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Abstract

Recent advances in machine learning have led to considerable interest in their appli-

cation to drug discovery, in the development of accurate predictive algorithms which

can rapidly predict whether a given compound is likely to bind to a target protein,

and in generative algorithms that propose novel high affinity binders in silico.

In this thesis, we propose a deep generative model for fragment elaboration for

use in fragment-to-lead campaigns. We consider the problem of generating elabora-

tions which are highly similar to a ground truth elaboration, first via reinforcement

learning, where we propose a novel curriculum-based reward function, and also via

the imposition of physically meaningful pharmacophoric constraints. We describe the

development of a simple-to-use web application, allowing users to generate molecules

with no prior programming experience and without installing anything.

Next, we describe a novel method for extracting useful and interpretable informa-

tion from a target protein and providing it to a deep generative model. By computing

a fragment hotspot map of the protein, which describes regions of the binding pocket

that are likely to make a disproportionate contribution to binding affinity, we derive a

set of pharmacophoric constraints which can be passed to our deep generative model,

helping it generate functional groups which are likely to interact with the protein.

Finally, we consider the problem of virtual screening. In addition to being able to

accurately identify high affinity binders, it is desirable that virtual screening models

are able to identify the functional groups most responsible for binding. Assessing the

ability of models to accurately attribute binding to specific functional groups is chal-

lenging due to the difficulty in specifying a ground truth which model attributions

can be compared to. To address this, we propose a novel synthetic data generation

process with a deterministic binding rule. First, we show that a recently proposed

deep learning-based model is better able to identify important functional groups than

a fingerprint-based model. Second, we demonstrate that training models on datasets

which exhibit ligand-specific bias degrades the ability of the model to identify impor-

tant functional groups, underscoring the importance of curating high quality datasets

for virtual screening.
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Chapter 1

Introduction

1.1 Preface

This chapter contains work described in the following publication:Thomas E. Had-

�eld , and Charlotte M. Deane (2022). AI in 3D Compound Design.Current Opin-

ions in Structural Biology, 73. All work described in this chapter is my own unless

explicitly stated otherwise.

The vast majority of therapeutics available before the 1950's were discovered by

chance with the focused development of drugs to treat a speci�c condition being a

comparatively recent advancement (Kirsch, 2020). Whilst scienti�c advances have

made it comparatively easier to develop new medicines, with the FDA approving a

total of 50 novel therapeutics for clinical use in 2021 (Mullard, 2022), the process

of developing a novel drug remains extremely expensive and time consuming, with a

recent study estimating that the median cost to develop a drug was$985 million and

that, on average, it took 8.3 years to conduct the research and development needed

before clinical trials (Wouters et al., 2020). There is therefore a clear and urgent need

to reduce the time and cost required to develop new medicines; the prohibitive cost of

drug discovery can often preclude healthcare companies from attempting to develop
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treatments for rare diseases (Heemstra et al., 2009), whilst a wide range of licensed

therapeutics are not widely available in developing countries due to their high cost

(Kremer, 2002).

A potential approach which could allow scientists to develop novel drugs more

quickly and cheaply is the incorporation of computational approaches into drug dis-

covery pipelines (Ou-Yang et al., 2012). There has been substantial interest in devel-

oping computational methods for a variety of di�erent tasks across the drug discovery

pipeline, e.g.in silico prediction of molecular properties (Hansch et al., 1962),de-novo

generation of molecules (Schneider et al., 2000) and automatic synthesis planning (Fu-

natsu and Sasaki, 1988).

Enabled by advances in computational power, deep learning algorithms have

achieved remarkable predictive performance on a wide range of di�erent tasks (e.g.

(Krizhevsky et al., 2012; Silver et al., 2017)), sparking considerable interest in their

application to tasks within drug discovery. The recent release of AlphaFold (Jumper

et al., 2021), a deep learning model which allows highly accurate prediction of a

protein's structure from its sequence, has further increased the excitement around

deep learning models, as it illustrates the potential for deep learning methods to

approximate highly complex natural processes.

A signi�cant number of papers have already sought to apply deep learning methods

to problems within drug discovery. Convolutional neural networks (CNNs) (LeCun

et al., 1998), which leverage convolutions to capture important spatial correlations

in voxelised inputs, have been used to computationally predict whether a ligand will

bind to a protein ( e.g. (Ragoza et al., 2017)), whilst variational autoencoders (VAEs)

(Kingma and Welling, 2013) have been used to generate novel molecules which are

optimal with respect to a speci�c property (e.g. (G�omez-Bombarelli et al., 2018)).

However, whilst these methods show promise, they are yet to be fully integrated

into the drug discovery toolbox; the relative scarcity of protein-ligand binding data,
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combined with the high dimensionality of a protein structure makes it challenging

for models to learn to use structural information in their decision making, particu-

larly when available training sets are susceptible to ligand-speci�c bias e.g. (Chen

et al., 2019). Drug discovery therefore appears to be some way away from its own

`AlphaFold' moment, where an algorithm could consistently generate a highly potent,

synthetically accessible drug without human intervention.

This thesis focuses on the incorporation of 3D structural information into deep

learning models for drug discovery. In this chapter, we discuss the concept of protein-

ligand binding and the drug discovery process, in particular fragment-based drug

discovery. We then describe the di�erent machine learning approaches that we apply

in this thesis and review the strengths and limitations of existing machine learning-

based approaches for drug discovery. Finally, we outline the aims and contributions

of this thesis.

In Chapters 2 and 3, we consider the problem of training a generative model to

sample from a speci�c region of chemical space, so that we can control the types

of molecules that it generates. In Chapter 4, we outline the development of a web

application which makes our generative models more accessible to practitioners with

limited programming experience. In Chapter 5, we consider the problem of incor-

porating target speci�c information into a deep generative model for fragment-based

drug discovery. Finally, as the success of a generative model is dependent on be-

ing able to rapidly screen the molecules generated, we also investigate the extent to

which di�erent virtual screening models are able to accurately determine the relative

importance of di�erent functional groups to protein-ligand binding in Chapter 6.
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1.2 Drug Discovery

Proteins are an essential building block of life, and carry out a wide range of functions

within the cells of living systems (Whitford, 2013). Created in the ribosome using

information encoded in a cell's DNA, proteins are linear chains of amino acids which

adopt a complex 3-dimensional shape as they emerge from the ribosome. The 3D

structure of a protein is determined by the sequence of amino acids of which it is

comprised, and the protein's function within the cell is determined by its structure

(Johnson et al., 2002).

Often, a biological process requires the formation of a protein complex, meaning

that two or more proteins must be bound together (Jones and Thornton, 1996). In

such cases, the proteins involved will typically have complementary shapes, so that

they form intermolecular interactions that bind the proteins. Whilst protein-protein

binding is usually highly speci�c, if an alternative molecule is also able to bind to the

binding pocket of a protein, it may disrupt the ability of that protein carry out its

biological function.

Small molecule drugs are organic compounds with a molecular weight of< 1000Da

that are designed to bind with high a�nity to a protein which contributes to a speci�c

biological function. Compared to alternative therapeutics, such as antibodies, their

small size allows them to cross the outer plasma membrane of the cell, meaning that

they can target intracellular proteins such as kinases (Chhabra, 2021). In order for

a protein and ligand to bind with high a�nity, they must have a high degree of

both shape and charge complementarity (Eaton et al., 1995); of the approximately

1060 `drug-like' molecules (Reymond, 2015), only a tiny proportion would have an

appropriate shape and charge pro�le for a given protein target. However, in addition

to requiring a small molecule to recognise the target protein, we also require that the

molecule does not interrupt the function of other essential proteins within the cell

by binding to them as well; in this case, an overly promiscuous drug could induce
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dangerous side e�ects when administered. It is therefore extremely di�cult to design

a novel therapeutic for a novel target without knowledge of the target's 3-dimensional

structure.

1.2.1 The Drug Discovery Pipeline

The process of developing a drug to treat a disease typically begins by identifying

the biological process which causes it. Scientists use an array of di�erent techniques

to assess which biological components are causing the disease: If the disease of in-

terest is well studied then a literature search might be su�cient to determine the

protein which causes the disease. For lesser known targets, scientists might be able

to leverage the abundance of genomic data to identify the gene which is responsible

for the disease through a genome-wide association study (GWAS), to identify genetic

variants associated with a disease Shu et al. (2018). An alternative strategy is to use

CRISPR-Cas gene editing to activate or inhibit genes, allowing scientists to moni-

tor whether speci�c proteins cause a disease (Knott and Doudna, 2018). Following

the identi�cation and validation of a target, scientists will attempt to identify `hits',

molecules which can bind to the protein of interest and facilitate a desired change in

their activity.

A number of approaches for hit-identi�cation exist. A widely-used approach is

High-Throughput Screening (HTS), where a large of library of compounds is screened

against the target of interest. HTS libraries are not speci�cally designed for a single

drug discovery campaign, but are designed using the rationale that their size (up to

hundreds of thousands of molecules (Follmann et al., 2019)) and diversity will give

them su�cient coverage of chemical space to identify hits for the majority of targets

(Villar and Hansen, 2009). A range of di�erent assays are used to conduct HTS

campaigns, including biochemical assasys, which measure the ability of a compound

to inhibit enzymatic activity in-vitro , binding assays, which measure the binding
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Figure 1.1: Illustration of the di�erent stages of developing a new medicine.

of a compound to a protein independent of their e�ect on protein function, and

cell-based assays, which identify hits based on their ability to induce a particular

phenotype (Blay et al., 2020). Whilst HTS libraries are not typically designed with a

speci�c target in mind, Reynolds et al. (2012) reported the development of a kinase-

speci�c HTS library which was designed based on currently known kinase inhibitor

sca�olds and known kinase binding sites and argued that the results of previous HTS

campaigns should be used for the development of subsequent screens against similar

targets. Computational approaches for predicting whether a given ligand will bind

to a target have been used to select candidates for high throughput screens and are

described in Section 1.4.1.

A complementary approach is fragment-based drug discovery (FBDD), where in-

stead of using a large library of drug-like molecules to identify hits, a smaller library

of low molecular weight molecules (< 300 Da) is screened against a target. Compared

to HTS, FBDD has the advantage that it allows more e�cient coverage of chemical

space (Erlanson et al., 2004), resulting in hit-rates that are 10-1000 times higher

than HTS campaigns (Schu�enhauer et al., 2005). Whilst fragment hits may bind

with low a�nity, they typically exhibit high ligand e�ciency, increasing their chances

of having favourable absorption and permeability properties (Hopkins et al., 2004).

Fragment-based approaches have seen increasing use in academia and pharma over

the past 20 years, with over 40 compounds in clinical trials and 4 launched drugs
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(Denis et al., 2021).

Once one or more hits have been identi�ed, whether by a high throughput- or

fragment screen or another means, attempts will be made to make modi�cations to

the hits in order to optimise a range of properties, including binding a�nity, selectivity

and ADME-T. This process is known as Hit-to-Lead, and typically follows the design-

make-test-analyse cycle (Plowright et al., 2012), where the performance of molecules

designed in the previous round will inform the designs for the next round.

If the scientists have access to a structure of the protein-ligand complex, they

can utilise so-called \structure-based" approaches to optimise the hit molecule. By

inspecting the protein-ligand complex, the scientists can determine which ligand func-

tional groups are likely to be engaged in intermolecular interactions with the protein.

Techniques such as biosteric replacement, where a functional group is replaced with

a di�erent functional group that is capable of making the same type of interaction

with the protein, can be used to optimise the individual interactions (Langdon et al.,

2010). Similarly, sca�old hopping involves replacing the core of the molecule with a

substructure of similar size that exhibits similar properties. Alternatively, one might

wish to replace a functional group in order to pursue a di�erent interaction (e.g. re-

place a hydrophobic functional group with one that is capable of making a hydrogen

bond). Knowledge of the binding site also allows optimisation of the ligand's size, as

a larger binding pocket may be able to accommodate a larger ligand.

If the structure of the protein-ligand complex is not available, scientists can use

ligand-based approaches to optimise hits. Whilst it might not be possible to use

information about the binding site to optimise speci�c functional groups, one could

optimise general attributes of the ligand, for example reducing the calculated logP to

be less than 5 (Lipinski et al., 1997) or improving the molecule's synthetic accessibility.

One could also leverage information about other molecules known to bind to the target

protein as a basis for suggesting modi�cations, e.g. by training a ligand-based virtual
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Figure 1.2: Di�erent fragment-to-lead approaches. Scientists propose designs by ac-
counting for the structure of the binding pocket and synthetic accessibility.

screening model (Section 1.4.1.2) and using it to identify promising modi�cations.

Fragment hits, which are usually smaller-than-drug-like, usually do not bind

strongly enough to a�ect the target's function, and therefore require additional func-

tional groups to be added to increase their potency. Three main approaches exist

to achieve this: elaboration, linking and merging (Scott et al., 2012), illustrated in

Figure 1.2. Each approach typically requires knowledge of the structure of the bound

protein-fragment complex. Fragment elaboration takes a single bound fragment as

input and adds functional groups whilst keeping the original fragment �xed. The

addition of extra functional groups allows the resulting molecule to make further in-

teractions with the target, increasing the binding a�nity. Fragment linking involves

constructing a molecular linker between two fragments that are concurrently bound

in the same binding pocket; the linking process preserves the known interactions

of the original fragments, o�ering a greater degree of certainty that the resulting

molecule will bind with higher a�nity than elaboration. Finally, fragment merging

requires two or more fragments to bind in overlapping regions and involves the de-
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sign of molecules which incorporate motifs from each fragment. Whilst linking and

merging have the advantage of allowing researchers to use information about multiple

fragment hits, elaboration remains applicable when only a single fragment is bound

in a binding pocket, and information regarding other fragment hits can be incorpo-

rated into elaboration designs. As with HTS, it is theoretically possible to conduct

a fragment-to-lead campaign without knowledge of the target's structure. However,

as the size of the binding pocket is a critical factor in determining how many atoms

can be added to a fragment, and the relative locations of di�erent fragments inform

whether they can be feasibly linked/merged, fragment-to-lead campaigns typically

incorporate bound protein-fragment complexes in the decision making process.

Once a lead molecule, i.e. a compound which shows promise as a potential treat-

ment for a disease, has been produced, it may undergo additional modi�cations to

optimise relevant properties further, known as lead optimisation. A series of pre-

clinical tests will then be used to the pharmacokinetic and pharmacodynamic prop-

erties of the resulting molecules, and to determine whether they are likely to be safe

for human consumption (Kramer et al., 2007). Toxicity studies form a key part of the

pre-clinical evaluation, where the compound is administered in escalating doses to

animals. Toxicity testing encompasses a variety of di�erent considerations, including

mutagenicity testing, carcinogenicity testing and one-generation reproduction toxic-

ity testing (Parasuraman, 2011). Such studies assist in the quanitifcation of a \No

Observed Adverse E�ect Level", which can be used as a basis for the calculating the

staring dose in human trials. Whilst toxicology studies play a vital role in minimising

drug-related adverse events to humans during the clinical trial process, Balls et al.

(2019) reported that 20-25% of trials failing to progress from the �rst stage of clinical

trials do so because of toxicology issues, emphasising the need for continued research

in this area.
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1.2.2 Clinical Trials

Before a therapeutic is licensed for use by humans, its safety and e�cacy must be

demonstrated through a sequence of clinical trials. The �rst clinical trial, known

as Phase I, is used to establish whether a drug can be tolerated by humans, i.e.

whether it can be administered without causing signi�cant adverse events. Such

trials are often performed open-label on small groups of healthy volunteers, whilst the

treatment is administered using increasing doses to ascertain its maximum tolerable

dose (Umscheid et al., 2011). A recent study reported that approximately 65% of

medicines entered for Phase I trials are carried forward to the next round of trials

(Wong et al., 2019).

If a drug is deemed to be tolerable then it may be progressed to the next stage

of trials, known as Phase II. Phase II trials typically involve a larger number of

participants than Phase I trials, and the participants normally have the disease of

interest. They are used to allow investigators to better understand how the drug works

in humans, in terms of its pharmacokinetic pro�le and dose response, and provides

further evidence as to the drug's safety (Umscheid et al., 2011). The Phase II trials are

also used to inform a number of aspects of a large-scale trial, including optimal dose

size, administration routes, and endpoints (Umscheid et al., 2011). Approximately

58% of Phase II trials progress to the next round of trials.

Although Phase II trials seek to establish some evidence of e�cacy, the small sam-

ple sizes used in such trials typically gives them limited statistical power, and a larger

study is necessary to establish whether the drug can make a clinically meaningful im-

pact on patients. Phase III trials usually involve between 300 and 3000 participants

and aim to show that the drug outperforms either a placebo or the current standard

of care (Umscheid et al., 2011). Following successful demonstration that the drug is

safe and e�cacious, it will be submitted to national regulatory agencies for approval.

Wong et al. (2019) reported that approximately 14% of drugs commencing Phase I
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trials between 2000-2015 successfully received approval.

Whilst the above pipeline represents a typical progression of a drug through clini-

cal trials, the speci�c factors relating to a particular disease may necessitate a di�erent

approach; for example for a very rare disease, or where it was considered unethical to

use a placebo as a control, it might be more appropriate to evaluate the performance

of the drug against historical control data (Pocock, 1976). If the mechanism of action

and safety pro�le of a drug are well understood (e.g. because it has already been

licensed to treat another disease), then it is often possible to skip Phases I and II

entirely (Food and Drug Administration, 2017).

1.3 Machine Learning

As described in Section 1.4, machine learning is used in drug discovery for rapidly

generating molecules which are likely to bind to the target with high a�nity, or

prioritising such molecules from a large database. In this section, we describe several

basic machine learning methods that are used throughout this thesis.

Machine learning concerns the automatic detection of patterns in data, and their

application in decision making (Murphy, 2012). The development of such algorithms

dates back to at least the late 19th century (Stanton, 2001), and machine learning

can be broadly partitioned into three sub�elds: The �rst, supervised learning, gen-

erally concerns the prediction of a dependent variable conditional on one or more

independent variables; The secondunsupervised learning, focuses on dataset process-

ing, where the aim is generally to understand the structure of a given dataset, e.g.

by identifying redundant variables or clustering closely related examples. Finally,

reinforcement learning concerns the training of anAgent to make decisions which

are optimal with respect to a set of criteria. We consider each of these paradigms in

detail below.
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1.3.1 Supervised Learning

Let D = f (x i ; yi )gn
i =1 be a set of n pairs, where for eachi 2 f 1; :::; ng, x i =

[x i; 1; :::; xi;p ] 2 Rp and, for simplicity, yi 2 R (although yi can also be vector-valued).

We refer to yi as a label, and eachx i;j as a feature. In supervised learning, we are

interested in �tting a function, f : Rp ! R, which takes the features as input and

attempts to predict the labels as accurately as possible. Mathematically, we seek:

f � = arg min
f 2F

nX

i =1

L(yi ; f (x i )) ;

where F denotes a set of allowed functions andL : R � R ! R+ denotes aloss

function, which quanti�es the accuracy of the prediction (a smaller loss represents

a more accurate prediction).f � is therefore the function which attains the smallest

cumulative loss amongst all the functions inF .

1.3.1.1 Linear Regression

To make the above concrete, we consider the simplest supervised learning algorithm,

linear regression. In linear regression we predict the label as a weighted sum of the

features, thus the space of permissible functions,F , takes the form:

F = f f : Rp ! Rjf (x) = � 0 + � 1 � x1 + ::: + � p � xpg

To quantify the accuracy of a prediction, we use thesquared loss, i.e. L(yi ; f (x i )) =

(yi � f (x i ))2, meaning that perfect predictions attain a loss of 0, and imperfect predic-

tions attain a loss which is proportional to the squared distance between the true label

and the prediction. Identifying the optimal linear regression function,f � , therefore

equates to �nding the model parameters,� 0; � 1; :::; � p, which attain the smallest total

loss over then examples. The optimal parameters can be obtained by computing
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@
@�j

(
nX

i =1

(yi ; f (x i ))2)

for each j = 0; :::; p and setting the resulting expressions to zero to attain the

stationary points. Due to the convexity of the objective function with respect to the

model parameters, linear regression has a unique, closed-form solution, which can be

expressed as:

�̂ = ( X T X )� 1X T y;

wherey = [ y1; :::; yn ] and X = [ x1; x2; :::; xn ]T , respectively.

1.3.1.2 Neural Networks

The simplicity of linear regression and the ease with which its parameters can be

interpreted make it an attractive and widely used predictive model. However, in

practice, we often wish to model processes which can not well approximated by a

linear combination of dependent variables. Whilst we can incorporate non-linearities

and interactions into a linear regression (e.g. by de�ning a new feature, sayxp+1 =

x1 � x2 or xp+1 = x2
p and �tting the linear regression as described above), dataset

augmentation strategies require explicit speci�cation of the interactions and non-

linearities which should be included in the model, which may be infeasible for complex,

high-dimensional datasets.

Neural networks are a highly 
exible class of predictive model which do not require

the user to specify interactions or non-linearities in advance of �tting the model;

instead, the model learns which interactions are important to accurately predicting

the label whilst the model is being trained.

