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Abstract

The COVID-19 pandemic provided stark evidence of the need for robust drug development pipelines
that allow the rapid discovery and advancement of therapeutics such as antivirals. Increasing the
pace with which we develop diverse compounds during the early stages of the pipeline is central to
addressing problems of attrition and improving the e ciency of drug discovery.

Fragment-based drug discovery (FBDD) emerged as an alternative to the more established high-
throughput screening, involving the screening of much smaller molecules, typically containing less
than 20 heavy atoms, that exhibit higher hit rates and are able to probe the binding site and map
out possible interaction opportunities. Fragment screening via X-ray crystallography has undergone
rapid technological advancements, meaning nding fragment hits is no longer the main obstacle in
the FBDD cascade. However, one of the longstanding bottlenecks is making use of the structural
data from these screens to optimize fragments to become larger binders with on-scale a nities.

Automated approaches that exploit all the opportunities available from the fragment screen are
lacking. Commonly employed approaches include manual design, which does not provide the scale
needed and is subject to the biases of the medicinal chemist, ande novoand in silico methods,
which can struggle to propose molecules that we can synthesize a ordably and on rapid timescales.
Moreover, when a set of follow-up compounds are proposed, there is no consensus method for
prioritizing which are the most promising candidates.

The work described in this thesis focuses predominantly on the problem: how can we use the
results of a crystallographic fragment screen to propose a set of diverse and synthetically accessible
follow-up compounds that exploit all the interaction opportunities sampled by the original frag-
ments? In Chapter 2, The Fragment Network as a novel source of fragment mergéd describe the
development of a pipeline that looks for fragment merges, referring to compounds that incorporate
exact substructures of crystallographic fragment hits. The pipeline includes a set of lters that
prioritize merges that adopt poses that recapitulate the orientations and interactions seen in the
parent fragments. In Chapter 3, Expanding the scope of a catalogue search by nding bioisosteric

merges, | demonstrate how this tool can be extended to maximize the chemical space explored



within commercial catalogues, extending the search to what we term “bioisosteric merges'. This
term denotes merges that incorporate substructures that recapitulate pharmacophoric properties
of the original fragments without combining exact chemical structures. In Chapter 4, Usage of
catalogue search tools in active XChem campaignsl outline how active antiviral discovery cam-
paigns provided a platform for method development, and describe the challenges encountered and
lessons learnt in establishing the logistics for designing and ordering follow-up compounds based
on fragment screens. Chapter 5, Developing a novel scoring function for evaluating compound
elaboratability’, outlines an approach that can be used to prioritize compounds according to their
“elaboratability’, that is, how amenable they are to further synthesis and elaboration. The method
considers both chemical and geometric aspects of assessing vector and compound elaboratability,
and is contrasted against a deep learning-based approach trained on a synthetic dataset designed

to contain realistic elaboration scenarios.
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1. Introduction

Bringing a drug to market is an expensive and time-consuming process, with the mean costs esti-
mated to be > $800 million and requiring decades of work (Leelananda et al., 2016; Sertkaya et al.,
2024). The development pipeline is hampered by high rates of attrition, with the failure rate for
drugs entering clinical trials estimated to be as high as 90% (Leelananda et al., 2016). The COVID-
19 pandemic provided stark evidence for the need to develop therapeutics such as antivirals on rapid
timescales (Delft et al., 2023). Improving the e ciency of the early stages of the pipeline, whereby
hit compounds, found to bind to a target of interest, are developed into more potent candidates,
will help to accelerate this process. The use of computer-aided drug discovery (CADD) in this step
has proved invaluable in reducing the time and resource requirements by leveraging the power of
existing datasets (Zhang, 2011). Below, we summarize the main steps involved in developing new

therapeutics, in particular, outlining the role of hit discovery and optimization.

1.1 The drug discovery pipeline

Drugs are developed when there is an unmet clinical need for a therapeutic (Hughes et al., 2011a) (an
overview of this process is shown in Figure 1.1). Drugs can generally be classed as small molecules,
referring to synthetic medicinal chemicals that typically have a molecular weight of< 1,000Da, and
biologics, which are comparatively larger, derived from cells or biological processes, and encompass
therapeutics such as monoclonal antibodies and vaccines (Makurvet, 2021). To know how to treat

a disease requires an understanding of its underlying biology and the identi cation of a relevant
drug “target' (Hughes et al., 2011a).

Most existing small-molecule drugs target a limited selection of proteins (Overington et al.,



2006), referring to the macromolecules that undertake critical functions in our bodies to keep us
alive, such as enzymes, hormones and structural proteins; although, drug targets may also be non-
human such as those targeted by antimicrobials. The number of proteins targeted by existing
therapeutics is relatively small in relation to the theoretical number of targets, with a 2017 analysis
estimating there to be 667 targets modulated by existing drugs, despite there being 20,000 genes
encoded by the human genome (Santos et al., 2017).

