
CMP (n=13)
BB2 (n=13)
ZMR (n=13)
IMH (n=13)
MK1 (n=13)
U5P (n=13)
3BV (n=12) 0.12 -0.15 -0.028 0.18
04C (n=12)
KAI (n=12)
RET (n=12)
AKG (n=11)
ACR (n=11)
TRP (n=11)
UMP (n=10) -0.055

Figure 3.18: Pearson correlation coefficient for predicted against measured pK
for groups of structures containing the same ligand in the PDBbind 2018 gen-
eral set. Each row corresponds to a set of structures featuring a single ligand,
indicated on the vertical axis. Each column corresponds to a different set of fea-
tures used by the scoring function, indicated on the horizontal axis. Red cells
correspond to positive correlations; blue cells to negative correlations.
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Figure 3.19: Predicted against measured binding affinity for the complexes fea-
turing ADP in the PDBbind 2018 general set. Each marker represents one com-
plex: blue markers correspond to RF-Score v3 predictions; red markers corre-
spond to RF-Score v3 + RDKit predictions. Both models fail to predict the range
of experimental data, and there is no correlation between the predicted and ex-
perimental values. The single value predicted by the ligand-only RDKit model

Features used
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information about the ability of a small molecule to bind to a charged, buried
active site. Both these properties are also used to characterize drugs (Ghose
et al., 1999) and log P is also used to predict bioavailability (Lipinski, 2004). It
is possible that the predictive power of these features can in part be attributed
to systematic bias in favour of crystallising complexes featuring high-affinity
engineered compounds. However, we found that there was no trivial correla-
tion between either of these features and the pK of a compound (o, = 0.26 and
pp = 0.16, respectively, across the PDBbind 2018 general set), suggesting that
their contribution to the scoring function is only in concert with other features.

Perhaps easier to explain are features capturing molecular weight and charge
(ExactMolWt, MaxAbsPartialCharge, MolWt, MinAbsPartialCharge, MaxPar-
tialCharge) as the size and charge of the molecule will impose constraints on
both its ability to fit within a binding pocket, its electrostatic complementarity,
and the number of interactions it has the ability to form. Similarly, topological
polar surface area (TPSA) is an approximation of a molecule’s polar surface area
computed using its 2D chemical graph, and may provide information about its
hydrophobicity and ability to fit within a binding pocket. Van der Waals sur-
face area contributions, captured by the PEOE_VSA descriptors, likewise char-
acterise the molecular surface and hence potential interactions. More compli-
cated are the 2D descriptors capturing molecular connectivity (Chi) and graph
complexity (BertzCT), whose contribution to the model might also be through
capturing the shape and surface area of the molecule or some aspect of confor-
mational entropy.

We also found that when ligand-based features were combined with structure-

based features in our other models, both ligand-based and structure-based fea-
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tures were ranked highly, and that the same ligand-based features were consis-
tently found to be important regardless of which structure-based features were
used. This is illustrated in Figure 3.22. This suggests that the ligand-based fea-
tures are consistently capturing useful information that is not present in the
structure-based features, beyond the number of rotatable bonds in the ligand.
These results suggest that when using ML to predict protein-ligand binding

affinity, it is better to use a richer description of the ligand in the model.

MoIMR I
EState_VSAl I
MolLogP I
Chilv M
BertzCT I
TPSA I
Chi2n I—
Chi3v I
ExactMolWt n—
MaxAbsPartialCharge H——
Chi3n H——
Chi2v
PEOE_VSA7 s
MinEStatelndex n———
MolWt n—
MinAbsPartialCharge I
Chi4n m——
RingCount nm—
PEOE_VSA1 s
MaxPartialCharge I
0.00 0.25 0.50 0.75 1.00
Relative importance

Feature

Figure 3.21: Relative importance of features in the RF model us-
ing RDKit features trained on the PDBbind 2018 general set. A de-
scription of each feature is provided in the RDKit documentation
(https:/ /www.rdkit.org/docs/GettingStartedInPython.html, last accessed

17/05/2019).
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Figure 3.22: Relative importance of ligand-based and structure-based features in
hybrid RF scoring functions trained on the PDBbind 2018 general set. RDKit fea-
tures are shown in blue. Vina features are shown in red. RF-Score and NNScore

2.0 features excluding the Vina features are shown in yellow.
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3.3.6 | RF Scoring Functions Tend to Fail on Unseen Pro-

tein Targets

The previous results indicate that the structure-based scoring functions fail to
differentiate between different structures featuring the same ligand. To com-
plete the picture, we also investigate whether these methods can distinguish
between, and accurately score, different structures of the same, or similar, pro-
tein(s) binding different ligands. We first grouped the structures in the PDBbind
2018 general set by protein UniProt ID. Each group was held out in turn as a test
set, with the models trained on all remaining structures in the PDBbind 2018
general set. As we did not exclude sequence-similar structures from the training
set, this simulates the scenario of a novel protein target for which some data on
similar proteins are available.

Figure 3.23 shows the Pearson correlation coefficient between predicted and
experimental pK achieved by RF models using RDKit, RF-Score v3, and RF-
Score v3 + RDKit features, for groups of structures of the same protein in the
PDBbind 2018 general set. Results are shown for all proteins with at least 50
structures available. There is considerable variation in performance across the
set of proteins; all three models achieve a Pearson correlation coefficient greater
than 0.9 when tested on the set of structures for Q9Y233 (cAMP and cAMP-
inhibited ¢cGMP 3’,5"-cyclic phosphodiesterase 10A), while for many proteins
none of the models achieve a meaningful correlation. There is a general trend to-
ward all three models having comparable performance on a protein-by-protein
basis: for a given protein, either all three of the models achieved a meaningful

correlation, or no model achieved a meaningful correlation.
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Features used

RDKit RF-Score v3 RF-Score v3 + RDKit
014757 6! 0.71 0.71
014965 0.73 0.82 0.82
060674 0.48 0.5 0.51
060885 0.53 0.46 0.53
P00489
P00517
P00533
P00734 0.32 0.46 0.41
P00742

P00749
P00760

P00797

P00811 0.54 0.6 653

P00918 0.51 0.6 0.54 %

P02766 0.044 0.06 2
% P03366 0.56 0.6 0.58 §
;_:’ P03367 0.38 0.39 0.46 s
S po3372 0.57 0.56 0.58 B
g P0O7900 0.53 0.5 0.54 p

P08581 0.41 0.45 0.56 ?

P11309 g

P18031

P19491

P23639

P24941 0.44 0.46 0.5 0.2
P26663 0.75

P27487 0.55 0.43 0.48

P34913 0.73

P48736 0.45 0.32 0.37

P56817 0.72 0.75 0.77

Q00987 0.41 0.49 0.52

Q16539 0.7 0.77 0.77 0.0
QI9H2K2 0.39 0.45 0.43

Q9Y233 0.93 0.93 0.94

Figure 3.23: Pearson correlation coefficient for predicted against measured pK
for groups of structures of the same protein in the PDBbind 2018 general set.
Each row corresponds to a set of structures on a single protein, the UniProt ID
of which is indicated on the vertical axis. The full name of the protein corre-
sponding to each UniProt ID is shown in Table 3.1. Each column corresponds
to a different set of features used by the scoring function, indicated on the hor-
izontal axis. Red cells correspond to positive correlations; blue cells to negative
correlations.
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We next clustered the structures at 30% protein sequence identity and re-
peated the experiment, holding each cluster out in turn as a test set, and train-
ing the models on the remaining structures. This results in a smaller number
of clusters, each of which contains a more diverse set of related structures, and
the largest of which contained over 200 structures. This simulates the scenario
of a completely novel protein target for which there are no similar structures
available for training.

Figure 3.24 shows the Pearson correlation coefficient between predicted and
experimental pK achieved by RF models using RDKit, RF-Score v3, and RF-
Score v3 + RDK:it features, on clusters of structures in the PDBbind 2018 gen-
eral set clustered at 30% sequence identity. Results are shown for all clusters
containing at least 30 structures. In each case, the model was trained on the
PDBbind 2018 general set excluding the structures in the test cluster. As in the
case of grouping the structures by identical UniProt ID, performance of the three
models varies greatly across the different cluster and, in general, with the per-
formance of all three models being comparable on a given cluster. This is in con-
trast with the variation in performance of different scoring functions on clusters
of structures featuring the same ligand (Figure 3.18) suggesting that the ligand
and its representation in the model play an important role in scoring function
performance. These results echo those of Kramer and Gedeck (2010), suggesting
that despite the availability of much larger sets of training data and the use of
more complex models exhibiting greater benchmark performance, generalising
to a novel protein target remains challenging.

The results shown in Figures 3.18 and 3.20 indicate that these RF-based scor-

ing functions are unable to reliably distinguish between different structures fea-
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Features used
RDKit RF-Score v3 RF-Score v3 + RDKit

cluster_1 0.43 0.48 0.52
cluster_2

cluster_3

cluster_4
cluster_5 0.5 0.46 0.51
cluster_6
cluster_7
cluster_8

cluster_9

cluster_10
cluster_11
cluster_12

cluster_13

cluster_14

cluster_15 0.46 0.4

Protein Cluster ID

cluster_16 0.56

cluster_17 0.53

Pearson correlation coefficient

cluster_18 0.42

cluster_19 0.52

cluster_20 ‘ 0.6 0.48 0.56

cluster_21 0.00021

cluster_22 0.49 0.55 0.54

cluster_23

cluster_24

cluster_25 0.59 0.59 0.43
cluster_26 0.32 0.0

0.29

cluster_27

Figure 3.24: Pearson correlation coefficient for predicted against measured pK
for clusters of structures at 30% sequence identity in the PDBbind 2018 gen-
eral set. Each row corresponds to a single cluster. The cluster numberings cor-
respond to the representative proteins listed in Table 3.2. Each column corre-
sponds to a different set of features used by the scoring function, indicated on
the horizontal axis. Red cells correspond to positive correlations; blue cells to
negative correlations.
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turing the same ligand, regardless of the differences in experimentally-determined
binding affinity for those complexes. Figure 3.16 shows that the predictions of
the ligand-only model are strongly correlated with the mean of the experimentally-
determined pK values associated with a ligand. The binding data for the core
sets spans the range of pK values present in the PDBbind refined set, from a pK
of 2 to a pK of 12; approximately ten orders of magnitude. The range of values
associated with any single ligand is typically considerably smaller (Figure 3.15,
with the full range of pK values only covered when data for many ligands are
aggregated. A model that is able to accurately estimate the mean pK associated
with a single ligand, would therefore be expected to achieve a moderate or even
strong correlation across the full range of experimental data simply by estimat-
ing the mean of many different subsets of that data. This could explain why all
of these methods exhibit strong performance on a diverse benchmark such as
the PDBbind core sets despite poor performance when tested on sets of different

structures featuring the same ligand.
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3.4 | Conclusions

In this Chapter we found that the inclusion of readily-computed ligand-based
features in machine learning scoring functions consistently improves predictive

power across a large, diverse benchmark and a range of training scenarios.

