
Harnessing Computational

Chemistry and Structural Biology

Platforms for in silico Drug

Discovery

Ben Stuart Cree

Thesis submitted for the degree of

Doctor in Philosophy

School of Natural & Environmental Sciences

Newcastle University

Newcastle upon Tyne

United Kingdom

September 2024



Contents

1 Introduction 1

2 Computer Aided Drug Discovery (CADD) 4

2.1 Theory of Drug Binding . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5

2.1.1 Water . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6

2.2 Cheminformatics . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8

2.2.1 Descriptors . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8

2.2.2 Rule of 5 (Ro5) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9

2.2.3 Absorption Distribution Metabolism Excretion Toxicology (ADMET) 10

2.2.4 Quantitative Estimate of Druglikeness (QED) . . . . . . . . . . . . 11

2.3 High Throughput Screening (HTS) and Virtual Libraries (VL) . . . . . . . 11

2.3.1 Synthetic Access . . . . . . . . . . . . . . . . . . . . . . . . . . . . 12

2.4 Structure Based Drug Design (SBDD) . . . . . . . . . . . . . . . . . . . . 13

2.4.1 Fragment-based Screening . . . . . . . . . . . . . . . . . . . . . . . 15

2.4.2 Fragment Growing . . . . . . . . . . . . . . . . . . . . . . . . . . . 16

2.4.3 Fragment Linking . . . . . . . . . . . . . . . . . . . . . . . . . . . . 18

2.5 Ligand Based Drug Design (LBDD) . . . . . . . . . . . . . . . . . . . . . . 20

2.5.1 Representations of Molecules . . . . . . . . . . . . . . . . . . . . . . 21

2.5.2 Similarity . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 22

2.6 Experimental Assay Techniques . . . . . . . . . . . . . . . . . . . . . . . . 23

2.6.1 Fluorescence Polarization (FP) Assay . . . . . . . . . . . . . . . . . 23

2.6.2 Surface Plasmon Resonance (SPR) . . . . . . . . . . . . . . . . . . 24

2.7 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 27

3 Theory 28

3.1 Computational Chemistry . . . . . . . . . . . . . . . . . . . . . . . . . . . 28

3.2 Quantum Mechanics (QM) . . . . . . . . . . . . . . . . . . . . . . . . . . . 29

3.3 Molecular Dynamics (MD) . . . . . . . . . . . . . . . . . . . . . . . . . . . 33

ii



3.3.1 Integrators . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 34

3.3.2 Thermostats . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35

3.3.3 Force Fields (FF) . . . . . . . . . . . . . . . . . . . . . . . . . . . . 36

3.3.4 Conformer Generation . . . . . . . . . . . . . . . . . . . . . . . . . 39

3.3.5 Machine Learning Potentials and ML/MM (Machine Learning/Molecular

Mechanics) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 41

3.3.6 Free Energy Calculations . . . . . . . . . . . . . . . . . . . . . . . . 47

3.4 Docking . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 52

3.4.1 gnina . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 53

3.5 Uniform Manifold Approximation (UMAP) . . . . . . . . . . . . . . . . . . 55

3.6 Active Learning (AL) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 57

3.6.1 Gradient Boosted Machine (GBM) . . . . . . . . . . . . . . . . . . 57

3.6.2 Gaussian Process . . . . . . . . . . . . . . . . . . . . . . . . . . . . 57

4 FEgrow 59

4.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 59

4.2 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 63

4.2.1 Workflow Design . . . . . . . . . . . . . . . . . . . . . . . . . . . . 63

4.2.2 Input and Constrained Conformer Generation . . . . . . . . . . . . 63

4.2.3 Geometry Optimisation . . . . . . . . . . . . . . . . . . . . . . . . 64

4.2.4 Binding Pose Scoring . . . . . . . . . . . . . . . . . . . . . . . . . . 65

4.2.5 Molecular Property Filters . . . . . . . . . . . . . . . . . . . . . . . 67

4.2.6 Analysis of Lennard-Jones and Electrostatic Scaling Factors. . . . . 67

4.3 Case Study I: Protein-Ligand Benchmarks . . . . . . . . . . . . . . . . . . 69

4.4 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 73

4.5 Computational Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . 75

4.5.1 Free Energy Calculations . . . . . . . . . . . . . . . . . . . . . . . . 75

5 CACHE (Critical Assessment of Computational Hit finding Experiments) 77

iii



5.1 CACHE (Critical Assessment of Computational Hit finding Experiments)

Challenge 2 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 78

5.2 Target Background . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 79

5.3 Round 1: Hit and Free Energy Calculations . . . . . . . . . . . . . . . . . 82

5.3.1 Design Strategy . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 82

5.3.2 Compound Designs . . . . . . . . . . . . . . . . . . . . . . . . . . . 86

5.3.3 Docked Enamine Compounds . . . . . . . . . . . . . . . . . . . . . 91

5.3.4 Synthesis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 93

5.3.5 Round 1 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . 94

5.4 Round 2: Hit Expansion . . . . . . . . . . . . . . . . . . . . . . . . . . . . 96

5.4.1 Round 2 Hit Data . . . . . . . . . . . . . . . . . . . . . . . . . . . . 96

5.4.2 Free Energy Perturbation (FEP) Calculations . . . . . . . . . . . . 99

5.4.3 Docking . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 100

5.5 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 103

6 Active Learning 104

6.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 104

6.2 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 107

6.2.1 Workflow Design . . . . . . . . . . . . . . . . . . . . . . . . . . . . 107

6.2.2 Database Search . . . . . . . . . . . . . . . . . . . . . . . . . . . . 107

6.2.3 Computational Details . . . . . . . . . . . . . . . . . . . . . . . . . 108

6.3 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 109

6.3.1 Interfacing FEgrow with Active Learning Enables Efficient Search

of Chemical Space . . . . . . . . . . . . . . . . . . . . . . . . . . . 109

6.3.2 Active Learning Driven Fragment Expansion Identifies Potential

SARS-CoV-2 MPro Inhibitors . . . . . . . . . . . . . . . . . . . . . 114

6.3.3 Analysis of Hit Compounds . . . . . . . . . . . . . . . . . . . . . . 115

6.4 Discussion and Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . 119

iv



7 Conclusion 121

7.1 Future of Fragment-based Drug Design . . . . . . . . . . . . . . . . . . . . 121

7.2 Future of FEgrow . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 123

S8 Appendix 1: FEgrow Supplementary Information 126

S8.1 Case Study II: SARS-CoV-2 Main Protease . . . . . . . . . . . . . . . . . 126

S9 Appendix 2: Active Learning Supplementary Information 136

References 146

v



Abstract

The integration of computational methods in drug discovery has become essential,

necessitating the development of open-source, modular, and reproducible workflows

that are adaptable to an evolving field. In this context, the synergistic combination of

molecular mechanics (MM) and machine learning (ML) offers avenues for expediting

the identification and optimisation of potential drug candidates in the hit-to-lead

stage. Automated free energy calculations for the prediction of binding free energies of

congeneric series of ligands to a protein target are growing in popularity, but choosing

transformations and building reliable initial binding poses for the ligands remains

challenging.

In this thesis, an open-source python package, FEgrow, is presented. This package

automates the required construction and evaluation of congeneric compound series

within protein binding pockets, by employing hybrid ML/MM potential energy functions.

FEgrow optimises suggested compounds’ bioactive conformers using physics-based

methods and scores them using a convolutional neural network (CNN) scoring function,

rapidly finding relevant areas of chemical space, as well as generating accurate 3D

structures which can then be utilised in more rigorous calculations, such as free energy

perturbation (FEP).

This workflow was applied to the CACHE#2 (Critical Assessment of Computational

Hit-finding Experiments) Challenge, which serves as a validation exercise that aims to

establish benchmarks in molecular design by providing high-quality experimental feedback

on in silico design predictions. In this challenge, compounds designed via FEgrow yielded

multiple low micromolar hits for the NSP13 helicase of SARS-CoV-2, demonstrating the

efficacy of the workflow. To further streamline the FEgrow workflow, an updated Active

Learning (AL) approach along with the utilisation of large on-demand library searches

(such as Enamine REAL) was developed. This addition enhances the exploration of

chemical space for de novo design and was validated through experimental assays, where

three designed compounds showed weak activity in a fluorescence-based Mpro assay.
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1 Introduction

Since prehistory, medicines have been deeply important for humanity, and charms,

incantations, and plants have always been used to treat afflictions of all kinds. Our

modern potions typically consist of compounds that treat or alleviate conditions or

symptoms by binding to biological targets in the body. Targets in biological systems are

typically macromolecules — such as proteins, nucleic acids, or polysaccharides — that

interact with compounds to induce physiological changes. Binding to a given target can

change its behaviour (for instance by blocking an active site), ideally in such a way that

ameliorates any dysfunction that causes disease, saving lives and reducing suffering.

These potions do not grow on trees — though some do — and tend to require

significant ingenuity to concoct. One way to create new medicines is by the de novo design

of compounds, utilising an understanding of the molecular mechanism of drug action.

That is, the physical fact that the strength of binding is determined by simple laws —

although emergent complexity prevents equally simple methods from solving the problem

of molecular design. To overcome this challenge, a confluence of simulation techniques,

structural information gathered from the target through experiment, and activity data

are used to build models which are then deployed to design a ligand for therapeutic use.

A ligand is a molecule that has potent affinity and selectivity for the active or allosteric

site of a given target (a secondary pocket that serves a regulatory function — often harder

to successfully drug, but usually offering greater specificity.22)

Potency and selectivity are attained by exploiting a ligand’s interaction with the

receptor, shown in Figure 1 (usually a protein of interest in a disease/condition), which

is in turn dictated by its size, shape and electron distribution — that is, the arrangement

of its electrons, especially those of reactive functional groups that govern polarity, charge,

and bonding upon complexation.23 Given that estimates of the number of synthesisable

molecules are on the order of 1024, finding a small molecule that embodies the required

characteristics is a highly nontrivial task.24

Drug design has two main approaches: rational and phenotypic. Rational design uses

specific information (structural and/or ligand based) about a target of interest to initially

find weak inhibitors, or hits, typically in the millimolar range25 possessing low molecular

weights (∼ 300 Da). These are subsequently optimised to exhibit stronger binding.

This optimisation process itself has phases. The initial focus is on exclusively

decreasing the free energy of binding (increasing affinity), a drive towards a ‘lead’ like

compound. This is a compound that demonstrates strong binding but lacks some of the

desired physiochemical properties that would truly categorise it as a drug, which can be

later engineered. Small molecular fragments are a natural choice for an initial screen, as

they are small enough to be easily elaborated while still exhibiting appreciable binding
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Figure 1: Binding of a drug molecule to HIV-1 protease (PDB: 1EBZ), illustrating the
interaction between an inhibitor and a receptor’s (here an enzyme) active site. The
drug moleclue (ligand) forms interactions with the receptor through hydrogen bonds,
hydrophobic interactions, and van der Waals forces, blocking the protease’s active site
and consequently its ability to process viral polyproteins required for HIV replication.

affinities.26 Diverse arrays of fragments can be tested against a particular target, allowing

a structure based approach to identify ‘hot spots’ or areas with multiple key interactions,

seen when multiple fragments bind in an active site. These interactions can then be used

to elaborate small fragments into larger molecules with higher potency and selectivity.

This can be achieved, for example, by linking bound fragments together or growing

fragments towards one another. With this ‘bottom-up’ approach, the relationship

between the structure and activity is well understood, especially when 3D structures

have been solved via X-ray crystallography. However, translating X-ray structures of

protein-ligand complexes and assays to real world efficacy (in vivo) remains a speculative

task.

The second type of approach is one of screening compounds for their effect both

in vitro and in vivo with neither a specific hypothesis nor any knowledge about the

mechanisms of their action. This is referred to as a phenotypic approach, and this target

agnostic tactic has proven successful and borne out the development of many first-in-

class drugs.27 Phenotypic screening is performed by testing a wide range of compounds

against a biological system or cellular signalling pathway and, in the event that a hit is

found, it can then be taken as a starting point for lead optimisation, although this is

easily confounded by a lack of target information.28 These sort of screens are antipodal

to the previous ‘bottom-up’ strategy and are only concerned with overall efficacy without
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attempting to rationalise what is observed. They are especially productive for target

identification.29 The rationale behind this sort of approach is an appreciation of the fact

that no matter how carefully designed a drug may be, it is very likely that it will have

unintended side effects elsewhere. This approach avoids optimising a weaker compound’s

affinity in a target-centric fashion, which can potentially compromise target specificity or

increase toxicity. This is a common occurrence since compounds at therapeutic levels are

liable to interact with various different targets simultaneously, which is an issue that can

be obviated with a phenotypic approach.30

Successful creation of a drug can help improve innumerable lives, but it is a long and

arduous process, typically taking over a decade and costing in excess of GBP 1 billion.31

Reducing the time needed and capital required in order to increase both the quality and

quantity of drugs is a prudent focus of industry and academia alike. The methods of

in silico drug discovery as applied to drug design and their integration into automated

workflows are the focus and goal of this thesis.

Chapter 2 broadly introduces the topic of drug design, relevant computational concepts

and toolkits, and how they are applied in the context of a drug discovery campaign.

In Chapter 3, the theoretical foundations of both computational chemistry and

simulation are presented, along with a discussion of the methodologies implemented in

the remainder of the thesis.

Chapter 4 covers the integration of computational chemistry and structural biology

platforms, and the development of FEgrow, an open-source workflow for evaluating de

novo compound design in silico. Here, its validation via a retrospective study predicting

binding modes of inhibitors for SARS-CoV-2’s main protease (Mpro) is detailed.

Chapter 5 is concerned with the application of FEgrow, in collaboration with medicinal

chemists to a real-world (if condensed) drug discovery campaign where inhibitors of a

nonstructural protein of SARS-CoV-2 were designed. This work resulted in multiple low

micromolar hits, experimentally validated via enzymatic assay, surface plasmon resonance

(SPR), and Fluorine-19 nuclear magnetic resonance spectroscopy (19F NMR).

In Chapter 6, the extension of FEgrow to incorporate active learning-based R-group

selection, parallelisation suitable for leverage on HPC clusters, and a redesign of the

interface to aid ease of use is demonstrated. This is illustrated through the undertaking

of a prospective inhibitor design for Mpro of Sars-CoV-2, carried out in collaboration with

the Kawamura group, which resulted in weak micromolar hits as determined by inhibition

assay.

The thesis is concluded in Chapter 7, where the limitations and potential future

developments of FEgrow are discussed, and the overall status of open-source scientific

software is explored.
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2 Computer Aided Drug Discovery (CADD)

Computers lie at the heart of modern life, and drug discovery is no exception. Creating

computational models of ligands and protein-ligand complexes has been a mainstay in

the pharmacological industry for decades.32 This is due to the simple fact that these

techniques increase the likelihood of creating a successful drug in addition to reducing the

time required. Often, these models can be enacted more cheaply than (some) traditional

experiments, while also providing certain types of data that are unattainable in a

conventional lab across physical, temporal, and biological scales.33 The stages of drug

discovery to which computational chemistry techniques are applicable range from hit

discovery using virtual libraries and machine learning for chemical space exploration,34 to

rigorous physics simulations of protein-ligand structures in a physiological environment

that give free energies of binding for lead optimisation.35 Simulations of this type are

referred to as in silico experiments and can rival wet experiments for accuracy,36 and in

some cases can even refine traditional experimental results.37

The origins of computational chemistry interrogating condensed matter systems can be

traced to 1957, with the time-dependant simulation of a monoatomic gas as hard spheres.38

Modern incarnations of these simulations are referred to as Molecular Dynamics (MD)

and are composed of complex non-rigid molecules that utilise experimental or quantum

data to create classical 3D models of biomolecular systems.

The subsequent ubiquity of computing power since the dawn of computational science

has led to a proliferation of computational chemistry research, which has been exploited

to achieve impressive feats like simulating entire cells,39 or reaching microsecond time

scales for large condensed matter systems.40 The field has gone from a niche academic

interest to an integral part of both academic and industry toolkits. MD has even been

utilised in distributed computing projects involving the general public, with efforts like

the COVID Moonshot project using the PCs of volunteers to run molecular dynamics

simulations in order to design an inhibitor for COVID-19’s main protease.19 In addition to

changes due to a raw increase in the computing power available, advancements in machine

learning (ML) and artificial intelligence (AI) in recent years have caused a paradigm shift

in modern computational science. These advances allow the training of models that can

predict various properties that are traditionally expensive to compute, such as quantum

mechanical energies, kinetics and emergent behaviours of macroscopic systems.41 Creating

more accurate models, especially those that generalise outside the training data used to

create them, is the next challenge for the field and is a primary focus that will hopefully

enable the avoidance of calculations that are currently prohibitively expensive for use in

domains they would otherwise be applicable to.42
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2.1 Theory of Drug Binding

A deeper understanding of molecules and the mechanisms behind their action in the body

allows us to enact rational strategies to design therapeutic compounds that are extremely

potent, selective in what they bind to and non-toxic. With that said, it is surprising how

the best examples of drugs we have are irrationally self-created with no knowledge of any

medicinal chemistry whatsoever. These are the drugs found in nature, so called ‘natural

products’, which exhibit some of the most astounding properties,43 with some still even

being beyond the scope of modern synthetic chemistry.44 These are the substances our

ancestors extracted from the living world around them, many of which are still used today,

or are the origin of the most ubiquitous medicines we have (aspirin is derived from salycilic

acid contained within the bark of the willow tree, and penicillin was discovered when it

was serendipitously observed that Penicillium Rubens had anti-bacterial properties)45,46

and natural products have afforded us unique drugs that would have almost certainly not

been discovered otherwise.

A ligand binding to a target is not a single process. It is best understood by

viewing ligand binding not as an association but as an exchange.47 Everything exists in

equilibrium, and ligand association is analogous to other equilibria like sugar cyclisation

and keto-enol tautomerisation. For a general association reaction between a protein, P ,

and a ligand, L

P + L ⇀↽ PL (1)

where the equilibrium constant, known as the association constant KA, is defined as

KA =
[PL]

[P ][L]
(2)

the inverse of this constant, called the dissociation constant KD, shares the same unit

as concentration, and this characteristic makes KD physically and chemically significant

KD =
1

KA

=
[P ][L]

[PL]
(3)

and the Gibbs free energy change of the reaction ∆G is given by

∆G = −RT lnKA = RT lnKD (4)

where R is the molar gas constant (≈ 8.314 J K−1mol−1) and T is the temperature

(typically 298.15 K or 25 ◦C). The position of this equilibrium is dictated by the free

energy change associated with the process (the weighted probability a microstate will

occur), so understanding factors that determine the free energy change like electrostatic
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interactions, orbital interactions and entropy changes due to the ligand’s conformational

rigidity upon binding (or the reverse effect of a ligand on the conformation of a protein)

dictate how much of a ligand is bound at any one time (at a particular concentration).

The most obvious change upon complexation is the formation of hydrogen bonds,

which are responsible for the stabilisation of the 3D structure in all biological

macromolecules.48 One goal of rational drug design is to form as many of these polar

interactions as possible, by pairing up donors to acceptors, increasing not only affinity

but specificity. This is achieved by taking advantage of the fact these interactions are less

likely to be formed in other binding sites due to the idiosyncratic geometrical restraints

required.49 Polar interactions are not the only contribution to binding affinity and in

many cases are of secondary importance, with non-polar and hydrophobic effects known

to dictate affinity, modulating it by orders of magnitude.50

If equilibrium (under physiological conditions) favours the bound state, which is

essentially a proxy of therapeutic activity, then less of the drug will be required to

achieve the same effect, reducing the likelihood of toxicity and side effects. An example

highlighting the complexities of rational drug design is the impact of optimisation on

solubility. Even small structural modifications to a ligand, intended to improve its affinity

for a specific target, can produce unexpected and adverse effects elsewhere. A salient

example of this is a series of acyclic secondary amides, where the addition of a hydrophobic

methyl group surprisingly increased solubility in the homogenous series. This phenomenon

can be explained by the dependence of the solubility on the equilibrium between the

solid and solvated phases. Although the methyl group reduced the solvation, it had an

even greater destabilising effect on the solid state, ultimately leading to improved overall

solubility.51 Cases like these serve as evidence of how altering structure, even slightly,

can lead to surprising outcomes - and the pitfalls that await those who partake in drug

discovery.

2.1.1 Water

Water is the solvent of life, and has an important part to play in every biochemical process.

For a ligand to bind to a protein, it must first be desolvated as part of a thermodynamic

cycle52 (a way of quantifying how changes in ligand structure or receptor environment

influence binding by breaking the process into intermediate steps, each with a calculable

free energy contribution, the sum of which equals zero, Figure 2) so that the ligand can

interact with the receptor and the water molecules occupying the prospective binding can

be displaced (even in the absence of any bound ligand, water fills voids in the protein that

would otherwise be vacant.53).

In protein-ligand complexes water’s role is multifaceted, it can either be displaced

upon binding or perform a structural role which contributes to the protein’s 3D structure,
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Figure 2: A non-physical scheme of an alchemical thermodynamic cycle used to obtain
the relative binding free energies for two different, but homologous, ligands A and
B (shown in orange and grey, respectively). The relative difference in binding free
energy (∆∆Gbind,A→B = ∆Gbind,B -∆Gbind,A) can be computed as a difference between
two alchemical transformations, ∆Gbound - ∆Gunbound, where ∆Gbound is the free energy
difference for the transformation A → B in the receptor and ∆Gunbound is the free energy
difference for the solvation for the transformation A → B in water.

almost indistinguishable from that of amino acids.53 Water is the ultimate cause of an

indirect force that favours binding, the hydrophobic effect. This effect is commonly

understood as a disfavouring of polar moieties being mixed with non-polar for entropic

reasons. This is the ‘iceberg formation’ model proposed in 1945,54 and according to

this model a subset of water molecules closest to the solute adopt an ‘ice-like’ structure,

forming a pseudocrystalline cage around the hydrophobe. This model purportedly

explains the changes in entropy, enthalpy, and specific heat capacity that characterise

the transfer of nonpolar solutes into water and consequent increase in binding affinity.

This effect is highly non-specific however, and will increase the affinty of a ligand

for all receptors in the body, rendering it an ineffective strategy in general. Even

without considering the effect such modifications would have on the PK/ADMET

(pharmacokinetics/absorption, distribution, metabolism, excretion, toxicology) profile

of the molecule. Modern interpretations of this effect ascribe the volume of exclusion

of the solute as the principal cause of the entropy change, not the slight alteration

of translational and re-orientational dynamics of the solvation shell in contact with

hydrophobic groups.55

Water can also serve as a mediator of polar bonds between a ligand and its receptor,

allowing the formation of interactions that could not be made otherwise. Water’s

amphoteric nature can also be exploited in this way, a simple rotation of a single water
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molecule can create ‘nanobuffers’ in a binding pocket which sensitively control the pH of

whatever they are interacting with.56 Non-structural waters that are not functioning as

a conduit for interactions are prone to be displaced by a ligand, and these labile waters

can contribute significantly to the free energy of binding due to the increase in entropy

upon release into the bulk solvent.57 However entropy gain is bounded, with structural

waters being unable to have an entropy change larger than that of ice melting, since the

water-protein complex is less ordered relative to that of ice.58 The overall enthalpic and

entropic contributions of a water molecule to the free energy of binding are difficult to

predict, as the individual sign of their contribution can be either positive or negative,

resulting in six possible permutations of their individual effects, again demonstrating the

varied nature of water in the context of protein-ligand complexes.

These waters and the interactions they form are not solitary, and often form a whole

network of interactions between themselves and the receptor/ligand. If this network is

disrupted (even without directly impacting protein-ligand contacts) the binding affinity

can be diminished by a factor of up to 103 (and in other cases it is not associated with an

increase in affinity whatsoever).52 Water’s effects are not limited to entropy contributions

or bonded interactions however, with electronic effects also playing a key role on account

of its high dielectric permittivity (ϵ = 80), modulating charge interactions in proteins and

even altering the pH within an active site itself, due to the local environment (where ϵ is

much lower than the bulk solvent, and can effect the pH by as much as 3 units).59

2.2 Cheminformatics

It was noted in 1899 by Hans Horst Meyer that the lipophilicity (a molecule’s ability to

dissolve in non-polar solvents) of a compound correlated with its efficacy as an anaesthetic,

this being the first time the physical properties of a compound were unambiguously and

quantitatively linked to a desired therapeutic effect, was the birth of cheminformatics and

rational drug discovery.60

Cheminformatics focuses on leveraging chemical information—such as molecular

structure and physicochemical properties—to identify relationships between molecular

features, termed descriptors (Section 2.2.1), and activity data, whether experimental

or in silico. These relationships enable predictions of properties such as drug-likeness

(Section 2.2.4), the presence of undesirable structural elements (Section 2.2.2), and

toxicological profiles (Section 2.2.3).

2.2.1 Descriptors

Descriptors are quantities estimated with a heuristic or parametrised approach that

characterise molecules, and are widely used in cheminformatics. Translating an arbitrary
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chemical structure to that of a set of numbers is useful for many machine learning and

cheminformatics tasks, such as solubility prediction or quantitative structure-activity

relationship (QSAR) modelling, a method that relates chemical structures to their

biological activities using mathematical models e.g. linear regression.61 These descriptors

can represent structural, physiochemical or even geometric properties and can be as

simple as ’total molecular weight’ (MW) or ’fraction of sp3 carbons’ (useful since these

molecules tend to be flexible and oily). More complicated descriptors can be derived from

parametrised equations such as c logP which is essentially the sum of the contribution

of non-overlapping fragments to the molecules overall solubility. Electronic quantities

can be calculated via Gasteiger partial charges,62 and geometrical properties can be

calculated via conformer embedding schemes such as ETKDG (Experimental-Torsion

Distance Geometry with basic Knowledge, the main conformer generation algorithm

used in RDKit - see section 3.3.4). Once a molecule has been embedded, quantities such

as moments of inertia or radius of gyration can be easily determined.

There are many standard sets of descriptors which are readily accessible, for example

the vast array of (over 200) that are present in RDKit. A superset of these descriptors

are Mordred descriptors,63 which contains over 1800 different properties.

2.2.2 Rule of 5 (Ro5)

Despite the ferocious complexity of drug discovery, some simple heuristics are regularly

used as tools to aid the development of new treatments. A famous example is Lipinski’s

’rule of five’64, originally inspired by the observation that only a fraction of approved US

drugs violate two or more an acceptable range criteria for a select set of properties. These

properties can capture complicated parameters to an acceptable degree of accuracy with

readily calculated numerical values, such as: molecular weight (MWt) for physical size,

hydrogen bond donors (HBD) and acceptors (HBA) for propensity for polar interaction,

and calculated lipophilicity (c logP ) for lipophilicity. Each of these quantities has an

upper limit beyond which is considered undesirable (MWt >500, HBD >5, HBA >10

and c logP >5), although combinations of different violations can hover around 10 % in

FDA approved drugs).65 Exceedingly large values for these metrics are not typically seen

in drugs due to the effect they have on key factors such as solubility, permeability and

promiscuity. For example, the more HBDs a ligand possesses, the more likely it is to

form unwanted interactions with (and subsequently show affinity for) off-target receptors

in the body. Molecular weight is taken to be a surrogate for a combination of other

properties that correlate with size such as lipophilicity, and the number of rotable bonds

is generally used as a proxy for the degree of flexibility of a ligand, which can be liable

to induce significant entropy loss upon complexation, disfavouring binding.66 Models like

these are obviously too simple to be used without caution, and efforts have been made to
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move ‘beyond’ these prototypical rules.67 Nevertheless these rules have utility as filters,

especially for extreme values like in the case of controlling aqueous solubility; solubility of

a drug is not a requirement for efficacy, however, with Ibuprofen being sparingly soluble in

water (0.02 mg/ml) but fully bound to albumin and various other plasma proteins which

distribute the drug around the body.68

2.2.3 Absorption Distribution Metabolism Excretion Toxicology (ADMET)

A drug that cannot be absorbed by or is toxic to the body is of no use, regardless

of how potent an inhibitor it may be. The ability to optimise pharmacodynamics

and pharmacokinetics is achieved by tuning a compound’s Absorption, Distribution,

Metabolism, Excretion and Toxicology (ADMET), and is a significant focus of later

stages of drug development, as well as a sieve for promising compounds entering clinical

trials. This challenging multi-parameter optimisation problem causes a ’valley of death’

where 80% to 90% of research projects fail before they are ever tested in humans, and

for every drug that gains FDA approval there were on the order of 103 failures.69

Once oral treatments are administered, absorption typically occurs via the small

intestinal epithelium and occurs readily for lipophilic molecules, with peak absorbance

observed for compounds with a ClogP between 4 and 5.70 Hydrophilic molecules can still

pass through, but must do so through aqueous pores that cover < 1% of the intestinal

surface71, highlighting the need for tuning lipophilicity to assure good absorbance by the

body. This tuning can generally be achieved by replacing polar moieties with non-polar

ones, based on their ClogP values (which have generally been shown to be accurate to

within an order of magnitude).72 The ability to predict pKa values of ionisable groups

is another important facet of adjusting permeability, due to charged compounds at

physiological pH generally being unable to diffuse through membranes and requiring

active transport to access a cell’s interior.70

The most basic approach to tuning toxicological properties is to create a substructure

filter with known toxic moieties (for example, epoxides are known to cause mutagenicity

and thiophenes are hepatotoxic)73. Promiscuous functional groups that interfere with

assays, giving false positives or generally invalidating assays, are routinely included in

such filters. These substructures are termed Pan-Assay Interference compounds (PAINS),

a group of 480 substructures known to invalidate assays via a whole host of mechanisms

such as: reactivity with biological and bioassay nucleophiles such as thiols and amines;

photoreactivity with any protein functionality; physicochemical; redox cycling and redox

activity; micelle formation, or having photochromic properties that might interfere with

absorption and fluorescence.74 It is of note that the original (protein-protein) assays

used to design PAINS filters were performed at rather high concentrations (50 µM)

and so it should be expected that any errant behaviour would be less likely under more
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typical drug concentrations found in vivo.75 This fact helps explain why there are > 80

approved drugs containing such groups (∼ 5 % of FDA approved drugs contain at least one

PAINS substructure). The ability of these simple observational filters (with no consistent

ontology) to identify false positives, whilst being able to not preclude true positives has

been criticised and has lead to the introduction of more sophisticated methods that go

beyond simple substructure queries, translating filters into more general SMARTS strings,

and employing refinement using larger databases,76 as well as incorporating machine

learning classification techniques.77

As always, there is a trade-off between accuracy and complexity, with simple models

being fast and highly accurate for smaller and more mundane molecules, but are often

wildly inaccurate for both larger and exotic species. Recently, there have been attempts

to tackle more complicated compounds by training specific machine learning models that

cater to bespoke applications, which are not amenable to generic approaches.78

2.2.4 Quantitative Estimate of Druglikeness (QED)

Assessing whether or not a particular molecule possesses a structure that could plausibly

be a drug, as opposed to a structure that is optimising some scoring function is a

key question in CADD. It is a particular worry with the perennial use of generative

machine learning models, which are known to generate structures of questionable validity

(analogous to the problem of large-language models (LLMs) ‘hallucinating’). Quantitative

Estimates of Druglikeness (QED) have been concocted using empirical distributions of

molecular properties and are especially useful in filtering vast libraries of compounds

ensuring time is not spent evaluating unlikely candidates that could never exist anyway.