Most recent drugs have been developed using a target-based approach, with the goal of selectively
modulating a target linked to the disease (Wagner, 2016). Several approaches are employed for
target identi cation. For example, if there is an existing small molecule or drug implicated in the
disease, direct or a nity-based approaches can be used to identify the interacting proteins (Tabana
et al., 2023). Gene-targeting methods, such as use of the CRISPR{Cas9 system, can be used to
selectively disrupt genes, isolating those that are associated with a speci c disease phenotype (Rasul
et al., 2022). In more recent years, omics-based approaches have proved valuable for the discovery
of new biomarkers and targets, and can help in understanding mechanisms of action. Genomics
approaches, such as genome-wide association studies, can be used to spot genetic variants, such
as single nucleotide polymorphisms, helping to build a risk pro le for a certain disease (Paananen
et al., 2019). In contrast to target-based drug discovery, phenotypic screening can also be used for
developing small-molecule therapeutics, by screening compounds to identify those that are able to
modulate a biological process without explicit knowledge of the target (Wagner, 2016).

Validating a putative drug target is necessary to ensure that the protein plays a critical role
in disease pathophysiology and is “druggable’, meaning that it is possible to modulate its activity
using a drug molecule, leading to potential therapeutic bene t (Hughes et al., 2011a). This can
be done through the use of chemical probes, which refer to highly characterized small molecules
that can be used to interrogate biological processes by binding to and in uencing protein function
(Workman et al., 2010; Licciardello et al., 2022). Several other criteria need to be ful lled to ensure
it is possible to develop a safe therapeutic. For example, modifying the protein's activity should
lead to a measurable and assayable response via e ects on biomarkers, referring to any molecule

or quanti able characteristic associated with a biological process or disease state. Additionally,



Figure 1.1: Overview of the drug development pipeline. The estimated timings for pre-clinical
work, clinical trials (phases I{lll) and processes for obtaining regulatory approval are shown.

modulation should be safe without leading to averse e ects elsewhere. Ful lling these criteria early
has proved crucial for reducing attrition later on in the pipeline (Emmerich et al., 2021).

Given there is a validated target, hit compounds need to be identi ed; the term “hit' is used here
to denote molecules that bind to and demonstrate activity against a target. The major methods
for hit discovery, high-throughput screening (HTS) and fragment-based drug discovery (FBDD),
are discussed in Section 1.2. Screening involves assaying compound libraries against a target to
nd those that are able to bind and can provide starting points for further optimization to improve
potency (Hughes et al., 2011a). It can also provide useful data regarding the accessible interactions
within the binding site, subsequently informing structure-based drug discovery (SBDD, discussed
in Section 1.3). While experimental screening approaches are highly optimized and well-established
for hit discovery, computational methods, such as virtual screening (see Section 1.4.4.3), have shown
promise in accelerating this process and reducing costs (Oliveira et al., 2023; Maia et al., 2020).

When a hit (or set of hits) is identi ed, it can enter a stage known as "hit-to-lead optimization'.

In contrast to hits, a lead compound refers to one that has undergone rigorous testing in several
biological assays and demonstrates physiologically relevant binding a nity, typically improved by
several orders of magnitude. The chemical features required for improved potency are identi ed
using a structure{activity relationship (SAR) analysis, which correlates the addition of substituents
with their e ect on biochemical activity (Ho er et al., 2018; Hevener et al., 2018).

During the lead optimization phase, not only is potency optimized, but the physicochemical
pro le is also monitored to ensure the compound is selective, lowering the risk of o -target ef-
fects, and demonstrates favourable pharmacokinetic properties (including absorption, distribution,

metabolism, excretion and toxicity; ADMET) (Wunberg et al., 2006). This stage can be very



expensive, involving several iterations of design and testing by medicinal chemists, with compu-
tational approaches sometimes used in parallel. What constitutes a lead-like drug can vary on
a project-by-project basis, and may include several strategic and nancial considerations (Ho er

et al., 2018). One illustration of this dilemma is Lipinski's rule-of- ve, which was proposed based

on observations of existing orally bioavailable drugs, and dictates that a lead-like drug should not
violate more than one of the following: LogP 5, 5 hydrogen bond donors, 10 hydrogen bond

acceptors and molecular weight 500Da (Lipinski et al., 1997); however, several exceptions exist
for these rules (Zhang et al., 2007).