Following Bishop and Nasrabadi (2006), we construct the basic neural network as

follows: First, for an input x 2 Rp, we constructM linear combinations of the input
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x = [ x1; :::; xp] of the form:

aj =
pX

i =1

w(1)
ji x i + w(1)

j 0 ;

where j = 1; :::; M . We refer to eachw(1)
ji as a `weight' and thew(1)

j 0 terms as

`biases'. Next, we apply a non-linear function to each weighted sum of the inputs, to

obtain zj = h(aj ) for j = 1; :::; M . We call the zj 's `hidden units', and they represent

a `new' dataset, where each feature is a non-linear function applied to a weighted sum

of the original features. As each weightw(1)
ji is a learnable parameter which can be

tuned to optimise the model �t, we can view of this �rst stage as a data processing

step where the model generates a new feature set which will allow it to predict the

label more accurately.

The next stage of the neural network model is to again compute a weighted sum:

a =
MX

j =1

w(2)
j zj + w(2)

0 (1.1)

where the weighted sum is taken over the hidden units computed in the previous

stage. For regression problems, where our aim is to predict a continuous real-valued

label, we typically return ŷ = a as the model's output. If we consider equation

1.1, it bears a close resemblance to the linear regression equation described above,

where the output is a weighted sum of the input features. As eachzj is a non-linear

function of the original features, in a regression context we can therefore view a neural

network as an extension of the linear regression model, where interactions between

features and non-linearities are learnt by the model instead of being explicitly speci�ed

in advance. Neural networks for classi�cation work in much the same way but we

generally require the imposition of a non-linear function,� : R ! [0; 1], to ensure that

the model predictions lie in the range [0; 1]. More detail on the basic neural network

model for classi�cation can be found in Bishop and Nasrabadi (2006), Section 5.1.
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Fitting a simple neural network for regression therefore equates to solving the

following equation:

f � = arg min
f 2F

nX

i =1

L(yi ; f (x i )) ;

whereL is again the squared lossL(yi ; f (x i )) = ( yi � f (x i ))2, and

F = f f : Rp ! Rjf (x) =
MX

i =1

w(2)
j � h(

pX

i =1

w(1)
ji x i + wj 0) + w(2)

0 g

Unlike linear regression, which has a unique closed form solution, the non-linear

activation function makes the objective function challenging to optimise and we must

resort to a numerical method, such as stochastic gradient descent, to optimise the

objective function. The backpropagation algorithm allows e�cient computation of the

partial derivatives of the objective function and is described in Bishop and Nasrabadi

(2006) Section 5.3.

The hidden unitszj together comprise a \hidden layer" of a neural network, where

the inputs are transformed to better allow them to approximate the label. An easy

extension of the simple neural network is the addition of further hidden layers, where

the �rst hidden layer is transformed as follows:

z(2)
j = h(

MX

k=1

w(2)
ji z(1)

k + w(2)
j 0 );

wherez(1)
k are the hidden units in the �rst hidden layer. Whilst the speci�cation

of additional hidden layers can allow neural networks to learn more complex decision

rules, they also bring an increased computational cost due to more parameters being

added to the model and increase the risk of the model over�tting to the training data.
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1.3.1.3 Graph Neural Networks

Whilst neural networks have proven adept functional approximators, the classical

architecture described in the previous section, which treated each feature as an inde-

pendent input, fails to take advantage of known correlations between features which

can be useful in making more accurate predictions. Graphs can be used to model a

wide variety of systems, including bodies of text (Malekzadeh et al., 2021), protein-

protein interaction networks (Pellegrini et al., 2004) and molecules (Kearnes et al.,

2016), prompting signi�cant interest in developing neural networks that can naturally

exploit the structure of graphs to improve their predictive accuracy (see Zhou et al.

(2020) for a recent review). Here we describe the gated graph neural network model

(GGNN) (Li et al., 2015), which propagates information between the nodes of an

input graph and is used in chapters 2, 3 and 4 of this thesis.

Gated Graph Neural Network . Graph neural networks typically have two dis-

tinct phases. The �rst phase is aninformation sharing phase, where the information

contained in a node is combined with the information contained in its neighbours'

nodes. The second phase is thereadout phase, where the updated node representa-

tions are used to make predictions. For each node,v, the initial hidden state, h(1)
v , is

set to beh(1)
v = xv, the attribute of the node. Next, for each node, at time stept, a

messageis computed from each of its neighbours,w:

a(t )
v;w = AT

v;w � (ht � 1
w )T + b (1.2)

WhereAv;w is a learned matrix that depends on the edge label of the edge between

v and w, and b is a learned vector. The vectora(t )
v;w represents the information from

the neighbouring node which will be included in the next update, as:

h(t )
v = GRU( h(t � 1)

v ; a(t )
v ) (1.3)
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Where a(t )
v = f a(t )

v;w jw 2 N (v)g, and GRU is the Gated Recurrent Unit proposed

by Cho et al. (2014), which uses an update gate and a reset gate to better retain

information that was provided to the model in previous steps.

Once equations 1.2 and 1.3 have been appliedT times, the information sharing

stage terminates, and the prediction can be obtained as ^y = f (f hT
v jv 2 Gg), i.e. by

using the �nal hidden states of each node as an input to a neural network.

1.3.2 Generative Modelling

Given an input, x 2 X , and target variable, y 2 Y, the goal of supervised learning

is to learn a function, f : X ! Y, such that f (x) is close toy. This allows accurate

prediction of the target based on the input features. Central to this thesis are gener-

ative models, which, given samplesx1; :::; xn 2 X , attempt to generate new samples

xn+1 ; :::; xn+ m which could plausibly belong to the setX . For example, given a set of

images of human faces, generate a set of images which contain new faces which do not

belong to real people (Ranjan et al., 2018); or, given a set of texts, generate a piece of

writing on a speci�ed subject (Brown et al., 2020). In the context ofde-novomolec-

ular design, generative models have the potential to rapidly propose novel, drug-like

molecules which are designed to be active against a speci�c target; in this section we

outline a number of di�erent generative model architectures and describe recent work

in generativede-novomolecular design in Section 1.4.2.

Recurrent neural networks (RNN) are a widely used tool for sequential data.

Whilst a typical neural network (Section 1.3.1.2) requires an input with a �xed number

of features, sequential data, e.g. a string of text, might have a variable number of

measurements across di�erent examples, and it would be inconvenient to train a

separate model for each input length. For a given sequencex(1) ; x(2) ; :::; x(� ) we seek

to accurately predict x(t ) given x(1) ; :::; x(t � 1) by learning a conditional probability

distribution p(x(t ) jx(1) ; :::; x(t � 1); � ), where � is a parameter vector. However, this
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formulation fails to avoid the problem of being applicable to sequential inputs of

di�erent lengths, as we are required to inputt � 1 conditioning variables. Instead,

RNNs utilise ahidden state, h(t � 1), which summarises all the information contained in

the featuresx(1) ; :::; x(t � 1) in a �xed-length vector and uses it to predictp(x(t ) jh(t � 1); � ).

As h(t � 1) retains the same dimension irrespective of the value oft, we can use the

same learned function for any input sequence. A simple RNN takes the following

form: First we initialise the hidden stateh(0) , then compute

a(t ) = b+ W � h(t � 1)

h(t ) = tanh(a(t ))

o(t ) = c + V � h(t )

x̂(t ) = sof tmax (o(t ))

(1.4)

Where b and c are learned parameter vectors,V and W are learned parameter

matrices, andx̂(t ) is the outputted probability distribution over the possible values

that x(t ) can take. Once the model has been trained, one can sample new sequences

iteratively, attaining the value x(t ) by sampling from the categorical distributionx̂(t ) .

A detailed overview of RNNs is given by Goodfellow et al. (2016).

A more general framework for generative modelling is the autoencoder. An au-

toencoder comprises two functions� : X ! Z;  : Z ! X , such that jjx �  (� (x)) jj

is minimised. Whilst this task initially appears to have little value, if we specify that

the dimensionality of Z must be smaller than the dimensionality ofX , the function

� can be viewed as a means of compressing elements ofX ; in order for � to be able

to accurately reconstruct the input value,� (x) must retain some of the information

encoded inx. We refer to � as anencoder,  as adecoder. Most modern autoencoders

parameterise� and  as deep neural networks; their ability to accurately approximate

highly non-linear functions allow them to more accurately recreate the objective and

encode a more informative compression of the data within the latent space,Z .
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The widely known dimensionality reduction tool, principal components analysis

(PCA) (Abdi and Williams, 2010), is a simple example of an autoencoder. Other

autoencoders can similarly be used for dimensionality reduction/feature extraction

(e.g. (Meng et al., 2017)), as the compressed representation encoded in the latent

space is designed to encode as much information in the smaller space as possible.

There has been considerable recent interest in the use of autoencoders for synthetic

data generation (e.g. (Ranjan et al., 2018; Wan et al., 2017)). The decoder provides

a map between a low-dimension space,Z and the original space,X , allowing one to

sample fromX by sampling z 2 Z and computing  (z). Variational autoencoders

(Kingma and Welling, 2013) include a Kullback-leibler divergence (Joyce, 2011) term

in the autoencoder loss function which incentivises the distribution of points in latent

space to resemble an isotropic Gaussian; this increases the likelihood that a sampled

point z � N (0; I ) will correspond to a realistic output.

An alternative approach to the VAE is a Generative Adversarial Network (GAN)

(Goodfellow et al., 2020), which also simultaneously trains two neural networks, a

generator and a discriminator. Given a set of training examplesx1; :::; xn 2 X

and random inputs z1; :::; zn , the generator � : Z ! X generates examples ^x1 =

� (z1); :::; x̂n = � (zn ). The discriminator � : X ! [0; 1] then attempts to determine

whether each examplex1; :::; xn ; x̂1; :::; x̂n is a genuine example or a generated one.

The discriminator training objective rewards the discriminator for accurately sepa-

rating the genuine examples from the generated ones, whereas the generator training

objective rewards the generator if the discriminator is unable to accurately separate

the genuine and generated examples. The two models are therefore trained in an

adversarial fashion, forcing the generator to generate increasingly realistic examples

in order to stop the discriminator from attaining strong accuracy. GANs have demon-

strated excellent performance in the generation of image data (e.g (Han et al., 2018)),

however in some instances have proven extremely di�erent to train to give sensible
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output (Nie and Patel, 2020).

1.3.3 Reinforcement Learning

Reinforcement learning concerns the training of anagent to take actions which are

optimal with respect to a pre-speci�ed reward function. It has been used for a variety

of tasks which require the user to take sequential decisions in a high dimensional

space, for example self-driving cars (Cao et al., 2021), heating and cooling systems

(Jeen et al., 2022) and playing computer games (Mnih et al., 2013). Compared to

supervised learning models, which are trained to make predictions based on a series

of examples which are provided to it by the user, reinforcement learning models are

only provided with a reward function and a set of rules governing the actions they

are allowed to take. As such, reinforcement algorithms are not constrained in their

learning by a limited training set and have been shown in some cases to learn to take

optimal actions that human experts would not have considered (Silver et al., 2017).

Concretely, suppose that we begin at an initial state,s0 2 S, whereS is the set of

all possible states. We must take an action,a1 2 A, whereA is a set of permissible

actions, which leads us to a new state,s1. After moving to the new state, we are given

a reward R1 2 [0; 1 ), which quanti�es how favourable the move was. We continue

this process forT steps, each time choosing an actionat which leads us to a new

state, st , producing a rewardRt . Starting from time t, we compute the total reward:

Gt = Rt+1 + 
R t+2 + :::: =
1X

k=0


 kRt+ k+1

Where 
 2 [0; 1] represents a discounting factor which downweights rewards that

are further into the future. The total reward Gt quanti�es how optimal the actions

taken were.

The process described above is often framed as a Markov Decision Process (Alagoz
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et al., 2010), where the current state value contains all the required information to

make a decision regarding which state to go to next. In such cases, reinforcement

learning requires us to learn a conditional distribution� � (ajs), parameterised by� ,

such that sampling our actions at each state from� � maximises the expected reward.

We call such a distribution apolicy, and we say the policy is deterministic if we always

take the most probable action, given a state, or stochastic if we sample an action from

� � (�js).

Following Weng (2018a) and Weng (2018b), we present a brief overview of policy

gradient algorithms and the REINFORCE algorithm which we use in Chapter 2.

First, we de�ne the value function as the conditional expectation of the reward, given

an initial state, V(s) = E� [Gt jSt = s], and the \Q-value" of a state-action pair as

Q� (s; a) = E� [Gt jSt = s; At = a]. In both cases the expectation is dependent on the

policy � � .

Policy gradient algorithms aim to determine the parameter vector� which max-

imises

J (� ) = E� � [V (S)] =
X

s2 S

d� � (s)V� � (s) (1.5)

whered� � (s) is the stationary distribution of s under � . Simply, the policy gradient

attempts to maximise the value function, averaged over all possible starting states.

From the de�nition of the Q-value, we can rewrite equation 1.5 as:

J (� ) =
X

s2 S

d� � (s)
X

a2 A

� � (ajs)Q� (s; a) (1.6)

We use a gradient ascent scheme to optimiseJ (� ), so we must obtain derivative

of the objective with respect to� : :

r � J (� ) = r �

X

s2 S

d� � (s)
X

a2 A

� � (ajs)Q� (s; a) (1.7)
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This derivative is computationally challenging, but we can use the policy gradient

theorem (section 13.2 of Sutton and Barto (2018)) to remove the dependence of the

derivative on d� � :

r � J (� ) /
X

s2 S

d� � (s)
X

a2 A

r � (� � (ajs))Q� (s; a) (1.8)

Multiplying and dividing by � � (ajs), and using the fact that d
dx (log(f (x))) = df=dx

f (x) ,

we get:

r � J (� ) /
X

s2 S

d� � (s)
X

a2 A

� � (ajs)r � (log(� � (ajs))) Q� (s; a) (1.9)

This takes the form of an expectation:

r � J (� ) / Es� d� ;a� � � [r � (log(� � (ajs))) Gt ] (1.10)

Note that we have exchangedQ� (s; a) for Gt , by the law of total expectation (i.e.

for random variablesX; Y; E[X ] = E[E[X jY]] . This process of �nding the optimal

policy is known as a REINFORCE algorithm, which we outline in Algorithm 1.

Algorithm 1 REINFORCE Algorithm for optimising a reward function

Require: � > 0
Initialize:

� , parameter vector
for n = 1 to N do

Generate trajectory,s0; a1; s1; :::; aT ; sT using current � �

for t = 1 to T do
Calculate rewardGt

Update policy parameters:�  � + �
 tGt r � (at jst � 1)
end for

end for

A variety of other policy gradient algorithms exist in addition to REINFORCE.

For a brief overview the reader is referred to Weng (2018b).
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1.4 Computer Aided Drug Discovery

Traditional hit-�nding campaigns require experimental testing of a large number of

compounds. This process is expensive and time consuming and there has been a sig-

ni�cant, long standing interest in developing computational methods which can speed

up this process. Of particular interest is the computational prediction of whether a

molecule will bind to a target, the automatic generation of libraries of molecules which

are likely to be active against a target, and the combination of these two approaches

to realise a computational analogue of the design-make-test-analyse cycle. In this

section we describe several existing approaches for virtual screening and molecule

generation and the use of structural information in computational techniques.

1.4.1 Virtual Screening

Virtual screening o�ers an alternative to manually screening libraries of molecules

for hits in a laboratory; the very low hit-rates associated with such screens typically

require the use of extremely large libraries, and it is not uncommon for the cost of a

high throughput screens to be hundreds of thousands of dollars (Dreiman et al., 2021).

Whilst experimental validation still remains the gold standard for assessing whether or

not a ligand will bind to a protein, virtual screening methods have played a useful role

in a number of drug discovery campaigns in discarding molecules which are unlikely

to bind and prioritising a smaller number for laboratory testing (e.g. (Gorgulla et al.,

2020; Lyu et al., 2019; Stein et al., 2020)), dramatically reducing the cost required to

identify hit molecules. Virtual screening models can either be classi�cation models (

classifying a molecule as a binder or non-binder) or regression models, which predict

the binding a�nity of a given molecule. As well as identifying a set of binders from a

large library, virtual screening models can be used to help understand the quantitative

structure-activity relationship (QSAR), allowing researchers to identify motifs which
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contribute towards improved binding a�nity; such insights can inform subsequent

designs.

1.4.1.1 Molecular Similarity

One of the fundamental principles of drug discovery is that similar molecules are likely

to have similar properties. As such, when assessing molecules with a computer, it is

essential that we are able to quantitatively express the level of similarity between two

molecules. Scientists have used molecular descriptors to summarise the properties of

molecules for decades (Brugger et al., 1976), and a wide number of descriptors exist.

The simplest set of molecular descriptors summarise properties of the whole molecule,

such as its heavy atom count or logP. However, two molecules with equivalent heavy

atom counts could be drastically di�erent, making such statistics unsuitable for fully

assessing molecular similarity.

An alternative type of molecular descriptor is a 2D molecular �ngerprint, which

fragments the query molecule and encodes information regarding the di�erent frag-

ments that are present in the molecule (see Duan et al. (2010) for a review of di�erent

2D �ngerprint schemes). A popular 2D �ngerprint is the Morgan �ngerprint (Rogers

and Hahn, 2010), which grows a set of fragments by radially expanding from each

heavy atom in the molecule, and mapping each distinct fragment to a di�erent integer.

The similarity of two molecules can then be assessed by comparing their respective

�ngerprints, e.g. by computing the Tanimoto similarity between them. Molecular

�ngerprints have the advantage of being quick to compute and they can therefore be

used to rapidly screen large libraries of molecules.

A disadvantage of comparing two molecules based on whether they share a set

of molecular substructures is that structurally distinct molecules are often capable

of making the same interaction with a protein. For example, a pyridine fragment

and carbonyl fragment would both be capable of facilitating a hydrogen bond with a
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Figure 1.3: RMSD and SCRDKit scores attained for di�erent molecules and confor-
mations. a) and b) illustrate a comparison of two identical molecules with di�erent
conformations; as the RMSD increases, the SCRDKit score moves further away from
1. In c) and d) we compare two di�erent molecules, where the benzene substructure
has been replace with a pyridine.

protein donor atom, but they would be considered dissimilar by a �ngerprint-based

similarity metric. The SCRDKit score (Figure 1.3) used by Imrie et al. (2020) assesses

molecules based on their ability to make the same interactions by combining two

existing 3D similarity functions. The �rst, proposed by Putta et al. (2005) quanti�es

the volumetric overlap between two 3D molecules, whilst the second, proposed by

Landrum et al. (2006), takes each pharmacophore in a reference molecule and calcu-

lates the distance between the pharmacophore and the nearest pharmacophore of the

same type in a query molecule. To obtain a high SCRDKit score, two molecules must

therefore be able to occupy a similar 3-dimensional space and be able to make the

same intermolecular interactions. SCRDKit score is sensitive to the input poses of the

query and reference molecules; two identical molecules which had di�erent conforma-

tions could obtain a very low SCRDKit score if their conformations were su�ciently

di�erent. One way to mitigate this problem is to sample multiple poses for the input
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molecules and take the highest obtained SCRDKit score, although such an approach

increases the computational complexity of the method.

1.4.1.2 Ligand-Based Virtual Screening

Ligand-based virtual screening (LBVS) depends on the principle that similar molecules

will exhibit similar activity towards the same target and therefore, if a set of known

binders already exists, they can be used to predict whether or not other molecules

are likely to bind to the target. Compared to structure-based approaches, ligand-

based approaches do not require a 3D structure of the protein-ligand complex and

models can be constructed using assay data which is quicker and cheaper to obtain

than experimental structure data but doesn't provide any insights as to the binding

mechanism of the ligand.

The simplest ligand-based approach is a similarity search, which identi�es molecules

which attain an above-threshold 2D- or 3D similarity score with an existing active.

Similarity search methods are most applicable for cases where only a small number of

active ligands are known (Muegge and Mukherjee, 2016), where training a machine

learning model would not be possible. Whilst recent years have seen machine learn-

ing models proposed for LBVS (e.g (Ramsundar et al., 2015; Wu et al., 2018)) their

reliance on an existing database of known actives precludes their application to novel

targets, which will have few or no known actives. Moreover, if the dataset of known

actives is not su�ciently diverse, LBVS can lead to a high false negative rate if true

actives are not su�ciently similar to the known actives used.

1.4.1.3 Structure-Based Virtual Screening

An alternative to LBVS is structure-based virtual screening (SBVS), which lever-

ages information about the target structure in order to make predictions. Molecular

docking tools (e.g. (Verdonk et al., 2003; Friesner et al., 2004; Morris et al., 2009;
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Trott and Olson, 2010)) utilise a two-step process for predicting the binding a�nity

of a protein-ligand complex: First, a 3D ligand pose is generated and placed within

the binding site, followed by an estimation of the binding a�nity attained by the

generated protein-ligand complex with a scoring function. In practice, for a given

protein-ligand pair, one usually generates a set of protein-ligand complexes, and the

docking function will attempt to generate poses which maximise the scoring function

(for example by use of a genetic algorithm (Morris et al., 1998)).

Early scoring functions typically used a linear regression model to predict the

binding a�nity, where the linear regression comprised a set of hand-crafted fea-

tures representing di�erent intermolecular interactions and was trained on real-world

protein-ligand binding data. However, there has been substantial recent interest in

the creation of machine-learning based scoring functions; their ability ability to learn

complex relationships from data without explicit parametric assumptions makes them

an attractive alternative to classical scoring functions.