Varying the composition of the training set chronologically, by restricting to
data available only up until a particular year, had little effect on affinity pre-
dictions. This suggests an element of learning saturation for the targets tested
with the data currently available. We showed that, in contrast, excluding pro-
teins from the training set that are sequence-similar to those in the test set has
a deleterious effect on affinity predictions and that even excluding only those
proteins with identical sequence to those in the test set leads to significantly re-
duced scoring function performance. We also showed that even when ligands
with high Tanimoto similarity to those in the test set were excluded from the
training set, the predictive power of the scoring functions was still increased by

including ligand-based features.

Given the power of the ligand-based features, we investigated their predic-
tive ability for ligands that bind to multiple targets and found that the predicted
binding affinity of a model using only ligand-based features was strongly cor-
related with the mean of the experimental protein-ligand binding affinity of a
ligand for its binding partners. This correlation remained strong when ligands
with a Tanimoto similarity of greater than 0.9 to the test ligand were excluded
from the training data, and gradually weakened when progressively less sim-
ilar ligands were also excluded, suggesting that while the model’s predictions

are not reliant on overfitting to previously-seen highly-similar ligands, it does
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not extrapolate well to completely novel ligands.

We also investigated how both structure-based and ligand-based methods
perform when tested on held-out clusters of previously-unseen proteins, and
found that while performance varied greatly from protein to protein, structure-
based and ligand-based methods achieved comparable performance on any given
protein. These results suggest that the representation of the ligand in a scoring
function can play a more important role in its predictive performance and that,
despite the ever-growing quantity and diversity of available training data, gen-
eralising to a previously-unseen protein target remains challenging.

Finally, we analysed the relative importance of the features of each scoring
function. We found that when structure-based and ligand-based features are
combined, both structure-based and ligand-based features were ranked highly;,
and that the same ligand-based features are ranked highly regardless of which
structure-based features they were combined with.

Our results suggest that even under stringent validation, the addition of a di-
verse, quickly-computed set of ligand-based features to a scoring function yields

improved predictions of binding affinity.

126



Using Docked Poses to Predict
Binding Affinity

In Chapter 2 we explored the use of different features and machine learning
algorithms for predicting protein-ligand binding affinity and found that Ran-
dom Forest (RF) models combining structure-based and ligand-based features
achieved the strongest performance under cross-validation and on a held-out

test set.

In Chapter 3 we investigated how training set composition affected the per-
formance of our models, and found that protein and ligand similarity between
the training and test sets had a strong influence on model performance. We also
examined the predictions of a purely ligand-based model and found that it was
predictive of the mean affinity of a ligand for its protein targets for a diverse set
of protein-ligand complexes.

Common to both Chapter 2 and Chapter 3 was the use of crystal structures
of the protein-ligand complex in both the training and test sets. In this Chap-
ter we explored how our models performed when trained and validated using

docked poses instead of the experimentally-determined binding mode of the lig-
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and. I will describe how I redocked ligands to their cognate proteins from the
PDBbind database and assessed the quality of the generated binding poses, and
I will show that pose prediction errors are common. Using the combined core
set, I will describe how we examined the impact of pose generation error on
scoring function performance, and show that using a combination of structure-
based and ligand-based features results in a smaller drop in performance than
when using structure-based features alone. I will also describe experiments
to investigate how the accuracy of the predicted binding mode affects scoring
function performance, and will show that using less-accurate poses results in
worse performance. Finally, I describe how we constructed a new data set for
binding affinity prediction using ligand binding affinity data from the ChEMBL
database. I will describe how we trained and validated our models on this new
data set and show that models trained on PDBbind data generalised poorly to
external data. I will also show that when training data are available for some
ligands of a target, a ligand-based scoring function out-performs a structure-
based one, but when no data are available for a target, both ligand-based and

structure-based methods fail to generalise to a novel target.

4.1 | Introduction

Within the field of scoring function development, it is a standard choice to use
crystal structures of bound protein-ligand complexes when developing and eval-
uating methods for binding affinity, as this allows the isolation of the task of
affinity prediction from noise that might be introduced through errors in lig-

and pose prediction, or as a result of the rigid receptor hypothesis often used
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in docking (Cheng et al., 2009; Li et al., 2014b; Su et al., 2018). However, in a
real-world drug discovery scenario, it is much less likely that an experimentally-
determined binding mode is are available for the candidate ligands being screened.
Instead, protein-ligand docking is commonly used to generate putative binding
modes for each ligand. Thus, for a scoring function to be useful in a practical set-
ting, it must be able to accurately predict the binding affinity of a protein-ligand
complex using only a docked pose of the ligand.

While the use of crystal structures of bound complexes for scoring function
development and evaluation is common in the literature, the use of docked
poses and systematic evaluation of the effect this has on scoring function perfor-
mance is less common, and the effect of using docked poses in place of crystal
poses is rarely evaluated. For example, Durrant and McCammon (2011b) used
both crystal and docked poses in the development of evaluation of NNScore 2.0,
noting that the optimal choice of docking protocol is highly system-dependent,
but did not examine the difference in performance between using crystal or
docked poses. Similarly, Zilian and Sotriffer (2013) trained SFCScorerr using
crystal poses from the PDBbind database (Wang et al., 2004; Liu et al., 2017),
and validated on both crystal poses from the PDBbind database and docked
poses of the CSAR-NRC HiQ benchmark (Dunbar et al., 2011) and CSAR 2012
benchmark (Damm-Ganamet et al., 2013). More recently, Jimenez et al. (2018)
validated Kpggp using both crystal poses and docked poses but, as in earlier
studies, used docked poses when crystal structures were unavailable, so the im-
pact of the use of docked poses in place of crystal structures is unknown.

To address this question, Li et al. (2016) investigated how the use of docked

poses in place of crystal poses affected the performance of the AutoDock Vina
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scoring function, RF-Score, and RF-Score v3. The authors reported that, con-
trary to what might be expected, that using docked poses in place of crystal
poses only had a small effect on the accuracy of binding affinity predictions; for
example, the Spearman rank correlation coefficient attained by RF-Score v3 on
the PDBbind 2013 core set dropped from 0.662 to 0.633. The authors further re-
ported that by this drop in performance was reduced by training RF-Score v3 on
docked poses instead of crystal poses, resulting in a Spearman rank correlation
coefficient of 0.643 on the PDBbind 2013 core set, suggesting that the errors in-
troduced by using docked poses can be partially compensated for by also using
docked poses when training the scoring function. However, it remains unclear
how the use of docked poses might affect other scoring functions, or how well

this result generalises to data sets outside of the PDBbind database.

This Chapter explores how the use of docked poses in place of crystal poses
affects the performance of the models studied in Chapters 2 and 3. This is es-
pecially relevant when working with ligand-based features that are indepen-
dent of the pose of the ligand, as these will be unaffected by errors in the bind-
ing pose introduced by docking. It is therefore interesting to investigate how
the addition of ligand-based features to a structure-based scoring function af-
tects performance when docked poses are used, and whether the addition of
pose-independent ligand-based features to a structure-based scoring function
can help to reduce errors in affinity prediction introduced by the use of docked

poses.
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4.2 | Materials and Methods

The features and models used for binding affinity prediction in this Chapter
were discussed in Chapter 2. Here we describe the methods used for generating
and assessing docked poses, and the construction of a new data set for binding

affinity prediction.

4.2.1 | Data Preparation

All docking calculations were performed using Smina (Koes et al., 2013), a fork
of AutoDock Vina (Trott and Olson, 2010) featuring an enhanced command-line
interface and performance optimisations for minimizing large sets of ligands.
Smina also features support for custom scoring functions, but for this work we
used Smina with the default AutoDock Vina scoring function.

Protein and ligand structures were prepared for docking using the follow-
ing protocol. For each ligand, a conformer was generated using the ETKDG
method (Riniker and Landrum, 2015) implemented in RDKit (Landrum, n.d.a).
Protein PDB files and ligand SDF files were prepared for docking by generating
PDBQT files using OpenBabel (O’Boyle et al., 2011). This step assigns Gasteiger-
Marsili partial charges (Gasteiger and Marsili, 1980) and AutoDock atom types
to the atoms in the structure, both of which are required to perform docking cal-
culations. Smina is capable of converting PDB and SDF files to PDBQT format
internally using OpenBabel; however, in the interest of reproducibility, we chose
to generate the PDBQT files manually to ensure the files remained available for

future use.
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4.2.2 | Redocking PDBbind

We first generated docked poses for the PDBbind 2018 refined set. We restricted
this experiment to the refined set as the structures are of overall higher qual-
ity (2.5A or better and no missing side chains) than those in the general set
(which lack quality criteria). This also allowed us to invest computational time
in performing a more exhaustive search of conformational space for the highest-
quality structures, rather than reducing exhaustiveness to expedite the docking
of the much larger general set.

The structure files for the protein and ligand of each complex in the PDBbind
2018 refined set were prepared as described in Section 4.2.1. We intentionally
generated a new conformer for the ligand to ensure the docking results were not
biased toward the experimentally-determined conformer provided by PDBbind.
The prepared protein and ligand were then docked using Smina, treating the
receptor as fully rigid. The SDF file of the ligand provide by PDBbind was used
to define the centre of the search space via the autobox_ligand argument of Smina.

The search parameters used with Smina are shown in Table 4.1.

Parameter Value
autobox_add 8
exhaustiveness 20
num_modes 20
random_seed 42

Table 4.1: Smina docking parameters used to dock the ligands to their cognate
protein partners.

Of the 4,463 complexes in the PDBbind 2018 refined set, RDKit failed to parse

the ligand for 210 complexes. These complexes were not re-docked using Smina,
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as a new conformer could not be generated by RDKit. In total, 4,253 complexes
from the PDBbind 2018 refined set were re-docked using Smina. It is important
to note that in practical applications of docking, a ligand are unlikely to be re-
docked into the crystal structure of the conformation of the protein when that
ligand is bound. Instead, a ligand will most likely be docked into either a crys-
tal structure of of the protein when a different ligand is bound, or if no such
bound structures are available, an unbound (apo) structure of the protein. This
poses an additional challenge for docking as the conformation of the protein
may change depending on which ligand, if any, is bound. If the flexibility of the
protein is not adequately modelled during docking, reduced shape complemen-
tarity between the ligand and the active site may make it difficult to identify
the native binding mode. Further, if no experimentally-determined structures
are available, the ligand must instead be docked into a homology model of the
protein structure. In addition to the challenge of docking into an apo structure,
the homology model itself may be inaccurate, resulting in additional difficulty
in identifying the native binding mode. For these reasons, the poses generated
by re-docking the PDBbind database are likely an optimistic estimate of dock-
ing performance, even when the initial conformation of the ligand is randomly

generated.

4.2.3 | ChEMBL Data Set

To further validate models trained on docked poses, we constructed an addi-
tional data set of ligands with binding affinity data selected from the ChEMBL

database (Gaulton et al., 2017). We chose to use eight of the 102 protein targets
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from the DUD-E virtual screening database (Mysinger et al., 2012): serine/threonine-
protein kinase AKT; B-lactamase; cytochrome P450 3A4; C-X-C chemokine re-
ceptor type 4; glucocorticoid receptor; HIV-1 protease; HIV-1 reverse transcrip-
tase; and kinesin-like protein 1. These eight proteins comprise a subset of the
DUD-E database known as the “diverse” set, which contains representatives of
the different protein families in the DUD-E database. We used targets from
DUD-E as this database is commonly used in benchmarking docking and vir-
tual screening methods, allowing us to build a data set complementary to that

commonly used in the literature.