From the set of optimized leads, perhaps only a single compound series may be progressed into
pre-clinical studies. These encompas# vitro , in vivo, ex vivo or in silico tests that are designed
to mirror the disease system. The purpose of pre-clinical testing is to determine that the drug
candidates are safe and e cacious enough to be administered to humans, after which they can
enter clinical trials. Phase | trials involve a cohort of tens of individuals, with the main purpose
being to collect data on safety, pharmacodynamics and pharmacokinetics, for example, tolerated
dose, toxicity pro le and adverse e ects. Phase Il trials are conducted in hundreds to thousands
of patients over a longer period of months to years, and are divided into two stages: phase lla
mechanistic trials, which provide an initial evaluation of e ectiveness and safety; and phase llb
e cacy trials, which collect data on drug e cacy compared with a placebo. Once the drug has
been deemed to be safe and e cacious, phase Il trials are initiated, involving tens of thousands of
patients and conducted over a period of several years. These data are instrumental to applying for
market approval, following which, if successful, the use of the drug for the public is continuously
monitored in phase IV trials (Shegokar, 2020; Yuan et al., 2016). Phase |V trials are instrumental
for evaluating how the drug performs in real-world settings, enabling researchers to study the e ects
of taking the drug over long periods of time, gathering ongoing safety data, such as the emergence

of new side e ects that were not previously observed (Suvarna, 2010).



1.2 Methods for early hit discovery

Hit discovery can range from screening libraries containing millions of compounds with HTS to
screening fragment libraries containing perhaps only hundreds of compoundsin silico methods
and virtual screening can also be used to reduce the experimental burden of hit discovery by
prioritizing a smaller set of compounds for assaying (described in Section 1.4.4.3). In this Section,

we discuss and contrast HTS against FBDD, summarizing the bene ts and limitations of each.

1.2.1 High-throughput screening

HTS refers to the screening of large chemical libraries to identify biological or biochemical activity
against a target or disease phenotype (Wigglesworth et al., 2015). The usage and scale of HTS
began to explode in the late 1990s and 2000s, in parallel with the expansion of companies' internal
screening catalogues, the growing number of potential drug targets and advances made in aspects
such as assay miniaturization and automation (Mayr et al., 2009). However, a major limitation of
HTS is that it typically results in low hit rates of between 0.01% and 0.14% (Zhu et al., 2013).

Much of the power of HTS depends on the quality and design of the screening library, for which
there are several approaches. While library size is important, compounds are also selected for their
druglikeness, physicochemical properties and absence of reactive groups. Chemical diversity may
be maximized to increase the chances of nding a novel sca old, especially when the target is not
well-characterized, or libraries may be focused according to the target class or disease area. The
latter approach is useful for well-characterized drug targets such as kinase enzymes, where several
approved drugs already exist and related libraries are thus designed to contain analogues of these
known compounds (Blay et al., 2020).

The success of HTS is also reliant on whether an assay is available that is sensitive, robust, has
disease relevance and is economical enough to be performed at high-throughput. Binding-based
assays focus solely on whether a compound binds the target, while biochemical assays additionally
consider whether the compound exhibits the desired biological response. The response is usually

competition-based, involving inhibition of the native substrate. Cell-based assays measure a specic



phenotypic response, and thus are not limited to assessing the e ects of a single target, instead
measuring the outcome of a molecular pathway, while high-content imaging is a microscopy-based
technique that uses advanced imaging analysis to extract changes in cellular features (Mayr et al.,
20009; Blay et al., 2020).

While HTS has proved successful for multiple disease indications, particularly for well-characterized
target classes, low hit rates and the occurrence of false positives can make its use di cult for less
tractable targets that have not been extensively studied. Because of the existence of these false
positives or promiscuous binders, orthogonal assays are often needed to deconvolute the results and

separate artifacts from validated hits.

1.2.2 Fragment-based drug discovery

FBDD is an alternative approach for hit discovery that emerged in the late 1990s and involves
screening of libraries containing low-molecular-weight compounds, usually no more than twenty
heavy atoms, that can subsequently be optimized to become larger, more potent molecules (Erlanson
et al., 2016).

The use of fragments presents many bene ts over the molecules used in HTS. Firstly, fragments
have a lower degree of molecular complexity, meaning they are more likely to bind to complemen-
tary sites on the protein and form favourable interactions without steric hindrance (Figure 1.2)
(Hann et al., 2001; Leach et al., 2011). Fragments are usually designed to contain only one or two
pharmacophore-binding motifs, meaning they are able to more easily probe the protein surface, re-
sulting in higher rates (Erlanson et al., 2016). This makes them attractive for previously intractable
targets, such as protein{protein interactions (PPIs), which are often at and inaccessible to larger
molecules (Murray et al., 2009). Fragments are also well-suited to detecting protein hotspots, which
refer to areas of the protein that contribute disproportionately to binding free energy (Curran et al.,
2020).

While the limited number of interactions means that fragments bind with weak a nity, in the
high M to low mM range, these interactions are considered to be high quality owing to the reduced

chance of steric clashes and because fragment binding tends to be enthalpy-driven (Murray et al.,



Figure 1.2: High-throughput screening versus fragment-based drug discovery. An example

is shown of a hit observed using high-throughput screening (HTS) and with fragment screening.
HTS screening involves libraries of larger compounds, typically up to 50@a in molecular weight.
Fragments are smaller, usually containing no more than 20 heavy atoms. Because of their small
size and reduced molecular complexity, fragments are more likely to bind to complementary sites
on the protein surface and face less steric hindrance. Reproduced with permission from Scott et al.
(2012). Copyright 2012 American Chemical Society.