A simple number that can be associated with the beauty of a drug was first introduced

by Harrington.79

QED = exp

(
1

n

n∑
i=1

ln(di)

)
(5)

where di is a desirability function for a property. The modern implementation is taken as

a geometric mean of arbitrary individual functions designed to represent the distribution

of properties for 771 approved drugs from the DrugStore database.80

2.3 High Throughput Screening (HTS) and Virtual Libraries

(VL)

Drug discovery is driven by testing molecules, which has the prerequisite of choosing the

molecules that are to be tested. Various commercial libraries exist for this purpose, but

are intractably large for practical use. Therefore, being able to extract useful subsets
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(such as molecules that are similar to a query based on some similarity metric — for

example, molecules similar to a known or predicted inhibitor) is of interest.

The rise of on-demand and combinatorial chemistry (the combination of a smaller

number of simple building blocks to form a larger library) in recent years has seen a

dramatic increase in the size of the libraries that are available. An example is Enamine

REAL which currently has approximately 9.6 billion compounds available for purchase

(see Chapter 5).81 This increase in readily accessible screening compounds, along with the

exponential increase in computing power, means that larger and more efficacious virtual in

silico libraries (VL) can be made. VLs are databases of molecules about which predictions

of activity (such as biological or chemical interactions, pharmacological effects, or material

properties) are generated through in silico methods like docking, QSAR modelling or

virtual screening. These can be utilised in conjunction with traditional libraries to increase

the efficacy of high-throughput methods, with both HTS (high throughput screening) -

where a library of 103 to 106 compounds is screened using an activity assay against a target

in an automated fashion - and VLs are a routine part of a drug discovery campaign.25

Although large datasets are a promising trove of experimental data, a drawback

of utilising these large chemical datasets (especially those that are experimentally

annotated) is that, if the chemical landscape contained within is formed by collating

different experiments together, there can be a remarkable deleterious effect on the quality

of any model built from such a training set. This is due to methodological differences in

the experiments, or even human error.82 This amalgamation is an essentially unavoidable

fact of life for large datasets. For example, in the CHEMBL database more than

two thirds of the datasets have less than 10 distinct compounds (60,000 of 85,000,

as of 2024). There are numerous examples of low correlation coefficients from assays

performed in different experiments, for identical compounds (in one case for 1400 assays

of 38,000 compounds, as low as 0.3, with the apparent inter-experimental noise not even

particularly ameliorated with significant levels of curation).82

2.3.1 Synthetic Access

Once promising hits for a target are established, and the process of optimising them into

lead compounds is well underway, molecules are generally no longer available from on-

demand libraries. Having the capability of adjudicating how feasible predicted structures

are to synthesise allows prioritisation and, therefore, minimisation of the time and effort

required for a discovery campaign.

Various approaches have been developed to assign predicted scores of synthetic

accessibility (SA). One tactic is to use the complexity of the molecule as a proxy for

the difficulty of the synthesis, with specific unfavourable groups incurring a penalty,

e.g. non-standard fused rings.83 The SA implemented in RDKit84 utilises a library of
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common fragments derived from a curated subset of PubChem (∼ 930,000) with scores of

common fragments scored with positive values and atypical fragments scored negatively.

This approach relies on the assumption that the frequency has a causal relationship with

synthetic tractability, which can be erroneous due to bias in the dataset. For example,

the distribution of fragments used to create the scoring function was skewed, and only

<1 % of the fragments were present more than 1000 times, and so a large portion of seen

fragments are still relatively rare and potentially difficult to synthesise.83 An alternative

to the scoring approach is retrosynthetic planning, first implemented computationally in

the late 60s85 using a PDP-1 to present graphical representation of 3D structures, based

on a pruned ‘tree’ of transformations (similar to the aforementioned method, a naive

scoring system was manually devised to reduce the number of possible routes). The

specific techniques and implementations of the fundamental ideas behind retro-synthetic

planning have become more sophisticated, but the idea itself is very much the same since

it was first conceived. First, create a list of possible synthetic routes that is as small as

possible, then efficiently search the tree and assign priorities to different paths. Modern

approaches have utilised neural networks as a replacement of handcrafted rules in the

prioritisation of fragmentation of molecules to explore synthetic routes, and Monte Carlo

methods have been deployed for searching the resulting tree, allowing the creation of

retrosynthetic routes for thousands of molecules within a matter of hours.86

Although strides have been made in the prediction of synthetic accessibility (SA)

scores, it remains a challenging problem. Solutions often fail to be found due to the

commercial availability of reagents and the complexity of the molecules to be synthesised.

Even when a route is found, it is not a necessary nor sufficient condition for it actually

existing.86 This is an issue in particular for de novo molecules designed via newer

generative machine learning models, which do not learn the specifics of the underlying

chemistry, which when they generate molecules are known to give impossible structures,

in addition to those that cannot be synthesised.87 Being able to integrate a metric that

accurately captures the likelihood of a molecule actually being able to be created is a key

part of harnessing these models and advancing in silico techniques in general.

2.4 Structure Based Drug Design (SBDD)

The structure of a protein gives insights into how it functions as well as how ligands bind.

It is also a source of information that can be exploited to inform what modifications to

these ligands should be made based on information acquired from various experimental

techniques such as X-ray crystallography, Cryo-EM and NMR.88,89 Solved structures of

proteins (typically with a ligand, over 10% of the Protein Data Bank (PDB) database is

a protein-ligand complex)90 are the bedrock of SBDD, they give a detailed 3D look into



2.4 Structure Based Drug Design (SBDD) 14

a protein’s active site and ligand binding mode which can elucidate key interactions that

are essential for a drugs high affinity for its target.

The scale of SBDD has increased with the availability of high-quality crystal

structures, driven by the accessibility of infrastructure such as the UK’s national

synchotron (Diamond Light Source, built in 2001) which has the capacity to generate

a large quantity of X-ray diffraction data. This increased availability of protein

crystallography is a global trend, with the number of structures available in the PDB

increasing by over 40% in the past few years.91

Crystal structures are not a panacea, however, and are only able to provide a static,

time-averaged picture of what is a complex and dynamic object.89 X-ray crystal structures

are, as the name suggests, created from proteins that are in a crystal lattice which can

have impacts on binding — for example, if the active site is blocked by symmetry mates

(adjacent proteins in the crystal).92 These crystal contacts are not typically strong in the

context of biomolecular interactions but have been shown to bias towards higher-energy

conformations of proteins.93 Collection of X-ray diffraction data requires cooling (typically

to ∼ 100K), and this non-physiological temperature can affect the protein’s structure by

reducing thermal motion as well as biasing against more flexible conformations.89

There are alternatives to X-ray crystallography (Figure 3), with the second most

popular technique (by PDB submissions) being Cryo-EM. Cryo-EM uses 2D images

of a (macromolecular) target which is frozen in vitrified ice. Images are created from

transmitted electrons, and from these images a 3D model can be reconstructed. This

method can give higher resolution structures than aforementioned X-ray crystallography

techniques, but has known limitations when used for SBDD, such as mediocre throughput,

poor resolution of solvent-accessible areas, and requiring prior knowledge when fitting

small ligands into Cryo-EM maps.94 Small proteins can be especially difficult to image,

and so larger molecules and complexes are favoured for cryo-EM imaging.88

Even if perfectly accurate protein structures could be attained, there may even be

uncertainty about the exact nature of the structure in vivo, since the structures of

proteins are controlled at the transcriptional, translational, and post-translational level95

- meaning that there are various similar, but not identical - versions of a protein all

created from the same coding gene. These are called proteoforms, and increase the

functional capacity of a cell.96 Having the structure of a single proteoform therefore, can

be insufficient for designing inhibitors if multiple proteoforms are integral to the particular

cellular process that is to be disrupted.

SBDD can be accelerated with the use of high-quality chemical probes that allow

specific mechanistic hypotheses to be tested by modulating biomolecular targets, assuring

the validity of any assays that are ran.97 Chemical probes are molecules that offer high

potency and specificity to a given target without PAINS, and are a known result that
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Figure 3: Various methods of protein structure determination used in structure-based
drug discovery. a) X-ray electron density, with fitted amino acid residues for a portion of
myoglobin (PDB: 2NRL), b) NMR ensemble of human ubiquitin1, c) Cryo-EM structure
of a bacterial ribosome, with common landmarks/domains labelled.

can help identify false positives/negatives. For a given target there should ideally be

multiple probes which have mutually orthogonal chemotypes, and having access to

effective chemical probes is a key factor in proliferating research for a particular target

by facilitating reliable experimentation.

Not all of the human proteome has been explored (genome sequence alone does

not provide sufficient information due to post-translational modification of proteins e.g.

glycosation/phosphorylation98) with a significant portion being Intrinsically Disordered

Proteins/Regions (IDPs/IDRs) which have no stable tertiary structure in their unbound

form.99 These proteins obviously pose challenges for X-ray crystallography and form part

of the ‘dark’ proteome that is inaccessible to classical SBDD techniques.100

2.4.1 Fragment-based Screening

One method of finding binding pockets is by using a small library of fragments, typically

satisfying Lipinkski’s rules and containing an assortment of phamocophoric features and

geometric diversity. This fragment-based approach is relatively recent, with its first FDA

approved drug, Vemurafenib (a cancer growth blocker) being approved in 2011.101

Small fragments are preferable because of their ability to combinatorially cover

chemical space. High-quality library designs are needed and the breadth and complexity
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of the chemical space that is spanned is seen as the primary cause of their efficacy.25

The aim is for these small fragments to have significant coverage of a target’s binding

site, as well as exhibiting different binding modes for same interactions (for example in a

different orientation) known as ‘pharmacophore doublets’. However, fragment screening

is not straightforward, as fragments typically exhibit low binding affinity. Consequently,

these fragments must be screened at elevated concentrations using highly sensitive

biophysical techniques like NMR, X-ray crystallography, isothermal titration calorimetry,

and protein thermal shift assay.102 They are often difficult to resolve in electron density

maps obtained from X-ray crystallography, and can also be easily confused with ordered

solvent molecules.103

Once structures have been solved, the binding site that is (hopefully) saturated with

fragments can be used as a starting point for a SBDD campaign. These screens provide

information for initial strategies such as merging fragments that have adjacent binding

modes or defining a pharmocophore map of the binding site.

A specific example of this approach is Fraglites,103 a library of 31 fragments specifically

containing combinations of donor-acceptor and acceptor-acceptor doublets connected by

1-5 atoms. To remedy the aforementioned problems of resolution, the fragments were

halogenated with heavier (and therefore easier to resolve) Bromine or Iodine atoms.

Fraglites have successfully been used to map cyclin-dependent kinase 2 (CDK2) and has

identified orthosteric and allosteric sites.104

2.4.2 Fragment Growing

Fragment growing involves building up a ligand starting from an initial low potency (µM -

mM) scaffold positioned in a binding site. This can be done computationally, for example,

with the de novo fragment growing software LigBuilder.105 In LigBuilder, growing is

usually performed by iterative hydrogen replacement until the ligand has reached a desired

size, a maximum number atoms has been added, or there is no space for further growth.

Growth is implemented via a genetic algorithm that uses the best scoring 10 % of the

population as a parent for further grown, as scored by an empirical scoring function, all

performed in a pre-defined binding pocket. LigBuilder also incorporates retrosynthetic

analysis to suggest synthetically accessible ligands, ensuring that the structure can be

created from readily available commercial precursors.

There are drawbacks to the fragment growing approach, however. If the active site is

relatively large and the goal is for a ligand to bind to two sub-pockets that are far apart,

it can be difficult to grow a ligand between them since there is poor interaction in the

intermediate space.106 A limitation of fragment growing is that it assumes a static protein

structure, which is not always accurate. This approach overlooks cryptic pockets—binding

sites that only become accessible upon ligand binding—thereby limiting the identification
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Figure 4: An example of two R groups added to a furan ring core with FEgrow. a)
carbon linker, N-Methylacetamide R group; b) phenyl linker, formamide R group. R
groups shown in purple, with linkers shown in orange. There are in excess of 1 million
possible linker/R group combinations, which can be added to replace either a methyl
group or a hydrogen.

of potentially crucial interaction sites.

There are relatively few open-source fragment growing tools, but one example is

OpenGrowth107 (noting that LigBuilder is free but closed-source). OpenGrowth again

utilises an iterative growth method to produce hundreds of thousands of potential

structures, and then applies search criteria to sort them. Fragment growth is achieved by

successively replacing hydrogens, creating a bond between the new moiety and the atom

that the removed hydrogen was connected to (adjusting bond length for hybridisation

of the two atoms involved in the new bond). The choice of fragments to join is based

on their frequency of occurrence in a chemical database (ChEMBL), so the generated

fragments will be of similar character to the initial database structures. A ”3-mer” screen

is also implemented, allowing exclusion of specific combinations of three fragments.

To incorporate dynamic information, the ligand can be grown in multiple protein

conformations simultaneously. The ligand can be scored with respect to them all using its

empirical scoring function, which is derived from the observed frequencies of atom-atom

contacts from a curated dataset of protein-ligand complexes, a notable drawback of this

empirical scoring function is that it fails to properly account for quantum mechanical

effects.108

Another example of iterative fragment growing is FragPELE,109 which uses stochastic

(Monte Carlo) methods in a parallel fashion for improved sampling, as well as employing

a flexible binding site — reducing steric clashes — to generate de novo molecules. Monte

Carlo (MC) steps have three stages: perturbation (e.g. ligand rotation), re-positioning

of side chains after perturbation, and final relaxation of the structure. Once a fragment

is grown, a longer MC simulation with an emphasis on side-chain sampling is used to

score the ligand. This method achieved good agreement with respect to crystallographic
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data and the approach attains similar results to FEP+ (Schrödinger’s proprietary, free

energy perturbation software). This approach is computationally expensive however,

and FragPELE takes on the order of 1h per fragment on 48 Intel Xeon Platinum 8160

processors.

Recently,110 machine learning was implemented to produce designed multi target

ligands (DML) which inhibit two similar hydrolases, the inhibition of which has been

associated with anti-inflammatory effects.111 Both structure-based and ligand-based

approaches were implemented, with the structure-based approach utilising the MOE

(Molecular Operating Environment) docking software suite. From a starting fragment,

ligands were generated with a random forest approach and encoded using various

molecular fingerprint tools.112 113 This approach generated 116 ligands, of which 11 leads

were cherry-picked using criteria such as synthetic availability or solubility. Although

novel inhibitors were successfully generated, human expertise was still required to whittle

down the potential candidates and this approach mandated a large number of known

active ligands for two similar active sites.

2.4.3 Fragment Linking

Fragments can also be optimised by linking together two (or more) hits in the active

site. Fragment binding when linked is typically greater than the sum of their parts,

termed ‘superadditivity’, and is often seen with the combination of polar and non-polar

fragment interactions.114 This is rationalised by expecting polar fragments to suffer a

large desolvation penalty, which is offset by the complementary hydrophobic fragment.115

A tempting starting point for linking is to combine fragments together with alkyl chains

and, indeed, this has produced high-affinity ligands.116 Functional groups should be

strategically added to the linker though, in order to exploit interactions with the protein

and increase affinity. Databases have also been heavily utilised in order to find appropriate

linkers either by combinatorial slicing of bonds117 or de novo generation via genetic

algorithms.118 Database methods have the distinct limitation of not incorporating any

initial 3D information in the search, which affects the ability of the method to maintain

binding poses, since they have strong spatial constraints.

Fragments can also be linked using virtual coupling. AutoCouple119 is an in silico

coupling method that can generate libraries of molecules that can be synthesised, ideally,

in one step while filtering for undesired functional groups. Virtual compounds are scored

using the open-source rDock120 and poses obtained were minimised using CHARMM121

and the CHARMM36/CGenFF force field122. Using this diversity oriented approach,

novel nM potent and cell-permeable inhibitors were generated.

Machine learning approaches to fragment linking have been used to generate SMILES,

or graph representations of linkers, allowing a greater set of novel and diverse ligands
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versus using database methods. 3D information can be incorporated in the generation

of linkers (for example with DeLinker) where the relative positions and orientations

of fragments are utilised to minimise RMSD (root mean squared displacement) of

the generated compounds relative to the starting structure.123 This graph-based deep

generative model generates novel linkers that outperform database methods with respect

to retaining 3D similarity, especially with linkers that have at least 5 atoms and

DeLinker can be applied scaffold hopping as well as fragment linking design tasks. After

training, the model has implicit knowledge of the 3D structural information of the

initial fragments, but no structural information of the binding site is incorporated in

the generation of ligands. Building on DeLinker, 3D pharmacophore information was

incorporated using DEVELOP (DEep Vision-Enhanced Lead OPtimisation) to try and

address this deficiency.124

There are also 2D machine learning approaches. The open-source utility SyntaLinker

approaches the task of fragment linking as a natural language processing problem.125 This

approach divides the ChEMBL database into terminal fragments and linkers, and then

trains deep conditional transformer neural networks to learn syntactic patterns in the

SMILES strings that link fragments together. This method can generate a large number

of novel linkers, as well as implement length and pharmacophore constraints. This 2D

approach even surpassed DeLinker in terms of top RMSD values and linker novelty (Synta-

Linker achieved a top RMSD of 1 Å vs 2.5 Å for Delinker, and produced 20% more novel

compounds without losing recovery).

Given the importance of attaining the correct binding mode for de novo drug discovery,

for example via docking, it is prudent to be able to validate a given predicted pose.

Many similar tools exist for simple geometrical and chemical checks,126–128 PoseBusters

combines both types of validity checks and is designed as a test suite crafted to detect

chemically inconsistent and physically implausible ligand configurations produced by

protein-ligand docking and molecular generation (e.g. diffusion models129) techniques,

as well as benchmark them. Currently, no deep learning-based docking method exceeds

the performance of standard docking methods when both the physical plausibility and

binding mode RMSD are considered. When assessing docking tools, it is crucial to

consider physical plausibility. It is possible to attain excellent RMSD scores, yet propose

ligand poses that are physically unreasonable. Although metrics like root mean square

displacement can yield seemingly laudable scores, they have the potential to produce

unrealistic and inaccurate conformations. Due to the inadequacy of straightforward

metrics such as RMSD, alternative methods involving energetic or steric calculations

should be considered. PoseBusters takes into account not only stereochemistry and both

intra- and intermolecular geometry but also protein-ligand clashes.
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2.5 Ligand Based Drug Design (LBDD)

In the absence of available structural (3D) information, the design of de novo ligands must

be done by using the chemical and physical properties of the ligands themselves, combined

with assay data to evaluate their effectiveness. This approach is referred to as Ligand

Based Drug Design (LBDD). An indispensible tool for LBDD is Quantitative Structure

Activity Relationship (QSAR), defined as using chemical data analysis to map empirical

relationships between the structure of a ligand (shape, moieties, number of rotable bonds,

etc) and IC50/Ki. This is done by testing various functional groups, substructures and/or

linkers to glean information about the relative importance of their contributions to affinity

in a rational manner.130

One specific example of a QSAR methodology is that of Free Wilson analysis131, one

of the first attempts to mathematically formalise the impact that certain substructures

have, for a series of analogues. This R group (an R group is the typical way to abbreviate

the structures of molecules, and here is used to mean an arbitrary functional group

that is added to a molecule) decomposition method has the benefit of being simple and

interpretable due to the clear relationship between the presence/absence of groups and

the activity of the compound. Though Free-Wilson analysis is limited to predictions

that are within the scope of the initial set of molecules used.132 Hansch et al. devised a

similar approach which incorporated physiochemical properties such as the octonol-water

partition (which is a method of estimating lipophilicity via solubilities of non-polar solutes

in solvent and itself is not without problems, specifically the neglecting of hydrogen bond

donor effects) coefficient and other parameters to an equation to be fit to data creating

a predictive model. The aforementioned parameters must be available (or be amenable

to calculation) and are often simple quantities that are merely proxies for underlying

effects and do not reflect the complexities of what is actually contributing to binding -

so causality can be tricky to establish due to the possibility of confounding parameters

correlating with another unknown but causative variable.133

One challenge to QSAR lead development is the frequently non-linear relationship

between a ligand’s structure and its activity, the problem in general is a navigation

of high-dimensional activity landscapes composed of molecular representations and

activity data.134 It is commonly presumed that similar ligands (for some definition of

similar) will have similar activity, however this is usually too optimistic. Even a single

and relatively minor change, such as an inverted stereocentre, can have unpredictable

effects on affinity.135 While in simple and narrow regions of chemical space, the activity

landscape might resemble smooth rolling hills, where gradual changes in structure

result in similarly proportional effects to activity - this is not true in general, and large

discontinuities can occur, termed ‘activity cliffs’.136 These cliffs can be caused by a

difference of binding mode or the addition of large groups that no longer fit, or even
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disrupting water networks.52 An especially egregious occurrence to a QSAR model is

when an activity cliff is caused by a feature that is not captured by the molecular

representation being used, so molecules that are dissimilar and ought to be far away

in chemical space appear in adjacent regions, baffling any attempt at SAR.137 Cliffs

can be beneficial in early stages of a campaign though,138 providing a mechanism to

generate potent lead compounds from superficial hits, but are something to be avoided

in the latter stages - where more careful multi-parameter optimisation of phyisochemical

properties, whilst conserving important structural features, is needed.

LBDD campaigns have been characterised as a self avoiding walk through chemical

space, where the objective is to traverse novel areas that might afford potent binders,

whilst avoiding retracing through regions that have already explored (as defined by a

chemical similarity score e.g. molecular fingerprints).139 Ligand based approaches are

information sparse, and generally less computationally expensive but can suffer from

hazards arising from choices made in how to represent molecular data. Ultimately, the

task of molecular design is highly non-linear and dependant on factors that cannot be

easily modelled, even with structural information.

2.5.1 Representations of Molecules

There are various standard formats for chemical data; this standardisation enables a

broader ecosystem of CADD tools to function due to the interoperability that this

standardisation provides. However, decisions must be made regarding how chemical

structures are represented, depending on the stage of the drug discovery campaign and

the intended use of the information.

Firstly, there are simple string (1D) representations like Simplified Molecular Input

Line Entry System (SMILES), which encode molecules as chains of atoms and bond types

with predefined rules. This format can represent organic molecules, including isotopes,

radical species and charges (extensions exist that are used as the basis for ML/generative

approaches for de novo design with enhanced properties such as chemical robustness),140

but lack the ability to store 3D information, and so are incapable of modelling protein-

ligand complexes or conformational properties. SMILES (or images of 2D structures)

are used as the typical human-readable format, with more complete 3D representations

(like the SDF format141) that contain full structural and topological information being

used for docking or molecular dynamics approaches (various representations of molecules

are shown in Figure 5). Less memory-intensive formats, suitable for use in similarity

searches of large databases and larger-scale virtual screening, include the most common

2D extended connectivity fingerprints (ECFPs).142

These fingerprints reduce the 2D structural complexity of a molecule to a single bit

vector (an array of 1s and 0s). Representing molecules as vectors in this way is amenable
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Figure 5: chromen-2-one. a) 1D SMILES representation, b) 2D skeletal structure, c) 3D
conformer with explicit hydrogens

to neural network methods due to the high-dimensionality of the data, and deep learning

has been shown to be effective in automatically identifying and prioritising salient features

for SAR.143 In addition to purely structural information, molecular descriptors can also

be calculated,63 such as partial charges, total polar surface area, counts of specific types

of functional groups, molecular weight, logP , and anything else easily quantifiable about

the molecule which can capture relevant physical properties. These quantities can be

utilised in conjunction with activity data to perform statistical analyses that can tease

out important structural features. Identifying trends in activities is easy enough for simple

structural changes and datasets containing a handful of molecules, but in the age of high-

throughput screening and large chemical datasets, interpreting compound data (that are

not-necessarily from a homologous series) can be challenging.144 A large change in activity

is useless for building a QSAR model if it involves too big of a structural change as it

obfuscates the causality between structure and activity. One way round this problem is

by identifying pairs of molecules in large datasets via Structure-Activity Landscape Index

(SALI) analysis, where any change in affinity is normalised by the similarity.145

2.5.2 Similarity

Comparing similarities between chemical structures can be done in various ways, but is

commonly done using the Tanimoto coefficient between fingerprints; a measure of how

many bits share in common between them, with vectors that are exactly the same scoring

1, and any given vector scoring 0 with its opposite (or XOR inverse). The Tanimoto

similarity coefficient T (A,B) between two binary fingerprints A and B is given by:

T (A,B) =
|A ∩B|

|A| + |B| − |A ∩B|

where A and B are bitvectors and ∩ is the intersection between them (all elements that

appear in both vectors).

Extracting features from a 2D graph and reducing them to a single bitvector comes

with an expected set of problems, most notably that of similar molecules not possessing

similar fingerprints. This is caused by artefacts in encoding (how the molecule is converted
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Figure 6: In creating an ECFP fingerprint, each non-hydrogen atom is assigned an
identifier, and those identifiers are iteratively combined with identifiers of neighbouring
atoms until a specified distance (diameter) is reached. Progressive iterations capture
circular neighbourhoods of increasing size around each atom, which are then encoded into
integer values via a hashing algorithm, which are collected into a list. A schematic of two
iterations of this procedure is shown, with distances of 0 and 1 in light and dark grey,
respectively.

to a binary representation) or by the representation itself.

If practical can be circumvented by using more sophisticated methods to capture

similarity, such as 3D shape-based methods which can perform better than 2D fingerprint

approaches in circumstances when molecules exhibit complex geometries.146 One such

shape-based method is Rapid Overlay of Chemical Structures (ROCS), which aims to

quantify the similarity between the volumes of two given molecules by calculating the

overlap between atom-centered gaussians.147 Previous issues notwithstanding, there is no

generally agreed upon threshold value for two vectors to be ’similar’ anyway, and so it

remains an inherently subjective endeavour (typical values for similarity thresholds are

generally > 0.6).82 Alternative 2D similarity methods, such as substructure similarity

approaches, are especially useful for performing matched molecular pair (MMP) analysis.

This technique focuses on finding substructures (subgraphs) that differ by a single group.

Assuming that the binding mode is identical, any disparity in affinity can then be

attributed to the structural changes between the molecules being analysed.

2.6 Experimental Assay Techniques

2.6.1 Fluorescence Polarization (FP) Assay

Fluorescence polarisation (FP) is an assay technique that measures changes in the

polarisation of light emitted by a small, fluorescently labelled molecule when it binds to
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a receptor. The degree of polarisation of the emitted light is inversely proportional to

the rotational mobility of the molecule.148 When a fluorescently labelled ligand binds

to a larger protein (typically >10 kDa), the rotational motion of the fluorophore is

constrained, as it must now move with the entire complex. Consequently, the emitted

light retains a significant degree of polarisation.149

Fluorescent labelling is achieved by covalently attaching a fluorophore to a small

molecule, often a peptide. The quality of the fluorophore, including its quantum yield,

extinction coefficient, and stability, is critical as these parameters determine the dynamic

range of the assay.

The modulation of rotation upon complexation enables the measurement of

interactions between small molecules and their target proteins.

1
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3
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RT

ηV
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Where FP is the observed polarisation, R is the universal gas constant, T is the absolute

temperature, η is the solution viscosity, FP0 is the intrinsic polarisation (polarisation

value in the absence of molecular rotation), V is the molar volume and τ is the lifetime

of the excited state of the fluorescence. The rotational correlation time θ for a molecule

FP is proportional to θ, given by

θ =
ηV

RT
(7)

To measure FP , a fluorescent sample is excited by polarised light and emission intensities

are collected from channels that are parallel and perpendicular to the electric vector of

the excitation light

FP =
I∥ − I⊥
I∥ + I⊥

(8)

where I∥ and I⊥ are the parallel and perpendicular emission intensities, respectively.