For each target, we queried ChEMBL version 25 for ligands for that target
for which a measurement of K; was available. We restricted the data set to mea-
surements of K; to minimise noise due to heterogeneous data. Two targets, p-
lactamase and C-X-C chemokine receptor type 4, did not have any ligands with
recorded values of K;, so were removed from the target set. For the remaining six
targets, we downloaded the SMILES and affinity data for the available ligands.
We used the pChEMBL value, which is the negative base-10 logarithm of the
binding constant reported by ChEMBL, equivalent to the pK value!. Duplicate
pChEMBL were removed; while for ligands with multiple different pChEMBL
values, we used the mean of the pChEMBL value for that ligand. The names of
the six targets for which K; data were available in ChEMBL, together with the
PDB code of the structure provided by DUD-E and the number of ligands in our

data set, are shown in Table 4.2.

The distributions of the pChEMBL values for the six targets are shown in

1h’ctps: / /chembl.gitbook.io/chembl-interface-documentation/frequently-asked-
questions/chembl-data-questions#what-is-pchembl; last accessed 04/01/2020
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Protein name Abbreviation | PDB code | # ligands
Serine/threonine-protein kinase AKT | AKT1 3CGW 216
Cytochrome P450 3A4 CP3A4 3NXU 137
Glucocorticoid receptor GCR 3BQD 863
HIV-1 protease HIVPR 1XL2 2023
HIV-1 reverse transcriptase HIVRT 3LAN 69
Kinesin-like protein 1 KIF11 3CJO 143

Table 4.2: Summary of the ChEMBL data set. The abbreviation and PDB struc-
ture for each target correspond to those found in DUD-E.

Figure 4.1. The data for HIVRT and CP3A4 span only four orders of magnitude,
from a pChEMBL of 4.0 to to a pChEMBL of 8.0, with the exception of two lig-
ands of CP3A4 with a pChEMBL greater than 10.0. The data for GCR span a
slightly larger range, with pChEMBL values ranging from 4.7 to 10.0, while the
data for AKT1, HIVPT, and KIF11 span at least six orders of magnitude. These
data all lie within the range of values represented in the PDBbind 2018 refined
set, so a RF model trained on PDBbind data could be expected to interpolate
well within this range of values.

The PDB file provided by DUD-E and the ligand SMILES strings down-
loaded from ChEMBL were prepared for docking by generating PDBQT files as
described in Section 4.2.1. For each protein, we used the crystallographic ligand
from the corresponding PDB structure provided by DUD-E was used to define
the centre of the search space. Finally, for each prepared protein, its prepared

ligands were docked using Smina with the parameters shown in Table 4.1.
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Figure 4.1: Distribution of pChEMBL values for the ligands of six protein tar-
gets. (A) serine-threonine-protein kinase AKT, AKT1; (B) Cytochrome P450 3A4,
CP3A4; (C) glucocorticoid receptor, GCR; (D) HIV-1 protease, HIVPR; (E) HIV-1
reverse transcriptase, HIVIRT; and (F) kinesin-like protein 1, KIF11. More de-
tails on each target are included in Table 4.2.
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4.2.4 | Docking Evaluation

The quality of a docked pose was assessed by computing the root-mean-squared
deviation (RMSD) of the positions of the atoms of the ligand’s docked pose to
that of the crystal pose. For a molecule with N heavy atoms, let d; denote the
distance between the position of atom i in two conformers of the molecule, then

the RMSD of the atomic positions is defined as:

RMSD = (4.1)

Because the definition of RMSD in Equation 4.1 uses the distance between
indexed atoms, the computed RMSD of a conformer of a symmetric molecule
will be dependent on the indices of the symmetric atoms. This could result in
two or more physically identical conformers of a molecule being assigned arti-
ticially high RMSD values if the indices of the symmetric atoms are not identi-
cal between the two conformers. To ensure we correctly account for symmetry
when computing the RMSD between two conformers, we identified symmetri-
cally equivalent permutations of the atomic indices of a molecule by performing
a substructure match of the molecule against itself using RDKit. We then ap-
plied these permutations to the indices of the atoms and re-computed the RMSD
of each conformer using Equation 4.1. The lowest computed RMSD value was

then taken as the RMSD of that conformer.
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4.2.5 | Training and Validation

In Chapter 3 we found that RF models using either RF-Score v3 features or
NNScore 2.0 features achieved comparable performance, and out-performed RF
models using AutoDock Vina features or RF-Score features. We therefore chose
to focus on using RF-Score v3 features as our structure-based feature set as it is
the smaller and simpler of the two top-performing feature sets.

We built RF models using three feature sets described in Chapter 2: (i) RDKit
features, (ii) RF-Score v3 features, and (iii) RF-Score v3 + RDKit features. When
training models using features computed from docked poses, for each complex
we used the pose ranked highest by the native AutoDock Vina scoring function
as implemented in Smina. We did not restrict the training set to ligands with
poses with RMSD below 2Aas this would have substantially reduced the size of
the training set. For the first validation, using the combined core set described
in Section 3.2.1, models were tested on the pose ranked highest by Smina, simu-

lating the real-world scenario where a crystallographic pose is not available.

4.3 | Results and Discussion

4.3.1 | Pose-Prediction Errors are Common

We first assessed the quality of the docked poses generated by Smina. Figure
4.2 shows the distribution of the RMSD of the best docked pose for the PDBbind
2018 refined set. Of the 4,253 complexes re-docked by Smina, only 1,357 had at

least one docked pose with RMSD below ZA, while for 1,003 complexes every
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docked pose had RMSD greater than 4A. Further, the AutoDock Vina scoring
function used by Smina to rank the poses often failed to identify a good pose
even when one was sampled: of the 1,357 complexes with at least one pose with
RMSD below 2A, the top-ranked pose returned for Smina has RMSD greater
than 2A for 691 complexes, with 371 of these having an RMSD of greater than
4A. This is not surprising, as it has been reported that docking scoring functions
are not always a reliable way of selecting the best pose from a set of putative

binding poses (Ramirez and Caballero, 2018).
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Figure 4.2: Distribution of the RMSD of the best docked pose generated by
Smina for 4,253 structures from the PDBbind 2018 refined set.

One possible source of docking error is the use of large, flexible molecules,

whose conformational space is large and difficult to sample effectively. How-
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ever, this does not appear to be the case when docking the PDBbind 2018 re-
fined set using Smina. Figure 4.3 shows the RMSD of the best pose generated by
Smina against the number of heavy atoms (Figure 4.3 A) and the number of ro-
tatable bonds in the ligand (Figure 4.3 B). There is little correlation between the
RMSD of the best pose and the size or flexibility of the ligand, indicating that
while these factors may contribute to difficulties in docking, they do not fully

explain the cases where poor poses were generated.
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Figure 4.3: RMSD of the docked pose ranked highest by the AutoDock Vina
scoring function. A: RMSD against the number of heavy atoms in the ligand. B:
RMSD against the number of rotatable bonds in the ligand. The broken black
line indicates a linear regression fit to the points.

These results indicate that, while in many cases a simple docking protocol
can yield binding poses close to the native pose found in a crystal structure,
success in reproducing the experimentally-determined binding pose is far from
guaranteed. Thus, in any study attempting to use docked poses to predict bind-

ing affinity, errors in the binding pose should be anticipated. Further, even when
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the native binding pose of the ligand is sampled by the docking method, it may
not be selected by the docking scoring function as the top-scoring pose. How-
ever, as docking is used when the native binding pose is not known, in any
practical application we need a means of choosing the pose or poses used for
binding affinity prediction. Though far from perfect (Ramirez and Caballero,
2018), docking scoring functions are much better at selecting a good pose than
they are at ranking binding affinity (Cheng et al., 2009; Li et al., 2014b; Su et al,,
2018). Thus, while not always ideal, using the top-scoring pose returned by

Smina is a straightforward way of choosing a single pose.

4.3.2 | Including Ligand-Based Features Reduces the
Performance Gap Between Docked and Crystal

Poses

Figure 4.4 shows the Pearson correlation coefficient achieved by RF models us-
ing RDKit, RF-Score v3, and RF-Score v3 + RDKit features on the combined core
set when trained on the PDBbind 2018 refined set (excluding the combined core
set), for varying levels of protein sequence similarity (Figure 4.4A) and ligand
Tanimoto similarity 4.4B) between the training and test sets respectively.

The performance of the model using RF-Score v3 features is worse when
docked poses are used: when no data are excluded from the training set, the
Pearson correlation coefficient of 0.767 when using crystal poses, and 0.713 when
using docked poses. There is a much smaller drop in performance when using

RF-Score v3 + RDKit features: when no data are excluded from the training set,
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the Pearson correlation coefficient falls from 0.790 when using crystal poses to
0.774 when using docked poses. The performance when using RF-Score v3 +
RDKit features and docked poses is comparable to that of using RF-Score v3
features and crystal poses. These trends remains present when sequence-similar
proteins are excluded from the training set, suggesting that including the RDKit
features in the model helps to mitigate the loss in performance resulting from

the use of docked poses.

The gap in performance between models using RF-Score v3 features and
models using RF-Score v3 + RDKit features is greater when using docked poses
than when using crystal poses when the Tanimoto similarity threshold between
the training and test sets is 0.6 or greater. When this threshold is reduced to 0.5
or lower, the gap in performance is greatly reduced. This corresponds to the
drop in performance of the models augmented with RDKit features observed in
Chapter 3 Figure 3.10 when ligands with Tanimoto similarity of 0.5 or greater
to those in the test set were excluded from the training set. These results sug-
gest that, provided sufficient training data are available, the inclusion of ligand-
based features in the model helps to reduce the effect of docking pose error on

scoring function performance.

4.3.3 | Docking Quality Affects Binding Affinity

Prediction Accuracy

We demonstrated in Section 4.3.1 that errors in pose prediction are common

when docking using Smina, and commented on the fact that the pose ranked
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Figure 4.4: Pearson correlation coefficient between predicted and experimental
pK values on the combined core set. Solid lines show performance when trained
and tested using crystallographic binding poses; dotted lined show performance
when trained and tested using docked poses.

highest by the native AutoDock Vina scoring function as implemented in Smina
may not be the most accurate of the poses that were generated. We next inves-
tigated how best to score a complex when multiple docked poses are available,

and how the quality of the docked poses affects scoring function performance.

We first investigated three strategies for assigning a score. These were: (i)
scoring the pose ranked highest by Smina; (ii) scoring all poses and taking the
highest score; and (iii) scoring all poses and taking the mean score. Using the
PDBbind 2018 refined set, excluding the combined core set, we randomly split
the data into a training set and a validation set in an 80:20 ratio. This resulted

in a new training set of 3,133 complexes and a validation set of 783 complexes.
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We then trained two RF models, one using RF-Score v3 features, and one using
RF-Score v3 + RDKit features, on this new training set, using the pose ranked
highest by Smina for each complex. Then, for both models, we predicted the pK
for the complexes in the validation set using all 20 docked poses for each com-
plex. We then took for each complex: (i) the predicted pK for the pose ranked
highest by Smina; (ii) the highest predicted pK; and (iii) the mean of the pre-
dicted pK values. For each of these strategies, and for both models, we then
computed the Pearson correlation coefficient between the predicted and experi-

mental pK values. These are shown in Table 4.3.