2009; Ferenczy et al., 2016; Kesen} et al., 2016). To accurately assess interaction quality, the ligand
e ciency (LE) metric was conceived, which normalizes the binding free energy of a ligand according
to the number of heavy atoms (or an alternative measure of molecular size) (Hopkins et al., 2004).
Fragments with an LE of at least 0.3 kcal mottatom™ are judged to represent promising molecular
starting points (Erlanson et al., 2016).

Another key advantage of fragments is their ability to more e ciently sample chemical space.
As the number of heavy atoms increases, so does the number of molecules that can be enumerated:
for example, there are 18 estimated possible molecules that contain up to twelve heavy atoms,
whereas this gure increases to at least 1% for compounds with a molecular weight of 50Da
(around 36 heavy atoms) (Hall et al., 2014). In this way, a smaller fragment library containing
only thousands of fragments samples a greater proportion of chemical space than an HTS library
containing a million compounds (Murray et al., 2009).

The design of the fragment library is integral to a successful fragment screening campaign
(discussed further in Section 1.3.2.2). Similar to Lipinski's rule of ve (Lipinski et al., 1997), the

rule of three emerged in 2003, based on retrospective observations of fragments used in a subset of



screens. The rules stipulate that a fragment should not have a molecular weight greater than 3(Da,

a cLogP of more than 3 and should contain no more than 3 hydrogen bond donors or acceptors
(Jhoti et al., 2013). While the latter two rules are more subjective, size is a valid consideration as
the fragment has to be small enough to enable the high hit rates integral to FBDD, but cannot be
so small that the fragment binds promiscuously across the binding site. Other important factors
include: high solubility, as high concentrations are required for detection; ensuring fragments do
not contain reactive groups or substructures that may lead to aggregation; and that fragments have
the synthetic handles to allow further elaboration (Erlanson et al., 2016; Kesen} et al., 2016).

With regard to fragment optimization, a key advantage of fragments is that their small molec-
ular size allows greater control over their properties during development. A high initial molecular
weight and lipophilicity make molecules di cult to progress later on; thus, careful control over
physicochemical properties can help counter these e ects. Importantly, a fragment screen can pro-
vide a roadmap of the possible interactions within the binding site, and these data are central to
optimizing potency, by maximizing the number of interactions made by a single ligand (typically

using SBDD) (Murray et al., 2009).

1.3 Structure-based drug discovery using fragments

A key advantage of FBDD is that using small molecular starting points allows greater control
over their subsequent optimization. Structural information regarding the fragment{protein binding
pose can enable this process, though this is dependent on the screening method used. Common
methods for fragment screening are described below, together with an overview of the work ow
for the XChem facility, based at Diamond Light Source, UK, which provides the capabilities for

performing high-throughput X-ray crystallographic fragment screening.

1.3.1 Methods for fragment screening

Due to the weakly binding nature of fragments, highly sensitive biophysical techniques are needed
for their detection, with the most common being X-ray crystallography, nuclear magnetic resonance

(NMR) and surface plasmon resonance (SPR) (Patel et al., 2014). Each method varies with regard



Figure 1.3: Methods for fragment screening and the sensitivity of their detection. Frag-
ment screening techniques vary according to how sensitive they are to detecting ligands with dif-
ferent a nities (represented by the dissociation constant, K ). Figure reproduced from Osborne
et al. (2020). HTS, high-throughput screening; MW, molecular weight; NMR, nuclear magnetic
resonance; SPR, surface plasmon resonance.

to factors such as whether they yield structural or a nity data, the amount of protein required for
screening and how sensitive they are (summarized in Figure 1.3.)

SPR is a highly sensitive technique that involves immobilizing the target on a biosensor, washing
the fragment over the sensor surface and recording whether fragment binding induces a change in the
refractive index. The main advantages are that SPR is sensitive to weak binders, does not require
large amounts of protein, allows calculation of the binding a nity (represented by the dissociation
constant; K p) and enables o -rate screening (Kirsch et al., 2019).

Thermal shift assays (TSAs) record changes in protein stability by determining the melting
temperature, whereby the protein is heated until it unfolds, exposing a hydrophobic core to which
uorescent dye binds. Ligand binding induces a shift in the melting temperature, providing a
relatively quick and easy method for fragment screening (Kirsch et al., 2019; Kranz et al., 2011).

Microscale thermophoresis (MST) measures changes in the movement of molecules in response

to temperature gradients (referred to as thermophoresis) by capturing changes in uorescence. The



e ect of fragment binding can be measured at di erent concentrations, allowing determination of
the Kp (Kirsch et al., 2019; Kirkman et al., 2024).

Another technique, isothermal titration calorimetry (ITC), can be used to describe the ther-
modynamics of binding by measuring the di erence in temperature between a reference cell and a
protein-containing sample cell into which the ligand is injected. The results can be used to calculate
the Kp and change in enthalpy (Kirsch et al., 2019).