FP assays have become standard for high-throughput screens and drug discovery in

general and since it is carried out in solution, is nonradioactive and can be performed at

low volumes. It is also apt for high throughput screening, and has enabled assays that

can elucidate protein-peptide, protein–protein receptor-ligand, and protein-nucleic acid

interactions at scale.150

2.6.2 Surface Plasmon Resonance (SPR)

Surface plasmon resonance (SPR) is a quantitative and label-free assay technique that

employs an optical biosensor to measure molecular affinity and binding kinetics. It

offers significant advantages over techniques involving fluorescent labelling, most notabely

the labelling process itself, which can alter a ligand’s binding properties.151 Moreover,
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SPR provides direct measurements of binding constants and affinities without requiring

specialised reagents, such as fluorophores.

The core principle of SPR involves shining coherent light onto a surface comprising

a glass slide, a thin gold layer, and immobilised receptors (typically proteins). Under

conditions of total internal reflection — due to the disparity in refractive indices between

the glass and the analyte solution — incident light excite surface plasmons (oscillations of

free electrons, or electron density) on the metal layer, resulting in a measurable reduction

in reflected light intensity at a specific angle, known as the resonance angle, θresonance.
152

Figure 7: A monochromatic laser is directed at a thin metal surface, exciting surface
plasmons (oscillations of electron density) at a specific resonance angle. The reflected
light is monitored by a detector, which identifies a distinct intensity dip corresponding
to the resonance condition. As analytes, such as antigens, bind to immobilized receptors
(e.g., antibodies) on the surface, the added mass alters the local refractive index. This
change shifts the resonance angle, which is quantitatively recorded by the detector. The
magnitude of this shift is directly proportional to the analyte concentration, allowing
measurement of affinities for e.g. binding events.

When analytes flow across the receptor surface at a known concentration and rate,

their binding alters the refractive index near the surface. This change shifts the resonance

angle and the degree of this shift correlates quantitatively with analyte binding. The

incident photons transfer energy to the thin metal layer, generating a standing charge

density wave at the conductor-medium boundary. This wave, termed a surface plasmon

wave, is sensitive to changes such as ligand-receptor interactions.

SPR experiments typically begin with a baseline measurement under buffer flow.

Analytes are then introduced, allowing binding to reach equilibrium, followed by

dissociation where buffer flow is restored. Repeating the process at varying analyte

concentrations enables calculation of the binding constant, KD, between the receptor

and analyte.153

SPR can provide rapid assessment of compound binding, making it invaluable for in

vitro studies. It can determine metrics such as residence time, and can discern complex
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binding kinetics, including two-step binding mechanisms - which may be challenging

for less sensitive techniques. Although SPR cannot distinguish between agonists and

antagonists, its ability to detect binding events with high sensitivity makes it a popular

tool in FBDD, where smaller compounds with lower affinities are screened at high

throughput.154
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2.7 Summary

An overview of the theory and considerations for drug design has been given here, along

with the application of computational techniques. The rest of the thesis focuses on these

computational approaches in more detail, and their application to drug discovery projects.

These projects are primarily focused on SBDD, using X-ray crystal structures, physics-

based simulation and machine learning methods (Chapter 4 & 5), in combination with

database methods (Chapter 6) for de novo design.
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3 Theory

3.1 Computational Chemistry

Chemistry is the science of molecules, their potential energy surfaces as a function of their

nuclear coordinates, and the behaviour of collections of such molecules, including their

macroscopic properties. The application of physical and mathematical models to these

molecules via computers is the field of computational chemistry. Computational chemistry

enables simulated, in silico investigations of a ‘third’ kind (alongside theoretical and

experimental approaches). The distinction between experiment and computation is not

always clear however, especially when it comes to complex physical measurements, which

themselves either heavily utilise computation or are essentially, computers themselves

(e.g. nuclear magnetic resonance (NMR) spectrometers). This ambiguity arises because

the computational algorithms embedded within these instruments directly influence the

acquisition and interpretation of experimental data, blurring the line between computation

and experiment. The development of new computational science offers a different but

complementary form of investigation where models, theories, and experiments can be

tested simultaneously, provided a particular model can be expressed algorithmically.

Typically, computational science is focused on numerical and non-exact solutions, as many

systems in computational chemistry reduce to that of the generic many body problem

(similar problems exist in other fields, such as astronomy), and an inordinate amount

of time and energy has gone into addressing this one issue, in its many guises.155 156 In

general, no closed form solution exists for e.g. predicting the dynamics of more than

two interacting particles, and iterative numerical methods are required. These can be

performed to an arbitrary accuracy in general and so can essentially be regarded as ‘exact’

in this context.157 Using these approaches, computational science offers access to time and

length scales that are intractable to theory and inaccessible to experiment, which makes

them particularly prevalent in biomolecular simulation.

In this chapter, basic quantum mechanical concepts are covered which, although not

directly employed in this thesis, are the basis upon which approximate methods such as

molecular mechanics/machine learning (MM/ML) are predicated. The principles outlined

in this section are presented to provide broader context on the underlying methods used

in this thesis, and are referenced in subsequent sections throughout.

The theoretical aspects of molecular dynamics (MD), integral to the FEgrow workflow

(a method of evaluating de novo compound design in silico developed by myself, Ben Cree,

and Dr Mateusz Bieniek and employed throughout this work), are then outlined, starting

with the fundamental equations that underpin the equations of motion for biomolecular

simulation. Applications of MD are presented, including methods for the estimation of

free energy of binding such as free energy perturbation (FEP) calculations, which are
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employed throughout this thesis and are the ultimate aim for the output of FEgrow.

A brief outline of docking procedures and techniques (used extensively in Chapter 5 in

completion of CACHE (Critical Assessment of Computational Hit finding Experiments)

Challenge 2) is also given.

An overview of Uniform Manifold Approximation (UMAP) is also provided in this

chapter, focusing on its application in molecular visualisation, specifically its usage in

reducing the dimensionality of molecular fingerprint data, which allows for a more intuitive

visualisation of similarity relationships between molecules.

Finally, the principles of active learning (AL) are summarised with a focus on Gradient

Boosted Machine (GBM) and Gaussian Process (GP).

These concepts, theories, and methodologies form the foundation of the computational

approaches employed throughout this thesis. Methods mentioned here are revisited in the

context of computational workflow design and computational experiments in subsequent

chapters.

3.2 Quantum Mechanics (QM)

Writing down the equations that govern quantum mechanical systems (systems of physical

objects small enough that their properties are quantised) has been possible for over a

hundred years. The Schrödinger equation, which relates a system’s Hamiltonian, Ĥ, an

operator representing all physical observables, such as kinetic or potential energy to its

Energy, E (eigenvalues).

Ĥψ = Eψ (9)

where ψ is the wavefunction (eigenfunction), contains all information that it is possible

to know about a system ∫ ∞

−∞
|ψ(x)|2 dx = 1 (10)

and Ĥ is the Hamiltonian operator corresponding to a system of M nuclei and N electrons

with no external electric or magnetic fields, shown below with all physical constants equal

to unity (atomic units).
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where A,B and i, j represent the nuclei and electrons respectively, MA and ZA represent

the nuclear mass and charge, ∇2 is the Laplacian operator, defined in Cartesian

coordinates as ∇2f = ∂2f
∂x2 + ∂2f

∂y2
+ ∂2f

∂z2
. Rij and rij represent the distance between two

particles and can be written in the form rij = |ri − rj|
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Quantum mechanics (QM) is able to quantitatively predict many properties of

interest, such as electronic structures, reaction transition pathways, and material

energy-band structures.158 Due to problems relating to the lack of an analytical solution,

and scaling laws for the memory required (in a real quantum system, each additional

electron doubles the possible number of quantum states, doubling the required storage

space), various formalisms for approximating quantum systems have been devised.

One such approximation is the independence of nuclear and electronic coordinates (and

therefore potential energy surfaces), justified physically by the disparity in the masses and

time-scales of the motion of electrons and nuclei. This allows the wavefunction to depend

parametrically on stationary nuclear coordinates, reducing the number of interactions

that need evaluating, and is referred to as the Born-Oppenheimer approximation.

Another routine assumption is considering the mean field of electronic charge of a

system as opposed to the effect of each electron individually. This assumption underpins

the Hartree-Fock method of solving the electronic Schrödinger equation, where each

electron is described by its own single-electron wavefunction, and the total wavefunction

is represented as a Slater determinant — a mathematical construct that provides an

antisymmetrised linear combination of these wavefunctions, engineered to satisfy the Pauli

principle.159 Modelling the total wavefunction as a product of simple wavefunctions in this

way is less computationally expensive, but comes at the cost of naturally neglecting the

(negative) electron correlation energy, by treating the electrons in a mean-field way.160

In the Hartree-Fock method, the total energy of the system depends on the orbitals

of all electrons, requiring the equations to be solved iteratively. This iterative procedure

leverages the variational principle, which asserts that any approximate wavefunction will

have an energy greater than or equal to that of the exact wavefunction. The goal is to find

the ‘best’ trial function that minimises the energy and is achieved by constructing matrices

of integrals and molecular orbitals. The Fock operator — a one-electron operator that

describes the kinetic energy of an electron, its attraction to the nuclei, and its repulsion

from other electrons — is then used to determine the energy of the system. Electron

densities are updated iteratively until convergence to some specified tolerance is reached.

F̂ψi = ϵiψi (12)

where F̂ is the Fock operator, ψi are the molecular orbitals, and ϵi are the orbital energies.

FC = SCϵ (13)

where F is the Fock matrix, C is the matrix of molecular orbital coefficients, S is the

overlap matrix, and ϵ is the diagonal matrix of orbital energies.

There are two broad categories for calculations, the first is those that are performed



3.2 Quantum Mechanics (QM) 31

without being augmented by any experiment, ab initio (Latin: ‘from the beginning’)

techniques, and the second, semi-empirical methods (referring to the hybrid nature of

the calculation), those that have some integrals replaced with empirical parameters

fit to experimental data (such as free energies of solvation) for reduced computational

complexity.

Other more accurate methods of calculating QM energies exist, one being Density

Functional Theory (DFT). In DFT the fundamental object is not a wavefunction, but

a density. DFT is formally exact (but empirical in practice) and based on the theorem

by Hohenberg and Kohn that states that the electronic energy of a system is uniquely

determined completely by the electron density ρ (up to an additive constant).161 The

method by which density is related to energy is via density functionals, which convert

a density function, ρ(r), to a positive real number. Functionals come in a veritable zoo

of forms, but share the desired property that the number of variables - and therefore

computational complexity - is independent of the system size. The multitude of extant

functionals with slightly different characteristics and performances has made it difficult to

accurately adjudicate which is actually best for a particular purpose, and often leads to the

continued use of outdated and superseded methods.162 Another advantage of DFT is that

it has a superior ability to capture many-body electron correlation due to it being modelled

implicitly in the electron density. These methods are then used as the foundation for

simpler and faster methods that are used in force field parameterisation, for example.163

As always, there is an intrinsic trade-off between accuracy and computation, with

DFT methods such as the B3LYP/6-31G* functional/basis set, giving errors in the 5 - 10

kcal/mol range for heats of formation, large compared to gold standard coupled cluster

methods, accurate to <0.5 kcal/mol, but on the other hand they typically require ∼ 102

more wall time to compute.164 Other properties that are more relevant to biomolecluar

simulation and ligand binding (thermally accessible conformational states and energies

of small drug-like organic compounds under physiological conditions) have fortunately

been shown to converge faster with levels of theory, and have adequate accuracy at the

DFT level.165 Another fundamental approximation which is present in the vast majority

of ab initio methods is that of the basis set, a set of mathematical functions that can be

combined linearly to represent a more complicated object, such as a molecular orbitals

being composed of simpler atomic orbitals. These atomic basis sets can be expressed as

simple Gaussians (for computational simplicity) shown below in polar form

χζ,n,l,m(r, θ, ϕ) = NYl,m(θ, ϕ)r2n−2−le−ζr2 (14)

where N is a normalization constant and Yl,m are spherical harmonic functions, l

represents orbital angular momentum quantum number and ζ is a constant related to
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Basis set size

Electron correlation capability

SZ DZP TZP QZP 5ZP 6ZP
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Figure 8: The two main dimensions of accuracy/complexity in modelling quantum
systems. Electron correlation capability is the ability for the level of theory to capture
the coupling of electronic motion, by increasing the sophistication of the configuration
interaction (CI). Methods such as coupled cluster single-double-triple (CCSDT) include
configurations that contain single, double and triple excitations configurations. Basis sets
are a set of mathematical functions which can be combined in a linear way to represent
the total electronic wavefunction. The basis sets shown here are Slater-Type Orbitals
(STO) basis function (equation 11), where a SZ basis set has only a single s-function
(for second row elements it has two s functions and one p function), DZ has double the
number of functions, TZ has triple, and so on. When both the full CI and basis set limit
are reached, the exact solution to the Schrödinger Equation, up to the Born-Oppenheimer
approximation, is reached.

the effective charge of the nucleus. θ and ϕ represent the polar and azimuthal angle

respectively, with r being the radius. The number of basis functions composing the MO

is described in terms of zeta, with double zeta (DZ) being composed of double that of a

single zeta (SZ) MO, for example.

These quantum calculations are the bedrock of various areas of computational

chemistry, such as parameterising force fields for biomolecular simulations and providing

reference data for machine learning potentials. They are especially relevant for the

FEgrow workflow detailed later in this thesis in the conformer minimisation step,

which utilises a machine learning force field to produce accurate conformers for de novo

compounds grown in the context of a protein receptor. Force fields and conformer

generation, along with other concepts, are elaborated on in the following section.
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3.3 Molecular Dynamics (MD)

Macroscopic observables of chemical systems are difficult to calculate and were

traditionally modelled by approximate methods (such as virial expansion, modelling

the departure of other macroscopic quantities from ideal behaviour) that could only

be applied to simple systems, such as gases. For non-trivial systems, determination

of macroscopic properties like diffusivity, protein conformational dynamics and crystal

growth is done by simulation using a physical model.166 Computational models that

accomplish this are a confluence of theory and experiment, and are used to make testable

predictions in silico for condensed matter systems, by simulating microscopic details,

e.g. molecular geometry, defined by some potential energy surface.One way this can

be (classically) done is via atomistic Molecular Dynamics (MD) simulations, using

Newtonian mechanics to propagate a system of interest. The essence of this technique

is numerically solving a differential equation that involves calculating forces, calculating

accelerations, velocities and positions iteratively until a specified number of discrete

cycles has occurred. These cycles are called time-steps due to each iteration representing

a discontinuous step-wise evolution in time equal to δt, which represents the passage of

time, typically on the order of femtoseconds. There are many open-source MD engines

that exist for this purpose, such as OpenMM167, GROMACS168 and ASE169, which with

GPU support can accomplish hundreds of nanoseconds a day for biophysical simulations

of solvated protein-ligand complexes, that contain over a million atoms.170 The scale for

routine (e.g. on a single workstation) biophysical simulations is limited due to the time

complexity required to run classical MD simulations grows as O(N2) where N is the

number of atoms. A use of MD in the drug discovery process is real-time modelling of

receptor flexibility. An MD trajectory can be used to explore the receptor conformational

space, and representative snapshots can be extracted which can be used for docking

ligands to an ensemble of structures, which can be more representative of the receptor’s

structure in vivo if the most relevant conformation is not known a priori.171

Initial geometries, ri, and velocities, vi, as well as typologies (bond connectivity, atom

charges) of the system to be simulated must be supplied, as well as defining the functional

form of interactions to compute the potential energy V , such as bond stretching or twisting

(see section 3.3.3). These initial velocities can be generated randomly according to a

Boltzmann distribution

p(vi) =

√
mi

2πkT
exp

(
−miv

2
i

2kT

)
(15)

where k is Boltzmann’s constant, T is temperature, mi is the mass of particle i and vi

is the velocity of particle i.
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3.3.1 Integrators

If a system contains more than two interacting particles without constraining any

degrees of freedom, then there is no closed-form solution for their dynamics. Therefore,

approximate numerical methods are needed to solve the differential equations which

govern the system’s dynamics, and this is achieved with discrete algorithms called

integrators. Forces on interacting particles can be calculated in discrete time-steps based

on interatomic potentials, with force being the negative derivative of the potential with

respect to position. For each atom i

fi(t) = miai(t) = −∂V (xi(t))

∂xi(t)
(16)

where fi, mi and ai are the force, mass and acceleration of the ith atom. x(t) is a vector

representing an atom’s position at time t in Cartesian space and has a corresponding

potential V (x) which is calculated via a Force Field (detailed in section 3.3.3).

These forces determine accelerations, and therefore position of the particles in the

system by integrating Newton’s equation of motion for each subsequent time-step t+ δt.

This integration can be accomplished with various algorithms172. Shown here is the

Velocity Verlet algorithm, a second order virial expansion that acts over a single time-

step. It is a commonly chosen algorithm due to its reversible, simple, and numerically

stable nature.173 The velocities and positions of particles are updated according to the

following equations.

xi(t)(t+ δt) = xi(t)(t) + vi(t)(t)δt+
1

2
ai(t)(t)δt

2 (17)

Subsequent atomic positions are contingent on the current accelerations, velocities and

positions of the system - and the subsequent velocities are updated according to

vi(t)(t+ δt) = vi(t) +
1

2
[ai(t) + ai(t)(t+ δt)]δt (18)

where xi(t)(t), vi(t)(t) and ai(t)(t) represent the velocities of particle i at time t with

t + δt representing the time advanced by one time step, δt. This procedure can now be

repeated until t is equal to some predetermined value equal to the desired length of the

simulation. Time steps are an important parameter; if the discrete steps of simulation

are too large then fast dynamics will not be properly captured (typically Hydrogens) as

C-H bond vibrations occur on the time-scale of ∼ 10 fs (or 3000 cm−1) and are typically

constrained with various algorithms (LINCS, SHAKE) to enable timesteps (∼ 2 fs) similar

to the frequency of vibration.174 175

Due to the timescales accessible to MD (up to µs), slower processes such as the folding
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of some proteins, or ligand binding events are unable be accessed and require stochastic

techniques such as Monte Carlo (MC) that are useful in estimating kinetically slow

processes by probabilistically generating configurations, which can be used to estimate

thermodynamic or structural properties.176,177

To further enhance the realism of simulations and control key thermodynamic

properties, we can modify the dynamics of a simulation using thermostats and barostats.

3.3.2 Thermostats

Simulated systems should be properly equilibrated — that is, the time and ensemble

averages should be equivalent. A simulation should also not be influenced by its starting

configuration, which can be prevented by relaxing the system using different conditions,

e.g. assuring that the volume of the simulation fluctuates about a constant value, or

checking the root mean square displacement (RMSD) between key structures or molecules.

Various ensembles can be established by controlling macroscopic parameters and leaving

other parameters as degrees of freedom. The simplest ensemble is the constant energy

or microcanonical ensemble and the natural ensemble of simulation, the micro-canonical

or NVE ensemble, fixes moles, N, volume, V and energy, E, and is achieved without

any specific controls on either temperature or pressure. If restriction on temperature

is required then the canonical ensemble (NVT, keeping the temperature, T, constant)

can be utilised. The temperature of a simulation in general can be calculated using the

equipartition theorem, which states that each degree of freedom equally shares all energy

at equilibrium.178 The temperature of the system is proportional to the average kinetic

energy and given by

3

2
NkBT =

〈
N∑
i=1

1

2
miv

2
i

〉
(19)

However, the (instantaneous) temperature at any given time-step of the simulation will

not always be equal to the target temperature. This is expected, but these fluctuations

should be centred about the target temperature. To maintain the correct temperature,

the Newtonian equations of motion can be augmented and a näıve way of achieving the

desired restraint on temperature is by scaling velocities, which is a popular choice for

initial equilibrations. This rescaling reduces the temperature artificially but creates a

non-canonical ensemble and introduces errors as well as artefacts into simulations, so is

avoided in practice.179 To avoid the problem of discontinuous changes in velocities and

the consequent difficulties they bring to simulations, velocities can instead be rescaled

smoothly using a relaxation term

dT

dt
=
T0 − T

τ
(20)
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Where τ is the time constant of relaxation, T0 is the given desired temperature and

T is the instantaneous temperature of the system. This is the Berendsen thermostat

and it does not sample the isobaric (NPT) ensemble due to its exponential decay

of deviations from the desired temperature.180 This thermostat is known to cause

unphysical behaviour in simulations, most notably the flying ice-cube effect, where

energy is consistently redistributed to low-frequency modes (translation, rotation),

violating the equipartition theorem.181 For this reason it is usually applied to initial

equilibration and non-production runs.

An alternative thermostat that does sample velocities from the canonical ensemble

is the Andersen thermostat, which rescales velocities stochastically178 There are also

methods that involve coupling the system to a fictitious ‘heat bath’ that can absorb

(or dispense) thermal energy which models the exchange of a system’s energy with its

surroundings, and maintains Maxwell-Boltzmann statistics, reproducing the canonical

ensemble. A drawback of this approach is the expense of structural accuracy due to the

rescaling, in a similar fashion to that of the Berendsen thermostat.182

Thermostats can ensure correct ensembles and are used to generate equilibrated and

production ready configurations of systems with the use of protocols involving ensembles

of different types in sequence. Often, simulations are run at specific temperatures or

pressures to interrogate particular properties under certain conditions, such as diffusivity

or phase change behaviour, as defined by the ensemble. Although they are unphysical,

they often have little to no practical effect on the dynamics of the system.183 There are

completely analogous techniques to correct pressure, i.e. barostats, which is done by

acting on positions and volume instead of velocities.

3.3.3 Force Fields (FF)

In order to run a physics-based simulation of a chemical system, one must be able to

take a set of atoms (and bond topologies) and map them to a potential energy surface. In

biophysical MD, this is typically done with a classical force field (FF). An FF is a collection

of simple functional forms and parameters, which are fit to lower level QM or experimental

data and applied to molecules using constituent atomic chemical environments directly

or indirectly184 185. This process is known as parameterisation.

Historically, indirect parameterisation schemes based on a byzantine library of atom

‘types’ have been used, where each atom’s chemical environment (including tuples of

atoms for torsions, dihedrals, etc.) is organised into a discrete set of predefined categories.

These atom types are assigned manually, requiring a significant time investment for

their (sometimes arbitrary) application, based on chemical intuition of human experts.

As a result of this indirect application, atoms in identical chemical environments may

even be assigned different atom types leading to an unnecessary proliferation of FF
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parameters. Such complexity has notably lead to human errors that have persisted in

FFs for decades186,187.

The immutability of FFs, even after the advent of vastly superior hardware is partly

due to the heroic amount of effort and man-hours required to create them. However, a new

generation of classical force fields are in development188, spearheaded by the Open Force

Field (OpenFF) Initiative. They are being developed using open-source software and

data, creating an infrastructure whereby anyone can take an existing generic FF and tune

it to their needs, incorporating innovations such as fast charge assignment and functional

forms that are more physically relevant.184 A major improvement in these FFs is the

utilisation of direct chemical perception, which employs a more straightforward approach

to parameterisation by directly operating on the chemical graph without relying on atom

types.185 This is achieved using SMARTS/SMIRKS patterns, which allow for a more

streamlined and chemically intuitive system of FF definitions. Direct parameterisation

reduces the number of required definitions and ensures that parameters consistently

align with chemical environments. As a result, OpenFF force fields are significantly

more concise, comprising hundreds of lines parameters rather than thousands, as seen

in widely-used FFs like GAFF2.189 This advancement leads to easier maintenance and

greater accuracy across a broad range of chemical systems.190 These classical FFs are

routinely used in drug discovery, materials science, and polymer modelling due to their

low computational overhead.191

The two fundamental types of interactions included in an FF are bonded valence

terms (e.g., force constant of bonds, rotational barriers) and non-bonded interactions (e.g.,

electrostatic, dispersion) which are treated classically using approximate functional forms.

Although non-bonded interactions are only summed pairwise, they implicitly account for

many-body interactions due to being based on condensed phase data (which contribute

appreciably to the behaviour of such phases) and so are referred to as effective pair

potentials.192

Bonded terms in molecules are the dominant contribution to the potential energy

surface, often an order of magnitude greater than non-bonded interactions.193 These are

parameterised as various potential energy functions that are inexpensive to evaluate, with
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force constants fit to QM data.

V =
∑
bonds

1

2
kr(rij − r0)

2

+
∑
angles

1

2
kθ(θijk − θ0)

2

+
∑

torsions

∑
n

kϕ,n[cos(nϕijkl + δn) + 1]

+
∑

non-bonded pairs

[
qiqj

4πϵ0rij
+
Aij

r12ij
− Bij

r6ij

]
. (21)

Where A, B are parameters describing non-bonded interactions, r0 is the equilibrium

bond length, θ and ϕ are bond angles and q is partial charge. The parameters kr, kθ,

kϕ,n, δn, qi, qj, Aij, Bij depend on the specific atom type combination being calculated.

Although popular, the limitations of classical FFs are numerous. Topologies are unable

to be changed once the simulation has started, which prevents the modelling of chemical

reactions; electron densities remain static, even though interactions and chemical

environments are known to affect partial charges.194

The functional forms used in FFs are not always physical, with the most prominent

example being the use of the 6-12 Lennard-Jones (LJ) potential in modelling dispersion

forces, where the repulsive 12 term is simply the square of the attractive portion of

the potential. This is a fundamentally quantum effect but the LJ potential has been

employed due to a historical lack of computing power, which has promulgated many of

these simple parameterised representations (in the classical limit) of more complicated

quantum phenomena. Consequently, there has been development of new potentials with

more physically sound functional forms to replace the ageing LJ potential and, in newer

versions of OpenFF, the LJ potentials were refit by tuning the parameters to better match

simulated densities and enthalpies of mixing.195

In addition to the aforementioned parameters, partial charges are required to calculate

the electrostatic potential in MD and are typically assigned with semi-empirical methods.

The most popular approach is AM1-BCC,196 which is computed at the Hartree-Fock

level with the 6-31G* basis set. It is a parameterised bond order correction to the

AM1 population charge model, itself a parameterisation of the NDDO formalism via

experimental reference data.197 The runtime complexity scales as O(N2), where N is the

number of atoms and so it cannot be applied to larger molecules like proteins. Moreover,

as a QM calculation is required to generate charges, it can take minutes to be applied to

small ligands. Recently, graph neural network approaches have been used to accurately

assign AM1-BCC charges hundreds of times faster and with linear scaling.198

Water in biomolecular simulations is integral to accurate predictions and is intimately
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related to the force field used. Water is typically modelled using TIP3P,199 where the

geometry of the molecule is based on experimental gas phase data (with the 3 referring

to the number of point charges) which are placed on the nuclei and lone pairs omitted for

ease of computation. Parameters such as partial charges and LJ parameters were fit to

experimental densities and radial distribution functions to create a reasonably accurate

water model that remains the most popular to this day.

Although these FFs are ubiquitous, correctly simulating proteins with correct

secondary and tertiary structures is not currently done with generic force fields.

Instead bespoke protein force fields, such as the AMBER based ff99SB which is fit to

(tetra)peptide gas phase QM data, allowing ϕ and ψ torsion parameters to be fit in a

more realistic environment that accounts for the conformational influence of neighbouring

residues.200 More recent force fields, such as ff19SB have utilised solution-phase QM

data to better account for effects like polarisation and are widely used in biophysical

simulation.201

3.3.4 Conformer Generation

As molecules are three-dimensional objects, being able to (quickly) generate reasonable

conformations of molecules (defined as those accessible under physiological conditions)

is integral to modelling a ligand’s binding affinity and structure based drug design

(SBDD) in general.202 Conformations can be generated through various methods, such as

Molecular Dynamics (MD) simulations, which yield Boltzmann-weighted conformational

ensembles in solution. However, MD simulations are computationally expensive and

impractical for large-scale applications like virtual screening, where conformers are

needed for millions of molecules.203 One solution to large-scale conformer generation is

the experimental-torsion distance geometry with additional basic knowledge (ETKDG)

algorithm.2 This is a stochastic (as opposed to systematic) search of conformational

space, preferred due to the combinatorial explosion of rotermeric states with molecule

size, which makes systematic approaches intractable. Experimentally determined

structures (like the Cambridge Structural Database (CSD) and the Protein Data Bank

(PDB)) are used to create these libraries.204 Histograms (Fig. 9) were generated for each

SMARTS pattern in the range 0◦ to 360◦ with a 10◦ step size. Two functional forms were

fitted to these data

V (ϕ) = K [1 + cos(d) cos(mϕ)] (22)

and

V (ϕ) =
6∑

j=1

Kj [1 + cos(dj) cos(jϕ)] (23)
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Figure 9: Torsional-angle distributions from the CSD, ETKDG (only acyclic torsion
patterns together with the fitted torsional-angle potentials for the first three SMARTS
patterns that were fitted.2

where K is the force constant, d is the phase shift and m is the multiplicity. These

potentials were further refined manually. The first step in the ETKDG algorithm is the

generation of random distance matrices which satisfy basic geometric constraints, bounded

by the maximum and minimum atom pair distances (DG), subsequently ‘experimental-

torsional’ (ET) terms derived from the CSD and PDB (consisting of approximately 2000

molecules) are utilised in an iterative fashion for coordinate refinement of these initial

guess conformations, which is applied to specific SMARTS patterns - for a specified

number of iterations. Finally, additional ‘basic knowledge’ (K) terms are used to minimise

the embedded conformers using a universal force field (UFF), mostly using parameters

as set in ETDG205 with exceptions for torsional angle potentials for bonds in aromatic

rings and sp carbons.206 Using ETKDG, 84% of a dataset of 1290 small-molecule crystal

structures from the CSD were reproduced with an RMSD of 1.0 Å or better, and 38%

within an RMSD of 0.5 Å.2 In a review of free conformer generation methods, it was

found that the ETKDG algorithm found to more accurately recapitulate experimental

structures of small molecules compared to other freely available toolkits, attributed to

the stochastic nature of chemical space exploration, but also that it tends to generate
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more similar conformers compared to other methods.207

3.3.5 Machine Learning Potentials and ML/MM (Machine Learning/Molecular

Mechanics)

The current popularity of Machine Learning (ML) is owed to a paper illustrating the

supremacy of artificial neural networks for image recognition relative to the state of the

art — principally because of the scale of training data and computing power that had

become available — which has subsequently been cited more than 30,000 times.208 This

type of image recognition is an example of deep learning; statistical frameworks composed

of layers of (non-linear) operations that are often referred to as ‘neural networks’ due to the

architecture being modelled after neurons in the human brain.209 Artificial neurons have

a simple structure. They are linear mathematical functions that receive input(s), perform

operations on those inputs, and then pass the output through some non-linear activation

function. The inputs could be anything (e.g. pixel brightness/colour, in the case of image

recognition). When utilised in concert with groups (layers) of other neurons whose inputs

and outputs are linked, an emergent potency that is suited to complex tasks of prediction

and classification previously considered beyond the scope of computers is realised. A

non-linear operation (performed on its output) is required to access this power since any

linear combination of operations can be represented as a single operation, meaning the

omission of non-linearity would essentially make all neural networks single layered.210

These models can provide robust and versatile models for broad and complicated tasks,

with applications to natural language processing, preference prediction, and applications

to basically every field of physical science.211–213 Creating networks of simple layers allows

a function of arbitrary complexity to be modelled, such as identifying objects in images.