Features Top-ranked pose | Highest score | Mean score
RF-Score v3 0.681 0.699 0.665
RF-Score v3 + RDKit 0.757 0.764 0.745

Table 4.3: Effect of scoring strategy on affinity prediction accuracy. The Pearson
correlation coefficient between predicted and experimental pK on a validation
set of 783 complexes is shown for two RF models (one using RF-Score v3 features
and one using RF-Score v3 + RDKit features) and three scoring strategies (‘top-
ranked pose’, ‘highest score’, and ‘mean score’).

The results in Table 4.3 suggest that there is only a small difference between
using the pose ranked highest by Smina and scoring all poses then taking the
highest score. The RF using RF-Score v3 features achieved Pearson correlation
coefficients of 0.681 using the “top pose’ strategy, 0.699 using the ‘highest score’
strategy, and 0.665 using the ‘mean score” strategy, respectively, suggesting that
there is a minor advantage to using the ‘highest score” strategy, and that simply
using the pose ranked highest by Smina is better than averaging the scores as-
signed to each pose. The difference in performance between the three strategies

is smaller for the RF using RF-Score v3 + RDKit features, which is expected as
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the ligand-based RDKit features are pose-independent.

We next investigated the effect of pose quality on model performance. To do
this, we identified all complexes in the PDBbind 2018 refined set, excluding the
combined core set, for which at least one ‘good’ pose (i.e. less than 2A RMSD)
and at least one ‘poor’ (i.e. greater than 4A RMSD) pose were generated. This
resulted in a set of 1,284 protein-ligand complexes. Because this set is consid-
erably smaller than the set used to investigate scoring strategies, we chose to
use a cross-validation approach to ensure the effective size of the test set was
not too small. The 1,248 complexes were split randomly into five folds. Each
fold was held out in turn as a test set, with the remaining four folds combined
to form the training set. We then trained and tested two RF models: one using
RF-Score v3 features, and one using RF-Score v3 + RDKit features. For training,
because a single pose was needed for each complex, we simply used the pose
ranked highest by Smina. For each test fold, we scored all 20 poses for each com-
plex and separated the poses into ‘good’ (<2A RMSD) and ‘poor’ (>4A RMSD).
For each complex, we then took the highest score across the ‘good” poses as the
score for that complex using ‘good” poses, and the highest score across the ‘poor’
poses as the score for that complex using “poor” poses. We adopted the ‘highest
score’ strategy as this performed best when we investigated scoring strategy. We
computed the Pearson correlation coefficient between predicted and experimen-
tal pK values across each fold for the ‘good’ poses, and separately for the ‘poor’
poses. The cross-validation Pearson correlation coefficient when using ‘good’
poses was then taken to be the mean of the Pearson correlation coefficient com-
puted across the five folds when using ‘good” poses, and similarly for the “poor’

poses. The results are shown in Table 4.4.
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Features Good (RMSD <2A) poses | Bad (RMSD >4A) poses
RF-Score v3 0.724 0.652
RF-Score v3 + RDKit 0.738 0.707

Table 4.4: Effect of docking quality on affinity prediction accuracy. The mean
Pearson correlation coefficient between predicted and experimental pK across
tive-fold cross-validation on a set of 1,284 complexes is shown for two RF models
(one using RF-Score v3 features and one using RF-Score v3 + RDKit features)
tested on either only ‘good’” (RMSD < 2A) or only “poor” (RMSD > 4A) poses.

When only ‘good” docked poses are used, there is a modest improvement in
performance when using RF-Score v3 + RDKit features over RF-Score v3 features
alone (o, = 0.738 versus p, = 0.724), consistent with the results of Chapter 2
and Chapter 3. However, when only “poor” docked poses are available, there is
a much larger improvement in performance when using RF-Score v3 + RDKit
features over RF-Score v3 features alone (o, = 0.707 versus p, = 0.652. In
addition to this, performance using RF-Score v3 + RDKit features with “poor’
docks is lower than performance using RF-Score v3 features alone with ‘good’
docks (pp = 0.707 versus p, = 0.724). This shows that the use of ‘poor” (RMSD
greater than 4A) docked poses has a more deleterious effect on the performance
of the structure-based scoring function than the use of ‘good” (RMSD less than
4A) docked poses. This further shows that the inclusion of ligand-based features
in the scoring function has a greater beneficial effect when relying on poorly-

docked poses.

These results suggest that where ‘good” low-RMSD docked poses are avail-
able, structure-based methods can be expected to perform well, and the perfor-
mance gained by augmenting with ligand-based features is comparable to that

observed when training and testing on crystallographic binding poses. How-
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ever, when there are errors in the docked poses, a purely structure-based ap-
proach performs substantially worse, and augmentation with ligand-based fea-
tures helps to recover performance to near that achieved on low-RMSD docked

poses.

4.3.4 | Scoring Function Performance Does Not
Generalise to New Data Sets

We next tested our models on the ligands selected from ChEMBL for six DUD-
E targets: serine/threonine-protein kinase AKT (AKT1), cytochrome P450 3A4
(CP3A4), glucocorticoid receptor (GCR), HIV-1 protease (HIVPR), HIV-1 reverse
transcriptase (HIVRT), and kinesin-like protein 1 (KIF11). For each target, we
prepared the PDB structure listed in Table 4.2 and the ligands downloaded from
ChEMBL for docking according to the protocol described in Section 4.2.1. For
each ligand, 20 poses were generated using Smina by docking into the rigid,
crystallographic strucutre of the protein. As shown in Section 4.3.3, the choice
of docked pose used to score a complex has an effect on the accuracy of the
predicted affinity, with low-RMSD poses resulting in more accurate predictions
than high-RMSD poses. Because crystal structures of the protein-ligand com-
plex were not available for these proteins and their ligands, the accuracy of the
docked poses was unknown. To address this, when testing scoring functions
using this data set, we scored every docked pose for each ligand and took the
highest score as the predicted pK of that ligand for its protein target. We chose to

use the max score because there was no guarantee that the pose ranked highest
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by Smina would be accurate, and as shown in Section 4.3.3, using the max score
across multiple poses resulted in more accurate pK predictions than taking the
mean score across multiple poses.

First, we tested models trained on docked poses of the PDBbind 2018 re-
tined set. Figure 4.5 shows the predicted versus experimental pK values for
the ligands of AKT1, CP3A4, and GCR, while Figure 4.6 shows the predicted
versus experimental pK values for the ligands of HIVPR, HIVRT, and KIF11.
Overall performance is poor, with no model achieving a Pearson correlation co-
efficient greater than 0.5 on any set of ligands. RF-Score v3 features and RF-
Score v3 + RDKit features achieve a weak correlation (o, > 0.4) for the ligands
of AKT1, RDKit features achieves a weak correlation for the ligands of GCR,
and all three models achieve a weak correlation for the ligands of HIVPR. The
ligands of HIVRT and KIF11 were predicted especially poorly, with no model
achieving a meaningful correlation between predicted and experimental pK for
either target. The poor performance of all three models on the HIVPR dataset is
particularly surprising: this target is well-represented in the PDBbind database,
and the results of Chapter 3 suggest that these models should be expected to
perform well on data for a protein target that is well represented in the training
set. These results are in stark contrast with the strong performance achieved
by these models on PDBbind data under cross-validation and on the combined
core set, indicating that even under strict training and validation conditions, the
models generalise poorly to data sourced from outside the PDBbind database.

Next, we re-trained the models using the ChEMBL data to determine whether
training and testing on data from the same source would improve performance.

We used two validation strategies: intra-target and inter-target. For the intra-
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Figure 4.5: Predicted versus experimental pK values for ligands of the targets
AKT1, CP3A4, and GCR by RFs using RDKit, RF-Score v3, and RF-Score v3
+ RDKit features. Models were trained on docked poses of the PDBbind 2018
refined set. The broken black line indicates a linear regression fit to the points.
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Figure 4.6: Predicted versus experimental pK values for ligands of the targets
HIVPR, HIVRT, and KIF11 by RFs using RDKit, RF-Score v3, and RF-Score v3
+ RDKit features. Models were trained on docked poses of the PDBbind 2018
refined set. The broken black line indicates a linear regression fit to the points.
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target validation, the data for each target were randomly split into training and
test sets in an 80:20 ratio, so that each model was trained and tested on data for
a single target. For the inter-target validation, the data for each target were held
out in turn as a test set, with the models trained on the data for the remaining
tive targets. In both cases, as the accuracy of the docked poses was unknown
and a single pose was required for training, we chose to use the pose ranked
highest by Smina for each training complex. As before, for each test complex
we scored all 20 of the docked poses and took the max score as the predicted pK
value for that complex.

Figure 4.7 shows the predicted versus experimental pK values for the ligands
of AKT1, CP3A4, and GCR under intra-target validation, while Figure 4.8 shows
the predicted versus experimental pK values for the ligands of HIVPR, HIVRT,
and KIF11 under intra-target validation. Performance varies greatly between
targets, but overall performance is much better than the case where models were
trained on PDBbind data. In all but two cases, each model achieved a Pearson
correlation coefficient in the range of p, = 0.5 to pp = 0.8, in contrast with the
weak correlations obtained when training on PDBbind data (o, < 0.5. The two
exceptions were CP3A4 and HIVRT, for which the model using RF-Score v3 fea-
tures achieved correlation coefficients of 0.342 and 0.490 respectively. Models
using RDKit features outperform models using RF-Score v3 features on every
target and, with the exception of HIVRT (for which the sample size is small) the
combination of RF-Score v3 + RDKit features is comparable to that of the RDKit
features alone. This is not surprising in this intra-target validation scenario: lig-
ands were docked into a single crystal structure of the target, so the structural

information about the target is a fixed constant across each set of data.
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Figure 4.7: Intra-target predicted versus experimental pK values for ligands of
the targets AKT1, CP3A4, and GCR by RFs using RDKit, RF-Score v3, and RF-
Score v3 + RDKit features. For each target, 20% of the ligands for that target
were held out as a test set, with the remaining 80% used as the training set. The
broken black line indicates a linear regression fit to the points.
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Figure 4.8: Intra-target predicted versus experimental pK values for ligands of
the targets HIVPR, HIVRT, and KIF11 by RFs using RDKit, RF-Score v3, and
RF-Score v3 + RDKit features. For each target, 20% of the ligands for that target
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broken black line indicates a linear regression fit to the points.
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Figure 4.9 shows the predicted versus experimental pK values for the lig-
ands of AKT1, CP3A4, and GCR under inter-target validation, while Figure 4.10
shows the predicted versus experimental pK values for the ligands of HIVPR,
HIVRT, and KIF11 under inter-target validation. In contrast with the intra-target
validation, none of the models achieve a meaningful correlation between the
predicted and experimental pK values for any of the targets (o, < 0.4), indicat-
ing that the models are unable to generalise to a previously-unseen target. With
the exception of CP3A4, the predicted pK values also span a very narrow range
of values compared to the range of experimentally-determined values. This is
particularly striking for the HIVPR data (Figure 4.10 A-C), for which the pre-
dictions of the RF using RDKit features spans 2 pK units, and the predictions
of the RF using RF-Score v3 features spans 1 pK unit. This echoes the results
of Chapter 3 where the performance of models on individual protein targets or
clusters of protein targets from the PDBbind database was inconsistent and often
poor, and models using RDKit, RF-Score v3, and RF-Score v3 + RDKit features
all achieved similar performance on any given protein target or cluster. These
results demonstrate that performance on a single benchmark, in this case the
PDBbind core sets, is not always indicative of how well a scoring function can

be expected to perform on a new data set.