Early applications of ML algorithms (e.g. (Ballester and Mitchell, 2010; Durrant

and McCammon, 2011)) took a protein-ligand interaction �ngerprint as input and

used an ML algorithm to predict its binding a�nity or classify the input complex

as a binder or non-binder. Such an approach has the advantage that a random

forest (Breiman, 2001) or neural network would be able to learn complex interactions

between features without explicit pre-speci�cation, in contrast to a linear/logistic

regression scoring function. However, �ngerprint-based ML models are still dependent

on a human-speci�ed featurisation of the protein-ligand complex, inducing the risk

that important information may be inadvertantly omitted from the featurisation.

Whilst the model proposed by Ballester and Mitchell (2010) outperformed classical

scoring functions on a multi-target evaluation, subsequent studies raised concerns

surrounding their lack of sensitivity to changes in pose and their ability to generalise

to new targets.
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Figure 1.4: Schematic of protein-ligand scoring using Convolutional Neural Networks.
A ligand is docked into the protein of interest, featurised and passed to a CNN. The
CNN captures important spatial information and predicts whether the ligand is likely
to bind to the protein in the pose provided to the model.

Inspired by the ability of convolutional neural networks (CNNs) to capture impor-

tant spatial information on image recognition tasks, several authors sought to predict

protein-ligand binding by using a docked protein-ligand complex as the input to a

CNN (e.g. (Ragoza et al., 2017; Imrie et al., 2018)). Compared to existing �ngerprint-

based virtual screening models, it was hypothesized that CNN-based models, illus-

trated in Figure 1.4, would be better able to predict binding a�nity in a similar way

to how a expert might, by identifying ligand pharmacophores which have the poten-

tial to form interactions with protein residues. Pereira et al. (2016) computed a set of

features (distances, partial atomic charges etc.) for each atom and employed a CNN

to capture the spatial information in these features and classify molecules as actives

or decoys. Three recent methods have utilised voxelised representations of the protein

and ligand, with each voxel containing information regarding the presence or absence

of di�erent atom types (Ragoza et al., 2017; Jim�enez et al., 2018; Imrie et al., 2018).

Two of these methods, (Ragoza et al., 2017; Imrie et al., 2018), were validated

28



on the DUD-E (Mysinger et al., 2012) dataset, a virtual screening dataset which

contains experimentally validated actives and decoys obtained by sampling from ZINC

(Sterling and Irwin, 2015), and the MUV dataset, (Rohrer and Baumann, 2009), a

PubChem-derived (Kim et al., 2021) dataset which uses nearest neighbour analysis

to ensure that target-speci�c datasets are unbiased with regard to analogue bias and

arti�cial enrichment. Both methods demonstrated superior predictive performance

on a virtual screening task compared to Autodock Vina (Trott and Olson, 2010)

and existing machine learning scoring functions when the test set was derived from

the DUD-E set. However the models performed comparably with existing scoring

functions when tested on the MUV (Rohrer and Baumann, 2009) dataset, suggesting

that, like other methods, these CNN models struggled to generalise to novel targets.

A follow-up study (Chen et al., 2019) illustrated that the strong performance

exhibited by models trained and tested on the DUD-E dataset may well be driven by

hidden biases in DUD-E which had allowed the model to detect systematic di�erences

between the actives and decoys, rather than any ability of such models to learn

protein-ligand interactions from the data. In fact it was shown that if the protein

structure was removed from the input to these models only minimal degradation in

performance was observed (Chen et al., 2019; Scantlebury et al., 2020). To address

this issue, Scantlebury et al. (2020) proposed a dataset augmentation technique where

the set of decoys used to train the model was augmented by active ligands which had

been assigned random conformations and randomly rotated and translated. Under

this formulation, to discriminate between the true actives and the perturbed actives

labelled as decoys, the model would be forced to consider local protein structure.

The performance of the model proposed by Scantlebury et al. (2020) was degraded

substantially by the omission of the protein structure, illustrating that this model

was more dependent on protein structure for making predictions.

Whilst deep learning-based protein-ligand scoring models have shown promise in
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identifying high a�nity binders, they require a protein-ligand complex to be provided

as input. When the provided complexes are generated by docking protocols, this can

negatively a�ect the performance of the downstream scoring models. Boyles et al.

(2021) showed that training and testing structure-based scoring functions on docked

poses led to worse performance than training on crystal poses. This is to be expected,

as Autodock Vina (Trott and Olson, 2010) was able to generate a pose with< 2 �A

RMSD compared to the crystal pose in 78% of examples. As the docking algorithm

was unable to recover the correct binding pose in over a �fth of examples, it would

be more challenging for a virtual screening model to learn the underlying biophysical

rules which govern protein-ligand binding when training the model, and could result

in active molecules being assigned as inactive due to an inaccurate input pose. Recent

work (St•ark et al., 2022) has explored the use of generating protein-ligand complexes

using deep learning, exhibiting competitive performance against classical docking

algorithms.

An alternative to molecular docking for structure-based virtual screening is to use

molecular dynamics (MD) simulations to estimate the free energy of binding. Whilst

MD simulations require more precise preparation of the protein than molecular dock-

ing, they are typically more robust to the precise positions of the protein residues,

as these can be relaxed during sampling (Cournia et al., 2017). As a result, unlike

docking, MD simulations have the ability to identify when a residue side-chain might

be likely to move to accommodate the ligand, allowing a more realistic depiction of

the binding mode. In contrast to estimating the binding a�nity of a protein-ligand

complex as a weighted sum of interaction terms, one can use MD simulations to es-

timate the binding a�nity as the di�erence in free energy between the bound state

and the unbound state. Whilst computing the binding free energy from MD simula-

tions can often give accurate estimations of the binding a�nity, the computational

expense of approximating the conformational distributions means that it is generally
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Figure 1.5: Example visualisation of attribution in protein-ligand scoring for cAMP-
dependent Protein Kinase A in complex with ligand Y27 (PDB ID: 1Q8T), generated
using LIGPLOT (Wallace et al., 1995). Atoms with scores close to 1 are considered
to make an important contribution to the ligand binding to the protein; conversely,
atoms with a score close to 0 are considered to reduce the probability of binding.

computational infeasible with very large libraries of ligands. In practice, one might

compute the binding free energy of a small number of shortlisted ligands identi�ed

via docking, or compute the relative binding a�nities of a series of ligands proposed

in a lead optimisation campaign (Gumbart et al., 2013).

A key step in building greater trust in structure-based virtual screening methods

is the development of methods which allow users to understand which features of a

ligand meant that the model predicted it would bind (Figure 1.5 illustrates an ex-

ample protein-ligand complex which has been assigned such attributions). Hochuli

et al. (2018) proposed several methods for visualising the in
uence speci�c atoms

had on a CNN model's classi�cation, for example by predicting the binding proba-
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bility using the whole protein-ligand complex and using the whole complex with one

atom removed; the di�erence in the two scores is then considered to be the `contri-

bution' of that atom to the model's binding decision. Brown et al. (2021) proposed

a method which takes a congeneric ligand series as input and predicts which sub-

structures improve or degrade binding a�nity relative to other ligands in the series,

allowing easier iterative re�nement. Additional methods for attribution have been

proposed (McCloskey et al., 2019; Sundar and Colwell, 2020), although they do not

consider the problem of protein-ligand binding and instead restrict their focus to the

identi�cation of pre-de�ned substructures within a molecule. Sanchez-Lengeling et al.

(2020) recently proposed a set of metrics for the evaluation of attribution methods,

with the aim of facilitating the development of more interpretable deep-learning mod-

els. The development of such methods is an important step in the further integration

of protein-ligand scoring models into drug discovery campaigns, as existing models

currently only predict whether a speci�c ligand will bind to a protein but give no

insights as to which motifs play a key role in allowing binding to occur; accurate

methods for attribution would more easily allow practitioners to retain important

motifs and discard those which do not help the ligand to bind, and could be used to

inform the kinds of molecules made by generative models.

1.4.1.4 Prediction of Synthetic Accessibility

Whilst it is vital that a potential drug is able to bind to the target protein with high

a�nity, it is equally important that any hit/lead molecules are synthetically accessi-

ble. Although di�erent chemists might di�er in their assessment of how challenging

it would be to synthesise a given molecule, computational methods can help to dis-

card unsuitable molecules and reduce the amount of manual inspection required of

medicinal chemists. A range of di�erent approaches have been proposed to quantify

the synthetic accessibility of a query compound: Ertl and Schu�enhauer (2009) pro-
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posed an approach which fragmented a molecule and computed the propensities of

the constituent fragments in a large database of molecules, adopting the heuristic that

fragments which appeared infrequently would be more challenging to synthesise. The

�nal synthetic accessibility score was then calculated as a function of the fragment

propensities and a complexity term for motifs that were known to be challenging

(e.g. macrocycles). Coley et al. (2018) proposed a deep learning-based approach for

predicting synthetic complexity (SCScore); starting with a database of known reac-

tions, they argued that the product of any reaction should have a greater synthetic

complexity (and therefore lower synthetic accessibility) than each of its constituent

reactants. Their loss function rewarded the model for assigning a higher SCScore to

a product than its reactants.

Orthogonal to the above approaches, which considered how challenging a molecule

would be to synthesise, Sanchez-Garcia et al. (2022) proposed a model which pre-

dicted how expensive a molecule would be to purchase from an online catalogue.

Their graph neural network exhibited substantially better correlation with the true

compound price compared with existing synthetic accessibility models, making it a

more appropriate tool for screening campaigns where the shortlisted molecules were

to be purchased rather than synthesised in-house.

In addition to quantifying how synthetically accessible a molecule is, a scientist

also needs to knowhow a molecule can be synthesised. Segler et al. (2018) proposed

a Monte-Carlo Tree Search-based approach which took a molecule as input and re-

turned a list of purchasable precursors. Each node in the search tree corresponds to

a set of molecules derived from the original input molecule, and at each iteration the

most promising node is selected. A neural network policy is used to select reaction

templates for the molecules in the selected node, expanding the tree until a terminal

state is reached. The starting leaf node is then assigned a score, which is backpropa-

gated to the root node, and the next iteration commences. An open-source version of

33



the algorithm proposed by Segler et al. (2018) was released by Genheden et al. (2020),

allowing users to rapidly automate synthesis planning for shortlisted molecules.

1.4.2 Generative Design

Given a su�ciently accurate model, and enough computational resource, it would

in theory be possible to predict the binding a�nity of every drug-like molecule for

a given target and select then molecules with the highest predicted a�nity for ex-

perimental testing. However, in practice the size of chemical space makes such a

screen computationally infeasible and as virtual screening models are unable to iden-

tify binders with perfect accuracy, even a very low false positive rate would lead to

extremely low precision.

An alternative computational approach is therefore to attempt to sample from

a subset of chemical space where the likelihood of sampling a binder is greatly im-

proved. To achieve this, a large number of studies have proposed deep generative

models forde-novomolecule design. As with virtual screening models, a range of dif-

ferent molecular representations have been applied as inputs. However, unlike virtual

screening models, the output of a generative model must uniquely correspond to a

molecule; it would not be su�cient, for example, to generate a molecular formula (e.g.

C6H12O6), as there many distinct molecules with an identical molecular formula. The

most commonly adopted molecular representations in generative design are SMILES

strings (Weininger, 1988) (G�omez-Bombarelli et al., 2018), (Olivecrona et al., 2017),

which represent molecules as a string of characters and provide information about

the connectivity of each atom and the type of each bond, and graphs (e.g. Liu et al.

(2018), Jin et al. (2018)), which specify which atoms are connected and the bond

type of each atom through an adjacency matrix. Whilst the SMILES representation

allows scientists to take advantage of recent research in Natural Language Processing,

they describe the 2D structure of a molecule, whereas a graph can easily be extended
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to a 3-dimensional representation by providing each atom's coordinates to the graph.

A recent benchmarking exercise conducted by Brown et al. (2019) compared the per-

formance of a number of di�erent generative models on a series of di�erent 2D tasks,

and found that SMILES-based and graph-based generative models achieved broadly

similar performance.

Whilst the long term goal of generative design is to be able to generate a series

of high a�nity binders for a speci�c protein target, initial work in deep generative

design focused on simpler tasks in order to generate the potential of deep generative

models. Many early generative models (e.g. (G�omez-Bombarelli et al., 2018; Jin

et al., 2018)) trained a variational autoencoder (Kingma and Welling, 2013) using

a database of drug-like molecules (Sterling and Irwin, 2015) and employed gradient

ascent or Bayesian Optimisation (Frazier, 2018) to identify regions of the VAE la-

tent space which corresponded to molecules which were optimal with respect to a

simple molecular property, such as the Quantitative Estimate of Druglikeness (QED)

(Bickerton et al., 2012) or logP. Olivecrona et al. (2017) took a step closer to a

model applicable to real-world drug discover projects by proposing a SMILES-based

generative model and demonstrating that reinforcement learning allowed them to con-

sistently generate molecules which were predicted to be active against DRD2 by a

LBVS model. A similar approach was employed by Jeon and Kim (2020), who used

reinforcement learning to optimise a docking score (Handoko et al., 2012), allowing

it to be applied to targets without large numbers of existing actives.

An alternative approach to those described above is to create a conditional model

which provides information about the protein's structure to the model when it is

generating molecules (e.g. (Skalic et al., 2019b; Ragoza et al., 2022; Peng et al.,

2022)). Such models are trained on existing protein-ligand complexes and, compared

to learning to optimise a potentially noisy reward function via reinforcement learning,

have the advantage that the model is able to learn important intermolecular interac-
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tions directly from the data. A disadvantage of a conditional generative approach is

that instead of using a dataset of drug-like molecules to train the generative model,

structure-aware models such as LiGANN (Skalic et al., 2019b) require protein-ligand

complexes as input, there are substantially fewer available examples with which such

models can be trained; for example, LiGANN was trained on a total of 11256 exam-

ples, which is considerably smaller than the 250k ligands used to train the generative

model proposed by G�omez-Bombarelli et al. (2018). One would expect that a smaller

training set would impair the ability of a model to sample from a broad chemical

space, and that it would be di�cult to attain optimal performance with a very high

dimensional model trained on a limited number of examples.

To increase the number of examples available for model training, the model pro-

posed by Peng et al. (2022) used a total of 22.5 million cross-docked examples to

train their generative model. Whilst a larger number of training examples would

likely allow a generative model to more accurately approximate the complex rules

governing intermolecular interactions, care must be taken when using cross-docked

structures as a basis for learning; docking software will still place a ligand in a binding

site even if the ligand is unable to bind to the receptor in reality. Training a genera-

tive model on cross-docked examples therefore induces the risk of the model learning

to approximate a docking algorithm's attempt to place a ligand into a binding site,

rather than to learning to generate ligands which are capable of making high energy

interactions with the protein. Moreover, as discussed previously, even if a ligand does

bind with high a�nity to a protein it does not guarantee that the docked pose will

resemble the true binding mode.

The generative models discussed above all generate molecules `from scratch', mak-

ing them more analogous to a high throughput screen than to a fragment-to-lead

campaign. A number of authors have proposed models which generate molecules in a

constrained fashion, where all generated molecules contain one or more pre-speci�ed
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substructures. For example, Lim et al. (2020) and Li et al. (2019) proposed deep gen-

erative models for sca�old decoration which added atoms to a sca�old whilst keeping

the original sca�old �xed. Another model of this type, proposed by Ar�us-Pous et al.

(2020), o�ered a greater degree of control over the generated molecules by allowing

the speci�cation of an exit vector.

As a complementary approach for sca�old decoration, Imrie et al. (2020) proposed

DeLinker, which takes a pair of fragments as input and builds a molecular linker

between them. Much of the work in this thesis builds upon the DeLinker generative

model, so we describe the generative process in detail below.

1.4.2.1 DeLinker

DeLinker (Imrie et al., 2020) is a deep generative model for linker design that builds

on the Constrained Graph Variational Autoencoder (CGVAE) proposed by Liu et al.

(2018). The original DeLinker implementation takes two fragments as input, as well as

their relative position, and generates a linker between them whilst keeping the original

fragments �xed. The user is also required to specify the fragment exit vectors used

by the model; i.e. the atoms which the linker will be connected to. Below we outline

how DeLinker generates linkers and the procedure used to train it.

The original CGVAE model was trained on a dataset of molecules where the

objective was to minimise the di�erence between the input molecule whilst enforcing

a Gaussian distribution on the latent space. That is, for a chemical space,M, and

a set of input moleculesM 1; :::; Mn 2 M, the objective was to identify two functions

� : M ! Z and  : Z ! M such that
P n

i =1 L (M i ;  (� (M i )) + L latent was minimised,

where L represents the reconstruction loss,L latent represents the KL-divergence of

the distribution of the latent space and the isotropic Gaussian distribution, and� KL

is a scaling constant.

Whilst the aim of the CGVAE model was to learn to sample molecules which
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Figure 1.6: Schematic of the DeLinker Generative proposed by Imrie et al. (2020).
The process starts with the input fragment and a 'sea' of atoms to be added. A
graph neural network selects which atom should be added to the graph and the
corresponding bond type. All atoms are added to the head node (illustrated by the
red circle). Instead of adding a new atom to the graph, the network can opt to change
the head node for the next node in the queue, so that new atoms are bonded to a
new atom.

were highly similar to the input molecule, DeLinker takes two fragments as input and

output a linked molecule. The training objective is therefore slightly di�erent: For a

set of pairs (F1; M1); :::; (Fn ; Mn ), whereFi represents the input fragment pair from a

chemical spaceF and M i represents the ground truth molecule which contains both

input fragments as substructures, DeLinker aims to identify functions� : M ! Z

and  : Z � F ! M such that
P n

i =1 L (M i ;  (� (M i ); Fi ) + � KL L latent is minimised.

Once the model has been trained, one can generate linkers for a fragment pair

Ftest by replacing the latent codez 2 Z derived during training with a sample from

an isotropic Gaussian, and computing (z; Ftest )

Generative Process . We outline the process by which DeLinker takes a frag-

ment pair, F and latent codez and produces a linked molecule. The fragments are

converted to a graph representation, where each node represents an atom and each

edge a bond. Each node,v contains a hidden statezv and a one-hot encoded label

lv, which represents the atom type ofv. The graph is passed through a graph gated

neural network (Li et al., 2015), which updates each node in the network with in-
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formation from its neighbouring nodes. Next, a set ofm vectors are sampled from

an h-dimensional isotropic Gaussian distribution, wherem is the maximum allowed

linker length, and h is the size of the hidden state. These vectors represent a `pool'

of atoms, which the linker will be generated from, and are assigned an atom type by

a learnt mapping f .

Starting from one of the fragment exit vector nodes, the linker is iteratively con-

structed atom-by-atom. A node is selected from the pool, connecting it to the frag-

ment and being added to the node queue, the representation of each atom is updated

to re
ect the new graph, and a new atom from the pool is selected to be added to

the fragment. This process continues until a special `stop node' is sampled instead of

a new atom, and the current head of the queue is removed and replaced by the next

node in the queue. This process continues until the queue is empty, at which point

the algorithm terminates and returns the largest connected component as the output

molecule.

The decision of which node to add to the fragment is taken by a single-layer

neural network; for a current queue-head node,v, at step t a feature vector� t
v;u is

constructed for all possible candidate nodes,u, as:

� t
v;u = [ t; st

v; st
u; dv;u ; H 0; H t ; D ]

where st
v = [ zt

v; lv] is the concatenated hidden representation of nodev after t

steps andlv is the associated atom type,dv;u is the graph distance betweenv and u,

H i is the average representation of all nodes at thei th time point, and D represents

the structural information provided to the model (in this case, the euclidean distance

and angle between the fragment exit vectors). The node to be added to the fragment

is then sampled from the following distribution:
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p(v $ uj� t
v;u ) =

exp(C(� t
v;u ))

P
w exp(C(� t

v;w ))
;

whereC(� t
v;u ) is the output of the neural network. Once a node has been selected,

a further neural network uses� t
v;u to assign an bond type between the two atoms,

and the hidden state of all nodes are updated to re
ect their new local neighbour-

hoods. Valency restraints are enforced via a masking process, which ensures that the

probability of selecting a node or edge which would violate valency constraints is set

to zero.

1.5 Thesis Outline and Contributions

In this chapter, we gave a brief overview of the drug discovery process and computer

aided drug design, in particular how machine learning methods have been used to

computationally design and screen new molecules. In the remainder of this thesis,

our primary focus is on the development of a novel deep learning-based tool for

structure-aware fragment elaboration.

In Chapter 2, we attempt to generate elaborations to a fragment which exhibit

a high 3D similarity to a ground truth elaboration. To achieve this, we employ re-

inforcement learning to �netune a pre-trained deep generative model for fragment

elaboration. We demonstrate that the imposition of a structured curriculum allows

the reinforcement learning step to generate a wider variety of highly similar elabora-

tions, compared to optimising directly on the similarity function.

In Chapter 3, we explore the use of pharmacophoric constraints as an alternative

to reinforcement learning in incentivising a deep generative model for fragment elab-

oration to generate elaborations with a speci�c pharmacophoric pro�le. On a large

scale evaluation, we found that pharmacophoric constraints enabled the generative

model to successfully recover the ground truth more often, and allowed it to generate
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a diverse range of highly similar elaborations which were capable of making the same

intermolecular interactions.

In Chapter 4, we describe the development of a web application which allows users

to load a fragment or fragment pair into a 3D molecule viewer, select the atoms they

wish to employ as exit vectors, and generate a set of elaborations/linkers which can

be easily downloaded for further consideration.