The malleability of the network means that these categories do not have to be predefined

and can be implicitly learned through data, a useful property for modelling phenomena

that possess complicated behaviour from a large set of interrelated parameters.214 Models

are trained by adjusting the values of certain parameters, known as weights, through a

feedback loop that compares predictions to the training data and iteratively updates these

weights. This process is facilitated by backpropagation, which employs gradient descent

to minimize the error associated with each neuron’s output. An error function, such as

the root mean square error between predicted values and ground truth, is defined for each

output. During training, this error function is minimised iteratively, with the weights

being updated in each step, referred to as an ‘iteration.’ The entire training dataset may

be processed multiple times, which is described as training in ‘epochs’ and can be repeated
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Figure 10: A single-layered neural network comprised of two input neurons (green), five
hidden neurons (blue) and one output neuron (yellow). The weights and biases (eq 24) can
be adjusted to minimise the error in the output of the network. For example predicting
the dissociation energy of a diatomic molecule, where the input neurons represent the
constituent atoms, and the output neuron represents a scalar energy value.

until an arbitrary accuracy is reached.

w
(t+1)
ij = w

(t)
ij − η

∂E

∂wij

(24)

where wij is the weight connecting neuron i to neuron j, t represents the current iteration,

η is the learning rate controlling the step size of updates, E is the error function (e.g.,

mean squared error), and ∂E
∂wij

denotes the gradient of the error with respect to the weight.

The most powerful modern large-language models (LLMs), for example, have billions

of parameters which they use to extract and store meaning from a huge corpus of text.215

The rise of ML in scientific research is largely due to its ability to reduce complex tasks to

matrix manipulations, which has been enabled by the development of neural networks and

the advent of extremely powerful GPUs, designed to handle such operations in parallel.

Modern hardware is capable of achieving approximately 1014 floating-point operations

(FLOPs) per second, facilitating the efficient processing required for data intensive ML

applications. ML methods have been routinely applied in the field of computational

chemistry for more than a decade, with applications ranging from constructing DFT

functionals to drug design through QSAR prediction.143,216,217 The most striking recent

development is in protein structure prediction, where AlphaFold, a model created by

Deepmind, has led to a revolution in the ability to predict protein structures. Generating

hundreds of millions of structures (of varying accuracy), providing a platform for insight

into the large and previously ‘dark’ sections of the human proteome.218

Paul Dirac surmised the following in 1929: “The underlying physical laws [...] of a

large part of physics and the whole of chemistry are thus completely known. [...] It

therefore becomes desirable that approximate practical methods of applying quantum
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mechanics should be developed, which can lead to an explanation of the main features

of complex atomic systems without too much computation.” After almost a hundred

years, his aspiration is starting to be realised thanks to the generation of large quantum

mechanical (DFT) and molecular simulation datasets for training of ML models. The

scalability of their (automatic) generation and their generalisable nature have set the

stage for the development of of ML techniques, which have the potential to revolutionise

the way we approach science.219

Specifically, this is a revolution in the field of Neural Network Potentials (NNPs)

for MD simulation, an increasingly attractive alternative to classical force fields. These

potentials were first conceived in the 1990s,220 and escape the limited and handcrafted

functional forms and bond topologies of classical force fields. They also avoid the need

for predefined atom types, which are artificial constructs with well-known limitations.184

NNPs are parameterised on lower level DFT data (for instance, MACE-OFF23 (an

organic NNP for small organic molecules) was trained to reproduce the energies and forces

computed at the ωB97M-D3(BJ)/def2-TZVPPD level of quantum mechanics), aiming

to map atomic environments (atom identity, local geometry) to a scalar energy value.

Mappings are done via complicated functional forms that are learned implicitly by neural

networks. These can be much more expressive compared to the restricted forms of classical

force fields and are able to more closely match reference energies, allowing much more

accurate simulations compared to classical force fields, but at a fraction of the cost of QM

calculations.3 State-of-the-art models have been shown to reach 0.1 kcal/mol accuracy on

restricted chemical spaces, and below 1 kcal/mol on more diverse datasets.221 In order

to achieve these results, high quality datasets must be available and, ultimately, a model

is unable to extract useful information if it is not present in the training data, or there

is not enough data to learn from in the first place.222 Although these NNPs are much

faster than semi-empirical methods and more accurate than classical force fields, they

remain orders of magnitude more computationally expensive (and hence slower) when

used for biomolecular simulations.184 Additionally, there can be problems with numerical

stability due to the complex functional forms NNPs possess, which may produce high-

energy conformations not represented in the training data, leading to simulation failure.223

As mentioned, in order for a NNP to be of practical use, the training data must not

only cover relevant chemical space, but also contain a diverse set of conformations,224 as

well as providing forces, which are key in creating accurate models.225 Once such dataset

is the QM9 dataset, which contains over 134,000 small molecules rich in chemical diversity

— however, it has been noted that it does not contain conformational diversity since only

low energy conformers are present.184 Datasets like these that are large, easily extensible

and versioned will be the engine for future development of NNPs.

NNPs, in lieu of standard parameterisation, embed atomic environments using local
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features that can be extracted from simulation trajectories by inferring topologies directly

from spatial coordinates. There are numerous schemes to achieve this featurisation (see

below), but the key considerations are: that they capture the local environment up to

a cut-off distance; are invariant under arbitrary transformations that do not affect the

underlying physics (e.g. rotations and translations (equivariance)), and are efficient to

calculate.226 These qualities are essential in creating a robust physical model of practical

utility.

If only a specific region of a simulation such as a binding pocket in a protein-ligand

complex is of interest, applying NNPs to the entire simulation box is unnecessary, as using

more sophisticated methods than required in regions that do not significantly impact the

target process is redundant. In this scenario, hybrid MM/ML systems can be created

(which can be done in OpenMM227, for example, and as simply as using a classical

force field) whereby a small portion of the simulation is modelled using an NNP which

is then embedded into the wider simulation. The ML force field (NNP) describes the

intramolecular energetics VML of the ligand rL and the MM force field is responsible for

the interaction between the ligand and the environment E.

VMM/ML = VMM(rE, rL) + VML(rL) − VMM(rL) (25)

According to this scheme, MM-ML coupling is not explicitly included, with a consequent

disadvantage of the non-bonded interactions being limited in accuracy to that of the

classical force field.228

There are many implementations of NNPs, with applications to different domains and

varying levels of accuracy3 (including in FEgrow (Chapter 6)). A specific NNP that

is used extensively in this work is ANAKIN-ME (Accurate NeurAl networK engINe for

Molecular Energies) or ANI. This general purpose NNP is used for ligand conformer

energy minimisation in the context of a protien receptor (see section 4.2.3).229 It has

been shown to achieve DFT level accuracy with the same scaling laws as classical force

fields (O(N2)). ANI has achieved RMSEs (Root Mean Square Errors) of ∼ 1 kcal/mol on

torsion benchmarks, demonstrating its capacity to accurately model small molecules, in

addition to being able to run atomistic MD simulations.229 More relevant to the work here,

it has been shown to be effective in ranking conformers of drug molecules more accurately

(relative to MP2/cc-PVTZ230), according to optimised geometry and relative energies

than both MMFF94231 and PM6.232 ANI’s accuracy, in consideration with its speed (tens

of milliseconds to perform single-point calculations on a conformer) demonstrates the

capacity NNPs have for utility in large virtual screening tasks, at least within a ML/MM

set-up.

In ANI, the total energy of a molecule, ET, is calculated via Ei, which represents an
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atomic number specific NNP using

ET =
∑

all atoms i

Ei (26)

In this manner ET represents a sum over all atomic contributions to the total energy. In

addition to transferability, the above sum provides the benefit of nearly linear scaling in

computational complexity. Modified Behler and Parrinello symmetry functions233 (BPSF)

are used to create an atomic environment vector. Each element of G̃X
i captures specific

regions of an atom’s angular and radial chemical environment.

G̃X
i = {G1, G2, G3, . . . , GM} (27)

The vectors G̃X
i are fundamental to applying this functional form of the total energy. For

an atom i, G̃X
i provides a numerical representation of i’s total local chemical environment

i.e. incorporating both radial and angular features. The approximation of the local atomic

environment is achieved using a piecewise cutoff function

fC(rij) =

0.5
(

cos
(

πrij
rC

)
+ 0.5

)
for rij ≤ rC

0.0 for rij > rC
(28)

Here, rij is the distance between atoms i and j, and RC is the cutoff radius, with

fC(Rij) being a continuous function with continuous first derivatives. To probe the local

radial environment for an atom i, the following radial symmetry function, introduced by

Behler and Parrinello, produces radial elements Gm
R of G̃X

i :

Gm
R =

∑
all atoms j

sie
−h(rij−rs)2fC(rij) (29)

The index m ranges over a set of h and rs parameters. The parameter h adjusts the

width of the Gaussian distribution, while rs shifts the centre of the peak. In ANI, various

modifications were made to the original functions representing the angular features to

better capture chemical environment, such as the addition of a parameter that enables the

angular features to be evaluated within radial shells based on an average for the distance

from neighbouring atoms, designed to facilitate extremely fine grained interrogation of

regions of the radial environment, which aids with transferability. G̃X
i is computed for

each atom in the molecule, which are then input into their respective NNP to evaluate

each atom’s EX
i , which are subsequently summed to give ET .

An alternative atomic embedding scheme is Atomic Cluster Expansion (ACE), where
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an atomic property p, as a function of the local environment of atom i is expanded as

ϕi(p) =
∑
v

cv(p)Biv (30)

with expansion coefficients cv(p) and nv basis functions Biv (which depend on atomic

positions and are ordered hierarchically, they are again translationally and rotationally

invariant and based on Clebsch-Gordan coefficients) with multi-indices iv. The energy of

atom i can then be evaluated using all properties as follows

Ei = F(ϕi(1), ϕi(2), . . . , ϕi(P )) (31)

Where F is a nonlinear function. The Multi-ACE (MACE) architecture was trained on

the SPICE dataset, a quantum chemistry dataset containing 1.1 million conformations for

a diverse set of small molecules, dimers, dipeptides, and solvated amino acids, includes 15

different elements and both charged as well as uncharged molecules,234 calculated at the

ωB97M-D3(BJ)/def2-TZVPPD level of theory. The MACE-OFF model maps chemical

elements and positions to a system’s potential energy, similar to ANI and like all force

fields, but does so by communicating an atom’s local environment using a graph. This

graph is constructed by connecting nodes (atoms) and if they are in each other’s local

environment, N (i) (set of all atoms j around the central atom i for which ∥rij∥ ≤ rcut,

where rij is the vector from atom i to atom j and rcut is the cutoff hyperparameter). Each

node has an array of associated features denoted h
(t)
i which is represented in the spherical

harmonic basis

h
(0)
i,j =

∑
z

Wkzδzzi (32)

The superscript (0) in this case indicates the initial (0-th) layer. For each atom, the

features of its neighbours are combined with interatomic displacement vectors, rij, to

form a one particle basis, and the radial distance is used as an input into a learnable

radial function R(rij).

This basis can then be made to be equivariant and combined (essentially including

many-body interactions, pooling over n neighbours incorporates n bodies) with a message-

passing neural network. The ‘messages’ sent on this network are then a learnable linear

combination of the equivariant many-body features. Two message-passing layers are used

in the model, and the atomic site energy is simply the sum of various functions applied

to node features from the first and second layers, with forces being calculated by taking

the analytical derivatives of the total potential energy with respect to the positions of

the atoms. MACE has been shown to produce NNPs that are capable of sub-chemical

accuracy for the hydration free energies of organic molecules, as well as showing promise
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Figure 11: The competitive accuracy of a ML forcefield, MACE-OFF3 relative to DFT at
the CCSD(T) level of theory. Barrier height was calculated for the torsion angle between
two aromatic rings in the biaryl torsion benchmark,4 which contains 78 molecules.

for condensed phase alchemical free energy simulations.235 After significant progress in

recent years, it is no longer the case that energies and forces are the limiting factor in the

utility of NNPs.

Speed and stability have usurped these old considerations for improvement, and the

design of the next generation of NNPs should focus on addressing the balance between

speed and accuracy, to fully take advantage of their power. This means there is room

in the liminal space between the simple, fast and inaccurate classical force fields and the

more complex, but slow NNPs that is yet to be exploited.221

The issue of out of domain applicability of ML models is a general one, and not

limited to computational chemistry and NNPs.236 Recent studies however have shown

early signs of these kind of models beginning to generalise the underlying physics they

were trained on, with Duignan et al. showing that molten ion models have the ability to

form correct crystal lattice structures (even with correct unit cell parameters to within 10

%).219 As training datasets become larger and richer, and the models will become more

sophisticated, and the frequency of these emergent phenomena will increase, precipitating

a wealth of real-world applications to currently insoluble problems.

3.3.6 Free Energy Calculations

Gibb’s free energy, G, is the natural thermodynamic quantity under normal experimental

conditions and dictates the spontaneity of (molecular) processes, such as those in chemical

reactions or in protein folding. This quantity can be computed for transfer processes such

as conformational change, solvent transfer/partition coefficient, membrane insertion and

relative binding free energy of one molecule to another.237 In the context of drug discovery,

one such quantity that is of interest is the change in free energy change, ∆G, of protein-

ligand complexation which can be used to aid the rational design of compounds.36 This

free energy change can be used to determine the effect that structural changes have on
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the potency of a molecule. These changes can be set up as a transformation network,

with nodes being molecules and each edge a transformation. The ∆G between molecules

can then be used to inform and rank compounds that are to be tested experimentally,

e.g. via assay.

The binding free energy, ∆Gbind,L, for a ligand L, binding to a receptor R, can be

approximated by the Hemholtz free energy of binding ∆Abind,L, given by:

∆Abind,L ≈ −kBT
(

ln(
P (RL)

P (R)P (L)
) + ln(c◦NAvV )

)
(33)

where P(RL) and P(R/L) is the probability of finding the complex in the bound and

unbound states respectively, kB is Boltzmann’s constant, T is temperature. The last

term involving NAV , Avagadro’s constant and c◦, the reference concentration corrects for

the simulated concentration being different than the standard concentration. Assuming

∆V ≈ 0 for the process,237 then

∆Gbind,L ≈ ∆Abind,L (34)

These probabilities are given by the Boltzmann probability density function for a given

configuration, q

P (q) =
exp(−βV (q))∫

Γ
exp(−βV (q)) dq

(35)

where β is thermodynamic temperature, defined as 1
kBT

and V (q) is the potential energy

of configuration q and Γ is simulation box volume. A thermodynamic cycle of a binding

event can be formed, which must sum to 0 (Fig. 12).

∆G◦
b,A + ∆G◦

b,B − ∆Gw − ∆Gp = 0 (36)

∆G◦
b,A and ∆G◦

b,B represent physical binding events, and ∆Gw and ∆Gp representing

alchemical transformations from molecule A to molecule B in the unbound and bound

states, respectively. The free energy change associated with the virtual downwards

transformations in 12 are relatively easy to calculate, so utilising eq. 36, ∆∆G , the

difference in ∆G can be calculated

∆∆Gbind = ∆Gp − ∆Gw (37)

Calculating entropic quantities in absolute terms can be challenging, but the calculation of

differences in these quantities is a more efficient task due to the cancellation of systematic

errors caused by deficits in the FF used (errors of equal magnitude might occur in identical

terms for each simulation but with opposite signs), or insufficient sampling of configuration
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Figure 12: Thermodynamic cycle used to calculate relative binding free energies (∆∆Gbind

= ∆G◦
bA – ∆G◦

bB) between congeneric ligands. The horizontal legs correspond to the
physical binding process, whereas vertical legs indicate the unphysical transformation of
ligand A (blue) into ligand B (green) performed in bulk solvent (left) and in the protein
binding site (right).

space.237 The difference ∆∆Gbind,AB (eq. 37) can be used to quantitatively estimate the

priority of a congeneric series of ligands, or of different conformations.

Determining the relative values of the free energy change of binding for a series

of (similar) molecules requires construction of the topology network for alchemical

transformations. The specific structure of this network is an important consideration: for

a library of n potential compounds there are on the order of n2 possible transformations,

most of which are not viable (for example, if the structures are too dissimilar) — and

those that are may be not be desirable. It is therefore prudent to be able to create

sensible transformation maps of a minimum size that take into account not only the

desired design goals of a project, but also useful graph features such as the creation of

cycles (that should have a ∆G value of 0, the difference from 0 is termed closure error)

that can be used to test convergence and various tools exist for this purpose.238
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Figure 13: An example network of alchemical transformations used for calculation of
relative binding free energies of 7 inhibitors for a helicase of SARS-CoV2 (section 5.4.1).

There are two general methods for determining ∆G: by perturbation or integration

methods. The first is Free Energy Pertubation (FEP), whereby the intermolecular

potential of one system is perturbatively changed to another to provide a potential

energy surface (PES) bridge between two physical states, so that rigorous free energy

changes can be calculated using the Zwanzig equation

⟨∆AAB⟩ = kT ln
〈
e(EB−EA)/kT

〉
A

(38)

where ⟨⟩A denotes an ensemble average. Because the energy difference must be small

compared with kBT , and the efficiency of free energy estimators is heavily dependent on

phase-space overlap.239 This overlap can be quantified using an overlap matrix used in

reweighting estimators, discussed below. Since the timescale of the kinetics of binding

events often exceed that of current MD simulations240, methods have been devised to

estimate the free energy change of binding without observing multiple binding events.

The process of transforming from A to B generally involves breaking the transformation

into several intermediate steps or simulations. Since free energy is a state function and

therefore path independent,241 these small intermediate simulations (called λ windows)

can be alchemical in nature. That is to say, ligands have their structure modified in
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unphysical ways, in-place, to calculate free energy change. Different proportions of the

initial and final states potential can be ‘turned on’, which is characterised by a λ parameter

(0 meaning entirely A, 1 meaning entirely B), with the total free energy change determined

by summing the changes in each step (simulation).

Eλ = λEA + (1 − λ)EB (39)

The second class of methods, Thermodynamic Integration (TI), uses a similar scheme

starting from the partition function given by

Q =
N∑
i=0

e−Ei/kBT (40)

where N represents the number of particles and Ei represents a single energy state. The

partition function allows calculation of all macroscopic functions in statistical mechanics,

giving the free energy of state λ, A(λ).

A(λ) = −kT lnQ(λ) (41)

Differentiating this expression with respect to λ yields

∂A

∂λ
= −kT

Q

∂Q

∂λ
=

〈
∂V

∂λ

〉
(42)

replacing the right-hand side by an ensemble average and integrating over λ gives

A(1) − A(0) =

∫ 1

0

〈
∂V (λ)

∂λ

〉
dλ (43)

the left-hand side is the Helmholtz free energy difference and the right-hand side may be

approximated by a discrete sum.

∆A =
∑
i

〈
∂V (λ)

∂λ

〉
∆λi (44)

The use of this equation for calculating ∆A is Thermodynamic Integration (TI). The main

distinction between these methodologies is that TI averages over a differentiated energy

function, whilst FEP averages over finite differences. The computational expense lies in

the generation of the ensembles, not the averaging, and so both methods can easily be

used on the same simulation trajectories.

From eq. 34 ∆G can then be calculated from ∆A. Statistical estimators such as
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Bennett’s acceptance ratio (BAR)242 are used to compute the free energy as

∆Genv = kBT

K−1∑
k=0

∆f(λk, λk+1) (45)

where ∆f is the unitless free energy difference

∆f(λk, λk+1) = f(λk+1) − f(λk) = − ln
Q(λk+1)

Q(λk)
(46)

The similarity of these states can be exploited by multi-state estimators such as

Multistate Bennett acceptance ratio (MBAR) that utilise configurations sampled at

all alchemical states to compute free energy differences, reducing time-complexity of

estimation and allowing statistical uncertainty to be determined.243 FEP methods have

been shown to be accurate to within ∼ 1 kcal/mol,244 and are routinely used in modern

drug discovery workflows.245,246 FEP calculations can fail to accurately predict ∆∆Gbind

, though, if the free energy change is dependent on a process that is not captured by the

simulation. Induced-fit effects can additionally cause inaccurate predictions.247 Modern

research into the application of FEP has been centred around automating them at

scale,248 incorporating NNPs in calculations as opposed to classical force fields249 and

using ML methods to reduce the number of transformations needed to find top scoring

molecules250 (for example, by using active learning methods, discussed in Chapter 6).

These advancements enable more efficient and accurate predictions of binding affinities.

A ligand’s binding can also be calculated computationally using MD simulations through

other methods such as Molecular Mechanics with Generalised Born and Surface Area

solvation (MMGBSA) and docking. Docking is the the least sophisticated of the methods

mentioned here and is discussed in the following section.

3.4 Docking

Docking is a widely used tool251 that aims to predict the position and orientation of a

ligand within a protein binding site, as well quantify the binding affinity it has with

its target. It necessitates approximations in order to do this at low computational

cost, which makes it a practical choice for applications such as virtual high throughput

screening (HTS).252 There are two fundamental components to docking: the search or

sampling algorithm and the scoring function. Search algorithms explore the translational,

rotational, and conformational space of the ligand within the binding pocket in an effort

to find native binding modes or poses, which the scoring function then adjudicates.

Two common types of algorithm used are: 1) systematic, such as that used in

Glide253, and 2) stochastic Monte Carlo methods, as in LigandFit.254 A systematic
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algorithm examines each degree of freedom of the ligand incrementally and, as such,

the computational complexity increases exponentially with degrees of freedom and are

liable to be trapped in local minima.255 Stochastic methods, in contrast, randomly

accept or reject changes to the ligand with an acceptance probability proportional to the

Boltzmann factor, to better sample the entire space.

For scoring functions, there are four general types: 1) forcefield-based, 2) empirical,

3) knowledge-based, and 4) machine learning methods.

1. Forcefield, or physics-based, scoring functions use the sum of energy terms (e.g. van

der Waals, electrostatics, dihedral potential energy) to approximate binding free

energies between the ligand and protein, with each term representing a quantity of

physical significance. These sorts of scoring functions can be expensive, however.

2. Empirical scoring functions are based off QSAR/binding-affinity data and the idea

was first formalised by Hansch and Fujita in 1964.256 The premise of an empirical

scoring function is using linear regression on a set of known binding affinities,

parameterising the weights of the contributing energy terms. This reduces the

computational complexity whilst retaining accuracy.257

3. Knowledge based scoring functions use the frequency of pairwise interactions from

experimentally determined 3D structures to create a potential via Boltzmann

inversion, knowledge based methods afford a great compromise between accuracy

and computational expense.258

4. Machine-learning based scoring functions are a more recent development, and can

outscore classical methods259 - but their scoring power is heavily dependent on the

training set used to create the model260 and in practice, a lot of their success has

been found in rescoring classical scoring functions.261 262

In general, there is no ‘best’ scoring function, and the type of scoring function desired is

dependent on the particulars of the target system.

3.4.1 gnina

The main docking scoring function used in this thesis (both in FEgrow and for separate

docking tasks) was gnina, which is a deep-learning docking framework that is a fork of

SMINA. It is an ensemble of four CNN models using two different model architectures

and training sets, and these ensembles each contain five models that were trained with

different seeds.6 The models were trained on the PDBbind database and DUD-E dataset,

by creating 3D grids of voxels of protein binding sites which capture pharmacophoric data

(such as the positions of 14 different ligand/receptor atom types corresponding to various
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functional groups e.g. aromatic/aliphatic). The constituent models have been trained to

use this conformational data to predict experimental affinities as well as the probability

a pose has a low RMSD to the actual binding pose. Prospective poses of a ligand are

generated and evaluated using Monte Carlo sampling and accepted or rejected using a

Metropolis acceptance criterion.

gnina has been shown to outperform similar models (that use simpler chemical

descriptors) fit to the same training data as well as classical empirical scoring methods,

with the RMSE of affinity prediction found to be 1.5 pK units across a curated set of

290 complexes from PDBbind. gnina has also been shown to outperform Vina across 89

DUDE-E targets when directly compared.

In this work, gnina was also deployed successfully (independent of FEgrow) to predict

active compounds for the CACHE#2 Challenge, attaining the highest score out of any

other protocol (see section 5.4.3). CNN models, although propitious on specifically curated

benchmarking tasks, still lack the ability to properly generalise beyond the domain of their

training data, and so special attention is needed to provide robust training sets that better

represent real-world use cases. One such example is CrossDocked2020, which contains over

10 million ligand poses, in protein-ligand complexes.263
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3.5 Uniform Manifold Approximation (UMAP)

High-dimensional datasets, characterised by a large number of features or variables,

are common across various fields but present significant challenges for visualisation

and analysis; for instance, in the case of visualising molecular fingerprints, a 1024-bit

would require 1024 dimensions to visualise. Dimensionality reduction techniques aim to

transform these datasets into lower-dimensional spaces, often for visualisation or further

analysis. Principal Component Analysis (PCA) is a widely used method that employs

eigenvectors to identify the principal components, which capture the directions of

greatest variance in the data. However, PCA is limited in its ability to model non-linear

relationships between variables.264

Uniform Manifold Approximation and Projection (UMAP) is an alternative

dimensionality reduction technique that scales well with larger datasets and preserves

both local and global data structures. UMAP takes in points (a dataset) and returns

a two dimensional representation of those points. It does this via constructing a

weighted graph (in the original number of dimensions) to represent data relationships

and optimises a lower-dimensional projection that maintains a similar topology, which

can then be visualised as a regular two dimensional plot. This is a stochastic process and

so care has to be taken to make sure random noise is not interpreted as actual structure

in the data and can be achieved by tuning hyperparameters in the UMAP algorithm.

These include the ‘number of nearest neighbours’, which balances the focus between local

and global structures, and ‘minimum distance’ which controls the compactness of data

points in the reduced space.

UMAP is based on algebraic topology, when presented with a dataset it initially forms

simplices between data points (the simplest shape that can be made in n dimensional

space e.g. a triangle in 2D, and a tetrahedron in 3D). These simplices define the

connections between data points and their neighbours in the original high-dimensional

space, and is termed a simplicial complex - a graph made up of simplices. UMAP

aims to project this simplicial complex into a reduced-dimensional space (usually two

dimensions), maintaining the interrelationships among the simplices to the greatest

extent feasible, to enable visualisation.

UMAP begins constructing the simplicial complex by forming a k-nearest neighbour

(kNN) graph for the dataset. In this representation, every data point is linked to its k

closest neighbours. This kNN graph is subsequently converted into a fuzzy simplicial set

by attributing a weight to each edge within the graph. The weight calculation depends

on the local connectivity of the data points and is given by

wzo = exp

(
−d(xz, xo) − ρz

σz

)
(47)
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where d(xz, xo) is the distance between data points xz and xo, ρz is the local connectivity

of data point xz, σz is a scaling factor based on data density and wzo represents the

weighted connection between points z and o.

The construction of fuzzy simplicial sets enables UMAP to encompass both the local

and global structures within the dataset. The edge weights in the graph represent the

strength of the connections among data points.

C(P,Q) =
∑
z,o

(
pzo log

(
pzo
qzo

)
+ (1 − pzo) log

(
1 − pzo
1 − qzo

))
(48)

Where C(P,Q) is the cross-entropy cost function pzo is the probability of an edge between

points z and o in the high-dimensional space qzo is the probability of an edge between

points z and o in the low-dimensional space calculated via Student’s t-distribution kernel,

with
∑

z,o indicating summation over all pairs of points z and o. This cross-entropy

formula measures how well the low-dimensional embedding preserves the relationships

between points from the original high-dimensional space and can be iteratively optimised

by the UMAP algorithm to optimise the layout of data in a low dimensional space, thus

minimising the error between the two topological representations.
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3.6 Active Learning (AL)

Active learning265 is a subset of machine learning that is based on iteratively labelling

data points from an unlabelled dataset (in our case, de novo compounds that are built

into protein binding pockets and scored). The aim is to pick the most useful samples

for training a surrogate model whilst ultimately minimising the potentially expensive

computation needed to find instances that maximise an objective function. There are two

main components to an active learning workflow: the regression model and the acquisition

function. Every scored instance is used to train a specified machine learning model with

more examples refining the model accuracy, which is then used to select new molecules

to be built. In this work, we consider and benchmark two models.