4.4 | Summary

In this Chapter we investigated how the use of docked ligand poses instead of
ligand crystal structures affects machine learning scoring function performance.

We re-docked the PDBbind refined set using Smina and found that in many
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Figure 4.9: Inter-target predicted versus experimental pK values for ligands of
the targets AKT1, CP3A4, and GCR by RFs using RDKit, RF-Score v3, and RF-
Score v3 + RDKit features. For each target, all ligands for that target were held
out as a test set, with the ligands of the five other targets used as the training set.
The broken black line indicates a linear regression fit to the points.
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Figure 4.10: Inter-target predicted versus experimental pK values for ligands of
the targets HIVPR, HIVRT, and KIF11 by RFs using RDKit, RF-Score v3, and RF-
Score v3 + RDKit features. For each target, all ligands for that target were held
out as a test set, with the ligands of the five other targets used as the training set.
The broken black line indicates a linear regression fit to the points.
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cases the native AutoDock Vina docking scoring function was unable to cor-
rectly rank the generated binding poses by their RMSD to the crystallographic
binding mode, consistent with findings reported in the literature (Ramirez and
Caballero, 2018). Further, binding poses with RMSD below 2A to the crystal-
lographic binding pose were generated for only one in three complexes. The
quality of the best docked pose generated by Smina for each complex was not
strongly correlated with the size or flexibility of the ligand, suggesting that the
complexity of the ligand was not the cause of the failure to reproduce the crys-
tallographic binding pose.

We found as expected that the use of Smina docked poses in place of X-
ray crystallographic binding modes for training and validation substantially re-
duces the performance of a structure-based model. Further, we showed that a
hybrid model combining structure-based and ligand-based features is less neg-
atively affected by the use of docked poses than a purely structure-based model,
and can achieve performance comparable to that of a structure-based model
trained and tested on crystallographic binding poses. This suggests that the
inclusion of ligand-based features into a scoring function can help to reduce the
error in affinity prediction introduced by the use of docked poses.

We showed under cross-validation that the quality of the docked pose af-
fects the performance of the model, with the use of ‘good” poses with below
2A RMSD to the crystal pose giving better performance than the use of ‘poor’
poses with greater than 4A RMSD to the crystal pose for the same complexes.
Further, we found that when multiple docked poses are available, scoring every
pose and taking the highest score rather than scoring the pose ranked highest by

the native AutoDock Vina scoring function results in slightly better correlations
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between the predicted and experimentally-determined binding affinity.

We constructed a new data set of ligands for six targets found in DUD-E
database using experimental measurements of the inhibition constant K; from
ChEMBL version 25 (Gaulton et al., 2017). Using docked poses generated by
Smina, we applied models trained on docked poses of the PDBbind refined set
to this new data set and found that the predictions correlated poorly with the
ChEMBL affinity data for all six targets, suggesting that the models trained on
PDBbind data generalise poorly to external data.

Under an intra-target validation, where 80% of the data for a target was used
to train the model and 20% of the data was held out as a test set, models us-
ing RDKit, RF-Score v3, and RF-Score v3 + RDKit features all achieved positive
Pearson correlation coefficients between the predicted and experimental data,
ranging from p, = 0.342 to pp = 0.812, indicating that these target-specific mod-
els are capable of predicting this data. The ligand-based model using RDKit
features out-performed the structure-based model using RF-Score v3 features in
this training scenario, suggesting that in the absence of a crystal structure of the
protein-ligand complex, the use of well-studied ligand-based approaches such
as those used in QSAR in place of structure-based methods may be sufficient if
binding affinity data for other ligands are available.

Under an inter-target validation scenario, where data for five of the targets
were used to train the model, with all of the data for the remaining target held
out as a test set, models using RDKit, RF-Score v3, and RF-Score v3 + RDKit
features all failed to achieve any meaningful correlation between predicted and
experimental binding affinity, echoing the results of Chapter 3 which showed

that both structure-based and ligand-based scoring functions often failed to gen-
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eralise to an unseen protein target. This is consistent with many studies in the
literature, confirming that generalising to an unseen protein target remains a
challenge for the field of scoring function development.

The results of this Chapter indicate that, on a benchmark such as the PDB-
bind core sets, the use of Smina docked poses for training and validation neg-
atively affects the performance of a structure-based scoring function, and that
the inclusion of ligand-based features in the scoring function helps to counter-
act this effect. However, we have also shown that a model trained on PDBbind
data generalises poorly to an external data set, suggesting that additional val-
idation and benchmarking sets are needed for scoring function development.
Finally, when binding affinity data are available for some ligands of a protein tar-
get, a ligand-based method out-performs a structure-based method using Smina
docked poses, suggesting that a ligand-based approach remains a competitive

option in this scenario.
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Conclusions and Future Directions

5.1 | Summary

5.1.1 | Introduction and Background

In Chapter 1 we gave an overview of the drug discovery process, a key challenge
of which is predicting the strength of protein-ligand interactions. We introduced
the principle of molecular recognition, and described how the change in free en-
ergy upon binding relates to the kinematics of protein-ligand interactions. We
then discuss the use of computational methods for predicting protein-ligand in-
teractions using virtual screening during early-stage drug discovery. The grow-
ing availability of structural and bioactivity data and computational power has
led to an increasing use of computational methods in drug discovery, including
docking, proteochemometric modeling, molecular dynamics, and free energy
calculation.

We discussed the development of protein-ligand docking, in particular the

challenge posed by modelling receptor and ligand flexibility. We described the
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classical scoring functions used in protein-ligand docking to rapidly assess protein-
ligand interactions, and discuss the challenge of rapidly, yet accurately, pre-
dicting binding affinity using a single, static snapshot of the system. We then
reviewed recent developments in the use of machine learning methods to de-
velop scoring functions that demonstrate significantly improved performance
over classical scoring functions at the task of binding affinity prediction. Finally,
we discuss molecular dynamics and free energy perturbation. These more fine-
grained approaches to predicting binding modes and binding affinity represent
an alternative paradigm to that of protein-ligand docking and scoring functions,
offering a greater understanding of the dynamics of protein-ligand binding and
rigorous calculation of the free energy of binding in exchange for greatly in-
creased expenses in both time and computational resources.

In Chapter 2 we explored the use of different features and machine learn-
ing algorithms for predicting protein-ligand binding affinity. We examined the
features used by four different scoring functions: the AutoDock Vina scoring
function; RF-Score; RF-Score v3, and NNScore 2.0, as well as a diverse set of
molecular descriptors for the ligand, computed using the open-source chemin-
formatics package RDKit.

Using the PDBbind 2016 refined set as our data set, we first performed an
exploratory analysis of each of these sets of features. We analysed the correla-
tions between features in each of these feature sets and found that, across our
data set, many of the features within each feature set were highly correlated. We
used principal component analysis to explore the dimensionality of each feature
set and found that, for each feature set, much of the variance in the data could

be explained by a small number of features.
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We investigated the predictive power of each set of the Vina, RF-Score, RF-
Score v3, and NNScore 2.0 features, and the effect of augment each of these sets
of structure-based features with the ligand-based RDKit features. By training
Random Forest regression models on the PDBbind 2016 refined set and test-
ing on the PDBbind 2007 core set, we showed that a Random Forest using the
combination of the Vina features and the RDKit features achieved performance
comparable to Random Forest using the more complex RF-Score, RF-Score v3,
or NNScore 2.0 features. We further found that the performance of a Random
Forest model using RF-Score, RF-Score v3, or NNScore 2.0 features was also en-
hanced by the addition of the ligand-based RDKit features, suggesting that the
inclusion of a more detailed physicochemical representation of the ligand can
improve scoring function performance.

Having found that there were strong correlations within each feature set, and
that much of the variance in the data could be captured using a small number
of features, we explored the effect of using fewer features on scoring function
performance. We found that for each set of features, using a subset of the most
informative features resulted in performance close to that obtained when using
the full set of features, suggesting that by eliminating less-informative features
it is possible to develop simple, parsimonious scoring functions without sacri-
ficing performance.

We next investigated the use of different machine learning algorithms for
binding affinity prediction. We used regularised linear regression, artificial neu-
ral networks, AdaBoost, XGBoost, and Random forest, and found that under
cross-validation using the PDBbind 2016 refined set, Random Forest and XG-

Boost models outperformed linear models, neural networks, and support vec-
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tor machines using each of the previously-studied sets of features. We also ob-
served that, for each machine learning algorithm, using only the ligand-based
RDK:it features resulted in higher cross-validation performance than using the
Vina features. We then trained a Random Forest using only the RDKit features
on the PDBbind 2016 refined set and tested this model on the PDBbind 2007
core set. We found that this ligand-only model achieved performance greater
than both the AutoDock Vina scoring function and a Random Forest using the
Vina features on this benchmark.

The results of Chapter 2 suggest that there are properties of a ligand that are
intrinsically useful for binding affinity prediction, and that machine learning
scoring functions can be easily improved by the inclusion of a diverse set of
molecular descriptors of the ligand.

In Chapter 3 we investigated in more detail the effect of including ligand
molecular descriptors in Random Forest scoring functions under different train-
ing and validation scenarios.

First, we showed that, when training Random Forest models on the PDBbind
refined set or general set, using larger, more recent versions of the PDBbind
database did not lead to improved performance when tested on the PDBbind
2007, 2013, or 2016 core sets. In contrast with this, we showed that excluding
from the training set proteins and ligands that are similar to those in the test set
had a deleterious effect on scoring function performance, regardless of the fea-
tures used in the model. We also found that, regardless of the size of the train-
ing set and its similarity to the test sets, a hybrid scoring function combining
structure-based features with the ligand-based RDK:it features out-performed a

scoring function using the structure-based features alone.
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Next, we tested each model on bootstrapped samples of the PDBbind re-
fined set, in each case training the models on the refined set excluding the boot-
strapped sample. By varying chronologically the version of the refined set used,
we demonstrated that the performance of Random Forest models using each
set of features remained approximately constant across different versions of the
refined set. Because the diversity of the structures found in the refined set in-
creased with each successive release, this constant performance across differ-
ent releases suggested that the domain of applicability of the models increased
when trained on larger, more diverse sets of data, without sacrificing predictive
power.

To investigate the predictive power of the ligand-based features, we exam-
ined the predictions of the ligand-only Random Forest model for ligands that
bind to multiple targets. We found that the predicted binding affinity of a model
using only ligand-based features was strongly correlated with the mean of the
experimental protein-ligand binding affinity of a ligand for its binding partners.
We showed that this correlation remained strong when ligands with a Tanimoto
similarity of greater than 0.9 to the test ligand were excluded from the train-
ing data, and gradually weakened when progressively less similar ligands were
also excluded. This suggested that while the model’s predictions are not reliant
on overfitting to previously-seen highly-similar ligands, it does not extrapolate
well to completely novel ligands. We then examined the predictions of structure-
based models for sets of structures featuring the same ligand and found that, re-
gardless of the features used, the structure-based models failed to reproduce the
range of experimentally-observed binding affinities, and often failed to achieve

a correlation between the predicted and observed affinity data, suggesting that
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generalising to a novel ligand is challenging for the structure-based models.