The major limitation with these approaches however is that they do not result in structural
information, meaning they need to be used orthogonally with another approach to enable SBDD
(Kirsch et al., 2019).

NMR is a powerful technique for structural determination as it also allows determination of
the binding a nity of the fragment and is sensitive to binders in the mM range (Osborne et al.,
2020). Fragment binding can be detected by measuring changes in the NMR spectra for the ligand
(ligand-observed NMR) or protein (protein-observed NMR), for example using chemical shifts and
relaxation times. Ligand-observed NMR is more widely used as it does not require isotopic labelling
of the protein, requires lower concentrations of fragment, is suitable for large proteins and provides
better hit rates (Siegal et al., 2007; Harner et al., 2013; Mureddu et al., 2022).

Perhaps the gold standard for fragment screening, however, is X-ray crystallography, as it en-
ables us to obtain high-resolution 3D structures of the fragment hits bound in the protein pocket
and is sensitive enough to detect extremely weak binders. The structural information is highly
valuable as it can help to map out all the possible interactions that can be made, assuming that
the fragment hits adequately sample the pocket. These data can then be used to optimize the
fragment hits and maximize the number of interactions made (Collins et al., 2018). Historically,
X-ray crystallography has been limited by its throughput, owing to di culties in nding the correct
crystallization conditions (Collins et al., 2018; Li, 2020). However, waves of technological advance-
ment and automation in recent years (Douangamath et al., 2021) mean that, in some settings, it
is now possible to screen up to one thousand compounds within a week (Diamond Light Source.,
2020). Some of the important considerations for crystallographic screening, including the method

of crystallization and selection of the fragment library, are described below.
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1.3.2 X-ray crystallography

1.3.2.1 Crystallization of fragment{ligand complexes

X-ray crystallography begins with the complex process of establishing the appropriate crystallization
conditions for the target system. In ideal scenarios, the crystal structure needs to have a high
resolution, at least 2.5A, to allow the structure of the ligand to be accurately resolved (Patel et al.,
2014). This can involve testing a matrix of di erent concentrations of solvents and optimizing the
choice of precipitant, salt, bu er and additives. Certain conditions can ablate crystallization, such
as the presence of solvents that a ect fragment solubility, or those that compete with fragment
binding in the active site. However, based on available data, there is no evidence of a correlation
between certain conditions and whether the system will crystallize (Davies et al., 2011).

Screening can be performed by either crystal soaking or co-crystallization. The former involves
soaking an existing protein crystal with solutions containing cocktails of fragments, whereby the
fragments di use through solvent channels to reach and bind the pocket(Davies et al., 2011; Collins
et al., 2018). There are challenges associated with fragment soaking, however. For example, the
fragment solvent may a ect stability or form interactions with the protein binding site (Patel et
al., 2014); the conformation of the protein in the crystal may restrict ligand binding; or symmetry
within the crystal lattice may block the binding site (Davies et al., 2011). Co-crystallization involves
crystallizing the protein together with the fragment and is substantially more resource-intensive,
as separate experiments are required for each ligand. The addition of small molecules in the
crystallization process can result in false negatives if the protein fails to crystallize or the crystals
contain unbound proteins. However, it has the benet of circumventing some of the stability
problems that may be observed with fragment soaking, and thus its use may be suitable for obtaining

structures for speci c ligands (Patel et al., 2014; Collins et al., 2018).
1.3.2.2 Fragment library selection

An additional important consideration in fragment screening is the choice of library. Beyond the
limits on physicochemical properties described in Section 1.2.2, di erent fragment libraries have

been optimized to ful | speci ¢ purposes; some examples are provided below. Many of these libraries
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can be easily obtained from chemical suppliers such as Enamine (Enamine, 2024)

The use of halogenated fragment libraries has the bene t that halogens are well-suited to detec-
tion by X-ray crystallography owing to anomalous scattering. Additionally, halogens can form their
own interactions with the protein and can easily be elaborated. An example halogenated fragment
library is FragLites, where the fragments contain two hydrogen-bonding pharmacophoric features
and a halogen substituent (Wood et al., 2019).

MiniFrags, described by Astex, is a library containing 81 highly soluble compounds with "ultra-
low' molecular weight, consisting of only 5{7 heavy atoms. These fragments have been designed
to contain minimal pharmacophoric features, with the low molecular complexity conferring a way
to exhaustively probe possible interactions on the protein and recognize hotspots (O'Reilly et al.,
2019).

Fragment libraries can also be designed to contain covalent fragments, which contain electrophilic
functional groups or “warheads' that are able to covalently bond to nucleophilic amino acids (Keeley
et al., 2020).