3.6.1 Gradient Boosted Machine (GBM)

The first approach is gradient boosted machine (GBM), which is a random forest-based

technique, utilising ensembles of decision trees. These trees are created from random

subsets of features (fingerprints) that are then used to make predictions. GBMs expand on

traditional random forests by using the gradient of the error to construct trees specifically

designed to minimise this error. Gradually increasing the number of relatively poor

individual trees additively increases their predictive power (hence ‘gradient boosted’).

Given a molecule i with a vector of descriptors xi, ŷi, the predicted output of the GBM

model is defined as

ŷi =
K∑
k=1

fk(xi) (49)

where K is the number of trees and fk(xi) for the output of the kth tree.

3.6.2 Gaussian Process

The second model is Gaussian Process (GP) regression, which is a Bayesian

approach that makes predictions by assuming observations can be modelled by the

probability distribution over possible reasonable (Gaussian) functions.266 These Gaussian

distributions are iteratively refined by the observation of new samples. Because model

prediction is performed via a probability distribution, it natively incorporates uncertainty

and other useful quantities, such as estimates of expected improvement of a given new

sample267. An arbitrary function f(x) is approximated as a linear combination of kernel

functions

ŷ(x)i =
M∑

m=1

cmk(xi,xj) (50)
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where xi and xj represent input vectors in the feature space, the basis functions, k are

placed at arbitrary locations and typically are gaussian.

k(xi,xj) = exp

(
−∥xi − xj∥2

2l2

)
(51)

xi and xj represent input vectors in the feature space, |xi −xj|2 is the squared Euclidean

distance between the input vectors and l is the length-scale parameter, controlling the

smoothness of the kernel function.

The acquisition function defines the method by which new samples are picked at the

start of each active learning cycle, with the simplest example being a ‘greedy’ approach,

which directly selects the (currently predicted) highest scoring potential samples (for

example predicting a binding affinity for molecular dataset). However, an acquisition

function has to balance the selection of the best compounds with the need to further

refine the accuracy of the machine learning model. Picking the best scoring samples in

descending order might initially increase the objective function, but the algorithm will

have the propensity to get stuck in local maxima and to be sensitive to the initial selection

of samples.

There are a variety of alternatives that aim to avoid the problems of a simple greedy

approach, and the approach used here is the upper confidence bound (UCB) uncertainty-

based acquisition function.268 UCB considers not just the value of the objective function,

but also the variance of the prediction (model uncertainty), effectively biasing towards

the selection of samples about which the model is the least certain of the predicted score.

The UCB function is defined by

UCB(m) = µ(m) + βσ(m), (52)

where µ(m) and σ(m) are the mean and standard deviation of the regressor for molecule

m, and β is a parameter controlling the degree of exploration (high β increases the chances

that an observation with moderate score but high uncertainty will be made).
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4 FEgrow

De novo design is a complicated and at times a subjective process; the goal of designing an

inhibitor for a target does not have a single ‘right’ answer and requires iterative feedback

with experiment.

FEgrow was developed to automate and simplify the computational de novo process

by integrating a suite of CADD tools, such as OpenMM (MD), PDBFixer (protein

preparation), gnina (docking scoring function) and ANI (a neural network potential for

conformer energy minimisation). The creation of this package/workflow gives non-expert

experimentalists the ability to rapidly test de novo designs, while offering computational

practitioners the ability to set up in a semi-automated fashion more rigorous calculations,

such as FEP.

In this chapter, the development of FEgrow and its ability to recapitulate

crystallographic poses, rank order designed ligands, and produce aligned congeneric

series of ligands that can optionally be exported for further simulation is detailed.

This chapter is a reprint of a published paper.17

4.1 Introduction

Computational structure-based molecular design, in particular aiding the discovery of

novel chemicals with desired biological activity, plays a crucial role in the modern drug

discovery pipeline. High-throughput virtual screening is widely used in hit discovery269,

but relies on pre-defined libraries of compounds. De novo design software packages aim

to construct a model of a ligand in a target binding pocket using growth algorithms,

either starting from a scaffold of a known hit compound or entirely from scratch. Such

approaches can be beneficial as they do not rely on a (physical or virtual) library, and

molecules can be tailored specifically to the problem at hand. Advances in de novo

design software have been extensively reviewed270, and examples include both rule-based

generation methods such as OpenGrowth271, AutoGrow272, and LigBuilder273, and

recently deep generative methods for molecule design274.

With advances like these described above, much progress has been made in the

important problem of optimising a molecular design within the context of a pre-defined

scoring function and binding pocket. However, whether the designed molecule indeed

has high biological activity is crucially reliant on the accuracy of the methods that are

used to generate and score poses of the designed molecules, as well as other assumptions,

such as a rigid receptor, that might be employed. Furthermore, the generated molecules

can be quite esoteric, which may be advantageous with regards to arriving at novel

intellectual property, but may not be ideal from a synthetic tractability viewpoint275.

More commonly, a drug discovery effort may have identified a hit compound with a
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well-defined binding mode and wish to explore structure-activity relationships amongst

a small library of synthetically accessible analogues. In this case, it would be beneficial

to make use of prior knowledge about the binding mode when generating poses of

designed compounds. One example of this approach is the E-novo workflow276, which

was made available in Pipeline Pilot or Discovery Studio. The available conformations

of added chemical functional groups (R-groups) were enumerated with a rigid core,

and scored using a CHARMM-based docking method. The physics-based molecular

mechanics-generalised Born with surface area (MM-GBSA) was then used to provide

a more accurate score. Further, more recent, examples include FragExplorer277, which

aims to grow or replace fragments to optimise molecular interaction fields generated

by the GRID software278, DeepFrag279, which predicts appropriate fragment additions

using a deep convolutional neural network trained on thousands of known protein–

ligand complexes, and DEVELOP280, which uses deep generative models to output 3D

molecules conditional on provided phamacophoric features of the binding site. However,

the employed approximate physics- or knowledge-based approaches to scoring the designs

will limit to some extent their ability to predict and optimise binding affinity.

On the other hand, free energy methods are much more computationally expensive

approaches to molecular design that employ rigorous thermodynamics and carefully

parameterised force fields to compute (relative or absolute) protein–ligand binding free

energies. As such, they overcome many of the accuracy limitations of de novo design

workflows, and are commonly employed in prospective design efforts to explore and

prioritise relatively small perturbations in the hit-to-lead stage281. Many excellent

tutorials and best practice documentation are available282–286, but most start from the

assumption that the user has already built initial poses of the ligands in the binding

pocket. For simple R-group additions, input coordinates may be built from maximum

common substructure alignment, for example, but it may be difficult to resolve steric

clashes or decide between two alternative 3D poses in more complicated cases284. Some

widely-used graphical user interfaces, such as Maestro287 and Chimera288, are also

available for building R-groups, but these can be proprietary and/or difficult to build

into automated workflows and modify according to user needs.

Notable successful computer-aided design efforts have used free energy calculations

in conjunction with de novo design tools to build (and maybe score) new molecules.

Jorgensen and co-workers have pioneered this approach for many years, linking de novo

design through the biochemical and organic model builder (BOMB) software with free

energy perturbation (FEP) through the MCPRO software281. BOMB builds ligands into

a binding pocket by linking user-defined R-groups to an existing core. Functionality is

available for conformer searching, structural optimisation and scoring, using a custom

scoring function trained via linear regression on > 300 experimental activity data
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points289. Once hits have been built and scored, hit-to-lead optimisation may be further

refined through free energy calculations. Such an approach has yielded extremely potent

series of leads against HIV reverse transcriptase290, macrophage migration inhibitory

factor291 and the SARS-CoV-2 main protease16. In other drug discovery programmes,

as part of the recent COVID Moonshot open science effort to crowd source design of

SARS-CoV-2 main protease inhibitors292, the Omega toolkit by OpenEye293 is used for

constrained conformer generation, and optimal binding poses are then taken through to

free energy calculations using the perses software294. The evident importance of input

structure to the reliability of free energy calculations284 means that open-source tools to

automate this step are crucial.

Inspired by the BOMB/MCPRO approach to molecular design281, we introduce here

the FEgrow open-source workflow for growing functional groups, chosen by the user, from

a defined position on a core compound. To account for the multi-objective nature of

molecular design, we output simple rule-of-five indicators of oral bioavailability, as well as

flags for undesirable substructures and synthetic accessibility estimates. For the designed

ligands, we enumerate 3D conformers of the added R-group, with options for additional

flexibility if desired, within the context of the protein (discarding conformers with steric

clashes). A common issue with generating docked poses is inaccuracy in the molecular

mechanics force fields used to refine them, particularly for uncommon chemistries. To

overcome this, we employ a hybrid machine learning / molecular mechanics (ML/MM)

approach to optimisation, whereby the ligand is (optionally) described by the ANI neural

network potential229,295, and non-bonded interactions with the static protein are described

by traditional force fields. The binding affinities of low energy poses are predicted using

a deep learning based scoring function. Finally, FEgrow outputs binding poses in a form

suitable for input to free energy calculations, and here this process is illustrated with a

case study, using the SOMD software296 to retrospectively compute relative binding free

energies of several inhibitors of the SARS-CoV-2 main protease16.

In this way, the goal is to integrate medicinal chemistry expertise in the FEgrow

design workflow, with state-of-the-art methods for pose prediction, scoring and free

energy calculation. By building ligands from the constrained core of a known hit,

we maximise the use of input from structural biology, and reduce reliance on docking

algorithms. The overall aim is for an open-source, customisable, fast and easy-to-use

(accessed through Jupyter notebooks) workflow that can adapt to community needs and

advances in molecular design.
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Figure 14: The FEgrow workflow. (left) The user specifies the receptor, ligand core,
and a list of functional groups, along with their attachment points. (centre) RDKit5 is
used to attach the selected R-group(s) and enumerate the available conformers with a
rigid core. (right) Possible bioactive conformers undergo structural optimisation using
a hybrid ML/MM potential energy function. The binding affinity is predicted using a
convolutional neural network scoring function6 and molecular properties are assessed.
Final structures are output for further free energy based binding affinity assessment.
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4.2 Results

4.2.1 Workflow Design

The FEgrow package is written in Python, and supports Jupyter visualisation at each

stage using py3Dmol297. Underneath, the main unit in the package is RMol which

extends the RDKit class rdkit.Chem.rdchem.Mol5 with additional functionalities, such

as visualisation, molecule merging, conformer generation, as well as storage of energies

and other metadata. A convenience class RList is provided with the same functions for

operating on a set of molecules, which allows also for future parallelisation. A modular

workflow allows for addition/removal of functionality, such as new scoring functions

or optimisation algorithms. FEgrow is freely available at https://github.com/cole-

group/FEgrow, along with a tutorial. Figure 14 shows the overall design of the FEgrow

workflow, and the component methods are described in the following sections.

4.2.2 Input and Constrained Conformer Generation

The first task is to define the receptor and the ligand core, along with an attachment

point for growth (currently only growth from hydrogen atoms is supported). Users may

download receptor and ligand structures directly from the protein databank (PDB), or

upload pre-prepared structures. In this study, we used the Open Babel software298 for

parsing input structure files and ligand protonation (at pH 7).

Merging the ligand core with a new R-group requires that both the linking atom on the

template core and on the attachable R-group are specified. The merging is carried out with

the RDKit editable molecule5. RDKit is further used to generate 3D conformers using

the ETKDG method299. The generated conformers are aligned, and energy minimised

using the Universal Force Field300. Harmonic distance restraints to their initial positions

are applied to atoms in the common core (identified by a maximum common structure

search) using a stiff force constant (104 kcal/mol/Å2). In this way, we can enforce the

conformations of the generated molecules to only vary from the core in the region of the

added R-group. This region may additionally be extended by adding further atoms into

the “flexible substructure” of the template. For convenience, we provide a minimal set of

around 500 R-groups that are commonly used in medicinal chemistry optimisation301.

R-groups can be interactively selected from the library using the mols2grid package302,

or the user may prepare their own molecules for attachment (see Tutorial).
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Figure 15: Two different R groups (purple) and linkers (orange) grown from a common
core (grey) in an example protein receptor. The core is restrained but the added groups
are kept flexible to be optimised (optionally with a machine learning potential) to produce
low energy conformers, which can be input into free energy calculations.

4.2.3 Geometry Optimisation

The constrained conformer generation described above aims to enumerate all accessible,

physically-reasonable conformers of the added R-group (and any other flexible regions)

in vacuum. However, most of these conformations will be incompatible with the protein

binding site. Hence, a 3D filter and geometry optimiser aim to find the bioactive

conformers of the designed ligands.

The protein is treated with PDBFixer303 to add any missing atoms, residues and

hydrogen atoms. Water molecules (and other non-protein residues) are stripped by

default, but can be optionally retained as part of the receptor, for example if they are

thought to form an important part of the hydrogen bonding network within the binding

pocket (an example is shown later in Case Study I). A simple distance filter removes any

ligand conformers that form a steric clash with the protein (any atom–atom distance less

than 1 Å). Next, the remaining conformers are refined in the context of a rigid receptor

via energy minimisation using OpenMM303. All atoms of the protein, and any retained

water molecules, are kept fixed during the optimisation in the positions provided by the

user.

The energy minimisation uses the AMBER FF14SB304 force field for the receptor

and either GAFF2189 (General AMBER force field) or the Open Force Field 1.0.0

(‘Parsley’)305 general force fields for the ligand, with the choice left to the user.

Optionally the intramolecular interactions of the ligand can be modelled using the

ANI-2x ML potential229 in a hybrid ML/MM simulation. In this so-called “mechanical

embedding” scheme, the total potential energy of the ML/MM system is composed of

three terms306:

Etot = EMM(R) + EMM(RL) + EML(L), (53)

where R, RL, and L correspond to receptor-receptor, receptor-ligand and ligand
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intramolecular interactions, respectively. The second term acts as the coupling term

between the ML and MM subsystems and consists of the standard Coulomb and

Lennard-Jones 12-6 non-bonded interaction energies. Thus, a general force field (here,

GAFF2 or Parsley) is still required for the ligand to model the non-bonded interactions

with the receptor. The use of ANI helps to avoid known deficiencies in the potential

energy surfaces predicted by force fields, while ensuring that the optimisations are

significantly faster than could be achieved with full quantum mechanics. For example,

it has been shown that the description of biaryl torsions, which are commonly found in

drug-like molecules, is one area where ANI-2x performs better than contemporary general

force fields4. The hybrid ML/MM approach has also been shown to predict binding poses

that overlap well with crystallographic electron density maps of bound ligands, even for

those that contain charged moieties that were not included in the training of the ANI

potential307. As such, in FEgrow, users may turn on the hybrid approach for binding

pose refinement provided the molecule contains only elements covered by the model (H,

C, N, O, F, S, Cl), else the selected classical force field is used for the entire ligand.

The lowest energy optimised conformer, and all conformers within 5 kcal/mol, are

output as PDB/SDF files for further analysis and scoring.

4.2.4 Binding Pose Scoring

Once the geometry optimisation is completed, the remaining (low energy) conformers

are scored to predict their binding affinity. There are many choices available for scoring

binding poses and their corresponding binding affinities, and these are usually classified as

either force-field, empirical, or knowledge based. In the latter case, input features (such

as atom-atom pairwise contacts) are used to train models to reproduce data for known

protein–ligand complexes. Recently, machine learning models have emerged, in which an

arbitrary, nonlinear relationship between input and target prediction is learned. One such

approach is the gnina convolutional neural network (CNN) model308, which takes as its

input features a 3D grid-based representation of the protein–ligand complex and the atom

types. The model has been jointly trained for binding pose and affinity prediction on a

cross-docked set containing examples of ligand poses generated by docking into multiple

receptors309. The resulting models are competitive with other grid-based CNN models,

and outperform the traditional empirical Vina scoring function309. They are available as

part of the gnina docking software package6, which is a fork of Smina310 and AutoDock

Vina311. Here, we use gnina only for re-scoring the output ligand 3D structures, using

the ‘score only’ flag and the default ensemble of CNN scoring models. Gnina CNNaffinity

scores (predicted pK) are output, and compared with experimental binding affinity (where

available).
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Figure 16: Overlay of protein–ligand benchmark dataset structures for the BACE(Hunt)
target (PDB: 4JPC). Crystal structure in yellow and grown compound in grey. a)
including water in the binding pocket as part of the receptor, b) using ANI for
optimisation, c) using GAFF for optimisation, d) setting relative permittivity (ϵ) and
the Lennard-Jones radii scaling factor to 1.0.
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4.2.5 Molecular Property Filters

Having assembled the 2D and 3D structures of the core and user-defined R-groups, we

include some simple tools for assessing the drug-likeness and synthetic tractability of

the designed compounds. Several sets of rules exist to investigate the likelihood of a

molecule displaying “drug-like” behaviour. While there are many examples of approved

drugs which violate these considerations, they still provide a useful indication of whether

a molecule is worth testing (that is, if it disobeys all of the conditions discussed below, it

is most likely a poor candidate). FEgrow reports Lipinski’s rule of five (Ro5) counts,64

the synthetic accessibility score (SAScore)312 and flags describing whether the proposed

molecule is Ro5 compliant and if it contains undesirable features based on the PAINS,313

NIH314,315 and unwanted substructure316 filters. Our implementation is adapted from

the TeachOpenCADD317 Talktorials 2 and 3, using functionality from the Descriptors

and FilterCatalog modules of RDKit.5 Further details are provided in Supporting

Information Section S2.

4.2.6 Analysis of Lennard-Jones and Electrostatic Scaling Factors.

Following the procedure recommended in BOMB, Lennard-Jones radii are scaled by a

factor of 0.8 during optimisation. This is intended to mitigate to some extent the rigid

protein approximation, by allowing extra space in the binding pocket to accommodate

ligand growth. Furthermore, to account in an implicit manner for the neglected dielectric

response of the protein and solvent molecules, the atomic charges are reduced by a factor of
1√
ϵ
, where ϵ is the relative permittivity, in this case taken to be 4. Analysis of the effect of

these scaling factors on structural and affinity predictions is shown in Fig 17. We follow the

procedure recommended for the BOMB de novo design software318 in scaling the Lennard-

Jones radii and atomic charges when calculating the intermolecular energetics during

geometry optimisation. This is to attempt to mitigate the rigid receptor approximation

by i) allowing extra space in the binding pocket to accommodate ligand growth and ii)

screening electrostatic interactions using an effective dielectric medium.

Table 1 shows the effect of these choices of scaling factor on the correlation between

gnina predicted binding free energies and experiment (R2) for the set of thrombin

inhibitors, and on the RMSD between the output R-group coordinates and crystal

structure (see Case Study I in the main text for a full description). The correlation

between gnina and experiment is very similar when using optimised structures either

with no scaling, or with a scaling factor of 0.8 (and dielectric of 4). The correlation is

lower using a scaling factor of 0.9, but on closer inspection this is due to a single outlier

(Figure 17), and removing this point increases the correlation to 0.77.

It is interesting to note that, as shown in Figure 17, the predicted binding affinities
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become more favourable as the scaling factors tend towards one. This might be expected,

as the van der Waals radii of the atoms approach their physical values, the structures

are closer to the optimal binding poses as recognised by the CNN scoring function. This

is corroborated by the observation that the agreement in structure between the FEgrow

output and the known crystal structure (PDB: 2ZFF8) improves as the scaling factors

are removed (RMSD decreases from 1.4 to 0.8 Å, Table 1). Despite these improvements

in the absence of the scaling factors, we prefer to retain their use in the default behaviour

of FEgrow to allow the possibility of more hits to be identified during prospective design.

Nevertheless, the user is free to adjust them during run time.
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Table 1: Effect of the LJ radii scaling factor and relative dielectric permittivity (ϵ) used
during optimisation on the accuracy of predicted affinities and structures from FEgrow
for the set of thrombin inhibitors (see Case Study I).

LJ scaling ϵ R2 RMSD / Å
0.8 4 0.68 1.37
0.9 2 0.27 1.05
1.0 1 0.70 0.76

Figure 17: Effect of the LJ radii scaling factor and relative dielectric permittivity (ϵ) used
during optimisation on the correlation between predicted and experimental binding free
energies for the set of thrombin inhibitors (see Case Study I).

4.3 Case Study I: Protein-Ligand Benchmarks

The protein–ligand benchmark of Hahn et al. is an open, curated set of high quality

structural (e.g. high similarity between crystallised and simulated ligands and no missing

atoms) and bioactivity (e.g. taken from a single data source with adequate dynamic

range) data, which has been collected with the goal of assessing the accuracy of free

energy methods319. For each target, modelled structures of the protein in complex with

a congeneric series of ligands are provided as starting points for free energy calculations,

but the methods used to position the R-groups are, to our knowledge, not necessarily

consistent or documented.

Here, we apply the FEgrow workflow to ten targets from the protein-ligand benchmark

set. Starting from the crystal structure of each target, we truncate the bound ligand to a

common core, which is shared across the congeneric series to be modelled. A summary of

the targets, the crystal structures used, the number of R-groups grown, and their common
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Figure 18: Overlay of protein-ligand benchmark dataset structures (crystal structures in
yellow and grown compounds in grey). a) TYK2 (PDB: 4GIH7), b) Thrombin (PDB:
2ZFF8), c) P38 (PDB: 3FLY9), d) PTP1B with force field optimisation (PDB: 2QBS10),
e) PTP1B using ML/MM optimisation, and f) BACE(Hunt) (PDB: 4JPC11). Root-mean-
square distances (RMSD) between predicted and experimental coordinates of atoms in
the built R-groups were calculated using RDKit5.

core and net charge is provided in Tables S2 and Figure 19.

We use the methods outlined in the previous section to re-grow the congeneric series

of ligands in the binding pockets, including enumeration and optimisation of possible R-

group conformers, and scoring of final poses. Figure 18 shows overlays of the modelled and

crystal structures (where there is an exact match between the crystallised ligand and one

of the modelled R-groups), as well as the measured root mean square deviation (RMSD)

between the predicted and experimental coordinates of the heavy atoms of the functional

groups.

For the targets, TYK2 (Figure 18(a)) and Thrombin (Figure 18(b)), we obtain a good

overlap between the grown R-groups and the crystal structures. In the former case, the

dihedral angle formed between the grown cyclopropyl C2 and C3 carbons and the amide

carbonyl oxygen core (30◦ and -37◦) are in agreement with those reported experimentally7.

For Thrombin, although the added R-group here is a rigid phenyl moiety, we make use

of the option to add atoms from the core to the flexible region and allow the linking

–CH2– group to freely rotate during structural optimisation. This added flexibility leads

to a rotation of the phenyl group of less than 10◦, compared to the corresponding crystal

structure8.

The P38 benchmark set includes a series of alkyl amino substitutions originally

investigated as part of a structure-activity relationship study into kinase inhibitors9.

Here, the added amino group is correctly positioned to form a hydrogen bond with the
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Figure 19: Absolute binding free energies of congeneric series of ligands taken from the
protein-ligand benchmark set, using the gnina CNN affinity, compared with experiment.
Protein targets from top left: BACE, BACE(Hunt), BACE(P2), CDK2, JNK1, MCL1,
P38, PTP1B, Thrombin, TYK2.
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protein backbone, though the i-Pr group is rotated by around 60◦ compared to the crystal

structure (Figure 18(c)). In PTP1B, the grown cyclohexyl substituent is able to rotate

quite freely, with many conformations predicted to lie within 5 kcal/mol of the minimum.

The minimum energy structure shows good overlap with the crystal structure10 with

low RMSD, but connects to the core at the axial position of the cyclohexyl group

(Figure 18(d)). In this case, the core structure contains a Br atom, so we are unable

to optimise with the ANI-2x potential (the workflow defaults to the Parsley force field

for the ligand). Interestingly, if we remove the Br atom, and re-run the workflow using

hybrid ML/MM optimisation, we recover the equatorial connection as the lowest energy

conformer, in agreement with the crystal structure (Figure 18(e)). This demonstrates

the potential advantages of employing hybrid ML/MM structure prediction methods in

binding mode determination.

Finally, the BACE(Hunt) target, includes a series of substituted phenyl additions to

a spirocyclic core. Here, the grown cyanophenyl group is rotated by approximately 90◦,

relative to the crystal structure11, which shows the meta-CN group accommodated in the

binding pocket (Figure 18(f)). An exact match with the crystal structure is also output,

but it is predicted to be around 3 kcal/mol higher in energy. Closer examination of

the experimental structure reveals a crystal water molecule, close to the binding pocket,

that is capable of forming a hydrogen bond with the –CN group, and a further network

of water molecules that would be displaced by the conformation shown in Figure 18(f).

Figure S2 investigates the effects of including the hydrogen-bonding water molecule in

the rigid receptor structure, and changing the force fields used, but no input settings

recover the crystal structure.

As discussed, we include with the FEgrow workflow the option to score the output

poses of the designed ligands with a scoring function. In particular, we use the gnina

convolutional neural network score, which has been trained on both binding pose and

affinity prediction309. While accurate recovery of experimental binding affinity is not

necessarily expected for current scoring functions, it is useful to evaluate to what extent

they can be used to provide guidance in early stage design, ahead of more rigorous

physics-based scoring methods. The root-mean-square error between gnina CNN affinities

(converted to free energies) and experiment is quite acceptable (Table S4), ranging from

0.9 kcal/mol (BACE(P2)) to 1.7 kcal/mol (Jnk1), which indicates that the CNN scoring

function is able to predict the affinity range of most of these series. In fact, the errors

may be lower than typically expected309, because we are using here additional information

from experiment (the binding pose of the core) and not relying on the scoring function to

determine the bioactive conformation.

The R2 correlation coefficients between the predicted and experimental affinities are

more variable (Table S4), however, ranging from close to zero (the BACE targets) to 0.68
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(Thrombin). The full set of CNN predicted binding affinity data is plotted in Figure S3,

and reveals that most of the predictions lie in quite a narrow range, compared to the

experimental data. We note that this is quite a challenging test for the scoring function,

since the modifications made to the core are relatively small and cover a smaller dynamic

range in affinity than most test sets. Nevertheless, it seems that current scoring functions

have some utility in guiding design, but that more accurate physics-based scoring is

required to accurately discriminate between structural changes in the hit-to-lead stage.

4.4 Discussion

We have introduced here FEgrow, an open-source molecular builder and free energy

preparation workflow. Taking as input a receptor and ligand core structure, FEgrow

aims to build a user-defined library of chemical functional groups of the sort that would

typically be used to explore structure-activity relationships with free energy calculations.

Inspired by the BOMB approach to molecular design281, we grow from a fixed ligand core

in order to maximise the use of binding mode information from structural biology sources,

and rely on the user’s medicinal chemistry expertise to suggest functional groups that

improve binding affinity whilst remaining synthetically tractable. Alternative, generative

methods for fragment growth279,280 could be incorporated in future, but testing of expert

medicinal chemist designs still remains popular today and FEgrow aims to automate this

process.

The modular workflow of FEgrow allows us to experiment with functionalities, such

as new optimisation or scoring methods. With the use of hybrid ML/MM structural

optimisation, in particular, we aim to obtain reliable coordinates for the added R-groups.

In this respect, the ANI neural network potential (within the ML/MM approximation) has

already been shown to be capable of predicting protein-ligand binding poses in agreement

with electron density distributions determined by x-ray crystallography307, and should

be significantly more reliable than the general purpose force fields (such as UFF) that

are typically used for structure refinement in de novo design packages. Updated machine

learning potentials or semi-empiricial methods320 can readily be included in future versions

of FEgrow.

Ligand designs are evaluated for simple molecular properties, and their binding affinity

predicted using the gnina CNN scoring function. Despite the challenge of discriminating

between relatively small functional group modifications, the scoring function performs

quite well and is useful in providing initial guidance for a number of targets from the

protein–ligand benchmark set used here. Nevertheless, we envisage the primary use of

FEgrow being as a source of input structures for more rigorous free energy based affinity

predictions. We demonstrate this functionality here, using SOMD to calculate the relative
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binding free energies of 13 uracil-based inhibitors of the SARS-CoV-2 main protease.

Using only a single crystal structure as input (PDB: 7L10) and the FEgrow workflow to

build the remaining structures, we obtain excellent agreement with experimental binding

affinities (MUE = 0.45 kcal/mol, R2 = 0.53).
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We envisage future improvements including the use of a flexible receptor for the

growth phase, and future use cases including seeding free energy calculations with

multiple low energy conformers. The BACE(Hunt) target in Case Study I highlighted

the difficulty of accurately including the energetics and effects on binding affinity of

displacing water networks in hydrated binding pockets. There does not currently appear

to be a satisfactory means to include water networks into the optimisation or scoring

phases of FEgrow, but output structures could be passed to molecular dynamics or Monte

Carlo based simulations to assess optimal hydration sites for predicted poses321–323.

FEgrow is available for download from https://github.com/cole-group/FEgrow,

and we welcome suggestions from the community for added functionality.