In Chapter 5, we propose a method for extracting important structural informa-

tion from a target protein and converting it to a pharmacophoric constraint of the

form that we developed in the previous chapter. Given a target protein, we computed

a Fragment Hotspot Map, which describe regions of the protein binding pockets which

are likely to make a disproportionate contribution to binding a�nity, and generated

elaborations so that matching functional groups were placed within the hotspot re-

gions. Our method requires only a bound fragment and protein structure, making it

applicable to novel targets which don't have large numbers of existing actives, and is

able to propose more ligand e�cient elaborations than existing methods.

In Chapter 6, we consider the related problem of virtual screening, and investi-

gate the ability of di�erent virtual screening models to identify the functional groups

responsible for binding. Through a synthetic generative process with a deterministic

binding rule, we demonstrate that a deep-learning based virtual screening model is

better able to identify the most important functional groups than a �ngerprint-based

model, and that, in addition to arti�cially in
ating the predictive accuracy of virtual

screening models, ligand-speci�c biases degrade their ability to identify important

functional groups. This highlights the importance of the creation of high quality,

unbiased datasets for virtual screening.

Finally, in Chapter 7, we summarise the results of this thesis and discuss possible

avenues for future work.
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Chapter 2

Using Reinforcement Learning to

Generate Elaborations with a

Speci�ed Pharmacophoric Pro�le.

2.1 Preface

As discussed in the Introduction, the long term goal of my DPhil project was to

develop a tool which could take a fragment-protein complex as input and use the

protein structure to return a set of molecules which bound to the protein with high

a�nity. For simplicity, we divided the task into two smaller subtasks: First, establish

a method by which we could incentivise a model to generate molecules from a speci�c

region of chemical space, then develop a protocol for extracting relevant structural

information from the protein and using it to decide which region of chemical space

the model should sample from. For the �rst subtask, which we address in this chapter

and the following chapter, we attempted to incentivise a generative model to generate

elaborations with a high 3D similarity to a ground truth elaboration.

In this chapter we investigate whether reinforcement learning (RL) can be used
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to train a model to reliably generate elaborations which are highly similar to the

speci�ed ground truth. We initially used a measure of 3D similarity as the reward

function for a policy gradient algorithm but found that the high dimensionality of

chemical space, combined with the non-linear nature of the reward landscape, made

it challenging to optimise the similarity-based reward function directly. To address

this, we developed a curriculum-based reward function which incentivised the model

to sample from increasingly focused regions of chemical space. We found that this

approach yielded more elaborations that were highly similar to the ground truth,

compared optimising directly on the reward function.

Although reinforcement learning showed promise as a method for sampling from

a constrained region of chemical space, we found that its performance varied substan-

tially for di�erent examples and that retraining the model for each new task increased

the computational overhead and hindered its applicability. In the next chapter, we

build from this work to directly incorporate the curriculum-based reward function

into the generative model as a pharmacophoric constraint.

2.2 Background

As discussed in the Introduction, there has been substantial recent interest in applying

deep learning models to thede-novogeneration of molecules for drug discovery cam-

paigns. A variety of di�erent deep learning architectures have been proposed for this

purpose, including Variational Autoencoders (G�omez-Bombarelli et al., 2018), Gener-

ative Adversarial Networks (Guimaraes et al., 2017) and Recurrent Neural Networks

(Olivecrona et al., 2017), and several works have proposed methods for training gen-

erative models so that the generated molecules are optimised with respect to a generic

scoring function.

Inspired by the successes of reinforcement learning on a variety of challenging
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tasks (Silver et al., 2017; Mnih et al., 2013; Kober et al., 2013), a number of re-

cent works have sought to use reinforcement learning to optimise a reward function,

including the quantitative estimate of druglikeness (QED), (Bickerton et al., 2012),

(Zhou et al., 2019), similarity to a ground truth molecule (Olivecrona et al., 2017),

and a docking score against a particular target (Jeon and Kim, 2020). In this chapter,

we consider the problem of using a deep generative model to generate elaborations to

a fragment, and use reinforcement learning to incentivise the model to generate elab-

orations which are functionally equivalent to a ground truth elaboration. Motivated

by the success of curriculum-based reinforcement learning on a variety of challeng-

ing problems ((Florensa et al., 2017), (Luo et al., 2020)), we explored whether a

curriculum-based reward function could be used to improve the ability of an Agent

to generate elaborations which were highly similar to the ground truth.

Our experiments demonstrate that using reinforcement learning to �netune a

model allows it to generate more distinct highly similar elaborations than a purely su-

pervised model. In addition, the speci�cation of a structured curriculum allowed the

model to generate more highly similar elaborations than when directly incorporating

the similarity score into the reward function, illustrating the value of a curriculum-

based approach.

Despite improving the ability of our generative model to sample elaborations from

a focused subset of chemical space, we found that the requirement to �netune a model

for each new target hindered its applicability, and the success of the reinforcement

learning algorithm in learning to optimise the reward function varied substantially

between examples, mirroring previous studies which have raised concerns surrounding

the reproducibility of reinforcement learning (Henderson et al., 2018).
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2.3 Methods

In this section we describe the generative model we use to generate elaborations to

a speci�ed fragment whilst keeping the fragment �xed. The model, based on the

generative process de�ned by Imrie et al. (2020), is able to generate a wide range of

chemically valid elaborations and was able to generate elaborations not included in

the training set, illustrating the model's ability to generalise. However, the original

model did not have the functionality to change the elaborations it proposed to meet

a particular use case, e.g. generating elaborations which were likely to improve the

binding a�nity of a fragment against a particular target. We therefore describe

two reinforcement learning-based approaches which allow us to �netune the model,

incentivising it to generate elaborations which can make similar interactions compared

to a ground truth.

2.3.1 Generative Process

For all experiments in this chapter, we used a generative process adapted from

DeLinker (Imrie et al., 2020), which we described fully in the Introduction (Sec-

tion 1.4.2.1). DeLinker takes two fragments as input and generates linkers between

them in an atom-by-atom fashion, with valency constraints ensuring chemical valid-

ity. We repurposed DeLinker for fragment elaboration by modifying the preprocessing

scripts to construct the training sets so that each example comprised a single frag-

ment input and a ground truth elaboration (as opposed to a fragment-pair input and

ground truth linker). In addition to a fragment pair, DeLinker also took as input the

euclidean distance and angle between the two fragment exit vectors; this structural

information aided it in designing linkers which were more appropriate for the binding

pocket. This information was not provided to the model for our fragment elaboration

experiments as, in contrast to fragment linking where the goal is to extend a structure
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to a speci�ed 3-dimensional point, there was no pre-de�ned `end point' for our frag-

ment elaboration experiments. However, as with the linking experiments conducted

in Imrie et al. (2020), the generative model was provided with the number of atoms

contained in the ground truth elaboration, making it more likely that the elaborations

proposed by the generative model would be able to �t within the target binding site.

2.3.2 Supervised model

To train the model described above, we selected a 250k random subset of the Moses

dataset (Polykovskiy et al., 2020). Each molecule was fragmented following the ap-

proach described by Hussain and Rea (2010), i.e. enumerating all cuts of acyclic single

bonds that were not within functional groups, to yield a set of fragment-ground truth

pairs for each molecule. We discarded all entries where the ground truth elabora-

tion was smaller than two or greater than ten atoms, yielding a �nal training set

of 669451 fragment-ground truth pairs. The network was trained using Tensor
ow

(Abadi et al., 2015) (V1.10) using the hyperparameters and atom types described in

Imrie et al. (2020). Although the model was trained for fragment elaboration rather

than fragment linking, for the remainder of this chapter we refer to this model as

\DeLinker" to re
ect the fact that it uses an analogous generative process to the

DeLinker generative model (Imrie et al., 2020).

2.3.3 Reinforcement Learning

As discussed in Section 1.3.3, reinforcement learning (RL) concerns the training of

an Agent who must choose an actiona 2 A, given a certain state,s 2 S, whereA is

the set of all possible actions andS is the set of all possible states. The actions of

the Agent are governed by apolicy, � � (ajs), a probability distribution governed by a

set of parameters,� , which speci�es the probability of taking each action conditional

on a given state.
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We consider an iterative process where, following an initial state,s0, the Agent

samples an action,a1, from the policy � � (�js0). The action a1 gives rise to a new state,

s1, which is then used to sample a new actiona2 from � � (�js1). This process continues

until time T, yielding a �nal state, sT . At each t = 1; :::; T, we can specify areward,

Rt , for how favourable the statest is, yielding a total rewardGT =
P T

t=1 Rt . Our goal

is to select the parameter set,� , such that the average reward,V� � (s) = E� � [Gt jst = s]

is maximised.

For our problem, the initial state, s0 corresponds to the initial fragment provided

to the model. An action, a, represents either an atom being added to the fragment,

a bond type between two atoms being selected, or the \stop node" being sampled.

We formulate the problem as a Markov Decision Process, meaning that all decisions

taken by the Agent have the Markov property, where:

P(st+1 jst ) = P(st+1 js1; :::; st )

In other words, the current state contains all the information required to assess

the suitability of the next action; previous states do not have any impact on the next

action. In addition, as intermediate states may not necessarily correspond to a valid

molecule (e.g. a partially constructed aromatic ring), we only compute the reward

function at the �nal stage, i.e. GT = rT .

We follow the approach proposed by Olivecrona et al. (2017), using a REIN-

FORCE (Williams, 1992) algorithm to �netune a pre-trained supervised model to

make elaborations which are optimal with respect to a scoring function.

2.3.4 RL-enhanced model

As our goal was to generate elaborations with a high degree of similarity to the ground

truth, for a given moleculem and ground truth mGT , we speci�ed our reward function
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to take the following form:

r (mjmGT ) =
�S (m; mGT )
L(m; mGT )2

;

where S(�; �) is an arbitrary function that quanti�es the similarity between two

molecules (ranging between 0 and 1, with a score of 1 denoting a perfect match),

L(�; �) is the VAE loss function used to train the generative model (ranging between 0

and 1 , where a loss of 0 denotes perfect match), and� denotes a scaling constant (we

used� = 100 for all experiments in this chapter). Elaborations with a high degree of

similarity to the ground truth would therefore attain a high reward, meaning that the

REINFORCE algorithm would incentivise the model to generate similar elaborations.

For all examples in this chapter, we ran the REINFORCE algorithm for 500 iterations

and saved the model when the running average ofS(m; mGT ) reached 0.1, 0.2,... 1.

For generating elaborations, we used the saved model corresponding to the highest

running average. If the running average failed to reach 0.1 during the 500 iterations,

we deemed the training to have failed.

2.3.5 Similarity Scoring Functions

The �rst similarity function we considered was the SCRDKit function (described in

Section 1.4.1.1), based on the work of Putta et al. (2005) and Landrum et al. (2006),

which quantify the volumetric and pharmacophoric overlap of two molecules, respec-

tively. This allows molecules which are structurally distinct but capable of forming

the same interactions with the protein to attain a high similarity. We refer to the

generative model �netuned using the SCRDKit score as \DeLinker-SC".

As an alternative to directly optimising the SCRDKit score, we considered an alter-

native curriculum-based scoring function. Curricula have proved useful in a variety of

tasks where the reward function is sparse or where the Agent is prone to converging

48



to a local minimum (e.g. (Florensa et al., 2017), (Luo et al., 2020)). As the subset

of elaborations which are highly similar to the ground truth is extremely small com-

pared to the wider chemical space, and slight perturbations to an elaboration can

signi�cantly improve/impair its suitability, it is plausible that a structured curricu-

lum might facilitate easier optimisation by the Agent. For illustrative purposes, we

�rst describe a very simple similarity curriculum and then extend it to describe the

curriculum used for our experiments in Section 2.4

2.3.5.1 \Counts" Curriculum

The simplest way to incentivise the model to generate elaborations which are more-

similar-than-random to the ground truth would be to employ the following similarity

scoring function:

S(m; mGT ) =

8
>><

>>:

� if m and mGT have the same heavy atom count,

0 Otherwise:
(2.1)

Compared to a random sample of chemical space, molecules with the same heavy

atom count to the ground truth are more likely to have a substantial volumetric over-

lap, leading to an improved SCRDKit score (Section 1.4.1.1). Due to the abundance

of molecules with a particular heavy atom count, the generative process should be

able to frequently to sample molecules which attain a non-zero reward, allowing the

Agent to optimise the average reward.

However, in addition to proposing elaborations with a high volumetric overlap to

the ground truth, we also require the generated elaborations to be capable of making

similar interactions with the protein, which is not accounted for by Equation 2.1. A

simple similarity function which could incentivise the model to sample elaborations

with similar pharmacophores to the ground truth is de�ned in Algorithm 2.
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Algorithm 2 Simple curriculum example as a set of nested if statements. The
similarity score is increased step-wise if the molecule meets each successive criterion.

Require: � > 0, 
 > 0, � > 0
S(m; mGT )  0
if numHBA(m) == numHBA(mGT ) then

S(m; mGT )  S(m; mGT ) + �
if numHBD(m) == numHBD(mGT ) then

S(m; mGT )  S(m; mGT ) + 

if numAromatic (m) == numAromatic (mGT ) then

S(m; mGT )  S(m; mGT ) + �
end if

end if
end if

S(m; mGT )  S(m;m GT )
�� + 
 + � . Normalise so that score is in [0; 1]

Similar to the similarity function de�ned in equation 2.1, this simplistic similarity

function is non-sparse and it would be simple for the Agent to learn to optimise.

However, if the ground truth contains a relatively small number of Donor, Accep-

tor or Aromatic functional groups, the model may learn to make very simplistic

elaborations comprising a small number of atoms, leading to a poor volumetric and

pharmacophoric overlap.

A curriculum-based similarity function attempts to satisfy both similarity func-

tions by �rst incentivising the model to sample from the subset of chemical space,A

which optimises the �rst similarity function, then further incentivises the model to

sample within a further subsetB � A, whereB is the subset of chemical space which

optimises both similarity functions. An illustration of such an approach is shown

in Figure 2.1. A curriculum-based reward function which combines the similarity

functions de�ned in Equation 2.1 and Algorithm 2 is de�ned in Algorithm 3.

2.3.5.2 \Path" Curriculum

Here, we extend the curriculum described in Algorithm 3 to incentivise the DeLinker

model to sample from a more focused region of chemical space. The exact placement
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Figure 2.1: Illustration of curriculum-based reward function. a) Our goal is to start
with a model which samples from a broad chemical space (Green) and incentivise
it to sample elaborations from the Functionally Equivalent subset (Red). Curricu-
lum learning incentivises the model to sample from progressively smaller subsets of
chemical space. b) Illustration of a model learning to generate elaborations similar
to a ground truth via a curriculum. Initially the model samples random elaborations,
before learning to sample elaborations with the same heavy atom count as the ground
truth. Next the model learns to sample elaborations with the correct number of phar-
macophores and �nally learns to place the pharmacophores so that the elaborations
can make the same interactions as the ground truth.
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Algorithm 3 Illustration of the Counts curriculum. A model trained using this cur-
riculum would �rst learnt to generate elaborations with the correct atom count, then
it would learn to generate elaborations with the correct number of pharmacophores.

Require: � > 0; � > 0; 
 > 0; � > 0
S(m; mGT )  0
if numatoms(m) == numatoms(mGT ) then

S(m; mGT )  S(m; mGT ) + �
if numHBA(m) == numHBA(mGT ) then

S(m; mGT )  S(m; mGT ) + �
if numHBD(m) == numHBD(mGT ) then

S(m; mGT )  S(m; mGT ) + 

if numAromatic (m) == numAromatic (mGT ) then

S(m; mGT )  S(m; mGT ) + �
end if

end if
end if

end if
S(m; mGT )  S(m;m GT )

�� + 
 + � . Normalise so that score is in [0; 1]

of a functional group within an elaboration is an essential consideration in determin-

ing whether it will be able to make an interaction with the target. As such, a large

proportion of elaborations which have the same number of pharmacophores as the

ground truth would be unable to recreate the intermolecular interactions associated

with the ground truth. A natural extension to the \Counts" curriculum similarity

scoring function (Algorithm 3) is therefore to consider whether, in addition to having

an equivalent number of pharmacophores, the pharmacophores may be able to make

equivalent interactions with the target. To assess this, we compute the path distance

between the fragment exit vector and each pharmacophore contained in the ground

truth elaboration. In the \Path" curriculum similarity scoring function, if an elabo-

ration has an equivalent number of pharmacophores to the ground truth and the path

distance between the exit vector and a pharmacophore matches that of an equivalent

pharmacophore in the ground truth, the score is incremented by some constant value.

We describe the full scoring function in Algorithm 4 and illustrate the various stages

of the curriculum in Figure 2.1.

52



Algorithm 4 Simple curriculum example as a set of nested if statements. The
similarity score is increased step-wise if the molecule meets each successive criterion.

Require: � > 0; � 1 > 0; 
 1 > 0; � 1 > 0
Require: � 2 > 0, 
 2 > 0, � 2 > 0

S(m; mGT )  0
path distanceshba gt  [path distance(a) for a in GetHBAs(mGT )]
path distanceshbd gt  [path distance(a) for a in GetHBDs(mGT )]
path distancesarom gt  [path distance(a) for a in GetAromatics(mGT )]
if numatoms(m) == numatoms(mGT ) then

S(m; mGT )  S(m; mGT ) + �
if numHBA(m) == numHBA(mGT ) then

S(m; mGT )  S(m; mGT ) + � 1

for hba in Get HBAs(m) do
if path distance(hba) in path distances hba gt then

S(m; mGT )  S(m; mGT ) + � 2

end if
end for
if numHBD(m) == numHBD(mGT ) then

S(m; mGT )  S(m; mGT ) + 
 1

for hbd in Get HBDs(m) do
if path distance(hbd) in path distances hbd gt then

S(m; mGT )  S(m; mGT ) + 
 2

end if
end for
if numAromatic (m) == numAromatic (mGT ) then

S(m; mGT )  S(m; mGT ) + � 1

for arom in Get Aromatics( m) do
if path distance(arom) in path distances arom gt then

S(m; mGT )  S(m; mGT ) + � 2

end if
end for

end if
end if

end if
end if

normalise (S(m; mGT ))
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Whilst it is true that an equivalent path distance is a less accurate predictor of

whether two functional groups would make the same interaction in a protein binding

pocket than, say, calculating the euclidean distance of the two functional groups

after they have been docked into the binding site, using the path distance to assess

similarity has several advantages. First, computing the path distance between two

atoms is computationally inexpensive compared to protein-ligand docking, allowing

for considerably faster model training. In addition, as the DeLinker generative model

generates elaborations in 2D without access to 3D atomic coordinates, scoring via path

distances does not require the Agent to learn a complex function which approximates

the 3D conformation of each molecule within the binding pocket. We refer to the

model �netuned using the Path curriculum as \DeLinker-Curriculum".

2.3.6 Test Set

The Malhotra set (Malhotra and Karanicolas, 2017) is a set of paired ligands bound

to a target in the PDB (Berman et al., 2000). For many of the ligand pairs, the

smaller ligand is a substructure of the larger ligand. We can therefore view the larger

ligand as a successful elaboration of the smaller one, and consider a scenario where

we would like to generate alternative elaborations which preserve the interactions

made by the larger ligand. We used the Malhotra set as a basis for constructing

a test set to assess the ability of di�erent models to make appropriate interactions

with the protein. We included the examples where the larger ligand had between 2

and 10 more atoms than the smaller ligand, the smaller ligand was a substructure of

the larger ligand, and additional structure in the larger ligand was attached to the

smaller ligand via a single exit vector. To increase the size of the test set, we made

the following modi�cations:

ˆ If the larger ligand was between 11 and 14 atoms larger than the smaller ligand

then we added a small number of atoms to the smaller ligand to reduce the
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required elaboration to 10 atoms or fewer.

ˆ If the additional structure in the larger ligand was attached to the smaller ligand

via multiple exit points, we added structure to the smaller ligand so that only

a single exit point was required.

ˆ If the smaller ligand wasn't a substructure of the larger ligand but the maximal

common substructure was only a single atom smaller than the smaller ligand, we

modi�ed the smaller ligand so that it was a substructure of the smaller ligand.

The above procedure led to a set of 50 fragment-ground truth pairs. A total of

9 and 11 examples failed to train for DeLinker-SC and DeLinker-Curriculum respec-

tively, so the �nal test set comprised the 33 fragment-ground truth pairs for which

both models successfully trained (shown in Table A.1). For each example, we gen-

erated 500 elaborations with the DeLinker, DeLinker-SC and DeLinker-Curriculum

models.

2.3.7 Metrics

To assess the ability of each model to make appropriate elaborations, we computed a

variety of di�erent metrics:

ˆ Validity: We considered an elaboration to be valid if the resulting molecule

can be parsed by RDKit and at least one atom has been added to the fragment.

ˆ Uniqueness: For a given fragment-ground truth example, we calculate the

proportion of unique elaborations as the number of distinct elaborations divided

by the total number of generated molecules.

ˆ Novelty: We consider an elaboration to be novel if it was not contained in

the training set as a ground truth elaboration.
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Table 2.1: Results of experiments on the Malhotra test set. DeLinker-Curriculum gen-
erated a larger number of distinct above-threshold elaborations than both DeLinker
and DeLinker-SC.