Another important consideration is 3D shape: fragments are often biased to having at, 2D
structures due to their small size and the presence of aromatic rings. While incorporating greater
3D character may increase molecular complexity and decrease hit rates, it enables us to access
more chemical space and better sample the spatial complexities of the binding site. E orts have
been made to design libraries that represent more 3D characteristics, for example, by including
more fragments with sp® hybridized carbons and aliphatic rings (Lovering et al., 2009; Hamilton
et al., 2020). Downes et al. (2020) described a library containing 56 fragments that were selected
by assessing the principal moment of inertia and conformational diversity.

Following from this, a common strategy in fragment library design is incorporating as much
chemical and structural diversity as possible; however, analysis has shown that libraries designed
in this way are not necessarily the most “functionally diverse', whereby fragments are able to make
diverse interactions across multiple protein targets. Analysis of ten protein targets found that
functionally diverse sets of fragments are able to recover more information regarding the potential

interaction opportunities in a fragment screen than those that are structurally diverse (Carbery
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et al., 2022).

A further important aspect in library design is whether fragment hits can be rapidly elaborated
to identify follow-up opportunities during optimization. This requires the inclusion of synthetic
handles that allow expansion with accessible chemistry. This has been referred to in the literature
as “fragment sociability', with the de nition of a sociable fragment being one that can be readily
elaborated or has purchasable close analogues (St. Denis et al., 2021). In a similar manner, the
Diamond{SGC{INEXT (DSI) Poised library (Cox et al., 2016) was designed to contain fragments
that have been selected to allow rapid parallel chemistry through the incorporation of poised bonds,
which allow the fragments to be decomposed into synthons. By purchasing analogues of these
synthons, one can easily generate libraries of related compounds to bound fragment hits.

Below, we illustrate how these considerations have been applied within the XChem platform for

high-throughput crystallographic screening.
1.3.2.3 XChem: achieving high-throughput crystallographic screening

As described above, progress made in automation has meant that X-ray crystallography is now a
commonly used method for fragment screening and can be performed in high-throughput. XChem,
based at Diamond Light Source, is a prime example of a crystallographic FBDD facility that has
achieved this; since its conception in 2014, XChem's screening pipeline has been applied to a wide
array of academic and industrial targets, totalling more than 300 experiments. The pipeline is
highly streamlined, meaning up to 1,000 samples can be screened within a single week (Diamond

Light Source., 2020; Douangamath et al., 2021; Pearce et al., 2022).
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Figure 1.4: An overview of the XChem pipeline. Figure reproduced from XChem (2024).

Here, we provide a high-level overview of the fragment screening process for XChem users (also

shown in Figure 1.4).

" The soaking parameters (including solvent type and concentration) required for a reliable

crystal system are established.

" The crystals are soaked with the fragment library.

{ The DSI-Poised library (Cox et al., 2016) is commonly used, designed to allow rapid

parallel enumeration of analogues (described in Section 1.3.2.2).

{ TeXRank (Ng et al., 2014) is used to analyse the image of the crystal and select the drop

dispensing location.

{ An ECHO acoustic liquid handler is used to dispense drops into the crystal (Collins

et al., 2017).
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{ The crystals are incubated with the fragment, allowing fragments to di use into the

crystal and bind the target.

{ Crystals are manually harvested into a cryo-loop in liquid nitrogen with the assistance

of a Shifter microscope (Wright et al., 2021).

Crystals are screened at the 104-1 beamline, based at Diamond Light Source (Diamond Light

Source., 2020).

{ Pre-screens are conducted for a subset of fragments to establish whether crystals can

tolerate the compounds and soaking conditions.

{ A Pilatus detector is used to collect X-ray di raction data unattended.

" The data are entered an automatic processing and analysis work ow, which is managed by

XChemExplorer (Krojer et al., 2017).

{ Processed data are read in from Diamond software packages (Winter et al., 2013, 2018;

Vonrhein et al., 2011, 2018).
{ One of the results is selected according to quality and similarity to a reference model.
{ Electron density maps are calculated using molecular replacement.

{ The PanDDA algorithm (Pearce et al., 2017b) is used to t structures to the electron

densities and identify partial-occupancy binders (Pearce et al., 2017a).

{ Models are re ned and prepared for RCSB Protein Data Bank (PDB) (Berman et al.,
2000) deposition (Krojer et al., 2017; Collins et al., 2018).

Data are disseminated internally and can be used to inform follow-up design.

One initiative at XChem is using fragment screening data to design or select follow-up com-
pounds for purchase or synthesis (a review of existing methods for fragment optimization is pro-
vided in Section 1.4). Several methods have been developed at Oxford to assist with this process

(for example, those described by Cox et al. (2016), Had eld et al. (2022), Scantlebury et al. (2023),
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Ferla et al. (2024)), including the work described in Chapters 2 and 3. The Fragalysis platform
is a key part of this process and allows screening data and designed follow-up compounds to be
made publicly available for viewing and download (found at https://fragalysis.diamond.ac.
uk/viewer/react/landing ).