4.5 Computational Methods

4.5.1 Free Energy Calculations

Structures of 13 inhibitors of the main protease (Mpro) of SARS-CoV-2 were built

using the FEgrow workflow and taken through to free energy calculations for accurate

physics-based scoring. The PDB structure, 7L10, was used for the receptor. Missing

residues (E47 and D48) were added using MODELLER324, which uses optimisation of

a pseudo energy function for loop modelling, and hydrogen atoms were added using

Chimera288, which includes options for optimisation of the hydrogen bond network. The

BioSimSpace package325 was used for free energy setup, along with a relative binding free

energy protocol described previously326. The lowest energy conformer for each ligand

was parameterised with the GAFF2 force field, using the AM1-BCC charge model. The

AMBER FF14SB304 force field was used for the protein, along with the TIP3P water

model. Each ligand was then solvated in a 35 Å cube, or 90 Å cube in the presence of the

protein. The bound and unbound structures then underwent a short equilibration using

the default procedure in BioSimSpace325. Namely, the structure was minimised, then

heated to 300K in the NVT ensemble over a period of 10 ps. It was then equilibrated for

a further 10 ps in the NpT ensemble at 300 K and 1 bar, using the Langevin thermostat

and Berendsen barostat. Atoms in the protein backbone were restrained to their initial

positions throughout, and a 8 Å nonbonded cutoff was applied.

The network of alchemical transformations was built manually to include cycle closures

for error analysis, and is shown in Figure S4. Table S6 shows that the absolute

cycle closure errors are typically less than 0.5 kcal/mol, and less than 1 kcal/mol for all

cycles. The overlap for each perturbation was determined using a maximum common

substructure search to determine the atoms to be morphed. Each transformation leg

was simulated using the SOMD software package296 for 4 ns, and the first 400 ps were

discarded as equilibration. Eleven equally-spaced λ windows were employed between 0 and
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1, along with the default soft core. The time step was set to 2 fs, with constraints applied

to unperturbed hydrogen bonds. Simulations were performed in the NpT ensemble,

using an Andersen thermostat with collision frequency of 10.0 ps−1 and a Monte Carlo

barostat with a frequency of 25 time steps. Periodic boundary conditions and a tapered

nonbonded cutoff distance of 10 Å were applied. Electrostatic interactions were calculated

using the reaction-field method with a dielectric constant of 78.3 outside the nonbonded

cutoff327. All transformations reported here were run in both forward and backward

directions, and in duplicate. Free energy changes and their errors were calculated from

the output with MBAR using the asymptotic covariance method243. Final free energies

and their associated error bars (Figure S5) were calculated from the network with the

freenrgworkflows package328, using the method of Yang et al20.
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5 CACHE (Critical Assessment of Computational

Hit finding Experiments)

The Critical Assessment of Computational Hit finding Experiments (CACHE)

organisation is a public–private partnership non-profit entity that runs triannual

collaborative computational hit-finding competitions (‘Challenges’). CACHE Challenges

aim to benchmark a range of computational approaches to hit-finding for targets with

different available experimental data.

Each Challenge focuses on a particular protein that meets the desirable criteria

for drug design. Specifically, the chosen protein should present sufficient difficulty, be

experimentally accessible, and show promise for generating new biomedical discoveries.

The target may or may not have experimental structures or known small molecule

inhibitors available.

CACHE Challenges are centrally organised and use similar experimental assays, the

homogeneity of which has been shown to be important in producing reliable datasets.82

Central administration also provides financial benefits, with rigorous experimental

validation estimated to cost approximately US $ 25,000 and enabling participation from

poorer segments of the drug discovery community via subsidies. This low cost (which

includes compound purchase, quality control, equipment time, protein purification,

primary biophysical assays and hit confirmation using orthogonal assays) is enabled in

part by the advent of ultra-large on demand in silico (virtual) libraries, which not only

increases the quantity and diversity of compounds available but also reduces the cost on

a per molecule basis.

Upon the conclusion of a Challenge, large amounts of high-quality experimental data

will be generated. Drug discovery data is typically retained privately, but CACHE releases

open-access datasets to the benefit of the whole community.

CACHE’s central organisation, purchasing, and testing framework assures

standardisation across each Challenge, and they are poised to be a powerful benchmarking

technique for the effectiveness of state-of-the-art computer-aided drug design (CADD)

methodologies, while providing valuable data for subsequent discovery campaigns.



5.1 CACHE (Critical Assessment of Computational Hit finding
Experiments) Challenge 2 78

Figure 20: A schematic flowchart of the four constituent phases of a CACHE challenge.
This figure is licensed under CC BY 4.0.12

5.1 CACHE (Critical Assessment of Computational Hit finding

Experiments) Challenge 2

Over the span of two 8-week periods beginning in 2022, CACHE ran CACHE Challenge

2 (CACHE#2), a fragment-based de novo design campaign to discover hit compounds

targeting SARS-CoV-2’s helicase. A multidisciplinary team from Newcastle University,

comprising myself, Ben Cree, Rachael Pirie, Mat Bieniek, Josh Horton and Daniel Cole

(computational chemistry), Roly Armstrong and Kate Harris (medicinal chemistry), and

Natalie Tatum (structural biology), undertook this challenge. All work discussed in this

thesis is my own unless otherwise stated.

CACHE#2 comprised of two 8-week sprints consisting of a hit-finding (fragment

growth) round based on various experimental data, followed by a hit expansion round.

During the initial fragment growth round of CACHE#2, X-ray crystal structures of

fragments in complex with the target were provided. Any hits from the initial selection

were returned with a binding affinity determined via surface plasmon resonance (SPR)

assay (no crystal structures were provided). These were then used to inform the second,

hit expansion round. All experimental assays were run by the CACHE organisation.

For the first, hit-finding portion of the challenge (weeks 1 - 8), the Newcastle University

team grew compound molecular designs from hand-picked cores and R groups (completed

by Ben Cree and Dr Daniel Cole, henceforth Cree and Cole). Regular meetings with

computational and medicinal colleagues were carried out to agree which molecules would

be selected to be submitted for similarity searches of the Enamine REAL database.

SMILES strings returned from the database were embedded and docked, with the best

docked molecules being manually curated. The team then submitted the chosen SMILE

strings to CACHE for purchasing and assaying, along with two compounds that were

synthesised in-house by Roly Armstrong and Kate Harris (henceforth, Armstrong and

Harris).

During the second, hit expansion round (9 - 16 weeks), the team assessed molecules

grown during the hit-finding round, and similar molecules (those using the same core but
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Figure 21: Timeline of this CACHE challenge.

different functional groups, selected using chemical intuition) were grown using FEgrow

(Cree). Free energy perturbation (FEP) simulations were then run on the molecules grown

(Cree), the results of which were subsequently used to inform compound selection for the

round. The group agreed on a further set of similar molecules selected from Enamine

REAL, which were then docked using gnina (Cree). The compounds were ranked by their

docking scores and also assessed subjectively, considering factors such as overlap with

fragments and polar interactions.

The details of Newcastle University team’s process for CACHE#2 is elaborated on in

the sections that follow, beginning with a discussion of the target (SARS-Cov-2), followed

by an explanation of Newcastle University team’s process for Round 1, including the

design strategy, docking process, and synthesis. The subsequent section covers the work

in Round 2, detailing the hit data and the docking process, before the chapter is concluded.

5.2 Target Background

Coronaviruses (CoVs) are enveloped, positive-sense, single-stranded RNA viruses.329

SARS-CoV-2, a coronavirus, caused a global pandemic in 2020 that caused the deaths

of millions, and will remain a relevant global health concern for years to come. The

development of anti-viral compounds for such a virus is therefore, sagacious.

SARS-CoV-2 has 16 nonstructural proteins (NSPs) that are integral for various

processes related to transcription and replication of the virus. One of these proteins is

NSP13, a 5-domain 67 kDa helicase. This motor protein is involved in the unwinding and

separation of RNA in a 5’ to 3’ direction powered by ATP hydrolysis, and its 5-domain

architecture is common to other Nidovirus helicases (to which the family Coronaviridae

belongs).330 During replication, NSP13 associates with other viral replication proteins

forming a multi-protein complex on viral template RNA which allows it to perform its

function.13 (Fig. 22)
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Figure 22: CoV genomic architecture and nonstructural proteins (NSPs). A. Schematic
of the SARS-CoV-2 genome with the NSPs and the structural and accessory proteins.
B. Schematic of SARS-CoV-2 nsp13-HEL. C. A model of probable NSPs 7–16 assembly
in a multi-protein complex on viral template RNA, based on biochemical and structural
studies. NSP13 helicase [HEL] shown in purple. This figure is licensed under CC BY
4.0.13

Inhibiting the activity of a virus’ helicase can prevent access to genetic material,

causing a cessation of viral replication and potentially offering an avenue to treat acute

infection. Although NSP13 is known to be involved in replication, the exact role this

NSP performs in the virus in general is not well understood, with the enzyme having

been shown to be involved in a broad range of activities, not just the canonical ATPase

and unwinding functions. The investigation of these hitherto undiscovered functions is a

fertile area of research that is just beginning to be explored.13

NSP13 has been found to exhibit two distinct conformations (‘open’ and ‘closed’)

which represent distinct states in its catalytic cycle.331 The inhibitory activity of the

fragments found to bind in allosteric sites is hypothesised to be due to locking the protein

into one part of its catalytic cycle, preventing conformational change that is integral to

its function from occurring.15 A particularly attractive feature of NSP13 for antiviral

development is its remarkably conserved nature, being the most conserved NSP in the

SARS-CoV-2 genome.15 Targeting a less conserved protein would be undesirable due to

their propensity to mutate, and therefore potential to develop resistance to any inhibitor

that may be discovered.332
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Figure 23: Structure overview of NSP13 (PDB: 6ZSL) with domains labeled and coloured
individually, the interface of the 2A and 1B domains (circled in orange) form the binding
site for this challenge. Figure is licensed under CC BY 4.0.14

There are multiple binding sites of interest,333 but here the focus is on the RNA

binding site (Fig. 23. There is also an ATP binding site (not targeted) which powers

the catalytic action, shown in sticks). This is because the residue makeup of the binding

site is a particularly conserved portion of the sequence, with one study identifying 87%

of the residues being identical across 27 sequences analysed in the Uniprot334 database.15

Additionally 100% of the side-chains that were forming direct interactions with two of

the initial X-ray crystal structure fragments that were used to inform design were found

to be conserved.15 These factors, along with a favourable druggability score335, has made

NSP13 a target of interest for SARS coronaviruses.336

Part of the rationale for the choice of target for CACHE#2 was the fact that no

inhibitors were known, but at the conclusion of the challenge, this was no longer the

case, and there are now multiple examples of hit compounds.337 For example, a recent

screen of a diverse library of approximately 650,000 small drug-like compounds338 yielded a

confirmed hit-rate of 0.14% (881) for the initial screen, which were subsequently validated

by titration assay. No structural or assay data other than the initial fragment screen were

used to inform the design of inhibitors.339
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5.3 Round 1: Hit and Free Energy Calculations

5.3.1 Design Strategy

The basis for our design approach was fragment growing executed using our open-source

FEgrow software package, using crystollographic fragments that occupy the binding site

shown in Fig. 24.

These fragments were used as both a starting core for growth and also for

their pharmacophoric information, with R groups recapitulating interactions seen in

experimental structures prioritised in the final selection.

Figure 24: All fragments crystallographic fragments used in the design process; a) 5RMM
(blue), b) 5RLH (brown), c) 5RLZ (grey) overlayed, with interacting residues identified
(orange).

During Round 1 of CACHE#2, weekly design meetings were held, during which a few

dozen de novo structures were agreed upon. Added R groups possessed between 2 and 15

atoms.

Structural waters within 5 Å of the initial fragments were collated and combined from

52 NSP13 structures from Newman et al.. All of the water molecules from each structure

were extracted, producing a ’water map’.15 This map showed both areas of frequent

hydration and predicted polar contacts seen in the X-ray crystal structures. During the

design process, it was leveraged as a tool to suggest sub-pockets and/or residues that were

not exploited by the original fragments, which could then be incorporated into de novo

designs.
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Figure 25: Water map constructed from 52 Protein Data Bank (PDB) entries of NSP13.
Structures from Newman et al. that had waters in the RNA binding site were collated
and overlayed to give areas of the pocket that were frequently hydrated.15

The topography of the pocket was defined relative to our initial de novo design strategy,

where 5-membered rings were grown off of a carboxylate core (interacting with N516)

common to two crystallographic fragments (5RLH, 5RLZ (Fig.26)), in the same fashion

as the ring seen in Fig. 24 c. This approach gave three promising growth vectors in the

R1, R2 and R3 positions (Fig. 27) which facilitated access to three distinct areas of the

binding site.
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Figure 26: Crystallographic fragments: a) 5RLH (blue), with the trifluoro group
occupying the R3 sub-pocket, b) 5RMM (grey), with the phenyl group occupying the
R1 sub-pocket. Key residues shown in orange.

Figure 27: An exemplar 5-membered ring added to the carboxylate core from 5RLH with
FEgrow showing three main vectors used for growth, similar to 5RMM.

Our overall strategy was to grow a range of linkers and functional groups off of each

vector (and combine independent vectors), as well as investigate different 5-membered

rings and carboxylic acid bioisosteres, looking at predicted affinities, polar interactions,

and corroboration with the water map. The best scoring example (Fig. 28) possessed

similar poses and groups to that of the crystallographic fragments in both the R1 and R3

sub-pockets, and was scored by gnina to be 1.4 µM.
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Figure 28: Best scoring de novo design (yellow), with a predicted gnina affinity of 1.4
µM, with crystal fragments 5RLH (blue) and 5RMM (grey), along with the water map.
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5.3.2 Compound Designs

The first iteration of the design process was focused on choosing a similar ring to that of

5RMM to add via FEgrow, to act as a hub for further expansion.

Figure 29: Exemplar 5-membered rings added to the carboxylate fragment (of 5RLZ)
with FEgrow: a) pyrazole, b) imidazoline

An initial set of 5-membered rings was chosen for scoring and, from the various rings

tested, those that achieved both of the previously outlined criteria (growth vectors in

both R1 and R3 sub-pockets that were aimed at other X-ray crystal structure fragments)

and had high predicted affinity were used in a further expansion round, in which the R1

vector was chosen for growth. Growth into the R1 pocket, which is occupied by a phenyl

group from the 5RMM fragment, had the aim of recapitulating the same hydrophobic

interactions towards the R2 subpocket seen in the 5RMM crystal structure. A selection of

R-groups for this purpose were chosen based on consultation with synthetic and medicinal

chemists (Harris and Armstrong). Groups of a hydrophobic nature tended to score well,

in agreement with the experimental structures (Fig. 30).

The R2 vector was explored early on in the design process, however this vector

consistently scored poorly. This is unsurprising, considering the distance needed to

traverse the binding site (the nearest polar residue on that side of the pocket was over 10

Å away from any 5-membered ring). As a consequence, few groups, if any, formed any

interactions with the receptor and as a result was not considered further in the design

campaign (Fig. 31)
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Figure 30: An example of a hydrophobic R group design off the R1 vector that scored
favourably. Oxazole ring, predicted gnina affinity 95 µM, amide linker, phenyl R group.

Figure 31: Furan ring. 360 µM, R2 vector, ketone linker, furan R group (purple). The R2

vector was not well suited to R group addition due to the positioning of the core that was
used, with the nearest polar residue on the other side of the pocket (orange) at a distance
of 10.8 Å.

Refocusing efforts to the R3 vector, many groups displayed an inability to reach the

residues deeper in the groove (H482, T552) to form interactions seen in the X-ray crystal

structures of 5RLH and the water-map (Fig. 32), especially those that were small and

contained aromatic rings and tended to point towards solvent.
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Figure 32: Furan ring. 28 µM, R3 vector, no linker, benzopyran R-group. The lack of a
linker group restricted the ability of the benzopyran to reach the groove.

The 5RLH fragment was used to inform the initial strategy, prioritising hydrophobic

groups that recapitulate the positioning of the trifluoro group in the groove. To address

the previously outlined issue of groups being unable to form interactions seen in 5RLH

(off the R2 vector), a test set of 6 linkers (Fig. 33) were grown from a pyridazine ring to

coarsely assess the potential of, and whether any particular linkers should, be prioritised,

based on predicted affinity and geometry. Larger linkers was found to overshoot the

intended subpocket, so the test set was restricted to single atoms of various different

elements affording different bond lengths and angles.
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Figure 33: Test set of linker atoms from a pyrazole ring with pyridazine R-group. a)
Oxygen, b) Carbon, c) Nitrogen, d) No linker, e) Sulphur and f) Ketone.

Both the amine and ketone linkers had no conformations that pointed in the direction

of the protein (Fig. 33 c, f), with all others having low energy conformers pointed

towards the groove, as desired. The geometry of the thio-linker most closely matched

the phenyl group of 5RLH due to the geometry of the C-S-C bond angle (∼ 90 ◦) dictated

by the lone pair repulsion, although it had a lower gnina predicted pK (Fig. 33 e).

The dynamic range of the predicted affinities were not especially significant (roughly 70

µM) and most conformers ended up in a similar orientation, which meant that most

single atom linkers fulfilled the desired criteria, perhaps with a slight preference for

Carbon/Nitrogen/Sulphur, which were prioritised for further growth into the R3 sub-

pocket (Fig. 34)
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Figure 34: An example of a de novo design utilising the C linker (orange), overlayed with
5RLH (blue). Predicted gnina affinity, 43 µM

Further optimisation (via trial and error and with variations of previously identified R

groups) led to these 3 vectors being expanded simultaneously, yielding some high scoring

(but very large and unwieldy) molecules. This reached the limit of design, with molecules’

molecular weights approaching 600+ Da (Fig. 35), and so more efficient use of molecular

weight was needed. This is due to the fact that the larger the molecules become, the less

reasonable the assumption of an identical binding mode becomes. Similar designs of the

same vectors were tested, prioritising smaller R-groups and filtering molecules above a

maximum molecular weight.
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Figure 35: A large molecule grown with FEgrow, incorporating all three vectors with a
predicted gnina affinity of 1.2 µM.

Fig. 35 shows a compound which has both the R1 and R3 vectors expanded. The

benzonitrile group occupies the same position as 5RMM and the benzopyran group had

two rounds of expansion, with a methyl amide group being added aiming towards H554.

5.3.3 Docked Enamine Compounds

Designs that scored well were brought to the weekly team meetings, during which

molecules were manually selected to be submitted for similarity searches in the Enamine

REAL database. A selection of top Enamine compounds, retrieved from these ECFP4

fingerprint similarity searches are illustrated below. Retrieved compounds were docked

with gnina.
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Figure 36: a) Example docked enamine structure (green), b) 5RLH (blue), with a
predicted gnina affinity of 17 µM.

Fig. 36 shows the general shape was analogous to that of a combination of 5RLH and

5RMM; its oxazole ring occupies the same position as the rings seen in the query molecules,

albeit in a slightly twisted fashion. The phenyl group of the molecule is positioned in the

groove towards N177, similar to that of 5RLH.

Figure 37: A top-ranked Enamine compound, with water map shown in red. gnina
predicted affinity 8.7 µM

Fig. 37 exhibited a carboxylate group forming identical interactions to the crystal

structures, as well as a trifluoromethoxybenzene in the R3 sub-pocket in addition to
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exhibiting significant overlap with the water map. Both of these moieties are connected

to an azepane ring, which is similar to the piperidine ring seen in the 5RLZ fragment.

Figure 38: Top docked Enamine compound. predicted gnina affinity 0.85 µM

The top-scoring docked enamine compound is shown in Fig. 38. Here, gnina recovered

the binding mode of the carboxylate anion with a cyano isostere (interacting with N516).

The general shape of the ligand additionally matches that of the combined crystallographic

fragments (Figure 24), which has been shown to be important for binding.340

5.3.4 Synthesis

Due to the fact that exact matches for the similarity searches for a given designed

query molecule were sparingly found, 7 compounds (Fig. 39) were considered for

synthesis in-house to better test predicted designs. All compounds incorporated the

trifluoromethoxybenzene of 5RLH and carboxylate of 5RMM, with pyrazole and pyrrole

rings used as a hub from which groups were grown towards other subpockets. Compound

1 is based on a simple merging of 5RMM and 5RLH, and compound 2 is for probing the

necessity of a ring in the R1 sub-pocket. Compound 3 and 4 were testing the effect of

various halogens and compounds 5 - 7 were intended to investigate alternative rings of

compound 1.

Due to budget and time constraints of the challenge, only compounds 1, 4, 5, 6 were

made by Armstrong and Harris.
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Figure 39: Compound designs of custom molecules to be synthesised in-house.

5.3.5 Round 1 Results

A list of 192 Enamine compounds were compiled by visually inspecting the docked poses

from similarity searches of selected grown molecules. ECFP4 fingerprints were generated

from the chosen molecules and used to search Enamine REAL. The top 10 compounds

were returned for each SMILES string. Compounds were then ranked by gnina predicted

pK and independently scored by eye (complex were visualised in PyMOL). An ordinal

1-5 scale was used, with 5 indicating a compound should be moved higher, 3 kept where

it is, and 1 moved down.

After manual independent ranking, compounds that were identified as needing

repositioning were inspected and moved if judged to be necessary. After this final sifting

process, a list of 150 compounds was submitted for experimental assay. This was later

filtered down to ∼100 compounds, based on compound availability and price. This final

list of 100 compounds was submitted for experimental testing by CACHE.

All compounds were screened at 50 µM against NSP13 using an inhibition assay by

CACHE, and those that showed a dose-response between 0.5 and 2 RU (response unit
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over maximum expected signal) were selected for dose-response testing via SPR. Primary

hit compounds were tested for aggregation and solubility (by dynamic light scattering,

up to 200 µM), and for binding to NSP13 using an SPR assay. ATPase inhibition was

also performed but little correlation was seen between the assays, so only SPR was used

to adjudicate whether a hit should progress due to enzymatic assays being prone to

false positives.341 Of the 100 submitted compounds, 19 fell within the range for follow-

up experimental validation. Compounds where NSP13 KD (µM) < 150 and NSP13 %

Binding < 150 and NSP13 % Binding > 30 were advanced to Round 2. Using this criteria,

a single compound was confirmed via dose-response assay from the initial selection of 100

compounds and advanced to the second round, (CACHE 1438 39, Fig. 40). In total, 46

compounds selected by 18 participants progressed.

Figure 40: Original 9 µM hit structure as predicted with gnina, and watermap overlayed.

The binding affinity of the hit compound (CACHE 1438 39, Fig. 41) for NSP13 was

measured by SPR in a dose-response experiment to be 9 μM. It was ranked 18th in the

100 compounds submitted.
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Figure 41: Steady-state SPR affinity data for the round 1 hit compound, 9 µM.

5.4 Round 2: Hit Expansion

A total of 45 analogs of CACHE 1438 39 were submitted for Round 2. Of these, 4

compounds (see section 5.4.1, not including re-supplied parent molecule) showed a binding

response by SPR with a tendency to reach saturation. Compounds were both tested for

selectivity to WDR5 and for ATPase activity by CACHE, but as in Round 1, ATPase

activity did not correlate with binding data and it is unclear if compounds binding in

a specific cavity in the RNA site would inhibit activity, hypothesised to be due to the

complex structural dynamics of NSP13.342 One hit compound (Fig. 43 c, 87 µM) was

considered confirmed, as it was orthogonally validated by 19F NMR.

5.4.1 Round 2 Hit Data

In the rankings for the primary metric of the challenge (hit quality), our team ranked

9th out of 23. This was a combined normalised sum of all scores from members of a hit

evaluation committee based on biophysical properties as well as a subjective evaluation

by expert medicinal chemists. Biophysical activity was focused on qualities such as

number of actives, number of analogues, SPR confirmation and number of orthogonal

assays; whilst expert medicinal chemistry evaluation criteria was focused on visible SAR,

structure (subjective attractiveness, PAINS, reactive moieties), synthesis, as well as

physical chemistry parameters like solubility, permeability and lipophilicity. Ultimately,

at the end of the second round, 5 hits were found, 1 parent and 4 actives with 42
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inactives. The main deficit seen in the hits is that there is no obvious SAR (especially

so, considering that only a single confirmed hit was found). The one confirmed hit (by
19F NMR) was ranked 5th out of a total of 40 molecules. A large proportion of the score

attributed to this compound was due to the hit being especially well validated, as well as

possessing desired drug-like qualities, in addition to reasonable low micromolar affinity

(structural confirmation of the binding mode is being pursued by the organisers).

Figure 42: SPR steady-state affinity measurement for the hit from round 1, 124 µM.
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Figure 43: SPR steady-state affinity measurements for all round 2 hits: a) 49 µM , b) 64
µM , c) 87 µM (orthogonally confirmed via 19F NMR), d) 78 µM
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5.4.2 Free Energy Perturbation (FEP) Calculations

Using the experimental results (a single hit) from the first round, a second round of

hit expansion was carried out utilising free energy calculations. A substructure search of

Enamine REAL was carried out to produce a list of compounds with substructure overlap

that could be templated and modified via a SMILES template interface for FEgrow. When

given a SMILES string of a core (substructure overlap), this interface grows groups off

any vector by treating the maximum common substructure as the core, and groups not

common to both molecules as R-groups to be added. Initial binding mode was obtained

from docking the original hit with gnina, and the free energy protocol used was identical

to that of Chapter 4. A manually curated set of 7 grown structures based on promising

functionlisations suggested by the substructure based growing were taken through to

free energy calculations for accurate physics-based scoring. The network of alchemical

transformations was configured in a star configuration and is shown in Fig. 44.

Figure 44: FEP transformation network for investigating follow-up compounds to the
Round 1 hit.

In general, the first set of free energy calculations did not have good agreement between

the forward and backwards trajectories, possibly due to poor λ-state mixing, caused by

a lack of configuration sampling.239 However, compound 100 showed good agreement

between the forward-reverse runs and a strong improvement in affinity, relative to the

original hit. As a result, this was the only compound derived from free energy calculations

that was used in a similarity search of the EnamineREAL database. A second set of free

energy calculations was planned, but omitted due to time constraints.
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Compound ∆∆G (Forward) / kcal/mol ∆∆G (Backward) / kcal/mol
13 −0.14 ± 0.015 0.59 ± 0.0032
37 −0.45 ± 0.00015 −0.20 ± 0.016
51 −0.085 ± 0.0022 0.31 ± 0.0043
54 −0.70 ± 0.0074 −0.034 ± 0.0062
87 1.6 ± 0.31 0.26 ± 0.073
92 −0.68 ± 0.00096 0.27 ± 0.0060
100 −0.80 ± 0.0022 0.84 ± 0.012

Table 2: Forward and Backward SOMD Free Energy Differences (MBAR) in kcal/mol.
Errors are MBAR estimates.

Figure 45: Compound 100, predicted ∆G to be -0.8 kcal/mol relative to the hit compound.

5.4.3 Docking

As a secondary evaluation metric for the challenge, the aggregated compounds selected (for

round 1) from all participants were classed as either active or inactive by each participating

team. This metric represents the ability of a protocol to judge a given molecule’s potential

activity. A merged selection of 2200 compounds from all participants was docked using

gnina and ranked in order to assess our ability to predict hit compounds from those

submitted and as a post-challenge validation of the gnina docking protocol. 3D conformers

were generated from SMILES strings using RDKit ETKDG conformer generation.
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Figure 46: Scatter plot of 2200 compounds submitted from all participants, coloured by
number of molecules. Predicted pK determined by gnina.

Most compounds submitted had a molecular weight of between 300 and 400 Da, and

predicted affinity increases linearly with molecular weight. Our protocol was the highest

scoring among all participants (Fig. 47), demonstrating the efficacy of the scoring function

used in FEgrow. Fig. 46 demonstrates the relative lack of dynamic range for predicted

compounds, with virtually all compounds lying in the range 4.5 - 6.0. Despite this, gnina

was able to successfully (compared to other teams) predict active compounds by ranking

docked structures by affinity.
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Figure 47: Comparison of performance according to the two evaluation metrics. This work
is 1438. Y axis represents the ability of a protocol to accurately predict active compounds
for NSP13. X axis is the combined score for all hit compounds, for each team.
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5.5 Conclusion

Our combined and normalised sum of all scores from members of the hit evaluation

committee, based on biophysical properties as well as medicinal chemistry evaluation,

placed us 9th out of 23 participants. This was based on a single confirmed hit, which

scored relatively highly - being the 5th best molecule submitted overall.

Although successful in finding hit compounds, there are multiple areas that can

be improved in our protocol. Firstly, the manual growth of FEgrow was a significant

bottleneck for design throughput, due to both the time required to select R-groups as

well adding them. Free energy calculations while useful, took a significant amount of time

relative to the length of the campaign, making them prohibitively expensive to utilise

extensively in such a short design timeline. To better leverage these rigorous calculations,

more efficient methods of simulation are needed.343 All compounds submitted had a

predicted affinity (via gnina’s CNN scoring function) of micromolar or better, so there

was a relative dearth of hits compared to our prediction. This suggests that the scoring

function is more suited to judging relative affinities, rather than absolute (as seen in Fig.

46’s minimal dynamic range and effectiveness of the scoring function for hit classification).

One of the biggest obstacles was the fact that any compounds that were designed

could not be directly purchased, and instead similar compounds (as defined by Tanimito

similarity of Morgan fingerprints) had to be retrieved from a large on-demand library,

which limited the efficacy of the design process. A large proportion of the designs that

were chosen for similarity search had only a poor resemblance to those that were returned,

and rarely contained the exact moieties that were predicted to form key interactions.

As a result of these issues, subsequent improvements were made to FEgrow to enable

active learning-driven compound design, with custom scoring functions and automated

seeding of molecules available from on-demand chemical libraries which obviates the need

for selecting unevaluated molecules that dilute the power of the de novo process and are

merely superficially similar to a designed query molecule (see chapter 6).
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6 Active Learning

This chapter is a reproduction of a preprint on ChemRxiv.344 All computational work is

my own except the database search (Section 6.2.2), which was performed by Dr Mateusz

Bieniek. Fluorescent activity assays were performed by Siddique Amin (Section 6.3.3).