Metric DeLinker DeLinker-SC
DeLinker-

Curriculum

Valid 100% 98.3% 100%
Unique 36.9% 31.5% 47.1%
Novel 62.9% 59.18% 61%

SCRDKit

> 0.6 23.85 18.88 40.45
> 0.7 16.79 8.73 26.64
> 0.8 9.3 4.21 11.27
> 0.9 0.7 0.88 1.27

For each example, we assessed the ability of each model to generate elaborations

which were highly similar to the ground truth by computing the number of distinct

elaborations which attained an SCRDKit score above a series of thresholds. We report

the average number of distinct above-threshold elaborations produced over all of the

examples in the test set

2.4 Results and Discussion

We investigated the extent to which reinforcement learning could improve our gen-

erative model's ability to generate elaborations with a high degree of similarity to

the ground truth. Our experiments on the Malhotra test set demonstrated that both

RL-enhanced Agents were able to generate more highly similar elaborations than

DeLinker, with the curriculum-based reward function enabling the Agent to gener-

ate more distinct elaborations with a high SCRDKit score compared to the Agent

optimised on the SCRDKit score directly.

Table 2.1 shows the results of our experiments on the Malhotra test set. Almost all

elaborations generated by all 3 models were considered to be valid, and all models were
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able to generate a substantial proportion of elaborations not contained in the training

set (DeLinker: 63%, DeLinker-SC: 59%, DeLinker-Curriculum: 61%), illustrating

the ability of the models to generalise beyond the training set. DeLinker was able

to produce a broad range of di�erent elaborations for each example, attaining a

uniqueness statistic of 37%. DeLinker-SC produced a smaller proportion of distinct

elaborations (31.5%), but this was expected as the goal of the reinforcement learning

�netuning was to incentivise the model to learn from a reduced subset of chemical

space. Surprisingly, DeLinker-Curriculum generated a larger proportion of unique

elaborations than DeLinker, despite also being incentivised to sample from a reduced

subset of chemical space.

In terms of generating elaborations which were capable of making the same inter-

actions as the ground truth elaboration, all models were able to generate elaborations

with a high SCRDKit score. For the SCRDKit threshold of 0.6, which indicates a reason-

ably good match between the generated elaboration and the ground truth, DeLinker-

Curriculum, on average, generated the most distinct above-threshold elaborations

(40.45). Surprisingly, despite being trained to directly optimise the SCRDKit score,

DeLinker-SC (18.88) generated fewer distinct above-threshold elaborations than the

purely supervised DeLinker model (23.85). We observed the same trends for the 0.7

and 0.8 thresholds, with the number of distinct above-threshold elaborations decreas-

ing as the threshold increased.

All models struggled to consistently generate a broad range of elaborations which

attained an SCRDKit score of above 0.9. This can be explained in part by the rela-

tively small heavy atom count of the ground truth elaborations (10 atoms or fewer),

making it di�cult to obtain a very high SC RDKit score without exactly recreating

the ground truth elaboration. Moreover, the relatively small elaboration size places

extra weight on individual functional groups in the calculation of the pharmacophoric

overlap, reducing the smoothness of the reward function and potentially making it
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Table 2.2: Average total number of above-threshold elaborations generated by each
model on the Malhotra test set. Despite generating a smaller number of distinct
above-threshold elaborations than DeLinker-Curriculum, DeLinker-SC generated con-
siderably more above-threshold elaborations in total.

Metric DeLinker DeLinker-SC
DeLinker-

Curriculum

SCRDKit

> 0.6 77.7 151.8 113.4
> 0.7 60.4 125.4 73.5
> 0.8 24.2 81.9 42.9
> 0.9 03.6 54.36 19.09

more di�cult to optimise directly.

Whilst DeLinker-SC tended to generate fewer distinct above-threshold elabora-

tions than the other models, the average SCRDKit score of the elaborations generated

by DeLinker-SC (0.51) was greater than those generated by DeLinker (0.43) and

DeLinker-Curriculum (0.47), respectively. In addition, if instead of computing the

number of distinct above-threshold elaborations, we compute the total number of

above-threshold elaborations (including duplicates), DeLinker-SC comfortably out-

performs the other models (Table 2.2).

To explore the reason for this di�erence further, we consider an example from

the Malhotra set in detail (Figure 2.2). Both DeLinker-SC and DeLinker-Curriculum

were able to generate a range of elaborations which were highly similar to the ground

truth phenol; of the 500 elaborations proposed by DeLinker-SC, 492 attained an

SCRDKit score greater than 0.7, compared to 57 of the elaborations proposed by

DeLinker-Curriculum. However, when we considered the number of distinct above-

threshold elaborations proposed by each model, DeLinker-SC (5) proposed consider-

ably fewer than DeLinker-Curriculum (19). Of the 492 above-threshold elaborations,

DeLinker-SC generated a single chlorobenzene elaboration, 97 benzene elaborations

and 394 methylbenzene elaborations. Whilst repeatedly generating a simple, benzene-
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Figure 2.2: An example from the Malhotra test set. The highlighted substructure
represents the starting fragment, whilst the ground truth elaboration comprises the
remaining atoms. DeLinker-SC was able to attain moderately high SCRDKit scores
by repeatedly generating benzene or methylbenzene elaborations. Whilst such elab-
orations closely matched the phenol ground truth, the missing donor-acceptor group
meant that the proposed elaborations would be unable to make the same interactions
as the ground truth.

containing elaboration is an e�cient way of maximising the average reward, it inhibits

DeLinker-SC's ability to generate elaborations which are capable of making the same

interactions as the ground truth. By contrast, as DeLinker-Curriculum must gener-

ate elaborations with the correct number of pharmacophores in order to attain higher

rewards, it is less able to adopt the strategy of repeatedly making simplistic elab-

orations to maximise the average reward. We illustrate the most commonly made

elaborations attaining an SCRDKit score greater than 0.7 in Tables A.1-A.2.

Our experiments clearly show that the use of reinforcement learning, on average,

improves the ability of a generative model to generate elaborations which are highly

similar to the ground truth. However, we found that for a substantial proportion of

cases, �netuning using reinforcement learning did not lead to an increased number of

highly similar elaborations: For both DeLinker-SC and DeLinker-Curriculum, in 24%

of cases, the �netuned generative model failed to generate any elaborations with an

SCRDKit score greater than 0.7, compared to 33% of examples for DeLinker.
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2.5 Conclusion

In this chapter we have demonstrated that reinforcement learning can be used to

incentivise a generative model to sample from a focused subset of chemical space,

making them more applicable to a fragment-to-lead or R-group optimisation cam-

paign, where the structure of the target informs which functional groups are likely

to lead to an improvement in binding a�nity. Overall, we found that the speci�-

cation of a structured curriculum aided the Agent to learn to generate elaborations

with a high 3D similarity to the ground truth. The value of curriculum learning has

been further validated by subsequent work by Guo et al. (2022), who also found that

the imposition of a curriculum gave improved results compared to a standard policy

gradient algorithm.

Whilst using reinforcement learning proved to be particularly e�ective for some

examples, it also exhibited several drawbacks which hindered its applicability to real

world studies: First, the DeLinker-SC and DeLinker-Curriculum needed to be undergo

RL-�netuning for each new fragment-ground truth pair, substantially increasing the

computational overhead required to use them and making them more di�cult to use

out-of-the-box, particularly for scientists without training in working with machine

learning algorithms. In addition, the performance of �netuning varied dramatically

depending on the fragment-ground truth input, for a signi�cant number of examples,

both DeLinker-SC and DeLinker-Curriculum were unable to satisfactorily optimise

the speci�ed reward function. One potential way in which the Agent training could

be improved would be to explore replacing the REINFORCE training algorithm with

an alternative approach such as deep Q-learning (Mnih et al., 2015).

A further way which could aid the generative models in designing more appropriate

interactions would be to provide a low dimensional representation of the binding

pocket to the model when it generates elaborations. For fragment linking experiments,

DeLinker (Imrie et al., 2020) was provided with the euclidean distance and angle
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between the two fragment exit vectors to help it propose linkers which would �t

within the binding site; whilst it was not possible to provide this information to the

model for fragment elaboration experiments, an approach similar to that proposed by

Skalic et al. (2019a), which generated elaborations conditional on a 3D shape, might

improve the ability of the model to generate appropriate elaborations.

Although ultimately we found that the curriculum developed in this chapter was

not a viable approach for consistently generating elaborations with a speci�ed phar-

macophoric pro�le, we believed the representation of molecular similarity based on

the pharmacophorc counts and path distances that we developed in this chapter could

be provided as an extra feature to the model when training in a self-supervised fash-

ion. In this next chapter, we explore the use of pharmacophoric constraints as a

model input, and show that they provide a �ne degree of control over the molecules

generated by the resulting generative model.
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Chapter 3

Generating Focused Sets of

Elaborations via Pharmacophoric

Constraints.

3.1 Preface

This chapter contains work described in the following publication:

Fergus Imrie, Thomas E. Had�eld , Anthony R. Bradley, and Charlotte M.

Deane (2021). Deep generative design with 3D pharmacophoric constraints.Chemical

Science, 12(43), pp.14577-14589.

The work in this chapter was carried out in collaboration with Fergus Imrie, who

developed the concept for deriving 3D pharmacophoric constraints and implemented

the code for deriving 3D pharmacophoric constraints (as well as writing the DeLinker

code described in Imrie et al. (2020)). I modi�ed the code to derive 3D pharma-

cophoric constraints for sca�old elaboration, and conducted all sca�old elaboration/R-

group optimisation experiments in this chapter. The work described in this chapter is

my own unless explicitly mentioned.
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In the previous chapter we described a curriculum-based reinforcement learning

(RL) approach for training a deep generative model for fragment elaboration. Whilst

we showed that �netuning a model using a policy gradient allowed for a degree of

control over the elaborations generated by the model, our approach required us to

�netune a pretrained model for each new fragment. In addition to increasing the

computational overhead of the method, we also found that the quality of the retrained

model was highly sensitive to the input fragment; in some cases the policy gradient

was unable to adequately approximate the reward function and in other instances

the model optimised the reward function by learning to repeatedly generate the same

elaboration, hindering the model's applicability to a real-world fragment elaboration

campaign.

In this chapter we investigated whether we could apply the representation of the

ground truth elaboration used to derive the reward function in the previous chapter

as an input to a self-supervised fragment elaboration model. Such a model would

have the advantage of not requiring retraining for each use case and we hypothesized

that self-supervised training would exhibit greater stability than the RL training.

On a challenging test set derived from the 2019 PDBBind set, we show that our

model was frequently able to recover the known-active molecule even when the ground

truth elaboration had been excluded from the training set. In addition the model was

able to generate a wide range of distinct molecules with a high degree of shape- and

pharmacophoric similarity to the ground truth. Concurrent to our work, Fergus Imrie

had developed a sca�old replacement model which built on the DeLinker (Imrie et al.,

2020) generative model by providing 3D pharmacophoric constraints. We extended

that framework so that the model could be used for sca�old elaboration/R-group

optimisation and compared its performance to our semi-supervised model, achieving

broadly equivalent performance.
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3.2 Background

As discussed in the Introduction (Section 1.2.1), after identifying molecules which

bind to the target via a high throughput- or fragment screen, the resulting hits typ-

ically undergo an iterative process of re�nement to optimise a range of properties

including selectivity, toxicity and binding a�nity. This multi-stage optimisation pro-

cess usually involves the modi�cation of one or more substructures within the hit

molecule, either to facilitate additional interactions with the protein or to replace ex-

isting functional groups with similar functional groups which are capable of making

the same inter-molecular interaction.

Whilst this process has historically been led by human experts, the recent devel-

opment of generative models forde-novo molecular design (e.g (G�omez-Bombarelli

et al., 2018; Jin et al., 2018; Liu et al., 2018)) has led to interest in proposing models

for sca�old decoration ((Li et al., 2019; Lim et al., 2020)), where a user can input

a molecular sca�old and the model rapidly generates a number of novel molecules

which contain the sca�old of interest as a substructure. As discussed in the previous

chapter, these methods do not allow the speci�cation of explicit attachment points,

making them more applicable to tasks surrounding the generation of molecules with a

privileged sca�old or substructure as opposed to optimising speci�c R-groups within

a molecule.

A recently proposed model, Sca�old-Decorator (Ar�us-Pous et al., 2020), allows the

user to specify an explicit exit vector, allowing greater control over the elaborations

produced. However, Sca�old-Decorator doesn't allow the user to condition the model

to generate molecules from a speci�c region of chemical space (e.g. requiring the

generated R-groups to facilitate a hydrophobic interaction with a speci�ed protein

residue), making it challenging to integrate into a real-world R-group optimisation

campaign, where human experts would wish to explore designs which satis�ed a

speci�ed design hypothesis.
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An important step in increasing the applicability of generative models for R-group

optimisation is developing the capability to sample elaborations which meet a speci�ed

design hypothesis. In this chapter, we investigate the extent to which the imposition

of pharmacophoric constraints allows a generative model to sample elaborations from

a focused region of chemical space. On two large scale evaluations, we demonstrate

that imposing pharmacophoric constraints allowed us to generate considerably more

elaborations that had a high 3D similarity to the ground truth, compared to exist-

ing, unconstrained, models for sca�old elaboration. On a case study derived from

the literature (Borkin et al., 2016), we demonstrate the applicability of our tool for

R-group optimisation, as our method retrospectively generated several elaborations

which were experimentally shown to yield a substantial increase in potency.

3.3 Methods

3.3.1 Generative Process

As in the previous chapter, the generative model used to propose elaborations in this

chapter is built on the DeLinker (Imrie et al., 2020) framework, outlined in the In-

troduction, where the user speci�es a fragment and the model iteratively adds atoms

to the fragment until termination without modifying the original fragment substruc-

ture. Whereas in the previous chapter we explored the use of a reinforcement learning

training step to incentivise the model to generate elaborations with a particular phar-

macophoric pro�le, in this chapter we investigate to extent to which pharmacophoric

constraints can achieve the same goal.

3.3.2 Pharmacophoric Constraints.

When training under a traditional variational autoencoder (Kingma and Welling,

2013) framework, the model attempts to minimise the di�erence (according to a

65



Figure 3.1: Schematic of the process used to train generative models in this chapter.
As with the original DeLinker model described in Section 1.4.2.1, the model takes
a fragment as input and attempts to generate the ground truth elaboration. When
training, the model is also provided with a set of pharmacophoric constraints derived
from the ground truth; using these constraints allows the model to more accurately
approximate the ground truth elaboration. When generating elaborations, the user
can provide their own pharmacophoric constraints, which the elaborations generated
by the model will satisfy. Figure modi�ed from Imrie et al. (2021).

speci�ed metric) between the input and the output. In the context of molecular

design, this training process forces the model to learn a compressed representation of

chemical space, so that the decoder can create molecules which are reasonably similar

to those in the training set. To allow us to have a greater degree of control over the

elaborations proposed by the generative model, when training we provide the model

with a low dimensional summary,D , of the ground truth elaboration. The model

can then exploit the information contained inD to generate elaborations which are

more similar to the ground truth, helping to reduce the training loss. We illustrate a

schematic of the training process in Figure 3.1. This approach has the bene�t that,

once the model is trained, if we wish to generate elaborations from a certain subset

of chemical space, we can specifyD so that the model generates elaborations from

that subregion, as it has learnt to incorporate the information contained inD into

the generative process. Compared to the reinforcement learning approach described

in the previous chapter, this approach has the bene�t that a trained model does not
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Figure 3.2: Di�erent pharmacophoric constraints used in this chapter. The `Counts'
constraints are derived by calculating the number of Hydrogen Bond Acceptors
(HBA), Hydrogen Bond Donors (HBD) and Aromatic groups are in the ground truth
elaboration. The `Path' constraints, are derived by calculating the path distance be-
tween the fragment exit vector and each functional group. The 3D pharmacophoric
constraints are derived by calculating the 3D coordinates of each HBA, HBD and
Aromatic group and providing them as input to a 3D CNN.

need to be �netuned for each novel target.

In this section we outline di�erent constructions of the structural information

vector, D , which we use to focus the the generation of elaborations on speci�c subsets

of chemical space. For this purpose, we make use of the pharmacophore framework

(Schaller et al., 2020), de�ned in the Introduction. A schematic of the di�erent

pharmacophoric constraints used in this chapter is shown in Figure 3.2.

3.3.2.1 \Counts" Constraints

The Counts constraint is a simple 3-dimensional vector. During training it contains

the number of Hydrogen Bond Acceptors, the number of Hydrogen Bond Donors

and the number of Aromatic groups contained in the ground truth elaboration, al-

lowing the generative model to more accurately approximate the ground truth to
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minimise the training loss. As the model learns to associate the values within the

Counts constraint vector with the number of pharmacophores present in the ground

truth elaboration, one can use the Counts constraints vector when generating elab-

orations to bias the model to generate elaborations with the requested number of

pharmacophores. We refer to the model which uses the Counts constraints vector as

\DeLinker-Counts".

3.3.2.2 \Path" Constraints

The Counts constraint vector allows a degree of control over the elaborations made,

but still allows the generative model to sample from a very broad subset of chemical

space. A more prescriptive set of constraints is to specify the path distance between

a pharmacophore and the fragment exit vector, allowing the user a �ne degree of

control over the placement of pharmacophores within the elaboration. We call these

constraints \Path constraints" and refer to the model which uses both the Counts

constraints and Path constraints as \DeLinker-Path".

3.3.2.3 3D Pharmacophoric Constraints

An alternative representation to the Path constraints which also allows precise spec-

i�cation of the position of each pharmacophore is to encode the 3D coordinates and

type of each pharmacophore by means of a convolutional neural network (CNN). This

is achieved by voxelising the input fragment and the ground truth pharmacophores,

following the approach proposed by Sunseri and Koes (2020) and passing the voxel

grid into a 3D CNN composed of three 3� 3 � 3 convolutional layers with ReLU

activation, each followed by a 2� 2 � 2 max pooling layer, with the �nal convo-

lutional layer followed by a global max pooling operation. We then apply dropout

with probability 0.2 before a fully-connected layer produces the �nal structural infor-

mation vector D . Whereas for the Counts and Path constraints the function which
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converts a given ground truth elaboration toD is �xed, with the 3D pharmacophoric

constraints this function is learned during training, allowing the model to derive the

representation of the pharmacophores which allows optimal reconstruction. We call

the model which uses the Counts constraints and the 3D pharmacophoric constraints

\DEVELOP" ( Deep V ision EnhancedLeadOp timisation).

3.3.3 Model Hyperparameters

All models were trained for 10 epochs using the default hyperparameters outlined in

by Imrie et al., (2020). A number of the hyperparameters are speci�ed below:

ˆ Learning rate: 0.001

ˆ Hidden state dimension: 50

ˆ � KL : 0:3

3.3.4 Datasets

3.3.4.1 Training Set

We used a 250k subset of ZINC (Sterling and Irwin, 2015) to generate our model

training set. For each molecule, we enumerated all single cuts of acyclic bonds that

were not within functional groups, yielding a set of molecular pairs. For each pair, the

larger molecule was chosen as the fragment whilst the smaller molecule represented

the ground truth elaboration. The set of pairs was passed through a �ltering process

which included a synthetic accessibility (Ertl and Schu�enhauer, 2009) �lter and a

PAINS (Baell and Holloway, 2010) �lter, yielding a �nal training set of approximately

427k examples.
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3.3.4.2 CASF Test Set

We used the procedure described above to construct a test set using ligands from

the CASF-2016 set (Su et al., 2018). To increase the di�culty of the exercise, all

examples where the ground truth elaboration comprised four or fewer atoms were

removed, requiring the models to e�ectively use the constraints provided to sample

from the appropriate region of chemical space in order to generate elaborations with

a high degree of 3D similarity to the ground truth.

3.3.4.3 PDBBind Test Set

We constructed a further test set using ligands from the 2019 PDBBind Re�ned set

(Liu et al., 2017). To assess the extent to which the di�erent models were able to learn

`novel' chemistry (i.e. make elaborations which had not been shown to the model as

part of the training set), we constructed the PDBBind set as described above but

additionally omitted any examples where the ground truth elaboration was contained

in the training set.

3.3.5 Metrics

We assessed the generated elaborations via a range of di�erent metrics:

ˆ Validity: We consider an elaboration to be valid if at least one atom has been

added and the molecule can be parsed by RDKit (Landrum, 2006).

ˆ Novelty: We de�ne novelty as the proportion of generated elaborations which

were not included in the training set.

ˆ Uniqueness: The number of distinct elaborations proposed by the model di-

vided by the total number of elaborations.
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ˆ Pass 2D Filters: The proportion of examples which passed the synthetic

accessibility (Ertl and Schu�enhauer, 2009) and PAINS (Baell and Holloway,

2010) �lters.

ˆ Recovery: The proportion of examples in the test set where the ground truth

elaboration was amongst the elaborations proposed by the model.

To assess the utility of the di�erent models for R-group optimisation, we also

assessed their ability to generate elaborations with high 3D similarity to the ground

truth. We computed the SCRDKit score used by Imrie et al. (2020), based primarily

on the methods described in Putta et al. (2005) and Landrum et al. (2006), which

quanti�es the volumetric overlap of two molecules and the correspondence of phar-

macophoric features between two molecules. For a given elaboration, we calculated

the similarity to the ground truth as follows:

ˆ First, we sampled a conformation for the ground truth using the procedure

outlined in Ebejer et al. (2012) and generated a conformer for the starting

fragment by mapping the coordinates of the fragment atoms in the ground

truth molecule.

ˆ Next, we generated a set of conformations for the generated molecule, again

following Ebejer et al. (2012). For each conformation, we calculated the SCRDKit

between the ground truth elaboration and the generated elaboration.