A subsequent area of interest is the use of chemist-assisted robotics for the rapid in-house
synthesis of follow-up compounds using readily accessible chemistry (Grosjean et al., 2024), enabling
a fuller exploration of chemical space. The platform focuses, in particular, on enumerating possible
elaborations of the follow-up compounds, enabling further SAR analysis. Many of the algorithmic
design methods, including those described in this thesis, can thus be fed into this synthesis platform

and serve as inspiration for further design iterations.

1.4 Methods for follow-up design

Following the identi cation of a set of crystallographic fragment hits, these data can be used to
propose a set of follow-up compounds with the aim of improving, or detecting on-scale, potency.
This refers to compounds that demonstrate a level of activity or inhibition that is detectable via

the relevant assay.

1.4.1 Strategies for elaboration

There are three main strategies employed for elaborating fragments: fragment growing, linking
and merging (Figure 1.5). Fragment growing involves adding additional atoms or groups to a
fragment to access new regions within the binding pocket. Fragment linking involves designing a
molecular linker to conjugate two fragments that bind to distinct, non-overlapping regions within
the pocket. Fragment merging is used when fragments are in adjoining or partially overlapping
space and involves designing compounds that incorporate substructural features from each (Souza
Neto et al., 2020). While the latter two approaches represent e cient ways with which to maximize
the number of interactions made by a single compound, fragment elaboration is the most commonly
described strategy in the literature. This may be because, particularly for fragment linking, one of

the challenges in elaborating compounds is ensuring that the ligand is able to retain the orientation
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Figure 1.5: Strategies for fragment elaboration. The three main methods of fragment elab-
oration are shown: (@) fragment growing, whereby additional groups are added to a fragment to
reach new interactions; ) fragment linking, where two distinct fragments are joined via a molec-

ular linker; and (c) fragment merging, whereby two partially overlapping or adjoining fragments

are merged by identifying a compound that incorporates substructural features from each. Figure
reproduced from Souza Neto et al. (2020).

of the parent fragment. An analysis by Malhotra et al. (2017) of 297 pairs of ligands bound to the
same protein from the PDB, where one ligand represents an elaboration of the smaller ligand, found
that 14% resulted in a change to the binding mode for the larger ligand. In this work, we focus
predominantly on merging-based elaborations, as it is relatively under-represented in the literature

but represents a powerful approach with which to increase potency.

1.4.2 Selecting fragments for elaboration

An important consideration when elaborating fragments is selecting which fragments from a screen
represent the best candidates for elaboration. This can be based on simple parameters such as the

B-factor, which is a measure of the atomic displacement, or occupancy, a correlated variable that
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refers to the proportion of time that an atom is present at a particular location. These metrics
re ect the uncertainty regarding a given conformation (Cooper et al., 2011); it would follow that

fragments that are more consistently observed at a particular location are more likely to maintain
that conformation when elaborated. However, a fragment with lower occupancy may still provide
evidence of useful interactions to be explored in compound design.

Fragment selection can also be based on specic interaction opportunities: given that, in a
fragment screen, the fragments e ciently sample the possible interactions within the binding site,
they can be used to map out hotspots, areas of the pocket that contribute disproportionately to
the overall binding energy (Curran et al., 2020). This information can then be used to prioritize
those fragments that bind in these regions for elaboration and to direct where a fragment should
be elaborated by designing compounds that bridge multiple hotspots.

For fragment merging and linking, selection can be done by visual assessment of promising
merging opportunities or using simple distance-based thresholds, ensuring the fragments are close
enough to feasibly be combined. For example, researchers who performed a fragment screen against
the SARS-CoV-2 macrodomain within the non-structural protein 3 (nsp3) identi ed several frag-
ments that bound to a deep pocket in the binding site between the adenosine site and a symmetry
mate, formed by crystal packing. They selected fragments for merging and linking by considering
overlapping pairs that bridged the site and formed hydrogen bonds with the adenosine site, ruling
out 24 fragments that formed hydrogen bonds with the symmetry partner alone (Schuller et al.,
2021).

Designing elaborations based on fragment hits can be labour and computationally intensive.
Thus, many of the above selection methods are used to limit the number of fragments that need to
be considered. However, in scenarios where the aim is to maximize the chemical diversity of a set of
designed follow-up compounds | to fully sample all the possible interaction opportunities within
the binding site and increase the probability of identifying potential hits | a more exhaustive
enumeration may be preferred. This requires the availability of automated, e cient approaches for
follow-up design that can be scaled to designing elaborations based on the results of large-scale

fragment screens. However, few approaches have been described for this purpose; this provides the
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motivation for much of the work described in Chapters 2 and 3.
1.4.3 De novo methods

1.4.3.1 Manual design

Perhaps the most widely used method for follow-up design is manual design by medicinal chemists,
which has been shown to result in follow-up compounds with drastically improved potency across
a range of targets (Woodhead et al. (2024) provides a summary of all fragment-to-lead papers
published in 2022). For fragment merging, manual design is the most common method available.
For example, Schade et al. (2020) identi ed highly selective inhibitors of Cathepsin S with picomolar
a nities using fragment merging; and Ren et al. (2014) identi ed heat shock protein 90 (HSP90)
inhibitors that exhibited nanomolar half-maximal inhibitory concentration (IC 50) values with a
200-fold increase in potency with respect to the initial fragment hits (see Miyake et al. (2019),
Nikiforov et al. (2016), Hudson et al. (2012), Hughes et al. (2011b), Credille et al. (2016), Kaya
et al. (2022), Prakash et al. (2021) for further examples).