6.1 Introduction

Recent advances in structural biology, from sample preparation, to synchrotron

infrastructure and data analysis pipelines, have transformed the throughput of protein-

ligand complexes available to inform drug discovery campaigns345. When soaked with

carefully designed compound libraries346, the numbers of small molecule (or fragment)

structural hits can reach 10s or 100s against a single therapeutic target347. A frequently

employed next step is to attempt to grow and/or link the hit compounds, using

either custom synthesis346 or ordering from catalogues of purchasable compounds21,348.

However, chemical space is vast such that even choosing follow-up compounds for

purchase from on-demand libraries, such as the readily accessible (REAL) Enamine

database349 (> 5.5 bn compounds in 2022), becomes highly non-trivial350.

As such, attention is turning to cheminformatics and machine learning based

algorithms for structure-based de novo hit expansion, linking and merging351. A

wide range of approaches are available to build from initial structural biology data,

including DeepFrag279 that identifies promising fragments for addition to an input bound

ligand, using a deep convolutional neural network, and DEVELOP352 that combines 3D

pharmacophoric constraints from the binding pocket with a graph-based deep generative

model for R-group and linker design. The SILVR method enables an equivariant diffusion

model to be conditioned to generate molecules based on a reference structure, such as

a fragment from a crystallographic screen353. The V-SYNTHES approach makes use

of on-demand libraries for hit-finding by decomposing compounds from purchasable

databases into reactive scaffolds and synthons, and using the highest scoring docked

fragments as seeds for further growth354. One particularly noteworthy example is the

use of fragment merging to design hits against the nonstructural protein 3 (NSP3) of

the severe acute respiratory syndrome-coronavirus-2 (SARS-CoV-2)355. Fragments from

a crystallographic screen were merged using the Fragmenstein package356, ensuring

placement of molecular substructures onto the original fragments, and subsequently

used as templates for searching on-demand chemical space. In this way, fragments were

rapidly elaborated into a 0.4 µM hit (representing a >400-fold improvement in affinity).

While extremely promising, all of the above de novo design approaches suffer from

some combination of the following issues: i) reliance on an approximate classical molecular

mechanics force field or knowledge-based algorithm for generating and optimising binding
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poses, ii) use of an approximate objective function (usually a docking score) as a surrogate

measure of binding affinity, iii) approximation of a rigid target receptor structure, and

iv) limited synthetic tractability of the designed compounds. We therefore developed

the FEgrow software as an open-source, interactive Jupyter notebook based workflow for

building user-defined congeneric series of ligands in protein binding pockets to start to

address some of these open questions (Figure 48)17. FEgrow grows user-defined functional

groups (R-groups) off a constrained core of a known hit compound, thus incorporating

input from structural biology and the expertise of the user in selecting synthetically

tractable elaborations. Since publication, we have added functionality for connecting R-

groups to the core via a flexible linker, which can be chosen from a library of those common

to bioactive molecules357. In this way, users can choose from 1M+ combinations of linker

and R-group from our distributed libraries (or upload their own R-group modifications).

The modular workflow allows for the incorporation of state-of-the-art molecular modelling

algorithms, such as the use of hybrid machine learning / molecular mechanics potential

energy functions to optimise the ligand binding pose227,229, and the gnina convolutional

neural network scoring function to predict the binding affinity6. We plan to expand the

range of available optimisation algorithms and scoring functions as they become available

(see Methods Section). While interactive work is useful for small-scale studies, we have

found it useful to automate the workflow for use on high performance computing (HPC)

clusters, and since publication have added an application programming interface (API) to

FEgrow (Figure 48B). This enables us to build virtual libraries with a common core,

for example, using reaction-based generative scaffold decoration with LibInvent358 or

substructure searching of compound libraries359, and then rapidly build the compounds

into the protein binding pocket with FEgrow. However, unless the libraries are designed

using information from the binding pocket, time is wasted building and scoring compounds

that are unlikely to be beneficial and it is still not feasible to routinely scan all possibilities.

Hence, rather than exhaustive or random searches of chemical space, we investigate here

the use of active learning to elaborate compound design with FEgrow. The general idea

behind this approach is that a subset of compounds is evaluated using an expensive design

objective function (in this case the molecular growing and scoring algorithms in FEgrow)

and used to train a machine learning model (Figure 48)265. The machine learning model

then predicts the objective function for the remainder of the chemical space, and the

next subset of molecules is picked for evaluation (for example, in order to optimise the

objective or further explore the chemical space). By cycling through this procedure, the

algorithm can iteratively make up for any lack of diversity in the initial training subset,

and it is has been found previously that the most promising compounds can be identified

by evaluating only a fraction of the total chemical space.

Several studies have investigated the effects of choices such as machine learning
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Figure 48: A) Example building and scoring of a SARS-CoV-2 inhibitor16 using the
interactive FEgrow workflow17. The fixed core (grey) is extended using a user-defined,
flexible linker (pink) and R-group (yellow), and scored using gnina6. B) Compound
libraries with substructures that match the rigid core can now be automatically grown
and scored, treating the rest of the molecule as fully flexible. C) Proposed active learning
cycle. Compounds are grown, built in the binding pocket and scored with FEgrow. The
outputs are used to train a machine learning model, which is used to select the next batch
of compounds. Optionally, the chemical space can be seeded using compounds available
from on-demand chemical libraries.

algorithm, sample selection protocol and total dataset size on active learning efficiency

for experimental and computational affinity predictions360–364. In general, active learning

has been shown to increase enrichment of hits compared to either random or one-shot

training of a machine learning model, at low additional cost, and to be relatively

insensitive to choices of molecular representation, model hyperparameters and initial

training subsets. Active learning has shown practical utility in prioritising compounds

based on objective functions from docking365–367 or free energy calculations361,362,368,369.

Here, we interface FEgrow with active learning to efficiently search the chemical space

of linkers and R-groups from a user-defined vector. As well as using a docking score

to guide optimisation, we also experiment with functions that combine other molecular

properties, such as molecular weight, and 3D structural information, such as protein-

ligand interaction profiles (PLIP)370. To address the issue of synthetic tractability of the

compound designs, we combine the workflow with regular searches of the Enamine REAL

database to ‘seed’ the chemical search space with promising purchasable compounds.

After testing and optimising the hyperparameters of the active learning models, we

apply the algorithm to the prospective design of inhibitors of the main protease (MPro)

of SARS-CoV-2, the virus responsible for the COVID-19 pandemic. This target has

undergone extensive study in recent years. The COVID Moonshot Consortium used

open science crowd-sourced designs, in combination with high-throughput structural

biology and assays, free energy calculations, and machine learning-driven synthetic

route predictions, to generate a series of potent inhibitors21. Other notable approaches
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that include biological confirmation of hits have employed, for example, structure-

based design starting from a drug repurposing study16, virtual screening of a curated

collection of commercially available compounds371, a deep reinforcement learning model

using pharmacophore and substructure matches with known inhibitors372, and a deep

generative framework using only target sequence information as input (along with

prioritisation based on factors such as docking score and retrosynthetic feasibility)373.

Here, we employ active learning to prioritise compounds for purchase and testing from

the Enamine REAL database based only on early fragment hits. We suggest several novel

designs that show activity in a fluorescence-based Mpro assay, as well as automatically

generating several compounds that show high similarity to known Moonshot hits.

6.2 Methods

6.2.1 Workflow Design

In the first iteration of FEgrow, we used the gnina convolutional neural network (CNN),

which has been jointly trained on binding pose and affinity prediction6,308,309. We

showed that the gnina ‘CNNaffinity’ scores (predicted pK) correlated reasonably well

with experiment for ten series of congeneric inhibitors built using FEgrow17. Here, we

add further options for scoring molecules based on protein-ligand interaction profile

(PLIP)370, molecular properties, or a combination thereof. For construction of the

PLIP score, interactions formed in the available protein-fragment complex crystal

structures were one-hot encoded to form a reference vector of desired interactions (here,

hydrophobic, hydrogen-bonding, π-stacking, and salt bridge were all identified). A

similar vector was constructed for the designed de novo compound, and its Tanimoto

similarity to the reference vector used as the objective for optimisation. It has been

argued that combining information from various properties can also be advantageous351,

for example by using pharmacophore constraints in combination with docking scores,

and we make use here of a simple, combined score (CS):

CS =

(
pK

MW

)
×
(
PLIP

0.3

)
× 100 (54)

which aims to maximise the predicted gnina affinity (pK) and the protein-ligand

interaction profile (PLIP) similarity to reference structures, while keeping the molecular

weight (MW) low.

6.2.2 Database Search

A challenge for automated growing of linkers and R-groups, and for de novo design in

general, is the synthetic tractability of the designed compounds. Approaches to address
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this limitation could include a synthetic accessibility score in the objective function312

or the expert curation of libraries with known synthetic routes368. However, we wished

to fully automate the design process, and be confident of acquiring compounds for rapid

design-make-test-analyse cycles. We therefore make use of the rapidly-growing make-on-

demand compound libraries as a surrogate measure of synthetic accessibility. Ideally,

we might use the entire catalogue as a chemical space in which to perform the active

learning. Although such an approach has been used as a one-off screen374, evaluating the

regression models used here soon becomes prohibitively expensive in an active learning

cycle. On the other hand, highly efficient methods have been developed for similarity and

substructure searches of these libraries359. We therefore make use of these searches to

seed the chemical space with compounds that are similar to the predicted actives at each

step of the active learning cycle (Figure 48). In this way, at the subsequent acquisition

step, we enable the algorithm to pick compounds for growing and scoring that are likely

to be scored highly (due to similarity with other highly scoring compounds) and available

for purchase or synthesis (due to presence in on-demand libraries).

In detail, the Enamine REAL database of 4.5 B compounds was searched for similarity

to designed molecules through the public interface to SmallWorld https://sw.docking.

org, using a graph-edit-distance space search359. At each cycle, 100 new, top-scoring

compounds were searched, and up to 100 of the most similar compounds from the REAL

database were extracted per search query (using a maximum distance of 5 steps). This

10 K compound set was filtered for substructure match with the core using RDKit5, and

those compounds that passed were added to the active learning search space. Active

learning then selects compounds for scoring following Enamine enrichment, as usual, but

there is no explicit bias to select compounds from the on-demand catalogue.

6.2.3 Computational Details

Protein input structures were taken from the set of noncovalent complexes crystallised

early during the COVID-19 pandemic347. In particular, the input PDB: 5R83 was used

as the receptor structure for active learning design, and Chimera was used to add hydrogen

atoms288. The ligand was truncated to include only the pyridyl moiety, as this appeared in

other available crystallised fragments in a consistent binding mode (PDB: 5RE4, 5REH,

5R84, 5RF3347) and with a suitable vector for growth into the binding pocket. The

full set of 23 non-covalent complexes (that had ligands bound in areas of the pocket

accessible by a growth vector) was additionally used for construction of the reference

PLIP370 interactions.

For testing of the active learning protocols, the chemical space was assembled by

combining the pyridyl moiety with 508 R-groups301 and 100 of the most common linkers357

from the FEgrow library. A total of 47710 unique molecules were successfully grown into
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the binding pocket and scored using the gnina CNN scoring function6. A further 1656

molecules were assigned a penalty score of pK = 0 as they could not be embedded due

to steric clash with the protein. In cases where rare errors occurred, such as a failure to

assign force field parameters, the molecules were discarded completely.

The previously tested FEgrow molecule building protocol was applied throughout17.

The ETKDG algorithm299 was used to generate 50 conformers, using a 0.5 Å root-mean-

square similarity threshold. Any conformers with an atom closer than 1 Å to any atom

in the protein was discarded. Energy minimisation was applied using a hybrid machine

learning / molecular mechanics energy function in a mechanical embedding scheme17. The

ANI-2x potential229 was used for the ligand, in cases where all elements in the molecule

are covered by the model, or the Open Force Field Sage375 potential otherwise. The lowest

energy conformer was retained for scoring.

An active learning library based on scikit376 and modAL377 python packages was

adopted from another study362. A set of molecules to initialise the active learning

cycle can be selected via RDKit’s MaxMin picker5 from the chemical space, or picked

at random. The processing was parallelised using the Python library Dask378, which

supports a diverse set of technologies, including the Slurm Workload Manager that is

deployed ubiquitously on high-performance computing clusters. Dask is used to secure

resources (scheduling workers on Slurm), submitting work and retrieving results. The

three major computationally-expensive components were parallelised: 1) building and

scoring of the molecules, 2) computing the Morgan fingerprints, and 3) computing the

Tanimoto similarity across the chemical space for the Gaussian Process modelling.

6.3 Results

6.3.1 Interfacing FEgrow with Active Learning Enables Efficient Search of

Chemical Space

In order to investigate the performance of the active learning protocol, and the effect of

machine learning hyperparameters, we built a labelled ‘oracle’ set of 47,000 compounds

using standard FEgrow input settings (see Computational Details). This is a larger set

of compounds than would be typically built and scored against a target, but knowing

the affinities of the full chemical space enables us to assess the performance of the active

learning approach. The common core was selected to be a pyridyl fragment common to

several early crystal structures of the SARS-CoV-2 main protease347, located in the S1

pocket with a vector pointing into the enzyme active site (Figure 49(a)).

Figure 49(b) shows the distribution of predicted binding affinities, computed using

the gnina convolutional neural network scoring function6 from FEgrow built structures.

The scores are symmetrically distributed around pK = 4.5, with a maximum affinity of
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Figure 49: a) The position of the ligand core (in the Mpro active site) and definitions
of binding pocket labels, the purple sphere is the hydrogen atom for replacement. b)
Histogram of computed pK for the 47 K compound oracle dataset. c) UMAP of entire
47,000 oracle chemical space, coloured by computed pK (the activity limit of 4.5 was
arbitrarily set). 2D structures of representative strong binders are included. d) A known,
4 µM, uracil-based binder.18
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Figure 50: Recall and F1 score for diverse initial selection GBM (left) and GP (right)
models, and greedy acquisition for identification of top 2 % scoring compounds for different
cycle sizes. Error bars show standard errors over five runs.

around 6.0, which is indicative of a set of low molecular weight (range between 100 and

350 Da, Figure S1), unoptimised compounds at the start of a hit finding effort. Indeed,

it is at this stage where the options for expansion are vast, and strategies to suggest

exploration of hits are particularly valuable. Note that compounds that could not be

built (for example, due to steric clashes with the protein) are arbitrarily assigned a pK of

zero, so that this information can be included in the active learning model.

Figure 49(c) further shows the UMAP projection of the chemical space, coloured

by gnina predicted pK. The visualisation shows a diverse composition of linkers and

functional groups, with well-spread clusters of the highest affinity binders, potentially

providing a challenging search space for active learning. Figure 49(b) also shows locations

in the chemical space of example linker and R-groups, attached to the pyridyl core, that

make up the stronger predicted binders. Favourable predicted linkers include amides,

sulfonylurea and various 6-membered ring heterocycles, and relatively bulky R-groups are

feasible, which is generally expected given the size and shape of the binding pocket21,347.

(Note that at this stage no consideration is given to synthetic accessibility or stability of

the compound designs).

We next sought to use active learning to accelerate the search through this chemical

space, using the oracle to assess the performance of model hyperparameters, and using the

predicted binding affinity as the optimisation target. In particular, we have investigated

the effects of initial compound selection (random or diverse), number of compounds picked

per cycle (in the range 200–500), machine learning model (GBM or GP) and acquisition

method (greedy or UCB). As discussed, the dependence of active learning efficiency on

the choice of model parameters is well documented, and so we do not devote much space

to it here.

By way of example, Figure 50 shows the effect of the number of compounds picked per

cycle on model recall and precision (F1 score) for the two machine learning models (GBM
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Figure 51: Recall and F1 score for diverse initial selection using GP and UCB acquisition
(repeating the same protocol three times with different β values) with cycle sizes of 200
(left) and 400 (right) for identification of top 2 % scoring compounds. Error bars show
standard errors over five runs.

Figure 52: F1/recall for Experiment: Random initial molecule selection, GP regression
model and greedy acquisition at 5 % as a function of different cycle sizes.
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Figure 53: Difference in selection for first (left) and final (right) active learning cycles,
for a GP model with UCB acquisition function (β = 10), a cycle size of 200 and a diverse
set of starting compounds showing a narrowing into areas predicted to be potent and
avoiding unpromising areas.

and GP). For a fixed total number of compounds selected (here, 2500), one might expect

the model to improve at small sample sizes (hence, more active learning cycles), but we

find that the efficiency is already well converged when picking 500 per cycle. Similarly, the

choice of machine learning model has little effect, with slightly higher metrics for the GBM

model, but both recall and precision comparisons are within the error bars. Figure 51

further shows the effect of using the UCB uncertainty-based acquisition function, instead

of greedy selection, in conjunction with the GP machine learning model. There is some

small improvement in recall over greedy selection, but no significant change in the metrics

used either as a function of cycle size or the β parameter in eq 52.

Note that for the current dataset, random selection would give a recall of 0.05 and

F1 score of 0.03 for identification of the top 2% of compounds. Therefore, with recall of

around 0.25–0.30 for most of our experiments, we see efficiency improvements with active

learning of around a factor of 5x compared to random selection. For reference, the growth

and scoring of this compound set in FEgrow requires around 1000 cpuhrs, which is not

prohibitive, but automated acceleration at no cost is clearly worthwhile.

In the next section, we choose to use a GP model with UCB acquisition function,

with a cycle size of 200 and a diverse set of starting compounds. The overall accuracy

of the chosen regression model (using β = 10), following training on 5 % of the dataset,

is 0.97 pK units (Figure S2), which is competitive with typical models used in active

learning with fingerprint-based representations363. Figure 53 shows a similar UMAP

projection as in Figure 49, but now only showing compounds acquired by our chosen

active learning model in the first (left) and final (right) cycles. We observe both a wide

exploration of the chemical space, which is important to increase diversity in the final
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Figure 54: Active learning drives improvements in predicted binding affinity. A GP model
is used, with UCB acquisition function (β = 0.1), a cycle size of 200 and a diverse set of
starting compounds. The solid horizontal line shows the average score for 377 compounds
randomly selected from the REAL database that were built with FEgrow.

set, and a focusing of the explored regions in the final cycle to compounds with a higher

predicted binding affinity, which is important for the use of the model to identify strong

binders.

6.3.2 Active Learning Driven Fragment Expansion Identifies Potential

SARS-CoV-2 MPro Inhibitors

Having established that the active learning protocols tested here are able to improve the

efficiency of chemical space searches with FEgrow, we turn now to prospective design

of potential noncovalent SARS-CoV-2 MPro inhibitors. A wealth of computational and

experimental data has been generated for this target in recent years, but here we limit

ourselves to structural information that was available in the early months of the COVID-

19 pandemic. In particular, as in the previous section, we consider expansion of the

pyridyl fragment (PDB: 5R83) along a vector into the binding pocket containing the

catalytic cysteine (Cys145)347. We now expand the size of the chemical space to an initial

250,000 molecules, built from the combination of supplied libraries of 500 linkers and

500 R-groups, such that full building and scoring of the space is prohibitively expensive

for routine study. To address the issue of synthetic feasibility of the output designs, we

add an additional step in the active learning cycle (Figure 48), whereby the chemical
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space is periodically seeded with compounds from the REAL database that are similar

to the highest scoring compounds (see Methods). Figure S3 demonstrates successful

incorporation of the Enamine compounds into the active learning cycles, with a significant

fraction of the built and scored compounds originating from this source.

Figure 54 shows an example design run, optimising the compounds for predicted

pK using the gnina scoring function (further examples are given in the Supporting

Information). The distribution of predicted affinity increases over the first 10 active

learning cycles then starts to saturate with a mean gnina predicted pK close to 6

(micromolar affinity). Over the full run, 95% of the compounds were successfully built

(assigned pK > 0) and 15% had a predicted pK > 6. For comparison, we also extracted

1000 molecules at random that contained the pyridyl substructure from the REAL

database used to seed the active learning cycles. For this set, 377 molecules (38%) could

be successfully built, with an average predicted pK = 4.9 and only two compounds with

predicted pK > 6.0 (0.2%).

Figure 55a) shows the highest scoring compound from this run, with a predicted

affinity of 88 nM. The compound extends hydrophobic contacts into the S3 and S1’

pockets, for example with Met165 and Thr25, but despite this does not form any specific

polar interactions (other than the original core interaction with His163). Since an early

fragment screen had provided valuable information about the nature of potential protein–

ligand interactions in this binding pocket, we sought to reduce the reliance on the gnina

scoring function and drive the active learning towards compounds that recovered known

crystallographic information (see Methods). Figure 55b) shows the top-scoring compound,

as defined by the Tanimoto similarity to the vector of reference interactions. In this case,

the grown molecule forms additional hydrogen bonding interactions with Asn142, Gly143,

Ser144, Cys145 and Glu166, and hydrophobic interactions with Thr25 and Glu166. The

majority of these interactions are recapitulated by, for example, fragments PDB: 5RGI

and 5RF7 (Figure 55d)).

Finally, we sought to combine the strengths of both docking scores and crystallographic

information to optimise a combined scoring function. Figure 55c) shows the top-scoring

compound as defined by eq 54 after 33 cycles of active learning. Although this compound

is scored much lower by the gnina scoring function (predicted affinity 2 µM), it extends

into the S3 and S1’ pockets and retains many of the interactions observed in Figure 55b)

(e.g. hydrogen bonding interactions with Asn142, Gly143, Ser144, Cys145 and Glu166).

6.3.3 Analysis of Hit Compounds

The top 500 compounds from each of four active learning runs (two optimising gnina

predicted pK, one optimising protein-ligand interactions, and one optimising the combined

scoring function) were checked for availability from the Enamine store. Interestingly, very
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Figure 55: Top-scoring compounds from active learning FEgrow runs of the main protease
of SARS-CoV2 (PDB: 5R83) using different scoring functions: a) gnina predicted pK
(grey), b) protein-ligand interaction profile (blue), c) combined scoring function (pink)
and d) Fragment 5RGI (red and teal) (H-bond donation by Gly143, Ser144, Cys145 and
His163), and 5RF7 in green (hydrophobic and H-bond donation with Glu166).
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few of the top scored by gnina predicted pK were available (four in total). This is likely

due to an important unavailable building block(s), and could be mitigated in future by

increasing diversity and/or including direct store queries in the search process. In any

case, we focussed here on outputs from the remaining two runs, and submitted the top 10

protein-ligand interaction and top 25 combination scoring compounds for costing. Finally,

a total of 19 designed compounds were purchased (of which 15 had been optimised used

the combination score) based on quoted price and excluding similar compounds (based

on visual inspection). Two control compounds were also included; one known binder

from a crystallographic fragment screen (Enamine ID: Z44592329; PDB: 5R83)347 and

one elaborated compound from the COVID Moonshot study (Enamine ID: Z4943052515

(literature IC50 0.288 µM))21. The twenty one purchased compounds (Figure S11) were

evaluated in a fluorescence-based Mpro activity assay, performed by Siddique Amin, at

1000, 500, 10 µM (Figure S12). Compounds 5 and 6 were excluded from the study

due to solubility issues at 1000 µM in the assay conditions. Five compounds (8, 10,

12, 14 and 21 (the positive control21)) showed reduction of Mpro activity ≤ 50% at

1000 µM. The IC50 values of these compounds, except 8 which displayed background

autofluorescence, were further determined (Figure 56). Compounds 10, 12 and 14 showed

a concentration-dependent inhibition of Mpro activity (measured pIC50 2.10, 3.01, 2.80

respectively). Nirmatrelvir, an orally bioavailable antiviral drug targeting Mpro, showed

inhibition (pIC50 6.01), which was slightly higher than the reported IC50 (0.022 µM379),

likely due to the limit of the assay (the enzyme concentration was at 0.2 µM). Figure 57

shows the predicted structures of compounds 12 and 14 from the active learning design

runs. Both compounds form hydrogen bonding interactions with the backbone of Glu166,

as well as hydrophobic interactions in the S1’ pocket.

Finally, to investigate whether the relatively low affinity of designed compounds is due

to insufficient exploration of chemical space or the empirical objective functions used to

optimise molecules, we performed a retrospective analysis of the designed compound space

against known binders resulting from the COVID Moonshot crowd-sourced discovery

campaign21.

In particular, Figure 58 shows the three most similar compounds from the active

learning runs (as defined by Tanimoto similarity search between RDKit Morgan

fingerprints with a radius of 3 and size of 2048) to a curated set of 292 hit compounds.

Considering that our FEgrow runs took as input only a single PDB receptor structure

and pyridyl fragment core, it is clear that this fragment growing and on-demand library

screening approach holds promise for suggesting biologically active compounds early

in hit discovery campaigns. However, further work is needed to ensure that the most

promising compounds are located at the top of ranked lists for synthetic prioritisation

and testing.
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Figure 56: IC50 determination of selected compounds with Mpro. Compounds 10, 12
and 14 were tested at a top concentration of 1000 µM. Nirmatrelvir was tested at a top
concentration of 10 µM as a positive control. Datapoints presented as mean ± SD; pIC50

presented as mean ± SEM; two biological repeats consisting of three technical replicates.
10 consists of one biological repeat with three technical replicates. Conditions: Mpro
(0.2 µM), 12-hour pre-incubation with compounds, 20 µM fluorescent substrate, 50 mM
Tris-HCl (pH 7.3), 1 mM EDTA and temperature 25◦C.

Figure 57: Predicted bound structures docked via gnina, of compounds 12 (Z1470573089)
and 14 (Z8969017446).



6.4 Discussion and Conclusions 119

Figure 58: a) Experimental Moonshot compound (literature IC50 17 µM)19 and most
similar compound from this study, from active learning optimisation of predicted gnina pK
(β=10), b) Experimental Moonshot compound (literature IC50 54 µM)19 and most similar
compound from this study, from active learning optimisation of predicted pK (β=10), c)
Experimental Moonshot compound (literature IC50 57 µM)19 and most similar compound
from this study, from active learning optimisation of combination scoring function.

6.4 Discussion and Conclusions

In this study, we have combined the FEgrow software, an open modular workflow for

building and scoring ligands in protein binding pockets, with active learning to guide and

automate chemical space searches for promising binders. In agreement with numerous

other studies363, we have shown that search efficiency is not too dependent on the

hyperparameters of the active learning model, which include the choice of regression

model, the acquisition function and number of compounds picked per cycle. For this

particular study, we find efficiency improvements of a factor of around 5x over random

selection, which will aid throughput of future prospective design efforts.

With the design of FEgrow, we hope to overcome some of the current limitations of de

novo drug design discussed in the Introduction. Some of these limitations are addressed

in the current study, and some will be addressed in future aided by ongoing advances in

molecular modelling and machine learning. For example, we tackle the question of binding

pose optimisation by using a fast and accurate machine learning potential (ANI-2x229)

to describe the ligand energetics in a mechanical embedding scheme. However, with the

flexibility of the FEgrow interface with OpenMM227, new models could be substituted in,

and these are now approaching sufficient speed and accuracy (including for long-ranged
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interactions) such that the entire protein-ligand complex could be described using a single,

consistent machine learning potential3,380. In this study, we made the approximation

that the protein binding pocket is rigid and used a single receptor structure for design.

However, now that ligand building and scoring is fully automated, future studies could

use, for example, ensembles of receptor structures, which may be beneficial in cases where

the pocket is more flexible.

A limitation of this and other similar studies is the choice of objective function in

the active learning cycles. To demonstrate the flexibility of the FEgrow package, we

demonstrated four design cycles here, two optimising for predicted affinity using the gnina

CNN scoring function and two including a more direct optimisation of protein-ligand

contacts extracted from crystallographic fragment screens. While we do not have enough

data to assess the relative merits of these scoring functions, we expect the latter to be

useful where experimental structural data exists, at least as part of a multi-objective

optimisation in future381. As a flexible alternative to PLIP scores trained on system-

dependent crystal structures, it has also been shown that transferable neural networks

can be trained on the PDBbind structural database to recognise favourable protein-ligand

interactions382.

As shown in Figure 48, to address the issue of synthetic tractability of the de novo built

compounds, we inserted regular queries of the Enamine REAL database into the active

learning cycles. In this way, we can use the initial chemical space to train the active

learning regression models, and then over time seed the chemical space with compounds

that are both similar to predicted actives and purchasable. In this way, we were able

to test the predictions of the active learning workflow with a turn around time of a

few weeks from order to biological testing. Of the 19 designed compounds that were

purchased here, three showed measurable activity, but none approached the desired levels

for further progression. Nevertheless, a similarity search showed the presence of effective

inhibitors in the built chemical space, and so further investigation will focus on ranking

compound designs ahead of purchase, perhaps via an extra stage of physics-based free

energy calculations362.
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7 Conclusion

This thesis centres on the development and implementation of an automated workflow

for computer-aided drug design (CADD). The concepts and methodologies that form

the foundation of CADD (including cheminformatics, molecular dynamics, and binding

free energy estimation techniques) were discussed and later exhibited in the context of

FEgrow, a new open-source molecular builder. FEgrow integrates machine learning (ML)

and cheminformatics toolkits to design and screen compounds across multiple targets,

for fragment-based hit-to-lead optimisation. The aim of this workflow is to enhance the

accuracy and efficiency of in silico de novo design by leveraging the modern computational

chemistry software ecosystem and high-performance computing (HPC). It includes step-

by-step guides and a simple API, enabling its use in projects by users with little to no

coding background. Modern databases are becoming increasingly large and are now sized

in the billions.383 Because of this, there is a need to be able to not only accurately test

compounds, but also to navigate the vast chemical spaces these libraries offer. To this end,

the FEgrow workflow was augmented utilising the Enamine REAL database to seed the

chemical space of buildable molecules, with active learning. In this way, designs that are

easily purchasable can be rapidly tested. Using FEgrow, compounds have been designed

and experimentally validated for multiple targets, leading to half a dozen hit compounds

in the low micromolar range, one of which had no previously known binders.