ˆ We reported the calculated SCRDKit as the best score attained by any of the

generated conformations, which reduced the risk of a highly similar elaboration

attaining a low 3D similarity score as a result of the conformer generation

process.

We reported the proportion of elaborations which attained an SCRDKit score above

a series of thresholds. An SCRDKit score of above 0.6 re
ects a good match, whilst a
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score above 0.9 indicates that the two elaborations were almost identical.

3.3.6 Baselines

For each example in the CASF and PDBBind sets, we generated 250 elaborations

using �ve di�erent models. As baselines, we used two generative models without

any constraints: DeLinker (Imrie et al., 2020) and Sca�old-Decorator (Ar�us-Pous

et al., 2020), and compared their performance to that obtained by DeLinker-Counts,

DeLinker-Path and DEVELOP respectively. As the Recovery and 3D similarity met-

rics rewarded models capable of sampling in the neighbourhood of chemical space

occupied by the ground truth model, we would expect the models utilising generative

constraints to outperform the unconstrained generative models on these metrics, but

it was of interest to assess whether the constrained sampling approach degraded the

novelty or uniqueness of the generated molecules.

3.4 Results and Discussion

In this section, we assess the ability of di�erent generative models to propose elabora-

tions which were highly similar to the ground truth. We compared three models which

utilise pharmacophoric constraints to two baselines which do not. We found that the

imposition of pharmacophoric constraints allowed the generative models to more of-

ten recover the ground truth and generate highly similar elaborations compared to

the baselines. We also demonstrated the applicability of pharmacophoric constraints

to real-world drug discovery tasks, via an R-group optimisation case study derived

from the literature.
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Table 3.1: CASF set results. See Section 3.3.5 for de�nitions of the metrics.

Metric
Sca�old-

Decorator DeLinker
DeLinker-

Counts
DeLinker-

Path DEVELOP

Valid 99.9% 100.0% 100.0% 99.8% 99.8%
Unique 25.2% 74.2% 52.0% 37.3% 39.7%
Novel 2.4% 55.1% 50.7% 44.6% 43.4%

Recovered 18.9% 33.6% 45.5% 55.2% 58.7%
Pass 2D �lters 98.4% 64.2% 67.5% 72.3% 71.7%

SCRDKit

> 0.6 30.3% 22.4% 42.8% 68.9% 67.6%
> 0.7 22.0% 13.9% 35.8% 58.9% 58.6%
> 0.8 12.0% 5.3% 24.8% 43.0% 44.0%
> 0.9 5.1% 3.1% 18.1% 30.5% 33.7%

3.4.1 Large Scale Experiments

Our experiments on the CASF and PDBBind test sets demonstrate the value of

providing pharmacophoric constraints for R-group optimisation. Table 3.1 shows

the performance of the di�erent models on the CASF test; almost all elaborations

generated by all of the generative models were considered valid, whilst DeLinker

produced a substantially higher proportion of unique and novel elaborations than

any of the models incorporating pharmacophoric constraints. These results are not

particularly surprising, as the unconstrained DeLinker model is able to sample from

a substantially larger region of chemical space than the constrained model and so the

likelihood of repeatedly sampling the same molecule is reduced. Despite this, all of

the constrained models were able to sample a considerable proportion of unique and

novel elaborations and DeLinker-Path and DEVELOP produced a greater proportion

of molecules passing the 2D �lters than DeLinker or DeLinker-Counts.

Whilst Sca�old-Decorator was able to generate the highest proportion of �lter

passing elaborations, it generated by far the smallest number of unique elaborations,

and only 2.4% of elaborations proposed by Sca�old-Decorated were not present in
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Table 3.2: PDBbind set results.

Metric
Sca�old-

Decorator DeLinker
DeLinker-

Counts
DeLinker-

Path DEVELOP

Valid 99.9% 100.0% 100.0% 99.9% 99.5%
Unique 23.4% 87.8% 81.6% 66.2% 76.2%
Novel 2.0% 71.1% 79.2% 77.1% 78.2%

Recovered 0.0% 1.0% 4.5% 14.6% 15.3%
Pass 2D �lters 98.9% 55.3% 47.8% 52.3% 51.3%

SCRDKit Generated
> 0.6 10.3% 7.6% 13.0% 33.3% 31.5%
> 0.7 4.3% 2.7% 5.7% 17.1% 16.9%
> 0.8 0.6% 0.7% 1.8% 6.4% 6.8%
> 0.9 0.0% 0.1% 0.3% 1.5% 1.5%

the training set.

In terms of recovering the ground truth elaboration, DEVELOP (58%) and DeLinker-

Path (55%) recovered a substantially higher proportion of examples than DeLinker-

Counts (46%), DeLinker (33.6%) and Sca�old-Decorator (19%). In addition, DE-

VELOP and DeLinker-Path also generated far more elaborations with a high 3D

similarity to the ground truth elaborations than the other models, with 34% of the

elaborations generated by DEVELOP attaining an SCRDKit score of above 0.9, com-

pared to 3% and 5% for DeLinker and Sca�old-Decorator, respectively. This further

reinforces the utility of imposing pharmacophoric constraints on generative models

for R-group optimisation.

The PDBBind test set was more challenging than the CASF test set, as none of

the ground truth elaborations were contained in the test set, forcing the models to

generate novel elaborations in order to recover the ground truth. Table 3.2 shows the

results obtained by di�erent methods on the PDBBind set, with all methods again

generated a very high proportion of valid elaborations, whilst the graph-based models

(DeLinker, DeLinker-Counts, DeLinker-Path and DEVELOP) produced a higher pro-
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portion of unique and novel elaborations compared to the CASF test set. We again

observed that increasing the dimensionality of the pharmacophoric constraint reduced

the proportion of unique elaborations. All models recovered a substantially smaller

proportion of ground truth elaborations compared to the CASF test set. This was

to be expected as the PDBBind test set was constructed to ensure that none of the

ground truth elaborations were present in the training set, but we again observed that

DEVELOP (15.3%) and DeLinker-Path (14.6%) successfully recovered more exam-

ples than DeLinker-Counts (5%) and DeLinker (1%). Sca�old-Decorator was unable

to recover any of the ground truth elaborations in the PDBBind test set, but this is

not particularly surprising as only 2% of elaborations produced by Sca�old-Decorator

were not contained in the training set.

To assess whether the superior recovery rate was due to the fact that we only

sampled a relatively small number of elaborations for each example, we sampled 5000

elaborations for each example in the PDBBind test set and monitored the change

in recovery rate (Figure 3.3) across the di�erent graph-based models. All models

continued to recover more examples as more elaborations were produced, so in theory

one might be able to recover all of the examples recovered by DEVELOP by simply

sampling more elaborations with DeLinker. However Figure 3.3 indicates that one

would need to sample several orders of magnitude more molecules to achieve this,

illustrating the e�ciency of employing pharmacophoric constraints.

In terms of generating elaborations with a high 3D similarity to the ground truth,

we again found that the DEVELOP and DeLinker-Path attained a larger number

of above-threshold elaborations than the other methods, with 1.5% of elaborations

generated by each model attaining an SCRDKit of greater than 0.9, compared to 0.3%,

0.1% and <0.1% generated by DeLinker-Counts, DeLinker and Sca�old-Decorator re-

spectively. This provides further evidence that the imposition of pharmacophoric

constraints improves the ability of generative models to sample from focused regions
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Figure 3.3: Number of PDBBind examples successfully recovered as the number of
elaborations generated for each example is increased. Even when DeLinker generates
a large number of elaborations, it is unable to recover as many examples as DEVELOP
and DeLinker-Path when they generate a very small number of elaborations.

from chemical space, even when that region is not well represented in the training

set.

3.4.2 Assessing the di�erence between DEVELOP and DeLinker-

Path.

Whilst DEVELOP and DeLinker-Path achieved broadly comparable results across

the CASF and PDBBind test sets, they often generated considerably di�erent elab-

orations for the same example. To illustrate this, we present two examples from the

PDBBind test set and consider the elaborations made by the di�erent models.

The �rst example featured a 3-methyl-benzamide ground truth elaboration, re-

quiring the models to add an aromatic group, a Hydrogen Bond Acceptor and a

Hydrogen Bond Donor in the correct order, in order to attain a high SCRDKit score.

Whilst DEVELOP successfully recovered the ground truth elaboration and DeLinker-

Path did not, DeLinker-Path generated a far greater proportion of elaborations with

a high SCRDKit score, compared to DEVELOP (Figure 3.4). The primary reason

for this di�erence appears to lie in the correct placement of the aromatic group; of
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Figure 3.4: Left: Distribution of SCRDKit scores obtained by DEVELOP and
DeLinker-Path on a single example in the PDBBind test set. Right: Most simi-
lar elaborations to the ground truth generated by DEVELOP and DeLinker-Path,
respectively. DEVELOP was able to sample the 3-methyl-benzamide ground truth
elaboration, attaining an SCRDKit score of 1.

the elaborations generated by DEVELOP which passed the 2D �lters, only 25% of

elaborations contained an aromatic group connected to the fragment by a methylene

linker, compared to 85% of elaborations proposed by DeLinker-Path. A potential

reason for this is that the pharmacophoric constraint supplied to DeLinker-Path ex-

plicitly encodes the path distance between the fragment exit vector and the �rst

aromatic atom, making it easy for DeLinker-Path to learn to use this information

when training compared to the 3D constraints provided to DEVELOP.

The second example concerned a di
uoroanisole elaboration, requiring the gen-

erative models to construct a benzene ring with 3 substituents. This example was

challenging for both DeLinker-Path and DEVELOP, with neither able to successfully

recover the ground truth elaboration. However, of the elaborations which passed the

2D �lters, DEVELOP generated eleven elaborations which contained an aromatic ring

with 3 substituents and one which matched the ground truth substitution pattern,
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Figure 3.5: Left: Distribution of SCRDKit scores obtained by DEVELOP and
DeLinker-Path on a single example in the PDBBind test set. Note that the plot-
ted distributions do not exactly match with the maxima of each distribution as they
were obtained using kernel density estimation. Right: Most similar elaborations to
the ground truth generated by DEVELOP and DeLinker-Path, respectively.

whereas DeLinker-Path was only able to generate one elaboration with an aromatic

ring and three substituents and none which exactly matched the ground truth substi-

tution pattern. Figure 3.5 shows the distribution of SCRDKit scores attained by both

generative models, with DEVELOP generating a larger proportion of highly similar

elaborations to the ground truth. A possible explanation for the superior performance

of DEVELOP on this example is that the 3D pharmacophoric constraints were able

to naturally capture the topology of the ground truth elaboration, whereas the path

lengths supplied to DeLinker-Path did not help the model realise that the ground

truth elaboration was a single aromatic ring with multiple substituents.

The above results demonstrate that the di�erent pharmacophoric constraints pro-

vided to DEVELOP and DeLinker-Path aid them in generating complementary sets

of elaborations, and that one may be better suited than the other to generate a set of

highly similar elaborations, depending on the composition of the ground truth elab-
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oration. A possible future area of investigation would be to combine the constraints

provided to each model into a single generative model.

3.4.3 DEVELOP Case Study

We further demonstrate the applicability of DEVELOP to R-group optimisation via

a case study derived from the literature. Borkin et al. (2016) developed a thienopy-

rimidine class of compounds to block the protein{protein interaction between menin

and mixed lineage leukemia (MLL) fusion proteins. This interaction plays an im-

portant role in acute leukemias with MLL translocations, making this an important

drug target. The authors' previous work(Borkin et al., 2015) had led to the identi�-

cation of a highly potent menin{MLL inhibitor (IC 50=31 nM, GI 50=0.55 � M, PDB

ID: 4X5Z) but required further improvement of cellular activity and drug-like prop-

erties to develop compounds with potential therapeutic value. This was achieved

via structure-based optimisation of substituents introduced to the indole ring (Figure

3.6a).

Following optimisation of several positions, the most potent compound displayed

almost a seven-fold improvement in a�nity in MLL-AF9 cells (GI 50=83 nM, PDB

ID: 5DB3, Figure 3.6b, right), while other highly potent compounds demonstrated

favourable drug-like properties, such as signi�cant improvements in selectivity, re-

duced lipophilicity, and bioavailability.

The most signi�cant modi�cation to the original compound was the optimisation

of the hydrogen bond interactions with Glu363 and Glu366 on menin. The indole

nitrogen in the original molecule was involved in a hydrogen bond with the side

chain of Glu363 but was partially solvent exposed and was not forming interactions

with Glu366 (Figure 3.6a). This led the authors to explore a variety of substituents

containing hydrogen bond donors. Two potent substitutions were an acetamide group

(Figure 3.6b, left) and 4-methylpyrazole (Figure 3.6b, right).
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Figure 3.6: R-group optimisation case study. (a) Crystal structure (PDB ID 4X5Z)
of the initial complex bound to menin. (b) Structure of two of the most potent
optimised compounds (PDB IDs left 5DB2, right 5DB3). The dashed lines represent
key interactions. (c) Overlay of the most potent optimised compound (green carbons,
PDB ID 5DB3) and several compounds generated by DEVELOP (yellow carbons)
that make similar hydrogen bonding interactions (dashed lines).
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We investigated the ability of DEVELOP to propose R-groups that met the de-

sign hypothesis described in Borkin et al. (2016). In particular, we sought to design

both aromatic and non-aromatic hydrogen bond donor groups that were able to make

similar interactions to the R-groups that were experimentally tested. We derived 3D

pharmacophoric pro�les from the ligands in PDB IDs 5DB2 and 5DB3 to serve as in-

put to DEVELOP. For the pharmacophoric pro�le derived from 5DB2, we generated

1000 R-groups with a maximum of four, �ve, and six atoms, whilst for the pharma-

cophoric pro�le derived from 5DB3 we generated 1000 molecules with a maximum of

�ve, six, and seven atoms.

DEVELOP successfully recovered both of the experimentally-veri�ed R-groups

while generating many alternative molecules that could form similar interactions with

menin. All methods were able to recover the acetamide R-group (Figure 3.6b, left).

However, DEVELOP produced substantially more examples that matched the phar-

macophoric pro�le (455) compared to both DeLinker-Counts (327) and DeLinker

(103). All methods were also able to recover the 4-methylpyrazole R-group, although

this elaboration was only generated once by DeLinker and DeLinker-Counts, com-

pared to 61 times by DEVELOP. While generating the same molecule a large number

of times is not necessarily desirable, the increased frequency of generation of the

ground truth elaboration in this case has several bene�ts. First, the true R-group is

one of a limited number of elaborations that matches the pharmacophores. Thus when

this constraint is provided to the model, we would hope that it generates molecules

that meet this constraint more frequently. Second, since all three generative models

are stochastic, if a given molecule is only generated a small number of times, there

is the possibility this is due to chance and this molecule would not be discovered in

another instance. To exemplify this point, we repeated the generation step for the

case study 10 times for each method and calculated in how many cases we recovered

the 4-methylpyrazole R-group. In all cases, DEVELOP recovered the ground truth
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molecule, whereas DeLinker and DeLinker-Counts only recovered the ground truth

in 5/10 and 4/10 cases, respectively. Finally, we note that DEVELOP generated this

elaboration with an overall frequency of c. 2% (61/3000), which represents a small

fraction of all generated molecules. In addition, 237 of the elaborations generated by

DEVELOP contained an aromatic system with a donor group linked to the indole

via a methylene group compared to 50 for DeLinker and 11 for DeLinker-Counts.

We next sought to assess the alternatives to the pyrazole R-group (Figure 3.6b,

right) that were proposed by DEVELOP. To validate the molecules proposed by

DEVELOP, we docked the generated molecules containing an aromatic system and

at least one donor group using GOLD (Verdonk et al., 2003) and checked whether the

docked pose formed hydrogen bonding interactions with Glu363 or Glu366. Three

elaborations, together with their Murcko sca�olds, are shown in Figure 3.6c (yellow

carbons) overlayed with the pyrazole R-group (green carbons). All of the examples

appear to �t within the pocket and were able to form hydrogen bonds with Glu363

or Glu366, consistent with the stated design hypothesis.

Finally, we scored the generated molecules which satis�ed the speci�ed phar-

macophoric pro�les using the smina (Koes et al., 2013) version of AutoDock Vina

(Trott and Olson, 2010). For the �rst pharmacophoric pro�le, around one third of

the molecules proposed by all methods obtained a predicted binding a�nity greater

than or equal to the corresponding ground truth elaboration, leading to DEVELOP

proposing 152 such molecules, DeLinker 34 and Delinker-Counts 115 (Figure B.1).

For the second pharmacophoric pro�le, DEVELOP (171 from 237) signi�cantly more

often (both as a proportion and in absolute terms) proposed molecules which satis�ed

the second pharmacophoric pro�le and had a predicted binding a�nity at least as

great as the ground truth compared to DeLinker (17 from 50) and DeLinker-Counts

(5 from 11) (Figure B.2).
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3.5 Conclusion

In this chapter we demonstrated that the imposition of pharmacophoric constraints

allow greater control over the elaborations generated by a sca�old elaboration model.

On the challenging PDBBind test set, both DEVELOP and DeLinker-Path were able

to recover the ground truth elaboration considerably more often than the uncon-

strained DeLinker and Sca�old-Decorator models, as well as being better able to

generate elaborations that exhibited high 3D similarity to the ground truth.

Compared to other approaches which allow users to incorporate existing actives

into sca�old elaboration models (e.g. (Ar�us-Pous et al., 2020)), the 3D pharma-

cophoric constraints used by DEVELOP have the advantage that they are highly

interpretable, allowing practitioners to understand the rationale behind the gener-

ated elaborations. Instead of conditioning on a set of pharmacophoric constraints,

several recent works (e.g. (Skalic et al., 2019b; Ragoza et al., 2022; Green et al.,

2021) have proposed methods which condition on the structure of the binding site

and can generate molecules `in 3D'. Whilst this is a promising direction of research,

such methods must be trained using protein-ligand structures, meaning that there

is a far smaller set of examples which can be used to train them, making it harder

for the models to learn chemical principles. In addition, the imposition of protein

structure into a model greatly increases its dimensionality, potentially inducing a risk

of over�tting.

Whilst our experiments indicate that DEVELOP is a promising tool forin silico

R-group optimisation, it is dependent on the existence of a known active to derive

the 3D pharmacophoric constraints. This potentially hinders its applicability as a

tool for elaborating fragments identi�ed in a fragment screen of a novel target, as it

might not be clear where the 3D pharmacophoric constraints should be speci�ed.

We have made the code for DEVELOP available athttps://github.com/oxpig/

DEVELOP. Whilst the code is relatively straightforward to download and use for users
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with a moderate amount of programming experience, the command line inteface might

prove challenging to use for practitioners who are new to programming. In the next

chapter we describe the development of a web application with an intuitive user inter-

face which allows users to easily generate molecules using DeLinker and DEVELOP.
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Chapter 4

Development of a Web Application

for DeLinker and DEVELOP

4.1 Background

As discussed in the Introduction, drug discovery is an expensive, time consuming

process, and computational techniques show promise as a means for developing drugs

more quickly and cheaply (Ou-Yang et al., 2012). A factor that hinders the uptake of

computational tools by the drug discovery community is that they are often challeng-

ing to install and use, particularly for scientists with limited programming experience.

One way which computational techniques can be made more accessible is by the de-

velopment of simple-to-use web applications, which allow prospective users to use a

simple GUI and require no installation.

Within the context of deep generative models, which allow users to rapidly gener-

ate libraries of molecules to screen against a target, a number of authors have created

webservers to facilitate easier use of their tools. Green and Durrant (2021) proposed

a browser application for DeepFrag (Green et al., 2021), a structure-based model

for fragment elaboration, whilst Skalic et al. (2019b) made their shape-based gen-
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Figure 4.1: Schematic of our Web Application. Orange boxes denote processes which
are carried out in the user's browser, whilst Blue boxes denote processes which are
stored on our server.

erative model available as a webserver. In this chapter, we report the development

a web application for two deep generative models developed in the Oxford Protein

Informatics Group, DeLinker (Imrie et al., 2020) and DEVELOP (Imrie et al., 2021).

DeLinker, described in detail in the Introduction, is a tool for fragment linking where

the user provides a pair of fragments as input and DeLinker generates a set of linkers

between the speci�ed exit vectors. DEVELOP is a tool for sca�old replacement and

R-group optimisation, described in Chapter 3; the user speci�es a substructure which

they wish to replace and, by leveraging a set of 3D pharmacophoric constraints, DE-

VELOP replaces the speci�ed substructure with alternative substructures which are

capable of making an equivalent set of interactions with the protein.

4.2 Application Overview.

A schematic of the application is shown in Figure 4.1. The application is powered

by Flask (Grinberg, 2018), which takes the user input, provided through the 3D
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molecule viewer 3Dmol.js (Rego and Koes, 2015) and text �elds, and saves them in

a directory created for the speci�c session. The inputs are then loaded into to the

speci�ed generative model (implemented in TensorFlow 1.10 (Abadi et al., 2015)),

which generates a set of molecules and writes them to the session directory and

loaded onto the web page so that they can be viewed and downloaded by the user.

We provide details on each step of this process below.

4.3 3D Molecule Viewer

The user begins a session by loading a number of molecules into the 3D molecule

viewer, 3Dmol.js (Rego and Koes, 2015). For DeLinker, the user loads one or two sdf

�les. If one molecule is loaded, then the user selects the atoms in the molecule which

they wish DeLinker to replace (Figure 4.2a). By contrast, if two molecules are loaded,

the user selects a single atom from each to act as an exit vector (Figure 4.2b). As

DEVELOP requires an existing bound molecule with which to derive pharmacophoric

constraints, the user should load a single molecule and select a substructure to be

replaced; DEVELOP will then attempt to generate sca�olds/R-groups containing

functional groups which are capable of making the same interactions as the selected

substructure.