We also investigated the performance of our models on novel protein targets
by clustering the PDBbind database by protein sequence similarity, and using
each cluster in turn as a held-out validation set. We found that although perfor-
mance varied greatly from protein to protein, both structure-based and ligand-
based methods achieved comparable performance on any given protein. This
suggests that both structural and ligand-based information may play an impor-
tant role in the performance of a scoring function on a novel target. Further,
these results demonstrate that, despite the ever-growing quantity and diversity
of available training data, generalising to a previously-unseen protein target re-
mains challenging.

Finally, we examined the relative importance of the structure-based and ligand-
based features in the Random Forest models and found that, regardless of which
structure-based features were used, the Random Forest algorithm ranked both
structure-based and ligand-based features as important.

The results of Chapter 3 show that while generalising to novel targets and lig-
ands remains challenging, the inclusion of rapidly-computed ligand-based fea-
tures can consistently improve the performance of Random Forest-based scoring
functions in a broad range of training and testing scenarios.

In Chapter 4 we assessed the impact of using docked poses in place of the
experimentally-determined binding pose of the ligand for training and testing
Random Forest scoring functions.

We first re-docked the protein-ligand complexes comprising the PDBbind
2018 refined set. We found that, unsurprisingly, errors in the predicted bind-

ing mode were common, with an RMSD of less than 2A between the crystallo-
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graphic binding mode and the best docked pose achieved for only a third of the
complexes. We further observed that, even when accurate binding poses were
generated, the native AutoDock Vina scoring function was not always able ac-
curately rank the binding poses by their RMSD to the crystallographic binding
mode. We showed that the quality of the lowest-RMSD pose was not strongly
correlated with either the size or the flexibility of the ligand, suggesting that
failure to reproduce the crystallographic binding mode could not be solely at-
tributed to the complexity of the ligand.

We found as expected that the performance of structure-based Random For-
est scoring functions was reduced when the model was trained and tested on
docked poses instead of crystallographic binding modes. We also found that the
performance of hybrid scoring functions combining structure-based and ligand-
based features was less negatively impacted by the use of docked poses than that
of scoring functions using structure-based features alone. This result suggests
that including ligand-based features in a scoring function can help to reduce the
deleterious effect that the use of docked poses has on the accuracy of binding
affinity predictions.

Next, we performed a cross-validation experiment using complexes for with
both ‘good” (RMSD <2A) and ‘poor” (RMSD >4A) docked poses were gener-
ated. We found that using low-RMSD poses resulted in more accurate affinity
predictions than using high-RMSD poses. We further found that, when multiple
docked poses are available, scoring each pose and taking the highest score re-
sulted in slightly better correlations between the predicted and experimentally-
observed binding affinity.

To explore how our results on PDBbind data generalised to unseen data from
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outside the PDBbind database, we constructed a new data set of ligands for six
targets found in DUD-E database using experimental measurements of the inhi-
bition constant K; from ChEMBL version 25. For each target and set of ligands,
we generated docked poses using Smina. We tested models trained on the PDB-
bind database on this new data set and found that the predictions correlated
poorly with the ChEMBL affinity data for all six targets, suggesting that the
models trained on PDBbind data generalise poorly to external data.

We next re-trained each model using the ChEMBL data. Under an intra-
target validation, where 80% of the data for a target was used to train the model
and 20% of the data was held out as a test set, models using RDKit, RF-Score
v3, and RF-Score v3 + RDKit features all achieved positive Pearson correlation
coefficients between the predicted and experimental data, demonstrating that
these target-specific models are capable of predicting this data. We found that
the ligand-based model using only RDKit features out-performed the structure-
based model using RF-Score v3 features in this training scenario, suggesting
that ligand-based methods are competitive with structure-based methods when
known ligands for a target are available. In contrast, under an inter-target vali-
dation where data for five of the targets were used to train the model, with all of
the data for the remaining target held out as a test set, models using RDKit, RF-
Score v3, and RF-Score v3 + RDKit features all failed to achieve any meaningful
correlation between predicted and experimental binding affinity. These results
are consistent with both the results of Chapter 3 and many studies in the litera-
ture showing that prediction of protein-ligand binding affinity for novel protein
targets remains challenging for scoring functions.

Although generalising to novel targets remains challenging, the results of
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Chapter 4 show that the negative effect of using docked poses in place of crys-
tallographic binding modes on scoring function performance can be lessened by

augmenting the scoring function using a detailed set of ligand-based features.

5.2 | Future Directions

Here we describe future directions that might build upon and enhance the work

presented in this thesis.

5.2.1 | Integration With Docking Tools

Throughout this thesis, we isolate the problem of binding affinity prediction
from other tasks in structure-based drug discovery, firstly through the use of
crystal structures of protein-ligand complexes in Chapters 2 and 3, and sec-
ondly through using the native AutoDock Vina scoring function when gener-
ating docked poses in Chapter 4. While this approach is beneficial when inves-
tigating if, how, and why a chosen technique leads to accurate predictions of
binding affinity, the resulting models require additional work to be deployed as
part of drug discovery pipeline involving protein-ligand docking.

We have shown that several machine learning scoring functions can be en-
hanced by the addition of readily-computed ligand molecular descriptors. How-
ever, the resulting machine learning models require both code (which has pack-
age dependencies) and training data to be used effectively. This presents both
an additional barrier to their use, and an additional possible point of failure

when integrated into a virtual screening pipeline. One way to reduce the bar-
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rier to adoption of these models would be to integrate them into existing tools
for protein-ligand docking, providing the end user with a single piece of soft-
ware to perform both docking and final affinity predictions. Because our best-
performing models make use of the terms used in the AutoDock Vina scor-
ing function, a natural choice would be to integrate these models into either
AutoDock Vina itself, or the wider AutoDock ecosystem. The latter is perhaps
the most straightforward approach, as the AutoDockTools (Morris et al., 2009)
suite is implemented in Python, the same language used for both feature compu-
tation and machine learning modelling. Another option is developing a Python
wrapper for AutoDock Vina (Trott and Olson, 2010) Smina (Koes et al., 2013) that
implements new Random Forest-based scoring functions as an optional post-
docking re-scoring stage, and functionality to re-train the Random Forest scor-
ing functions using new data and user-selected features. This would offer both
easy access to pre-trained models for integration with existing pipelines as well
as enabling users to make use of new or proprietary data sets without needing

to work directly with the underlying code base.

5.2.2 | Enhanced Benchmarking for Scoring Functions

In Chapter 3 we found that the level of similarity between both the proteins
and the ligands found in the training and test set strongly influenced the per-
formance of all of the models we tested. We further showed that, when com-
plexes whose ligands had a high Tanimoto similarity to those in the test set, or
whose proteins had a high sequence identity to those in the test set, were ex-

cluded from the training set, there was little difference in performance between
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models trained on the PDBbind general set and models trained on the PDBbind
refined set. We also found that, under a leave-protein-cluster-out validation,
model performance was highly protein-dependent. We also showed that the
structure-based models tested were unable to reliably differentiate between dif-
ferent complexes featuring the same ligand bound with different affinities.
These results highlight the limitations of assessing scoring function perfor-
mance on a standard benchmark without consideration for how the data used
to train the scoring function influences its domain of applicability. As one of
the main objectives in virtual screening is to identify novel hits for a target pro-
tein, it is important to understand not only how a scoring function performs on
a diverse set of protein-ligand complexes, but also how is can be expected to
perform when applied to novel targets and compounds. Community exercises
such as CSAR (Dunbar et al., 2011, 2013; Smith et al., 2016; Carlson et al., 2016)
and grand challenges such as D3R (Gathiaka et al., 2016; Gaieb et al., 2018, 2019)
using previously-unseen data serve as a valuable means to assess the state of the
tield, but their use as resources to actively guide scoring function development
and validation is limited by their lower quantitiy and diversity of data when
compared to large publicly-available curated databases such as PDBbind (Liu
etal., 2017), BindingDB (Gilson et al., 2015), and ChEMBL (Gaulton et al., 2017).
Rather than attempting to design and curate yet another database, one pos-
sible approach to address the need for a performance benchmark that captures
and quantifies not only the performance of a scoring function, but also its do-
main of applicability, is to develop a protocol for partitioning an existing database
into training and validation sets that control for similarity between data points.

This is not a novel approach; on the contrary, it is common for benchmarking
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sets used by the machine learning community to be partitioned in a manner that
eliminates where possible obvious sources of bias that might influence perfor-
mance. For example, the MNIST! database for image classification consists of
images of hand-drawn digits, split into a training set and a test set. The images
are grouped by author so that digits written by the same author are not found
in both the training and test sets, ensuring that the the performance of mod-
els on the test set is not influenced by their having previously seen examples of
handwriting of the same authors. Similar ideas have been applied to developing
data sets for virtual screening: Rohrer and Baumann (2009) developed the MUV
data sets to combat artificial enrichment in virtual screening data sets such as
DUD-E (Mysinger et al., 2012) and DEKOIS2.0 (Bauer et al., 2013) caused by the
similarity of active and decoy molecules in chemical space.

This approach to benchmark construction could be applied to binding affin-
ity prediction by developing a protocol to automatically partition the PDBbind
database into training and validation sets according to factors such as protein
structural and sequence similarity, protein family and fold, and ligand chemi-
cal properties and scaffold, such as that presented in Chapter 3. This protocol
could be applied to each release of the PDBbind database, or to other data sets
such as proprietary in-house datasets in an industrial setting, to automatically
generate a benchmark that assesses how a scoring function can be expected to
generalise to novel data. This would offer a complementary benchmark to that
of CASF (Cheng et al., 2009; Li et al., 2014c; Su et al., 2018) without the need to

compile and curate an additional data set.

1h’ttp: //yann.lecun.com/exdb/mnist/; last accessed 09/01/2020
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5.2.3 | Binding Affinity Prediction Using Docked Poses

In Chapter 3 we found that, although augmenting a Random Forest scoring
function with ligand-based features helped to reduce the deleterious effect of
using docked poses for affinity prediction, these results did not generalise to
new ligands and binding affinity data sourced from ChEMBL 25 (Gaulton et al.,
2017). For the sake of expediency, we used only six protein targets, and docked
the ligands for each into a single crystal structure of the receptor. We also treated
the receptor as fully rigid. This rigid receptor assumption may have resulted in
poor docking results as, unlike the case of re-docking the complexes in the PDB-
bind database, each ligand was not docked into a holo structure correspond-
ing to that particular ligand. Repeating this experiment using flexible docking,
which would allow flexible residues in the active site to adopt conformations
more complementary to each ligand, could result in more accurate putative

binding poses that may be more amenable to training and scoring.

This work might also be built upon by collecting ligands and binding data
for additional targets from the DUD-E database. In addition to increasing the
size of the training and validation sets, this would allow grouping of the targets
by protein family in order to develop family-specific models. By comparing
general-purpose scoring functions trained on a diverse set of proteins so family-
specific scoring functions trained on a single protein family, this would provide

insight into the question of whether ‘one size fits all’ (Ross et al., 2013).