7.1 Future of Fragment-based Drug Design

Computer-aided drug design (CADD) has seen prolific progress over the last decade and

is becoming more deeply integrated with drug design in a useful and pragmatic way.

Computational techniques are seen as a trusted tool in the arsenal of drug hunting.

Machine learning (ML) and AI have come to the fore, speeding up existing pipelines and

expanding the applicability of others.77 The term ‘undruggable’ is receding at pace384

and increasingly difficult targets are seeing new inhibitors being developed. Quantum

algorithms are yet to make an appearance but are on the horizon, with the first nascent

attempts being demonstrated and the first QPU (Quantum Processing Units) arriving —

but these techniques are far from practical utility.385

This thesis has discussed a significant area of CADD, structure based drug design

(SBDD), where the three-dimensional structure of a target, determined through

techniques like X-ray crystallography, Cryo-EM and NMR, is used to guide the design

of potential inhibitors. SBDD heavily relies on the availability of high quality structural

data, and improvements in structural resolution and computational modelling are

essential for its future success. There has also been a particular focus on fragment

based drug design (FBDD) throughout the thesis. FBDD begins with small chemical
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fragments that bind to a target and then uses computational methods, such as a free

energy perturbation (FEP) and fragment growing algorithms to iteratively expand and

optimise these fragments into potent drug candidates.

This work addressed the need for semi-automatic preparation of structures for FEP

calculations for targets that have X-ray crystal structures available. Automating the

preparation of high-quality starting models can significantly improve the efficiency of

FEP workflows. The FEgrow workflow has shown success when used in real-world drug

discovery campaigns, yielding promising molecules for further development. More broadly,

FEP has proven to be useful in drug discovery efforts.

The accessibility of quantity and quality of structures can improve the efficacy of

FBDD, especially with respect to training machine learning models. New X-ray structure

techniques like XFELs that produce extremely powerful X-rays that are highly intense,

coherent and short X-ray pulses, deliver in femtoseconds a similar quantity of photons

that a 3rd generation synchrotron delivers in one second via electromagnetic undulation

of electron beams.386 In XFELs, crystals are not needed and diffraction patterns can

be detected off single proteins due the intensity, obviating the need for crystallisation.

This can happen at room temperature and outpaces the radiative damage of the proteins

since the diffraction pattern is generated before the protein is damaged. These factors

mean that inherently flexible or unstable structures, such as G-protein-coupled receptors

(GPCRs) can be analysed, contributing to the expanding efficacy of CADD.

Structural dynamics and reaction pathways can also be resolved (which is typically

adulterated in standard X-ray conditions) and the structures of room-temperature

allosteric inhibitors which are usually unavailable can be determined. This extra dynamic

information under biologically relevant conditions similar to in vivo can be used to build

more sophisticated models of protein structures, useful in fragment-based drug discovery.

Scoring remains a bottleneck in structure based computer-aided drug design (SB-

CADD), particularly for de novo design, where the success heavily depends on the scoring

functions employed. Conventional scoring methods often yield poor performance during

screening, characterised by low hit rates and a high prevalence of false positives.387 The

advent of machine learning (ML) scoring functions is not a panacea, however and, while

promising, are constrained by the breadth of their training data, making them unreliable

for novel targets with limited known binders. Using docking/scoring functions to predict

accurate binding modes is essential for accurate binding free energy prediction e.g. FEP.

Although checks exist to assure basic validity,388 generating poses completely in silico is

an active area of research and would significantly advance fragment-based drug discovery.
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7.2 Future of FEgrow

The half-life of knowledge in computational science is low. A testament to this fact is

that the field is unrecognisable from even a decade ago, and the next decade is sure to

similarly present seismic changes. Nowhere is this more apparent than the maintenance

of the software; all code if left unmaintained will decay to the point of non-functionality,

and quickly, due to theoretical improvements in algorithms, the release of new hardware,

and the evolution of programming languages themselves.389

It is critical to keep in mind the context in which FEgrow was developed when

considering its future, including its sustainability. In academic contexts, code is generally

not of production grade and is often written for a singular and possibly mutable purpose.

The exact implementation details can remain obscure (even to the authors) until relatively

late in the project’s life, and code often has no sense in which it is ‘complete’ with new

applications and techniques being devised and applied to the existing code-base. This is

in contrast to production code that has a clearly defined scope which exists within an

environment that assures both the ability and incentive to maintain it.390

Software projects that commence with the hiring of postdoctoral researchers and/or

PhDs still need to be maintained long after they are no longer associated with the project,

and this is a common source of abandoned codebases. The assurance of longevity for

projects can be achieved in various ways, for instance by integrating the project into the

ecosystem of a larger organisation that possesses the resources to maintain it. Examples

include Open Force Field (OpenFF), Open Free Energy within the Open Molecular

Software Foundation ecosystem, and SOMD within OpenBioSim.391,392

In an ideal world, each package would represent a part of a whole ecosystem built

from reusable libraries, which consequently reduces development time spent on what is

essentially higher order boilerplate code (large language models have also shown promise in

their ability to achieve this sort of task393). Packages should have minimal dependencies;

be open-sourced whilst following standard software engineering practices, and — crucially

— do a single thing well in an interoperable fashion. The benefit of such a system is lower

overhead for anyone wishing to develop software, more numerous tools and ultimately

higher quality research that is more easily reproducible.

A focus on modular and well designed open-source software is of supreme importance,

and is the key to a successful tool. That is, a tool that in the context of drug discovery

is used by enough people over a long enough period of time to have contributed to the

discovery of drug-like compounds. The ability for FEgrow’s code to be updated and

maintained is core to the nature of the project and its design facilitates replacing individual

components as and when new approaches and techniques appear.

For example, incorporating newer NNPs to generate better binding poses such as

MACE-OFF23 in conjunction with OpenMM or utilising ML methods for faster charge
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generation — replacing semi-empirical calculations that currently take minutes per

molecule with much faster neural network charges that have typical root mean square

errors relative to their underlying training data of less than 0.02e.198

Chemical beauty is notoriously difficult to quantify and ADMET/QED prediction is

always improving. Currently implemented using standard RDKit functionality in FEgrow,

it is an area that is ripe for improvement, and recently,394 human-in-the-loop models

have been trained exploiting the expertise of humans to evaluate molecules in an Elo

style ranking system, which outperform standard metrics in deprioritising undesirable

compounds.

Synthetic accessibility is another issue for the FEgrow workflow, and integrating

FEgrow with automated methods for suggesting libraries of synthetically tractable

mutations is a promising avenue (e.g. REINVENT)395 ML packages like these can be

implemented into FEgrow as and when they appear.

One of the most important components of FEgrow is the scoring function used to

predict the binding affinity of a ligand in complexation with a protein. While the

current CNN scoring function used is reasonably accurate, predictions for affinity using

gnina (see 5.3) tended to have a low dynamic range and failed to accurately predict

experimental values, but were useful for ranking compounds relative affinity. It is also

important to note that gnina is not the only possible choice, nor will it remain state-

of-the-art for very long, again emphasising the importance of a modular approach. The

use of different scoring functions is another future direction, such as FRAME, a SE(3)

equivariant neural network, which has appeared recently.396 Remarkably, despite only

being trained on around 4000 examples of protein-ligand structures extracted from the

PDBbind database (supplemented by negative decoy structures), FRAME is able to

learn to recognise molecular interactions, recapitulating, for example, the experimental

geometry of hydrogen bonding and π-π stacking interactions in protein-ligand complexes.

Incorporation of experimental assay data to iteratively fine-tune the scoring function

on a per target basis directly (as opposed to using AL based regression models) is another

feature that would be desirable. Currently, the scoring function used is static and valuable

information ascertained from experiment is unable to be used except in an ad hoc manner.

In the current version of FEgrow, the protein binding site is static and as such is unable

to model induced fit effects that have been shown to be integral to a ligand’s affinity for its

target.397 There are various ML methods for predicting protein dynamics,398 along with

different experimental techniques that can directly measure them e.g. X-ray free electron

lasers (XFELs)399. Protein conformational change is an obvious omission to the current

workflow, and the inclusion of binding pocket residue adjustment between e.g. apo and

holo structures might allow more accurate affinity prediction, especially for larger ligands.

The role of water in drug design is not to be understated, and predicting the effect
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ligand binding has on water networks can improve the accuracy of de novo design. Water

models were incorporated in version 1.0.0 of FEgrow in a basic fashion, but not integrated

into the core workflow. This could be done, for example, by adding functionality for water

network prediction, allowing the prediction of non-labile waters that are likely to act as

conduits for polar interactions. At present, the workflow requires an experimental binding

mode as a starting point, typically relying on X-ray crystal structures of protein-ligand

complexes, which are often limited in availability. Further, FEgrow implicitly assumes

that as the core fragment is expanded, the binding mode remains unchanged. However,

this assumption is generally unreliable and its validity diminishes the more the molecule

grows beyond the initial core. The ability to predict binding modes or assess whether

modifications, such as added groups, are likely to alter the binding interaction is a critical

factor for de novo design.

Similarity search needs to be addressed as de novo designs are only as good as what

is available to test experimentally. There are newer metrics that are more sophisticated

than simple fingerprint searches using 3D shape or electrostatic similarity.400

In summary, FEgrow is a modular workflow that aims to be easy to maintain and use.

It contains tutorials and a simple API so that it can easily be applied to any drug discovery

project, even by those that have limited coding experience. The workflow has potential

to be further iterated to ensure its sustainability, longevity and utility, for example by

embedding into the ecosystem of a larger organisation; making use of alternative scoring

functions and ML methods for predicting protein dynamics, and integrating water network

prediction functionality into the workflow.
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S8 Appendix 1: FEgrow Supplementary Information

S8.1 Case Study II: SARS-CoV-2 Main Protease

Calculations in this section were performed by Dr Mateusz Bieniek, but included here for

completeness.

Figure S1: a) Cyanophenyl-based Mpro inhibitors. b) X-ray crystal structure of 4 in
complex with the protease, with discussed binding pockets labelled. c,d) Uracil-based
Mpro inhibitors.

The main protease (Mpro) of SARS-CoV-2, the virus responsible for the COVID-

19 pandemic, is an attractive target for the development of antiviral agents401. The

Jorgensen lab has focused on the development of drug-like, non-covalent inhibitors of the

protease through lead optimisation of virtual screening hits16. In particular, starting

from the anti-epileptic drug, perampanel, researchers combined model building with

the BOMB software, with free energy calculations, to rapidly yield potent antiviral

compounds. Figure S1 shows the structures of the two main series of cyanophenyl- and

uracil-based compounds investigated. A high-resolution x-ray crystal structure of 4 with

Mpro confirmed binding to the S1, S1’ and S2 pockets, with space to grow into the S3–S4

region16.

In what follows, we employ FEgrow to retrospectively build and score the listed analogs

(Figure S1) to demonstrate the potential utility of the workflow in guiding future design

efforts. Starting from the crystal structure of 4 (PDBID: 7L10), we begin by replacing
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Figure S2: Overlay of (a) 5 and PDBID: 7L11, (b) 26 and 7L14, (c) 14 and 7L12, (d) 21
and 7L13. Crystal structures are coloured in yellow, and modelled binding poses in grey.
Root-mean-square distances (RMSD) between predicted and experimental coordinates of
atoms in the built R-groups were calculated using RDKit5.
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Figure S3: Comparison between free energy calculations and experiment. Binding free
energies of 13 analogs of the uracil-based Mpro inhibitors, relative to compound 10. The
error bars indicate one standard error based on least square fitting20.

one of the meta chlorine atoms by propoxy to form 5. The modelled structure agrees well

with the corresponding high-resolution crystal structure (Figure S2(a)). In particular,

the propoxy OCCC dihedral angle in the lowest energy structure (53◦) matches the

experimental gauche conformation (47◦), which allows hydrophobic contact with Met165

and Leu167. Similarly, good agreement is obtained for the cyclopropyl analogue 26 with

the corresponding experimental crystal structure (Figure S2(b)).

Turning attention to the uracil series, the core molecule was again built from the

crystal structure of 4, by removing the cyanophenyl group. The added uracil group has

three low energy conformations, and in this case we retained the second lowest energy

structure, which forms key hydrogen bonding interactions with the backbone of Thr26

and the catalytic Cys145. In agreement with the original modelling, performed using the

BOMB software16, we find that again a range of substituents are permitted in the S3/S4

pocket, including substituted benzyloxy side chains (Figure S1). Figure S2(c) shows that

the modelled uracil group in the S1’ pocket is in good agreement with the corresponding

crystal structure (7L12). However, the predicted conformation of the unsubstituted

benzyloxy side chain is at odds with the crystal structure (7L12). The correct conformer

is output as an alternative low energy conformer and, interestingly, the majority of the

modelled larger, substituted benzyloxy groups adopt the crystal conformation. This is

exemplified by 21 in Figure S2(d), which also correctly orients the ortho-Cl down into the

S4 pocket.

The uracil series comprises a set of 13 analogs, spanning around 2.5 kcal/mol in binding

free energy, and as such provides a useful benchmark for demonstrating the next stage

of the workflow. Although the gnina CNN affinities for these compounds are reasonably
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well correlated with experimental IC50 measurements in a kinetic assay (Figure S5)16,

it is desirable to investigate whether more rigorous free energy methods can be used to

improve accuracy. Hence, relative binding free energies were computed using the SOMD

software296, starting from the structures output by the FEgrow workflow in complex with

the receptor (see Computational Methods). Note that we have used the lowest energy

structures as input to the free energy calculations (using instead the structure of e.g. 14

that corresponds most closely to the crystal structure can introduce differences of up to

0.4 kcal/mol in free energies in our tests, but this information would not be available for

prospective studies). Figure S5 shows the agreement between experiment and simulations

(MUE = 0.45 kcal/mol, R2 = 0.53), and the raw data is provided in Table S5. Here, we

can see that even though we have only used information from a single crystal structure

of 4 bound to the protease, the combination of structure building and optimisation with

the FEgrow workflow and free energy calculations with SOMD allows the (retrospective)

prioritisation of compounds, such as compounds 20 and 21 for synthesis and testing.
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Molecular Property Filters. Here, we provide further information on the simple

molecular property filters that are included in FEgrow.

Pan Assay Interference Compounds (or PAINS)313 are molecules that bind non-

specifically to multiple protein targets. This can lead to unwanted side effects and

increased risk of toxicity, as well as often causing false positive results in high throughput

screening. Common PAINS include toxoflavin, isothiazolones, hydroxyphenyl hydrazones,

curcumin, phenol-sulfonamides, rhodanines, enones, quinones, and catechols. It is worth

noting that there are many instances of approved drugs containing PAINS, so they

should be considered with caution.402

Brenk and coworkers proposed a list of unwanted substructures with undesirable

pharmacokinetics or toxicity that they made use of in assembling screening libraries for

neglected diseases.316 This list of features includes sulfates and phosphates (likely resulting

in unfavorable pharmacokinetic properties), nitro groups (mutagenic), 2-halopyridines and

thiols (reactive).

The NIH filter (based on the work by Jadhav et al.314 and Doveston et al.315)

defines a list of unwanted functional groups. These are split into two groups: reactive

functionalities and medicinal chemistry exclusions. The reactive functionalities include

Michael acceptors, aldehydes, epoxides, alkyl halides, metals, 2-halo pyridines, phosphorus

nitrogen bonds, α-chloroketones and β-lactams. The medicinal chemistry exclusions

include groups such as oximes, crown ethers, hydrazines, flavanoids, polyphenols, primary

halide sulfates and multiple nitro groups.

Finally, we include a synthetic accessability (SA) score312. This function returns a

score of 1 for easy to synthesise and 10 for more challenging compounds. The score is

based on a combination of fragment contributions derived through analysis of one million

compounds from Pubchem, and a complexity penalty that accounts for the presence of

large rings, non-standard ring fusions, stereocomplexity and size.
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Table S3: PDB ID, number of R-groups grown, net ligand charge, and 2D common core
structure for each target. Attachment vectors are labelled by “–R”.

Target PDB ID Number of R-groups Charge Common Core

BACE 4DJW 16 +1

BACE(Hunt) 4JPC 31 +1

BACE(P2) 3IN4 12 +1

CDK2 1H1Q 16 0

JNK1 2GMX 10 0

MCL1 4HW2 22 −1

P38 3FLY 14 0
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Target PDB ID Number of R-groups Charge Common Core

PTP1B 2QBS 18 −2

Thrombin 2ZFF 11 +1

TYK2 4GIH 12 0

Table S4: (Continued) PDB ID, number of R-groups grown, net ligand charge, and 2D
common core structure for each target. Attachment vectors are labelled by “–R”.
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Target RMSE / kcal/mol R2

BACE 0.94 0.00
BACE(Hunt) 1.23 0.03
BACE(P2) 0.89 0.00

CDK2 1.01 0.08
Jnk1 1.72 0.23

MCL1 1.19 0.27
P38 1.20 0.28

PTP1B 0.95 0.55
Thrombin 0.93 0.68

TYK2 1.03 0.20

Table S5: Root mean square error (RMSE) and correlation coefficient (R2) between
gnina CNN affinities (converted to free energies) and experimental binding free energy,
calculated as RT × ln(IC50).
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Figure S4: Network of alchemical transformations used for calculation of relative binding
free energies of 13 analogs of the uracil-based Mpro inhibitors.
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Figure S5: Comparison between gnina and experiment. Absolute binding free energies of
13 analogs of the uracil-based Mpro inhibitors using the gnina CNN affinity.
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Compound ∆G(EXP) / kcal/mol ∆G(SOMD) / kcal/mol
10 0 0
11 -1.37 -0.84
12 -0.94 -0.82
13 -1.10 -0.55
14 -1.33 -1.38
16 -1.48 -2.13
17 -1.42 -1.47
18 -2.33 -1.85
19 -2.07 -1.72
20 -2.09 -2.05
21 -2.5 -2.13
24 -2.07 -1.44
25 -2.31 -1.13

Table S6: Comparison between free energy calculations and experiment. Binding free
energies of 13 analogs of the uracil-based Mpro inhibitors, relative to compound 10.

Cycle Cycle Closure Error (kcal/mol)
24–13–10 -0.98
14–16–17 -0.14
12–11–25 -0.46
18–20–19 0.01
19–20–21 0.43

Table S7: Cycle closure errors for the network of Mpro inhibitors (Figure S3). Errors are
calculated from the raw free energy data from SOMD, averaged over duplicate runs and
forward/backward transitions.

S9 Appendix 2: Active Learning Supplementary

Information
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Figure S1: Distribution of molecular weights (MW, Da) for the 47 K compound oracle
dataset.

Figure S2: Correlation between the predicted pK using a Gaussian process regression
model and the oracle predictions. Overall RMSE between the predictions is 0.97 pK
units. (Cycle size = 200, diverse initial selection of molecules, UCB acquisition function,
β = 10).
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Figure S3: Histogram of the number of Enamine molecules added for each experiment, as
a fraction of the total number of molecules built.
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Figure S4: T̓op 2% activity

Figure S5: T̓op 5% activity

Figure S6: F1/recall for Experiment: Random initial molecule selection, GBM regression
model and greedy acquisition at 2 and 5 % as a function of different cycle sizes.
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Figure S7: T̓op 2% activity

Figure S8: T̓op 5% activity

Figure S9: F1/recall for Experiment: Diverse (MaxMin) initial molecule selection, GBM
regression model and greedy acquisition at 2 and 5 % as a function of different cycle sizes.

Figure S10: T̓op 2% activity

Figure S11: F1/recall for Experiment: Random initial molecule selection, GP regression
model and greedy acquisition at 2 % as a function of different cycle sizes.
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Figure S12: T̓op 2%

Figure S13: T̓op 5%

Figure S14: F1/recall for Experiment: Diverse (MaxMin) initial molecule selection, GP
regression model and greedy acquisition at 2 and 5 % as a function of different cycle sizes.

Figure S15: Active learning drives improvements in predicted CS scoring function. A GP
model is used, with UCB acquisition function (β = 0.1), a cycle size of 200 and a diverse
set of starting compounds.
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Figure S16: Active learning drives improvements in predicted PLIP scoring function. A
GP model is used, with UCB acquisition function (β = 0.1), a cycle size of 200 and a
diverse set of starting compounds.

Figure S17: Active learning drives improvements in predicted binding affinity scoring
function. A GP model is used, with UCB acquisition function (β = 10), a cycle size of
200 and a diverse set of starting compounds.
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Figure S18: 2D structures of the Enamine compounds ordered, along with their compound
number and Enamine IDs. Note that compound 17 is a control compound taken from a
previous study21.

Experimental

Protein Production and Purification

Recombinant His-tagged Mpro was produced as described347 in E. coli BL21 (DE3)

containing pGEX-6P-1 Mpro plasmid. A 50 mL starter culture was inoculated and grown

with carbenicillin (100 µg/mL) in LB broth for 8 hours at at 37 ◦C with shaking (200

RPM). The expression media (1 L Formedium LB autoinduction media + 10 mL glycerol

in a 2.5 L baffled Erlenmeyer flask) was inoculated with 10 mL of the starter culture and

grown at 37 ◦C with carbenicillin (100 µg/mL) at 200 RPM until reaching an OD600 of

0.6. Cells were further incubated for 16 h at 18°C, harvested by centrifugation (8000 g,

10 min) and pellets were frozen at -80 ◦C. The frozen pellet (12 g) was re-suspended in

lysis buffer [50 mM Tris, 300 mM NaCl, pH 8] before being lysed by sonication for 6 mins

(5s on, 20s off cycle, 40 % AMP, Sonics VCX-500) twice before subsequent centrifugation

(50,000 g, 30 min). The cell lysate was filtered in a 0.45 µm syringe filter and added

to a 3 mL bed volume Nickel Sepharose gravity flow column pre-equilibrated with lysis

buffer. The column was washed with 72 mL wash buffer [50 mM Tris, 300 mM NaCl, 25

mM imidazole, pH 8] and eluted with 12 mL elution buffer [50 mM Tris, 300 mM NaCl,

500 mM imidazole, pH 8] and collected as 3 mL fractions. Protein-containing fractions



144

Figure S19: Initial compound screening for inhibition of Mpro enzyme activity.
Compounds were tested for inhibition of Mpro catalytic activity at concentrations of 1000
µM, 500 µM and 100 µM. Compounds 17 and 21 were included as controls. Compounds
12 and 14 reduced the Mpro activity below the threshold (≤ 50 % Mpro activity) at
1000 µM and were selected for subsequent IC50 analysis. 8 was not chosen for further
analysis due to background auto-fluorescent activity. Data represented as mean ± SD;
2 biological repeats consisting of 3 technical replicates. 10 consists of 1 biological repeat
with 3 technical replicates. Conditions: Mpro (0.2 µM) 12-hour pre-incubation with
compounds, 20 µM fluorescent substrate, 50 mM Tris-HCl (pH 7.3), 1 mM EDTA and
temp: 25°C. Compounds 5 and 6 were excluded from the analysis due to poor solubility
in assay conditions.

were combined and concentrated using a 10 kDa molecular weight cut off concentrator

(Amicon Ultra), and subsequently purified by size-exclusion chromatography using a gel

filtration column (HiLoad 16/600 Superdex 75pg) on AKTA Pure system in SEC buffer

[50 mM Tris, 300 mM NaCl, pH 8]. His-tagged Mpro-containing fractions (>90 % purity

by 10 % SDS PAGE gel) were concentrated (478.7 µM), aliquoted and stored at -80 ◦C.

Fluorescent Activity Assay

Mpro fluorescent substrate peptide (MCA-AVLQSGFR-Lys(Dnp)-Lys-NH2) was

purchased from GL Biochem. All assays were performed as described403 in black 384-well

microplates (Greiner Bio-One). Concentrations reported as used in the final assay volume

of 30 µL. Compound dilutions were prepared in assay buffer [50 mM Tris-HCl, 1mM

EDTA, pH 7.3] with 3 % DMSO (1 % DMSO final). 10 µL compound was incubated

with 10 µL Mpro (0.2 µM final) for 30 min at 25 °C before addition of 10 µL of the

fluorescent substrate peptide (20 µM final). Fluorescence (330 nm excitation / 390 nm

emission) after 20.5 min (at linear range) at 25 °C (BMG Pherastar FSX) was used to

calculate the IC50 values. Background fluorescence of compounds 4, 7, 8, 11, 16 and 21

was subtracted from the raw datapoints. Datapoints were normalised to DMSO control

(maximum Mpro activity) and no enzyme control and presented as ‘% Mpro activity’.
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Analysis was performed on GraphPad Prism V10 fitted with the model ‘log(inhibitor)

vs. normalized response, variable slope’. All assays were performed twice in technical

triplicates unless stated.
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A. Powell, V. Pšenák, I. Pulido, R. Puni, V. L. Rangel, R. N. Reddi, P. Rees,

S. P. Reid, L. Reid, E. Resnick, E. G. Ripka, R. P. Robinson, J. Rodriguez-

Guerra, R. Rosales, D. A. Rufa, K. Saar, K. S. Saikatendu, E. Salah, D. Schaller,

J. Scheen, C. A. Schiffer, C. J. Schofield, M. Shafeev, A. Shaikh, A. M. Shaqra,

J. Shi, K. Shurrush, S. Singh, A. Sittner, P. Sjö, R. Skyner, A. Smalley, B. Smeets,
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[228] A. Hofstetter, L. Böselt and S. Riniker, Physical Chemistry Chemical Physics, 2022,

24, 22497–22512.

[229] C. Devereux, J. S. Smith, K. K. Huddleston, K. Barros, R. Zubatyuk, O. Isayev

and A. E. Roitberg, J. Chem. Theory Comput., 2020, 16, 4192–4202.

[230] M. Goldey, A. Dutoi and M. Head-Gordon, Physical Chemistry Chemical Physics,

2013, 15, 15869–15875.

[231] T. A. Halgren, Journal of Computational Chemistry, 1996, 17, 490–519.

[232] J. J. P. Stewart, Journal of Molecular Modeling, 2007, 13, 1173–1213.

[233] J. Behler and M. Parrinello, Physical Review Letters, 2007, 98, 146401.

[234] P. Eastman, P. K. Behara, D. L. Dotson, R. Galvelis, J. E. Herr, J. T. Horton,

Y. Mao, J. D. Chodera, B. P. Pritchard, Y. Wang, G. De Fabritiis and T. E.

Markland, 10, 11.

[235] J. H. Moore, D. J. Cole and G. Csanyi, Computing Hydration Free Energies of Small

Molecules with First Principles Accuracy, https://arxiv.org/abs/2405.18171v2,

2024.

[236] C. Sutton, M. Boley, L. M. Ghiringhelli, M. Rupp, J. Vreeken and M. Scheffler,

Nature Communications, 2020, 11, 4428.

[237] A. S. J. S. Mey, B. K. Allen, H. E. B. McDonald, J. D. Chodera, D. F. Hahn,

M. Kuhn, J. Michel, D. L. Mobley, L. N. Naden, S. Prasad, A. Rizzi, J. Scheen,

M. R. Shirts, G. Tresadern and H. Xu, Living Journal of Computational Molecular

Science, 2020, 2, 18378–18378.



References 164

[238] S. Liu, Y. Wu, T. Lin, R. Abel, J. P. Redmann, C. M. Summa, V. R. Jaber,

N. M. Lim and D. L. Mobley, Journal of computer-aided molecular design, 2013,

27, 10.1007/s10822–013–9678–y.

[239] S. Zhang, T. J. Giese, T.-S. Lee and D. M. York, Journal of Chemical Theory and

Computation, 2024, 20, 3935–3953.

[240] N. Ferruz and G. De Fabritiis, Molecular Informatics, 2016, 35, 216–226.

[241] C. D. Christ, A. E. Mark and W. F. van Gunsteren, Journal of Computational

Chemistry, 2010, 31, 1569–1582.

[242] C. H. Bennett, Journal of Computational Physics, 1976, 22, 245–268.

[243] M. R. Shirts and J. D. Chodera, The Journal of Chemical Physics, 2008, 129,

124105.

[244] G. A. Ross, C. Lu, G. Scarabelli, S. K. Albanese, E. Houang, R. Abel, E. D. Harder

and L. Wang, Communications Chemistry, 2023, 6, 1–12.

[245] M. Bissaro, M. Sturlese and S. Moro, Drug Discovery Today, 2020, 25, 1693–1701.

[246] E. B. Lenselink, J. Louvel, A. F. Forti, J. P. D. van Veldhoven, H. de Vries,

T. Mulder-Krieger, F. M. McRobb, A. Negri, J. Goose, R. Abel, H. W. T. van

Vlijmen, L. Wang, E. Harder, W. Sherman, A. P. IJzerman and T. Beuming, ACS

Omega, 2016, 1, 293–304.

[247] P. Procacci, Journal of Molecular Graphics and Modelling, 2017, 71, 233–241.

[248] J. H. Moore, C. Margreitter, J. P. Janet, O. Engkvist, B. L. de Groot and V. Gapsys,

Communications Chemistry, 2023, 6, 1–12.
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