To allow the user to incorporate protein-speci�c information into their choice of

inputs, users can additionally load a PDB �le into the molecule viewer.

4.4 Preparing a Run

Once the user has selected a set of atoms, either as a pair of exit vectors if two

small molecules have been loaded, or a substructure to be replaced if a single small

molecule has been loaded, they should click the `Confirm Selected Atom' button,

which stores the 3D position of the selected atoms. The user can alternatively click
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Figure 4.2: Examples of using 3Dmol.js to prepare input. a) Two fragments have been
loaded as input, so the user must specify a single atom on each fragment to serve as
the exit vectors. b) A single molecule has been provided as input and the user must
select a substructure which DEVELOP will use to derive a set of pharmacophoric
constraints.

`Reset Image' button to reload the 3D molecule viewer so that alternative atoms can

be selected.

The application allows the user to specify two parameters for the model run:

First, the user can specify the requested linker/elaboration length, allowing control

over the size of the molecules which will be proposed. If a single molecule is provided

as input, the default linker/elaboration length will be the size of the substructure

that is selected to be replaced. For DeLinker, if two fragments are provided, there is

no default linker length and this must be speci�ed by the user.

Second, the user may specify the number of molecules they wish to be generated.

Although DeLinker (Imrie et al., 2020) and DEVELOP (Imrie et al., 2021) were both

shown to be capable of generating a diverse range of novel, synthetically accessible

molecules, as the molecules are generated by a stochastic sampling process, a number

of the generated molecules will be duplicates. These can be easily removed from the
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Figure 4.3: After the specifying the input to the generative model, the web application
allows the user to inspect the fragment(s) that will provided to the model to ensure
correct speci�cation.

model output.

Before generating a set of molecules, the user can click the `Check Input' button,

which generates an image of the fragment(s) which will be provided to the generative

model (Figure 4.3).

4.5 Generating molecules

Once all of the model inputs have been submitted, the user can generate molecules

by clicking `Generate Linkers ' or `Generate R-Groups'. Table 4.1 illustrates the

approximate amount of time DeLinker requires to generate 250 elaborations of length

4-10 with a single CPU core. The user can load an image of the most commonly

generated molecules, or download the full list of generated molecules, written in

SMILES format to a csv �le.
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Table 4.1: Time required for DeLinker to generate 250 linkers of various lengths for
the example shown in Figure 4.3. As expected, DeLinker takes longer to run when
sampling linkers of longer lengths, but it is able to rapidly generate hundreds of linkers
which can be inspected and downloaded by the user for downstream use.

Linker Length Runtime (secs)

4 29.31
5 31.82
6 37.67
7 41.88
8 45.93
9 49.95
10 54.33

4.6 Conclusion

We have developed a Flask-based webserver for generative models developed within

the Oxford Protein Informatics Group. The webserver uses an intuitive user interface

to allow the user to easily specify the required inputs to DeLinker or DEVELOP.

In addition, our webserver allows users to generate molecules without downloading

any software, facilitating easy access for members of the drug discovery community

with limited exposure to computational techniques. The code for the web application

can be found athttps://github.com/tomhadfield95/WebApp , and the DeLinker

and DEVELOP code can be found athttps://github.com/oxpig/DeLinker and

https://github.com/oxpig/DEVELOP , respectively.

In the previous chapters we have focused on developing methods for generat-

ing elaborations which are highly similar to a ground truth, �rst via reinforcement

learning, then through the imposition of pharmacophoric constraints. Whilst these

approaches enabled the generative models to sample from a focused region of chem-

ical space, their use depends on the existence of a compound which binds with high

a�nity to the target protein, hindering their applicability in scenarios where no such
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molecules exist. In the next chapter we present a method for automatically extracting

a set of pharmacophoric constraints directly from the target protein's structure, and

using them to generate elaborations designed to make high energy interactions with

the protein.
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Chapter 5

Incorporating Target-Speci�c

Pharmacophoric Information Into

Deep Generative Models For

Fragment Elaboration.

5.1 Preface.

This chapter contains work described in the following publication:Thomas E.

Had�eld , Fergus Imrie, Andy Merritt, Kristian Birchall and Charlotte M. Deane

(2022). Incorporating Target-Speci�c Pharmacophoric Information Into Deep Gen-

erative Models For Fragment Elaboration. Journal of Chemical Information and

Modeling. doi:10.1021/acs.jcim.1c01311. All work described in this chapter is my

own unless explicitly stated otherwise.

An open-source implementation of this method is available athttps://github.

com/oxpig/STRIFE.

The structure of a protein is an essential consideration when designing molecules
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which can bind with high a�nity to produce a desired therapeutic e�ect. A ligand

must be able to �t within the binding pocket and form a variety of di�erent inter-

actions with the protein and medicinal chemists carefully consider the structure of

a protein when proposing ligands. However, although early generative models (e.g.

(G�omez-Bombarelli et al., 2018; Liu et al., 2018; Jin et al., 2018; Olivecrona et al.,

2017)) were able to produce valid, \druglike" molecules, they were unable to ac-

count for the target structure when generating molecules. As such, the vast majority

of molecules proposed by such models would not bind to the target. Whilst one

could theoretically sample an extremely large number of molecules from a structure-

unaware generative model and computationally screen them to identify likely binders,

this would quickly become computationally prohibitive in practice.

The development of generative models which can condition on the target structure

is therefore a critical step in in silico molecular design. In the previous chapter

we considered the problem of deriving pharmacophoric constraints from a known-

active molecule to facilitate R-group optimisation or sca�old replacement. Whilst

DEVELOP's (Imrie et al., 2021) generative model could be used to elaborate or link

fragments identi�ed in a fragment screen, in practice its dependence on the existence

of a known active hinders its applicability to novel targets, as it would require the

user to manually specify the pharmacophoric constraints. In this chapter we propose

a novel algorithm for directly extracting information from the target's structure to

generate a set of pharmacophoric constraints. The derived constraints can then be

passed to a generative model with the aim of generating molecules which can bind

with high a�nity to the target.

We found that the inclusion of structural information allowed our model, STRIFE,

to generate elaborations which were more ligand e�cient than published generative

models (Polishchuk, 2020; Ar�us-Pous et al., 2020) which do not incorporate target-

speci�c information. STRIFE also outperformed an alternative structure-aware deep
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generative for fragment elaboration (Green et al., 2021), and its structure processing

step has the advantage of being easily interpretable, allowing users to understand the

rationale behind its elaborations.

5.2 Background

Recent years have seen signi�cant interest in developing machine learning models to

rapidly generate and screen large numbers of molecules as potential drug candidates.

Di�erent authors have employed a range of di�erent molecular representations, in-

cluding SMILES (G�omez-Bombarelli et al., 2018), graphs (Liu et al., 2018), SELFIES

(Krenn et al., 2020) and atomic density grids (Ragoza et al., 2022), and a number

of di�erent deep learning architectures, such as Generative Adversarial Networks

(Guimaraes et al., 2017), Variational Autoencoders (Jin et al., 2018) and Recurrent

Neural Networks (Olivecrona et al., 2017). With the aim of generating molecules

with an optimal set of properties, several approaches have been proposed for multi-

objective optimisation, including gradient descent (Gao et al., 2020), reinforcement

learning (Olivecrona et al., 2017), Bayesian Optimisation (Jin et al., 2018) and Par-

ticle Swarm Optimisation (Winter et al., 2019).

Whilst early generative models typically generated a molecule `from scratch', sev-

eral authors have recently proposed deep learning-based methods to help improve

the e�ciency of fragment-to-lead campaigns. Graph-based approaches for sca�old

elaboration were proposed by Lim et al. (2020) and Li et al. (2019), which provide

a model with a fragment and generate a set of molecules which contain the original

fragment as a substructure, whilst Ar�us-Pous et al. (2020) proposed a SMILES-based

(Weininger, 1988) model, Sca�old-Decorator, which gave the user the ability to de-

cide which atoms in the fragment should be used as an exit vector, allowing greater

control over the types of elaborations generated. However, none of the above ap-
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proaches allow for the speci�cation of a preferred elaboration size, which, combined

with their inability to account for protein structure when generating elaborations,

means they cannot ensure that elaborations made by the model would be of an ap-

propriate size to �t within the binding pocket. In the previous chapter, we proposed

DEVELOP, a fragment-based generative model for linking and growing which built

on the DeLinker (Imrie et al., 2020) model. DEVELOP allows the speci�cation of

pharmacophoric constraints and linker/elaboration length, providing a greater degree

of control over the resulting molecules. In concurrent work to DEVELOP, Fialkov�a

et al. (2021) proposed LibINVENT, an extension to Sca�old-Decorator (Ar�us-Pous

et al., 2020) which can be used to design core-sharing chemical libraries using only

speci�c chemical reactions. LibINVENT also allows users to generate molecules with

high 3D similarity to an existing active molecule via reinforcement learning. How-

ever, as with DEVELOP, LibINVENT is reliant on the existence of known actives

to generate targeted sets of molecules, making it a more suitable tool for R-group

optimisation than for designing compounds against a novel target.

Orthogonal to the generative approaches described above, several recent papers

have proposed database-based approaches to compound design. A recent method,

CReM, (Polishchuk, 2020) is based on the idea that a fragment within the context

of a larger molecule can be interchanged with another fragment that has been ob-

served to have the same local context in another molecule. CReM identi�es potential

elaborations by searching a database of molecules for fragments which have the same

local context as the speci�ed exit vector. Other recent database-based approaches

incorporate protein-speci�c information: FragRep (Shan et al., 2020) takes a protein

and ligand as input and enumerates modi�cations to the ligand by cutting the lig-

and into fragments and replaces a fragment with similar fragments from a database

which would preserve the same protein-ligand interactions, whilst DeepFrag (Green

et al., 2021) uses a structure-aware convolutional neural network to select the most

95



appropriate elaborations from a database of possible elaborations.

For the task of generating molecules `from scratch', a number of authors have pro-

posed generative models which extract information directly from the protein. Skalic

et al. (2019b) used a GAN (Goodfellow et al., 2014) to generate ligand shapes comple-

mentary to the binding pocket which were then used to generate potential molecules

by employing a shape-captioning network. Masuda et al. (2020) encoded atomic den-

sity grids into separate latent representations for ligand and protein and trained a

model to generate 3D ligand densities conditional on the protein structure, which were

then translated into discrete molecular structures. Whilst both papers demonstrated

that the ligands generated by their respective models were dependent on the learned

structural representations, the models do not facilitate the speci�cation of a design

hypothesis provided by a human expert or provide intuition as to why the generative

model is proposing the molecules it is. Kim et al. (2020) used water pharmacophore

models to learn the location of key protein pharmacophores which were then used to

construct a training set of molecules with complementary pharmacophores. Whilst

this approach would more readily integrate into standard drug-discovery e�orts, it re-

quires the training of a separate deep learning model for every target, as each target

requires a training set of compounds which match the water pharmacophores.

In this work we propose STRIFE (Str ucture I nformed Fragment Elaboration),

a generative model for fragment elaboration which extracts interpretable and mean-

ingful structural information from the protein and uses it to make elaborations. This

is di�erent to all existing fragment-based generative approaches which either extract

information implicitly from known ligands or do not make use of any protein-speci�c

information when generating molecules.

To allow straightforward integration into fragment-to-lead campaigns, STRIFE

is readily customisable; in addition to the design hypotheses extracted directly from

the protein, we provide a simple-to-use functionality which allows users to specify
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their own design hypotheses and generate elaborations with the aim of satisfying

a desired pharmacophore. In a large-scale evaluation derived from the CASF-2016

set (Su et al., 2018), we show that STRIFE o�ers substantial improvements over

existing fragment-based models (Ar�us-Pous et al., 2020; Polishchuk, 2020). We further

demonstrate the applicability of STRIFE to real-world FBDD campaigns through

two fragment elaboration tasks derived from the literature. In the �rst, we make

elaborations to a fragment bound to N-myristoyltransferase, a key component in

rhinovirus assembly and infectivity, and show that STRIFE is able to generate several

elaborations that are strikingly similar to a highly potent inhibitor (Mousnier et al.,

2018). To demonstrate how user-speci�ed design hypotheses can be incorporated

into STRIFE, we consider the fragment-inspired small molecule inhibitor of tumour

necrosis factor reported by O'Connell et al. (2019). In this example, the elaboration

proposed by O'Connell et al. (2019) induces a substantial movement in a Tyrosine

side chain. We manually speci�ed a design hypothesis to explore side-chain 
exibility,

and successfully recovered the elaboration proposed by O'Connell et al. (2019), as well

as a range of other elaborations which were predicted to induce a similar movement

in the Tyrosine side chain.

5.3 Methods

We present our deep generative model for fragment elaboration, STRIFE, which re-

quires the user to specify a target protein, a bound fragment, and the fragment exit

vector. In Chapter 3, we demonstrated how the imposition of pharmacophoric con-

straints allowed a substantial degree of control over the types of functional groups

added to a fragment. STRIFE builds on the approach proposed Chapter 3, where

the pharmacophoric constraints were extracted from existing active molecules, by

extracting pharmacophoric constraints directly from the protein, thereby extending
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its applicability to a much broader range of targets. Pharmacophoric information

is extracted by calculating a Fragment Hotspot Map (Radoux et al., 2016) (FHM),

which describes regions of the binding pocket that are likely to make positive contri-

bution to binding a�nity. STRIFE then identi�es pharmacophoric constraints which

are likely to place a pharmacophore within a matching hotspot region and uses the

pharmacophoric constraints to generate elaborations.

5.3.1 Fragment Hotspot Maps

We calculate FHMs using the Hotspots API (Curran et al., 2020) which implements

the algorithm described by Radoux et al. (2016); in this work all FHMs were cal-

culated using the default parameters given by Curran et al. (2020). An FHM is

calculated as follows: Atomic Propensity Maps are calculated using SuperStar (Ver-

donk et al., 1999), which de�nes a grid covering the protein with equally spaced

points 0.5 �A apart, and uses data from the Cambridge Structural Database (CSD)

(Groom et al., 2016) to assign a propensity for a given probe type at each grid point;

If an interaction between two groups at a certain distance and angle is particularly

favourable then it will occur more frequently in structures stored in the CSD and

be assigned a higher propensity score. Once an Atomic Propensity Map has been

calculated an FHM is derived by �rst weighting the scores assigned to each grid point

in proportion to how buried in the protein the grid point is.

The FHM scores are then calculated by using small chemical probes which take

the form of an aromatic ring with di�erent atoms in the substituent position; for

the apolar hotspot maps the substituent is a methyl group, whilst for the acceptor

and donor hotspot maps the substituent is a carbonyl and amine, respectively. The

probes are translated to all grid points with weighted propensity scores above 15 and

randomly rotated 3000 times about the center of the substituted atom. For each

pose, each atom receives a score read from the weighted propensity map and the
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probe scores are calculated as the geometric mean of the atom scores; as an atom

receives a score of zero if it clashes with the protein, the geometric mean gives a score

of 0 to any pose which clashes.

Figure 5.1: Processing Fragment Hotspot Maps. a) Acceptor Hotspot Map. b) Donor
Hotspot Map. c) Apolar Hotspot Map. A matching pharmacophore placed within a
hotspot has a chance of making a disproportionate contribution to binding a�nity.
d) An unprocessed donor hotspot map in the vicinity of the fragment of interest. e)
Each sphere represents a voxel in the hotspot map. Voxels which are too far away
from the fragment exit vector are discarded. f) Voxels which are closer to another
fragment atom than the exit vector are removed. g) Voxels are clustered based on
their position. STRIFE attempts to generate elaborations such that a matching
ligand pharmacophore is in close proximity to a cluster centroid.
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FHMs have a number of attractive properties. As only grid points with an

above-threshold weighted propensity score are sampled, and the propensity scores

are weighted by how buried in the protein they are, regions of the protein which are

overly exposed are unlikely to be identi�ed as hotspot regions. Additionally, because

probe poses which clash with the protein attain a score of zero, any region identi�ed

as a fragment hotspot must be able to accommodate a molecule of reasonable size,

meaning that the risk of attempting to satisfy a pharmacophore identi�ed by the

FHM which cannot be accessed by an elaboration is reduced.

5.3.2 FHM Processing.

For a protein target, STRIFE uses FHMs to guide the generative model in the place-

ment of functional groups which can interact with the target. As the di�erent hotspot

maps are used for di�erent purposes, they are processed slightly di�erently (Figure

5.1): the acceptor and donor hotspots are used to identify desirable pharmacophoric

constraints, whilst the apolar maps are used to verify that the fragment is located in

an appropriate binding site. For the apolar maps, we identify all grid points which

have a value greater than 1 and discard all other points. Similarly, for the acceptor

and donor maps, we retain all grid points which have a value greater than 10. Whilst

Radoux et al. (2016) reported that values greater than 17 were generally predictive

of fragment binding, we selected 10 as a threshold to obtain wider coverage; this

parameter is simple to change to restrict the search to higher quality hotspots.

To process the acceptor and donor maps, all points which are less than 1.5�A

or greater than 5 �A from the fragment exit vector are discarded, to allow for elab-

orations of appropriate length; these distance thresholds were chosen to re
ect the

iterative nature of a fragment-to-lead campaign, where practitioners typically make a

succession of small elaborations, but they can be altered by the user to admit longer

or shorter elaborations.
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A greedy clustering algorithm is employed to identify contiguous hotspot regions

as follows: A cluster is initialised as a single point and all unclustered points which

are within 1 �A of the grid point are added to the cluster. For each point in the

cluster, the distance to all remaining unclustered points is calculated and any points

which are within 1 �A are added to the cluster until no unclustered points can be

added. Once a cluster has terminated, a new cluster is de�ned by selecting a single

unclustered point, until all points have been assigned to a cluster. For each hotspot

cluster, centroids are de�ned by computing the mean position of the points in the

cluster. To reduce redundancy, if two cluster centroids are closer than 1.5�A apart

the cluster centroid corresponding to the smaller cluster is deleted. In addition, if a

cluster is smaller than eight points it is removed, unless no clusters of eight or more

points exist, in which case smaller clusters are retained.

We use the apolar maps to conduct a �nal �ltering step, adopting the heuristic

that a molecule which is entirely contained within an apolar hotspot region has a

better chance of binding to the protein. Therefore, if an acceptor or donor cluster

centroid is not contained within a hotspot region then it is �ltered out. Additionally,

if all fragment atoms are not contained within an apolar hotspot then we consider the

fragment to be unsuitable for elaboration and terminate the algorithm. Whilst this

might appear to be overly restrictive, in practice the apolar hotspot maps typically

cover the majority of binding sites in a target and this �ltering step can be easily

negated if the user believes that a fragment is a suitable candidate for elaboration.

The �nal output of the processing scheme are the 3D coordinates of the remain-

ing cluster centroids from the acceptor and donor maps (hereafter \pharmacophoric

points"). In the subsequent molecule generation steps, our aim is to generate elab-

orations which place matching functional groups in close proximity to the pharma-

cophoric points. Whilst the above pipeline automates the process of de�ning phar-

macophoric points, we also provide a simple-to-use functionality for users to de�ne
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their own pharmacophoric points, allowing them to pursue a range of di�erent design

hypotheses (see Section 5.3.6).

Next, we describe how STRIFE uses a set of pharmacophoric points to generate

elaborations with complementary pharmacophores to the target.

5.3.3 Generative Model.

The generative model employed by STRIFE is similar to DEVELOP, described in

Chapter 3, where the generative process is based upon the Constrained Graph Vari-

ational Autoencoder framework proposed by Liu et al. (2018). STRIFE di�ers from

DEVELOP in the structural information D provided to the model when decoding

molecules (see Section 5.3.4). Given a fragment,f , and structural information, D ,

elaborations are generated as follows: Representingf as a graph, each nodev is

assigned anh � dimensional vector representationzv and corresponding labellv,

denoting the atom type of the node. A set ofK `expansion nodes',zv1 ; :::; zvK are

generated by sampling from anh� dimensional standard normal distribution and each

expansion node is assigned a labellvk by a linear classi�er which takeszvk and D as

input. The expansion nodes represent the possible atoms which may be appended to

the fragment.

Starting from the fragment exit vector, the model samples a node to add to the

graph from the set of expansion nodes. To choose whether to form a bond between

nodev and nodeu, we use a neural network which takes as input:

� t
v;u = [ t; st

v; st
u; dv;u ; H 0; H t ; D ]

Where:

ˆ t is the number of time steps that have currently been taken.

ˆ st
v = [ zt

v ; lv ] is the concatenation of latent vector and label at thet th time step.
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ˆ du;v is the graph distance betweenu; v

ˆ H j is the average of all latent vectors at thej th time step.

After a new node has been added to the graph, a gated graph neural network (Li

et al., 2015) is used to update the encodings for each node, to re
ect its potentially

altered neighbourhood. This iterative approach continues until termination where

the �nal molecule is returned. A more detailed explanation of the generative model

framework can be found in Section 1.4.2.1.