173



Chapter 5. Conclusions and Future Directions

5.3 | Final Words

We explored the use of different features and machine learning algorithms to de-
velop scoring functions to predict protein-ligand binding affinity. We showed by
augmenting structure-based scoring functions with rapidly-computed ligand-
based features that the inclusion of a more detailed representation of the physic-
ochemical properties of the ligand results in more accurate predictions of bind-
ing affinity. We carefully analysed how the size and diversity of the training set,
and the similarity between the proteins in the training and test set, affects bench-
marking of scoring function performance. We showed that even when proteins
and ligands similar to those in the test set are excluded from the training set, the
addition of ligand-based features still improves scoring function performance.
We investigated the effect of using docked poses in place of crystallographic
binding modes, and found that the inclusion of ligand-based features in a scor-
ing function helps to reduce the deleterious effect that using docked poses has
on scoring function performance. Although there are still challenges to be ad-
dressed, the last decade has seen great advances in scoring function develop-
ment. The next decade will undoubtedly see the state of the art progress even

further and bring powerful new tools to bear on the problem of drug discovery.
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A.1 | List of Features

RDKit Features

The following RDKit molecular descriptors comprise the ‘RDKit features’ fea-
ture set described in Chapter 2:

Balaban], BertzCT, Chi0, ChiOn, ChiOv, Chil, Chiln, Chilv, Chi2n, Chi2v, Chi3n,
Chi3v, Chidn, Chidv, EState_VSA1, EState_ VSA10, EState_VSA11, EState_VSA2,
EState_VSA3, EState_VSA4, EState_VSAD5, EState_ VSA6, EState_ VSA7, EState_VSAS,
EState_VSA9, ExactMolWt, FpDensityMorganl, FpDensityMorgan2, FpDensi-
tyMorgan3, FractionCSP3, HallKierAlpha, Heavy AtomCount, Heavy AtomMolWt,
Kappal, Kappa2, Kappa3, LabuteASA, MaxAbsEStateIndex, MaxAbsPartialCharge,
MaxEStateIndex, MaxPartialCharge, MinAbsEStateIndex, MinAbsPartialCharge,
MinEStateIndex, MinPartialCharge, MolLogP, MoIMR, MolWt, NHOHCount,
NOCount, NumAliphaticCarbocycles, NumAliphaticHeterocycles, NumAliphati-

cRings, NumAromaticCarbocycles, NumAromaticHeterocycles, NumAromati-
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cRings, NumHAcceptors, NumHDonors, NumHeteroatoms, NumRadicalElec-

trons, NumRotatableBonds, NumSaturatedCarbocycles, NumSaturatedHetero-

cycles, NumSaturatedRings, NumValenceElectrons, PEOE_VSA1, PEOE_VSA10,
PEOE_VSA11, PEOE_VSA12, PEOE_VSA13, PEOE_VSA14, PEOE_VSA2, PEOE_VSA3,
PEOE_VSA4, PEOE_VSA5, PEOE_VSA6, PEOE_VSA7, PEOE_VSAS, PEOE_VSAY,
RingCount, SMR_VSA1, SMR_VSA10, SMR_VSA2, SMR_VSA3, SMR_VSA4,
SMR_VSA5, SMR_VSA6, SMR_VSA7, SMR_VSA9, SlogP_VSA1, SlogP_VSA10,
SlogP_VSA11, SlogP_VSA12, SlogP_VSA2, SlogP_VSA3, SlogP_VSA4, SlogP_VSAS5,
SlogP_VSA®6, SlogP_VSA7, SlogP_VSAS8, TPSA, VSA_EStatel0, VSA_EState4,
VSA_EState5, VSA_EState8, VSA_EState9, fr Al COO, fr_Al_OH, fr_ Al OH_noTert,

fr ArN, fr_ Ar COO, fr_Ar_N, fr Ar_ NH, fr Ar OH, fr_ COQO, fr_COQO2, fr_C_O,

fr C_O_noCOQO, fr_ C_S, fr HOCCN, fr_Imine, fr NHO, fr NH1, fr NH2,fr N O,

fr Ndealkylationl, fr_Ndealkylation2, fr Nhpyrrole, fr SH, fr_aldehyde, fr_alkyl_carbamate,
fr_alkyl_halide, fr_allylic_oxid, fr_amide, fr_amidine, fr_aniline, fr_aryl methyl,
fr_azide, fr_azo, fr_barbitur, fr_benzene, fr_benzodiazepine, fr_bicyclic, fr_dihydropyridine,
fr_epoxide, fr_ester, fr_ether, fr_furan, fr_guanido, fr_halogen, fr_hdrzine, fr_hdrzone,
fr_imidazole, fr_imide, fr_isothiocyan, fr_ketone, fr_ketone_Topliss, fr_lactam,
fr_lactone, fr_methoxy, fr_morpholine, fr_nitrile, fr_nitro, fr_nitro_arom, fr_nitroso,
fr_oxazole, fr_oxime, fr_para_hydroxylation, fr_phenol, fr_phenol_noOrthoHbond,
fr_piperdine, fr_piperzine, fr_priamide, fr_pyridine, fr_quatN, fr_sulfide, fr_sulfonamd,
fr_sulfone, fr_term_acetylene, fr_tetrazole, fr_thiazole, fr_thiocyan, fr_thiophene,
fr_urea, ged

For implementation details and further information about these descriptors, we

refer the reader to the official RDKit documentation (Landrum, n.d.b).
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NNScore 2.0 Features

The following features from NNScore 2.0 (Durrant and McCammon, 2011b) com-

prise the ‘NNScore 2.0 features’ feature set described in Chapter 2:

as_flex_all, as_flex_backbone_alpha, as_flex_backbone_beta, as_flex_backbone_other,
as_flex_sidechain_alpha, as_flex_sidechain_beta, as_flex_sidechain_other,cc_A.A_2.5,
cc_A.A 4, cc. ABR 4, cc. ACL_4, cc. AC 25,cc. AC 4, cc AF 25, cc_AF 4,
cc_A.HD_25,cc. AHD 4,cc_ Al 4,cc. ANA_4,cc. AN_2.5,cc. AN _4,cc. A OA_25,
cc_ A.OA_4,cc. AP 4,cc. AS 4,cc. C.CD 4,cc C.CL_25,cc C.CL_4,cc_ C.C 2.5,

cc_ C.C4,cc CF 25,cc CF 4,cc CHD 2.5,cc. C.HD 4,cc_ Cl 4,cc CMG_4,
cc_CNA_4,cc CN_2.5,cc. CN_4,cc. COA_25,cc COA_4,cc_ CP_4,cc_C.S 4,
cc_CD.OA_2.5,cc_CU.HD_4,cc_CU.N_4, cc_FE.HD_2.5, cc_FE.HD_4, cc_ FEINA_4,
cc_FE.N_2.5,cc_ FE.N_4, cc FE.OA_2.5,cc_FE.OA_4,cc HD.HD_2.5,cc. HD.HD 4,

cc HD.I 4,cc HD.MG_4, cc. HD.NA_2.5,cc. HD.NA_4,cc HD.N_2.5,cc HD.N 4,

cc_ HD.OA_2.5,cc HD.OA_4,cc HD.P_2.5,cc_ HD.P_4,cc_ HD.S 2.5, cc_ HD.S 4,

cc_ MG.NA_4, cc. MG.N_4, cc MG.OA_2.5,cc. MG.OA_4, cc MG.P_4, cc. MG.S 4,

cc_ MN.NA_4,cc. MN.N_2.5,cc. MN.N_4, cc. MN.OA_2.5,cc. MN.OA_4,cc_MN.P_4,
cc_MN.S_4,cc N.NA_2.5,cc. N.NA_4,cc. N.N_2.5,cc_N.N_4,cc_ N.OA_2.5,cc_N.OA_4,
cc_N.P_4,cc_N.S_4,cc. NA.OA_2.5,cc. NA.OA_4,cc_NA.P_4,cc_.NA.S 4, cc OA.OA_2.5,
cc_OA.OA_4,cc OAP_4,cc_ OAS 4,ele A.A_4,ele_ ABR 4,ele A.CL_4,ele_ A.C 4,
ele A.F 4, ele A HD 4,ele_A.l 4,ele_ ANA_4,ele_AN_4,ele_A.OA_4,ele_A.P_4,

ele AS 4,ele C.CL 4,ele C.C_4,ele C.F 4,ele CHD 4,ele C.I 4,ele. C.NA_4,

ele. C.N _4,ele C.OA_4,ele C.P_4,ele_ C.S 4,ele HD.HD 4,ele HD.I 4,ele HD.NA_4,
ele_ HD.N_4, ele_ HD.OA_4, ele_ HD.P_4, ele HD.S 4, ele_N.NA_4, ele_N.N_4,

ele N.OA_4,ele_ N.P _4,ele N.S_4,ele NA.OA_4,ele NA.P_4,ele NA.S 4,ele_ OA.OA_4,
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ele_OA.P_4,ele_OA.S_4,hb_4 mol_backbone_alpha, hb_4_mol_backbone_beta,
hb_4_mol_backbone_other, hb_4_mol_sidechain_alpha, hb_4_mol_sidechain_beta,
hb_4_mol_sidechain_other, hb_4_rec_backbone_alpha, hb_4_rec_backbone_beta,
hb_4_rec_backbone_other, hb_4_rec_sidechain_alpha, hb_4_rec_sidechain_beta,
hb_4_rec_sidechain_other, hyd_4_all, hyd_4_backbone_other, hyd_4_sidechain_alpha,
hyd_4_sidechain_beta, hyd_4_sidechain_other, lig_A, lig BR, lig_C, lig_CL, lig_F,

lig HD, lig_I,lig N, lig NA, lig OA, lig_P, lig_S, num_rotors, pi_cat_mol_6_alpha,
pi_cat_mol_6_beta, pi_cat_mol_6_other, pi_cat_rec_6_alpha, pi_cat_rec_6_beta,
pi_cat_rec_6_other, pi_stack_7.5_alpha, pi_stack_7.5_beta, pi_stack_7.5_other, pi_t_7.5_alpha,
pi_t_7.5_beta, pi_t_7.5_other, salt_bridge_5.5_all, salt_bridge_5.5_alpha, salt_bridge_5.5_beta,
salt_bridge_5.5_other, vina_gauss1, vina_gauss2, vina_hydrogen, vina_hydrophobic,
vina_repulsion

For more details on these features, and their implementation in the BINANA

algorithm, see Durrant and McCammon (2011a). We used the implementation

of BINANA provided in the open-source Python package oddt. For details see

either Wojcikowski et al. (2015) or the official oddt documentation'.

1h’ttps: / /oddt.readthedocs.io/en/latest/; last accessed 09/01/2020.
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10GS 1A30 1A69 1ABF 1AI5 1AJP 1AJQ 1APW 1AVN
1AX0 1AXZ 1B11 1B39 1B7H 1B8O 1B9] 1BCU 1BMA
1BRA 1BXO 1C84 1D7] 1DET 1DF8 1DHI 1E1V  1E5A
1E66 1ELA 1ELB 1F4E 1F4F 1F4G 1F5K  1FCX 1FCZ
1FDO 1FH7 1FH8 1FH9 1FKB 1FKI 1FKN 1FLR 1FOO
IFTM 1FZK 1G7Q 1GNI 1GPK 1GZ9 1H23 1HA2 1HFS
1HI4 1HK4 1IF7 116 117 1JAQ 1JQ9 1JQD 1JQE
1JYS 1K4G 1K9S 1KV1 1L2S 1183 1LI3  1LI6 1LOL
1LOQ 1IMON 1IMOQ 1M2Q 1IMQ6 1IN2V INC1 INDW INDY
INDZ INFY INHU 1INJA 1INJE 1INNY INVQ INWL 100H
103F 103P 10M1 1P1Q 1PB9 1PBQ 1PPM 1PR5 1PXO
1PZ5 1Q7A 1Q8T 1RDI 1RD] 1RDL 1RE8 1IRNT  1S39
1SL3  1SLG 1SQA 1SV3 1SYH I1TMN 1TOI 1TOJ 1TOK
1ITRD 1TSY 1TTM 1TYR 1U1B 1U2Y 1U33 1UTP 1UWT
1V20 1v48 1VFN 1VZQ 1X1Z 1XG] 1YIM 1Y6Q 1YDT
1ZC9 1ZOE 17S0 1ZVX 2A0U 2AYR 2BI1V  2B7D  2BAJ
2BAK 2BOK 2BRB 2BRM 2BZ6 2BZZ 2C02 2CEQ 2CER
2CET 2CGR 2CTC 2D0OK 2D1O 2D3U 2D3Z 2DRC  2ER9
2F01 2F80 2FAI 2FDP 2FLB 2FZC 2G5U 2G8R  2G%
2GSS 2HDQ 210D  2J77  2J78 2QWB 2QWD 2QWE 2RKM
2STD 2USN 3GSS 3PCE 3PCH 3PC] 3STD 4ER2  4FIV
ATLN 5ABP 5ER1  6FIV  6RNT 6STD S8ABP

Table A.1: PDB IDs of the structures used from the PDBbind 2007 core set. Struc-
tures from the PDBbind 2007 core set for which features could not be computed
were excluded.
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10GS 1A30 1BCU  1E66 1F8B  1F8C 1F8D 1GPK 1H23
1HFS 1HNN 1IGJ 1LBK 1LOL 1LOQ 1LOR 1IMQ6 1INIM
IN2V  INVQ 103F 105B 10YT 1P1Q 1PS3 1Q8T 1Q8U
1QI0  1R5Y 1SLN 1SQA 1U1B 1U33 1UTO 1W3K 1W3L
1W40 1XD0 1YC1 17295 1ZEA 2BRB 2CBJ] 2CET 2D10
2D3U  2FVD 2G70 2GSS 2HB1 2IWX  2J62 2]78  2]JDM
2IDU  2JDY 20BF 20LE 2P4Y 2PCP 20QBP 20QBR 2QM]J
2R23  2V00 2V7A  2VI4 2VO5 2VOT 2VVN 2VW5 2We66
2WBG 2WCA 2WEG 2WTV  2X00 2X0Y 2X8Z 2XB8 2XBV
2XDL 2XHM 2XNB 2XYS 2Y5H 2YFE 2YGE 2YKI 2YMD
2Z)]W  2ZWZ  27ZX6 2ZXD 3ACW 3AGY9 3A04 3B3S 3B3W
3B68  3BFU 3BKK 3BPC 3CFT 3CJ2 3COY 3CYX 3D4Z
3DD0 3DXG 3E93 3EBP 3EHY 3EJR  3F17 3F3A 3F3C
3F3E 3F80  3FCQ 3FV1l 3GOW 3G2N 3G2Z 3GBB 3GCS
3GE7 3GNW 3GY4 3HUC 3IMC 3IVG 3JVS 3K5V 3KGP
3KV2 3KWA 3L3N 3L4U 3L4W 3L7B 3LKA 3MFV 3MSS
3MYG 3N7A 3N86 3NOX 3NQ3 3NW9 30E5 30Vl 30W]
30ZT 3PE2 3PWW 3PXF 3S80 3SU2 3SU3 3SU5 3U9Q
3UDH 3UEU 3UEX 3004 3URI 3UTU 3VH9 37250 3ZSX
4DE1 4DE2 4DES 4DEW 4DJR 4DJV  4G8M 4GID 4GQQ

Table A.2: PDB IDs of the structures used from the PDBbind 2013 core set. Struc-
tures from the PDBbind 2013 core set for which features could not be computed
were excluded.
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1A30
1H23
105B
1QF1
1Y6R
2BRB
2J7H
2ROW
JWCA
2XBV
2YKI
3ARQ
3BGZ
3DX2
3F3C
3G2Z
3IVG
3LKA
3091
3PYY
3TSK
3UEW
3WZ8
4BKT
4DE2
4EO8
AGRO
4J3L
4KZU
4PCS
AWOI

1BCU
1K11
10WH
1QKT
1YC1
2C3I
2P15
2V00
2WEG
2XDL
2YMD
3ARU
3BV9
3DXG
3F3D
3G31
3JVR
3MSS
30F4
3QGY
3TWP
3UEX
3ZDG
ACIG
4ADE3
AEOR
AHGE
4JFS
ALLX
4QAC
AWIL

1C5Z
1LPG
10YT
1R5Y
1YDR
2CBV
2P4Y
2V7A
OJWER
XTI
27B1
3ARV
3CJ4
3E5A
3F3E
3GBB
3JVS
3MYG
30E5
3QQS
3U5]
3UI7
37ZSO
ACTW
4DJV
4F09
ATH5
4JTA
41L7S
4QD6
AWIV

1E66
1MQ6
1PIN
1538
1YDT
2CET
2POG
2VKM
2WN9
2XJ7
2ZDA
3ARY
3COY
3E92
3FCQ
3GC5
3[YA
3N'76
30ZS
3R88
3USK
3U04
375X
4CR9
ADLD
4F2W
ATH7
4]SZ
AMOY
ARFM
4X6P

1EBY
INC1
1P1Q
1SQA
1Z6E
2FVD
2QBP
2VVN
2WNC
2XNB
27Y1
3B1IM
3COzZ
3E93
3FUR
3GE7
3K5V
3N7A
30ZT
3RLR
3USN
3UPr2
37212
4CRA
4DLI
4F3C
41VB
4]JXS
4M0Z
4TWP
5A7B

1G2K
INC3
1PS3
1SYI
1795
2FXS
2QBQ
2VW5
2WTV
2XYS
3ACW
3B27
3D4Z
3EBP
3FV1
3GNW
3KGP
3N86
3P50
3RR4
3U9Q
3URI
4ABG
4CRC
4E5W
4F9W
41VC
4K18
4AMGD
4TY7
5ABA

1GPK
INVQ
1PXN
1U1B
179G
2HB1
2QBR
2W4X
2WVT
2Y5H
3AG9
3B5R
3D6Q
3EHY
3FV2
3GR2
3KR8
3NQ9
3PRS
3RSX
3UDH
3UTU
4AGN
4DDH
4E6Q
4GFM
4IVD
4K77
4AMME
4U4S
5C28

1GPN
100H
1Q8T
1UTO
2AL5
2TWX
2QF4
2W66
2X00
2YFE
3A04
3B65
3DD0
3EJR
3GOW
3GV9
3KWA
3NW9
3PWW
3RY]
3UEU
3UUO
4AGP
4DDK
AEA2
AGID
4521
4KZ6
40G]
AW9C
5C2H

1H22
103F
1Q8U
1W40
2BR1
2]78
20QNQ
2WBG
2XB8
2YGE
3ARP
3B68
3DX1
3F3A
3G2N
3GY4
3L7B
3NX7
3PXF
3SYR
3UEV
3WT]J
4AGQ
4DE1
4EKY
4GKM
4]28
4KZQ
40WM
4W9H
S5SDWR

Table A.3: PDB IDs of the structures used from the PDBbind 2016 core set. Struc-
tures from the PDBbind 2016 core set for which features could not be computed
were excluded.

181



Appendix A. Appendix

Features used

Vina + RDKit RF-Score + RDKit RF-Score v3 + RDKit NNScore 2.0 + RDKit RDKit
Vina RF-Score RF-Score v3 NNScore 2.0
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Figure A.1: Performance of RF scoring functions on the 2007, 2013, 2016, and
combined core sets when trained on different versions of the PDBbind 2018 gen-
eral set. The six versions of the PDBbind general set were used, from the 2013
release to the 2018 release inclusive, are indicated on the horizontal axis.
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Vina + RDKit RF-Score + RDKit RF-Score v3 + RDKit
Vina RF-Score RF-Score v3
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Figure A.2: Performance of RF scoring functions on the 2007, 2013, 2016, and
combined core sets when trained on the PDBbind 2018 general set. The protein
sequence identity percentage above which structures similar to those in the test
set were excluded from the training set is indicated on the horizontal axis.

183



Appendix A. Appendix

Vina + RDKit RF-Score + RDKit
Vina RF-Score
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Figure A.3: Performance of RF scoring functions on the 2007, 2013, 2016, and
combined core sets when trained on different versions of the PDBbind 2018 re-
fined set. The six versions of the PDBbind refined set were used, from the 2013
release to the 2018 release inclusive, are indicated on the horizontal axis.
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Vina + RDKit RF-Score + RDKit RF-Score v3 + RDKit
Vina RF-Score RF-Score v3
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Figure A.4: Performance of RF scoring functions on the 2007, 2013, 2016, and
combined core sets when trained on the PDBbind 2018 refined set. The protein
sequence identity percentage above which structures similar to those in the test
set were excluded from the training set is indicated on the horizontal axis.
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Figure A.5: Performance of RF scoring functions when trained on different ver-
sions of the PDBbind refined set (A) or general set (B), when ligands with Tan-
imoto similarity greater than 0.9 to those in the test set were excluded from the
training set. The version of the PDBbind refined or general set is indicated on
the horizontal axis.
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Figure A.6: Performance of RF scoring functions when trained on the PDBbind
2018 refined set (A) or general set (B), when ligands with Tanimoto similarity
greater than 0.9 to those in the test set were excluded from the training set. The
protein sequence identity percentage above which structures similar to those in
the test set were excluded from the training set is indicated on the horizontal
axis.
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1A08 1A1B 1D09 1F5K 1GPK 1ISO 1KV5 10LS 10OLU
1V16 1XD1 2H3E 4TIM 4TMN 7CPA 8CPA

Table A.4: PDB IDs of structures from the PDBbind 2007 core set that were not
used due to either inability to generate a conformer for the ligand or Smina
docking failure.

1GPK 1JYQ 1KEL 1LOR 10S0 1VSO 2PQ9 2QFT 2X97
2XY9 2ZCQ 2ZCR 2ZJW 3FK1 3I3B 3MUZ 3VD4 4TMN

Table A.5: PDB IDs of structures from the PDBbind 2013 core set that were not
used due to either inability to generate a conformer for the ligand or Smina
docking failure.

1BZC 1GPK 1VSO 2ZCQ 2ZCR 3GR2 4K18 4TMN 5TMN

Table A.6: PDB IDs of structures from the PDBbind 2016 core set that were not
used due to either inability to generate a conformer for the ligand or Smina
docking failure.
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