5.3.4 STRIFE Algorithm.

Above we described how STRIFE uses Fragment Hotspot Maps (FHMs) (Radoux

et al., 2016) to obtain an interpretable representation of structural information and

how, given a fragment,f , and structural information, D , we can generate elabora-

tions to the fragment. Here we describe how these processes �t within the STRIFE

algorithm. In particular, we outline how the 3D pharmacophoric points derived from

the FHMs are converted to a representation of structural information,D , which is

used to generate elaborations.

The structural information D can be provided to the generative model in two dif-

ferent forms: The �rst is a coarse-grained pharmacophoric representation, where the

model is simply provided with a vector containing the number of Hydrogen Bond Ac-

ceptors, the number of Hydrogen Bond Donors, and the number of Aromatic groups.

The desired pharmacophoric pro�le of the generated elaborations can also be more

precisely speci�ed by adding the predicted path distances (the length of the shortest

sequence of atoms connecting two points) from the exit vector to the pharmacophore,

providing a greater degree of control over the types of elaborations made by the

model. STRIFE utilises both of these representations of pharmacophoric information

at di�erent stages of the algorithm: In the Exploration phase (Figure 5.2a), STRIFE
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uses the coarse-grained representation to generate a wide range of elaborations, which

are then assessed for suitability. In the Re�nement phase (Figure 5.2b), �ne-grained

pharmacophoric pro�les are derived from the most suitable elaborations and are used

to generate further elaborations. Additional details are provided below.

In a standard fragment elaboration campaign, where practitioners typically work

in an iterative way, making small elaborations to a fragment which is then optimised

before making additional elaborations to the optimised molecule. In this paper we

demonstrate STRIFE generating elaborations which place a pharmacophore close to

a single pharmacophoric point at a time. For example, if the set of pharmacophoric

points contains one donor and one acceptor, STRIFE will attempt to produce a set of

elaborations which include a donor in close proximity to the donor pharmacophoric

point and a set of elaborations which place an acceptor in close proximity to the accep-

tor pharmacophoric point, but will not attempt to satisfy both pharmacophoric points

simultaneously. STRIFE is capable of attempting to satisfy multiple pharmacophoric

points simultaneously, but this is not recommended unless the pharmacophoric points

have been manually speci�ed or inspected by the user, as it may not be possible to

simultaneously satisfy certain combinations of pharmacophores with a single elabo-

ration. After obtaining a series of pharmacophoric points from the FHM, STRIFE

proceeds as follows:

5.3.4.1 Exploration Phase.

STRIFE aims to generate a set of elaborations which contain functional groups in

close proximity to a pharmacophoric point. To facilitate this, for each pharmacophoric

point we predict the atom-length distance between the fragment exit vector and the

pharmacophoric point using a trained support vector machine (Cortes and Vapnik,

1995). As the generative model requires the speci�cation of a desired elaboration

length, we use the atom-length prediction to control the length of elaborations pro-
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posed by STRIFE. To allow for the inclusion of rings and side-chains in the elab-

oration, we use several di�erent desired elaboration lengths; if the predicted atom

distance isp, we generate elaborations with a requested length of up top+4. As well

as specifying a desired elaboration size, the generative model requires us to specify a

desired pharmacophoric pro�le. In the Exploration phase we generate molecules us-

ing the coarse-grained pharmacophoric pro�le; as the coarse-grained pharmacophoric

pro�le doesn't specify a desired path distance between the exit vector and the ligand

pharmacophore, the pharmacophores in the elaborations proposed by the generative

model will occupy a broad range of di�erent positions in the binding pocket.

The proposed elaborations are �ltered to ensure that they have the same phar-

macophoric counts as provided in the coarse-grained pharmacophoric pro�le; we also

apply the 2D �lter proposed by Imrie et al. (2021) (see Section 5.3.7.1) to remove

synthetically inaccessible molecules or elaborations containing PAINS (Baell and Hol-

loway, 2010) substructures. The remaining molecules are docked using the constrained

docking functionality in GOLD (Verdonk et al., 2003), where the structure of the

fragment is provided as the constraint. Each molecule is docked 10 times and the

top-ranked pose selected. For each top-ranked pose, we compute the distance between

the 3D pharmacophoric point and a matching pharmacophore in the molecule. We

then identify all molecules where the resulting distance is less than 1.5�A and select

the �ve molecules for which the distance between pharmacophoric point and ligand

pharmacophore is smallest. If less than �ve molecules exhibit a distance of less than

1.5�A, we select only molecules which ful�l this criteria.

5.3.4.2 Re�nement Phase.

The molecules which exhibit a functional group in close proximity to a pharma-

cophoric point provide useful information, as they can be used to derive the more

�ne-grained representation of structural information which speci�es the path dis-
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tance between the exit vector and each ligand pharmacophore; as such, we refer to

these molecules as \quasi-actives", because they play a similar role to known actives

in existing generative models. Having obtained a set of quasi-actives for each phar-

macophoric point and used them to derive a set of structural information vectors

D 1; D 2; :::;D n , the user can either generate a �xed number of elaborations using

eachD i or request a �xed total number of elaborations, where a structural informa-

tion vector is randomly sampled fromf D i gn
i =1 for each elaboration. As before, the

generated molecules are �ltered and docked using the constrained docking function-

ality in GOLD (Verdonk et al., 2003). Finally, each unique molecule,m, is ranked

by its ligand e�ciency, computed as the docking score divided by the number of

heavy atoms, allowing the user to quickly prioritise a small number of elaborations

for consideration.

Figure 5.2: Illustration of how STRIFE generates elaborations which place phar-
macophores close to a speci�ed pharmacophoric point. a) STRIFE �rst generates
elaborations using a coarse-grained pharmacophoric pro�le and docks them using the
constrained docking functionality in GOLD (Verdonk et al., 2003). b) Elaborations
which placed a matching pharmacophore in close proximity to the pharmacophoric
point are used to derive a �ne-grained pharmacophoric pro�le. STRIFE then gen-
erates elaborations using those pharmacophoric pro�les; the resulting molecules are
docked and ranked by their predicted ligand e�ciency.
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5.3.5 ADMET Filtering.

To reduce the likelihood of proposing molecules with undesirable ADMET charac-

teristics, we provide an additional, optional �lter that can be applied post hoc. The

�lter is based on the Quantitative Estimate of Druglikeness (QED) (Bickerton et al.,

2012). The QED score is based on a range of factors (e.g. hydrophobicity, molecular

weight) which are important ADMET considerations, so can be used to quickly 
ag

molecules which might exhibit problematic ADMET characteristics.

As the QED associated with an elaborated molecule will be heavily dependent

on the original fragment, we use the QED attained by the original fragment as a

threshold for 
agging a molecule proposed by STRIFE. In other words, a molecule

is 
agged if it is predicted to be `less-druglike' than the original fragment. We also

provide the option for the user to alter the 
agging threshold.

5.3.6 Customisability.

Although STRIFE can automatically extract a set of pharmacophoric points from

a protein, in a real-world drug discovery setting practitioners may wish to explore

their own design hypotheses. To facilitate such usage, we provide a simple-to-use

functionality which allows a user to manually specify the location of a pharmacophore

in the context of the protein. The tool, shown in Figure 5.3, loads a lattice centered

around the fragment exit vector into a molecule viewer: To manually specify their

own pharmacophoric pro�les, the user simply selects the lattice points corresponding

to their desired pharmacophore location, saves the resulting object and runs STRIFE

as usual.

5.3.6.1 Model Training.

To generate elaborations we used two generative models described in Chapter 3. In

the Exploration phase, we used the DeLinker-Counts model (Section 3.3.2.1), whereas
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Figure 5.3: Example of how the pharmacophoric points provided to STRIFE can be
customised using the molecule viewer PyMOL (Schr•odinger, LLC, 2015). A lattice of
points are centered about the fragment exit vector (denoted by the grey atom), and
the user simply selects the point(s) they wish to denote as a pharmacophoric point
and saves them in an SDF �le. The red and blue points represent an Acceptor point
and Donor point, respectively. STRIFE can then be run as usual and will attempt to
make elaborations which places matching pharmacophores close to the user-speci�ed
pharmacophoric points.

in the Re�nement phase we used the DeLinker-Path model (Section 3.3.2.2). We

used the saved models used to attain the results in Chapter 3; i.e. the training set

comprised a set of approximately 427,000 fragment-ground truth examples derived

from ZINC (Sterling and Irwin, 2015).

5.3.7 Experiments.

We assessed the ability of our model to make appropriate elaborations using a test

set derived from the CASF-2016 set (Su et al., 2018). This test set was constructed

using the same procedure used to generate our training set and initially comprised

237 examples. As our aim was to assess the ability of our model to learn from the

structural information supplied by the FHMs, we excluded from our test sets examples

where the ground truth molecule was not contained within an apolar hotspot region

and examples where no suitable pharmacophoric points could be identi�ed by the
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Hotspots algorithm. In addition, we �ltered examples where STRIFE was unable to

identify any quasi-actives. These �ltering steps removed 109, 26 and 1 examples from

the test set respectively, leaving a �nal test set of 101 examples (a full list is given in

Table C.1). Whilst the �ltering steps outlined above removed a substantial proportion

of examples from our test set, the initial test set was constructed by fragmenting the

ground truth ligand without consideration of the associated protein. As such, many

of the fragments would not have been considered suitable candidates for elaboration.

Using the STRIFE pipeline (Figure 5.2), we sampled a set of 250 elaborations

for each example in the test set. We compared STRIFE to four baselines: The deep

generative model published by Ar�us-Pous et al. (2020), \Sca�old-Decorator", the

database-based CReM (Polishchuk, 2020) and DeepFrag (Green et al., 2021), and

a truncated version of the STRIFE algorithm (STRIFENR ) which generated elabo-

rations from the coarse-grained model (essentially only conducting the Exploration

phase from Figure 5.2a and omitting the Re�nement phase). We provided CReM

with the same set of 250k molecules we used to derive the training sets for STRIFE,

which was converted into a database of fragments using CReM's fragmentation pro-

cedure. The Sca�old-Decorator model was trained using the same set of examples as

the STRIFE generative models. For DeepFrag, we used the saved model trained by

the original authors in the original publication (Green et al., 2021); as the DeepFrag

training process requires a fragment and associated protein structure for each exam-

ple, it is not possible to use the 250k subset of ZINC (Sterling and Irwin, 2015) to

train the DeepFrag model. As DeepFrag is trained on an entirely separate region of

chemical space compared to all other baselines, including protein-ligand complexes

included in the CASF-2016 set, it is di�cult to objectively compare it to the other

methods. We include the results from DeepFrag primarily for completeness to give

an indication as to how STRIFE compares to another structure-aware approach.
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5.3.7.1 Evaluation Metrics.

For our experiments on the CASF test set, we report several standard 2D metrics in

line with those reported in Chapter 3:

ˆ Validity : Proportion of generated molecules which could be parsed by RDKit

(Landrum, 2006) and for which at least one atom was added to the fragment.

ˆ Uniqueness : The proportion of distinct molecules generated by the model,

calculated as the number of distinct molecules divided by the total number of

molecules.

ˆ Novelty : The proportion of generated molecules for which the elaboration was

not included in the model training set.

ˆ Passed 2D Filters : The proportion of generated molecules which passed a set

of 2D �lters. A generated molecule was �ltered out if the SAScore (Ertl and

Schu�enhauer, 2009) of the generated molecule was higher (harder to synthesise)

than the SAScore associated with the fragment, if the elaboration contained a

non-aromatic ring with a double bond or if the molecule failed to pass any of

the pan-assay interference (PAINS) (Baell and Holloway, 2010) �lters.

We did not compute the proportion of unique or novel associations proposed by

CReM, as CReM does not allow the speci�cation of a desired number of elaborations:

CReM returns the set of elaborations contained in the database deemed `reasonable',

meaning that all elaborations proposed by CReM are by design unique. As CReM

proposes molecules from a �xed vocabulary of possible elaborations, none of the

elaborations proposed by CReM could be considered novel. Similarly, we did not

compute novelty or uniqueness values for DeepFrag and for each example attributed

250 elaborations to DeepFrag by selecting the elaborations ranked 1-250 (from a

vocabulary of 5k possible elaborations) by DeepFrag's own ranking method.
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In addition to the 2D metrics proposed above, we report an additional 2D metric

based upon QED (Bickerton et al., 2012), to assess whether attempting to satisfy

the identi�ed pharmacophoric points impacts STRIFE's ability to generate druglike

elaborations:

ˆ � QED : The average di�erence in the QED attained by the elaborated molecules

and the original fragment, calculated as: �QED = 1
n

P n
j =1 �QED j , where

�QED j = 1
k

P k
i =1 QED(molij ) � QED(fragj ).

To assess the ability of STRIFE to generate elaborations capable of forming

promising interactions with the target, we used the constrained docking function-

ality in GOLD (Verdonk et al., 2003) to dock each generated ligand 10 times and

calculated the docking score of the top-ranked pose for each ligand. To mitigate the

tendency of classical scoring functions to favour larger molecules over smaller ones

(Boittier et al., 2020), we calculated the ligand e�ciency of each molecule by dividing

the docking score by the number of heavy atoms. To account for the variation in

docking scores across di�erent targets, we standardise the ligand e�ciencies attained

by a model on a speci�c example to have zero mean and unit variance, applying

the same transformation to the ground truth ligand e�ciency. For the j th example,

we compute �SLE �;j = SLE �;j � SLEGT;j , where SLE�;j is the average standardised

ligand e�ciency of the top � ranked molecules and SLEGT;j is the standardised lig-

and e�ciency of the corresponding ground truth. If � is speci�ed as greater than

the total number of elaborations for which the ligand e�ciency was computed (as

only molecules which pass the 2D �lters are docked), we use the average standard-

ised ligand e�ciency of all such molecules. We average over all examples to obtain

�SLE � = 1
n

P n
j =1 �SLE �;j . �SLE � (Standardised Ligand E�ciency Improvement)

only considers a subset of the molecules generated by each model, mirroring how a

large number of molecules produced by a generative model would be assessed in a
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real-world fragment-to-lead campaign, where it is unlikely that a human expert would

manually inspect hundreds of lowly ranked molecules.

As CReM is unable to return a �xed number of elaborations, we calculated three

sets of summary statistics for CReM, each using a di�erent subset of the test set. In

all cases, if CReM returned more than 250 elaborations for a speci�c example, we

sampled a set of 250 elaborations from the larger set:

ˆ The set of examples for which CReM returned 250 elaborations (n = 45).

ˆ The set of examples for which CReM returned 50 or more elaborations (n = 62).

ˆ The set of examples for which CReM returned at least one elaboration (n = 82).

We present the results for the �rst set in Table 5.1 and compare the results between

the three subsets in Appendix C (Table C.2): in the case where we included all

examples with at least one elaboration, the �SLE� values were substantially degraded

by the subset of examples where only a small number of elaborations were proposed.

5.4 Results and Discussion

We assessed the ability of STRIFE to propose elaborations to fragments by incorpo-

rating meaningful pharmacophoric information into the generative process. Through

a large scale evaluation on a test set derived from the CASF-2016 set (Su et al., 2018),

we show that STRIFE is able to generate a wide range of chemically valid elabora-

tions, many of which were not contained in the training set. In addition, in terms

of generating elaborations which exhibit high ligand e�ciency, STRIFE substantially

outperforms existing computational methods for fragment elaboration (Ar�us-Pous

et al., 2020; Polishchuk, 2020), illustrating the advantages of incorporating structural

information into the generative model. We demonstrate the applicability of STRIFE
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Table 5.1: Comparison of CReM, Sca�old-Decorator, DeepFrag, STRIFENR and
STRIFE on the CASF test set (see Section 5.3.7.1 for de�nitions of the metrics).
Bold indicates the best value obtained across the di�erent methods.

Metric CReM Sca�old-Decorator DeepFrag STRIFENR STRIFE

Valid 100% 99.98% 100% 99.5% 98.96%
Unique N/A 32.78% N/A 56.96% 37.31%
Novel N/A 4.23% N/A 55.65% 49.21%

Pass 2D �lters 66.06% 98.2% 78.47% 73.81% 75.38%
�QED -0.148 -0.05 -0.125 -0.09 -0.086

�SLE 20 -0.029 0.1 -0.177 0.44 0.512
�SLE 50 -0.489 -0.222 -0.56 0.078 0.164
�SLE 100 -0.992 -0.572 -0.979 -0.316 -0.228

to real-world fragment-to-lead campaigns using two case studies derived from the lit-

erature; in particular, we show how STRIFE can be used to explore design hypotheses

including side-chain movement.

5.4.1 Large Scale Experiments.

Our experiments on the CASF set demonstrate the bene�ts of including structural

information in the generative process (Table 5.1). All methods generated chemically

valid elaborations in more than 99% of cases, illustrating their ability to apply basic

valency rules. Sca�old-Decorator, the SMILES-based, structure-unaware generative

model proposed by Ar�us-Pous et al. (2020), generated the smallest proportion of

unique molecules (33%). STRIFENR , a truncated version of the STRIFE algorithm

which terminates before the Re�nement phase so doesn't account for the location

of fragment hotspots, generated a greater proportion of unique elaborations (57%)

than STRIFE (37%). However this is to be expected as the Re�nement phase of

the algorithm attempts to sample elaborations from a greatly reduced chemical space

compared to the Exploration phase.
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Illustrating its ability to generalise beyond the information provided in the training

set, almost half (49%) of the elaborations proposed by STRIFE were not contained

in the training set. By contrast, only 4% of the elaborations generated by Sca�old-

Decorator were novel, suggesting that it relies more heavily on the training set when

making elaborations. Almost all of the elaborations proposed by Sca�old-Decorator

(98%) passed the set of 2D �lters, compared to 75% of elaborations generated by

STRIFE and 74% by STRIFENR . As nearly all of the elaborations proposed by

Sca�old-Decorator were contained in the training set, which itself was �ltered to

remove undesirable elaborations, the high pass rate of 2D �lters is unsurprising.

STRIFE obtained the 2nd highest �QED value amongst the di�erent methods,

behind Sca�old-Decorator, suggesting that attempting to satisfy the pharmacophoric

points extracted from the FHM did not unduly a�ect the ability of STRIFE to pro-

pose druglike elaborations. We note that on average, the molecules proposed by all

methods were `less druglike' than the corresponding fragment. This is not entirely

surprising as none of the models were trained to optimise the QED score, but all

methods were able to produce a substantial number of elaborations that were more

druglike than the original fragment (Table 5.2).

Method QED Flag

CReM 0.233
Sca�old-Decorator 0.401

DeepFrag 0.204
STRIFENR 0.28

STRIFE 0.283

Table 5.2: Proportion of examples generated by each molecule which attained a higher
QED than the associated fragment.

On �SLE, which assesses the ability of models to generate elaborations which are

more ligand e�cient than the ground truth ligand, models that incorporate structural

information proposed more ligand e�cient elaborations. When considering the top 20
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Figure 5.4: E�ect of changing the proportion of elaborations made by each method
on the Standardised Ligand E�ciency Improvement (�SLE � ). As more elaborations
are included in the calculation, the average ligand e�ciency is degraded compared to
the ground truth. STRIFE was able to attain larger �SLE � than all other methods
for almost all values of� .

elaborations, the elaborations generated by CReM (�SLE20 = � 0:029) and Sca�old-

Decorator (�SLE 20 = 0:1) were on average less ligand e�cient than the ground truth,

in contrast to STRIFENR (�SLE 20 = 0:44) and STRIFE (�SLE 20 = 0:512). These

results indicate that the �ne-grained pharmacophoric pro�les extracted during the

Re�nement phase allow STRIFE to generate more ligand e�cient elaborations, as

the model more often generates elaborations which place pharmacophores in close

proximity to a pharmacophoric point. We computed the �SLE � attained by each

model for a broad range of� values (Figure 5.4) and observed the same trend, al-

though the average ligand e�ciency obtained by all models was lower than the ground

truth ligand e�ciency for larger values of � .

In terms of the proportion of all generated elaborations which were more ligand

e�cient than the ground truth, STRIFE achieved the largest number, with 26% of
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elaborations obtaining a higher ligand e�ciency than the ground truth, compared to

22%, 17% and 12% for STRIFENR , Sca�old-Decorator and CReM (when considering

examples with 250 elaborations) respectively.

5.4.2 Comparison with DeepFrag.

As mentioned above, it is di�cult to objectively compare the performance of DeepFrag

to the other baselines. As training examples for DeepFrag require a protein-fragment

complex, DeepFrag may be hindered by the relatively scarcity of such structures

(the Binding MOAD database (Smith et al., 2019) used to construct their training

set contains approximately 40000 structures) and is therefore restricted to a much

smaller region of chemical space compared to the other models. On the CASF test

set, DeepFrag obtained the lowest �SLE20 and �SLE 50 values across all models and

only attained a better �SLE 100 value than CReM. It is somewhat surprising that

DeepFrag isn't able to leverage the structural information provided to it to design

more ligand e�cient elaborations than the structure unaware Sca�old-Decorator; we

provide additional information about the elaborations proposed by DeepFrag in Ap-

pendix C.2.

5.4.3 Fragment-Based Design of an N-myristoyltransferase

Inhibitor.

Rhinovirus is a pathogen which plays a key role in complications arising in a va-

riety of important respiratory diseases, including asthma, chronic obstructive pul-

monary disease (COPD) (Ritchie et al., 2015) and cystic �brosis (Kieninger et al.,

2013). Several studies (Marc et al., 1989; 1990) have reported that the host cell's N-

myristoyltransferase (NMT) supports capsid assembly and infectivity, making NMT

a potential antiviral drug target.
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