The main challenges of manual design are that it requires considerable expertise and is not
scalable when compared withn silico approaches, and thus is only used in scenarios when few select
fragments are being optimized. Moreover, manual design is inherently biased to the experiences of
the medicinal chemist, for example, towards compounds that can be easily synthesized by familiar
chemical reactions, hence limiting the possible area of chemical space that can be explored (Brown
et al., 2016). These factors also mean that, based on the results of a large-scale fragment screen in
which there are tens of fragment hits, a chemist would likely only be able to consider a few merging

opportunities from a very large possible chemical space.
1.4.3.2 Molecular hybridization

Molecular hybridization is a lead optimization strategy where several computational tools have been
developed, which perform a related function to fragment merging. Typically, these tools rely on an
overlapping substructure existing between a set of input ligands, both in terms of its chemistry and
spatial organization. BREED (Pierce et al., 2004) is among the rst of these techniques and relies

on the existence of several protein{ligand structures for performing hybridization. This software
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identi es matching bonds between the set of input ligands and swaps fragments around these
matched bonds to generate new hybrid structures. Matching bonds are identi ed by considering
the bond order, distance between matched atoms and bond vectors, and whether the bonds belong
to rings. The enumerated ligands can be crossed again in subsequent iterations; for example, after
two iterations, novel ligands can be created that represent hybrids of four di erent input structures.
LigMerge (Lindert et al., 2012) operates in a similar way but is receptor-independent, requiring only
the 3D ligand structures to perform hybridization. LigMerge calculates the maximum common
substructure (MCS) for a set of ligands and uses this as a template for alignment, maintaining
MCS fragments that are geometrically equivalent (that is, the pairwise distances between atoms
are approximately equal). Rotation and translation are performed to superimpose the ligands,
allowing the identi cation of non-matching fragments that can be swapped to create new molecules.
MolHyb (Wang et al., 2022a) also uses a similar approach but only takes a single ligand and protein
as an input. MolHyb relies on a database of protein{ligand complexes, which combines both
PDB structures and modelled complexes of ChEMBL molecules (Gaulton et al., 2012); ChEMBL
molecules are placed into the binding pocket of their corresponding targets using either constrained
embedding with known ligand complexes or docking.

Other methods of molecular hybridization exist that use an iterative approach, constructing
compounds by assembling molecular building blocks. Fragment shu ing (Nisius et al., 2009) aligns
several protein{ligand complexes and assigns scores to ligand atoms denoting their contribution to
overall binding. The ligands are then fragmented and a selected seed fragment is iteratively grown
using a tree search, whereby new fragments are added depending on their calculated fragment
scores. Automatic Tailoring and Transplanting (AutoT&T) (Li et al., 2011, 2016) involves the
optimization of a ligand using the results of a docking-based virtual screen. Matching bonds between
the screening molecules and the reference molecule are identi ed, creating a set of fragments that
can be transplanted onto the seed molecule if the fragment is predicted to have a better binding
a nity.

Sca old hopping approaches involve the replacement of the molecular core with that of a similar

chemotype, for which there are variousin silico tools. Recore (Maass et al., 2007), for example,
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creates a fragment database from a set of 3D structures. The molecule to be optimized is annotated
with attachment points and pharmacophore atoms that are involved in forming interactions, and
the database is then searched for fragments according to the pharmacophores and arrangement of
their exit vectors. CReM (Polishchuk, 2020) is a tool for making “chemically reasonable mutations',
whereby interchangeable fragments are identi ed from a fragment database that can be used to
perform either mutation, growing or linking of compounds; interchangeable fragments are selected
according to whether they share the same chemical context. While these are not o cially “merging'
techniques, as the cores are replaced with that from a chemical library rather than from a known
ligand, these concepts can be applied to merge discovery.

Following these ideas, throughout this work, we de ne two types of merge: perfect (see Chapter
2) and bioisosteric merges (see Chapter 3). The term “bioisosteres' refers to compounds where a
functional group or fragment has been swapped with another that exhibits similar or enhanced
biological activity. Thus, using this de nition, we use perfect merges to refer to those that contain
exact substructures of existing fragments, while bioisosteric merges refer to those that do not
incorporate exact substructures of the parent fragments, but instead incorporate those with similar

chemotypes or pharmacophoric properties.
1.4.3.3 Evolutionary algorithms

Other computer-aided approaches have been applied to ligand design, including the use of evolu-
tionary algorithms. AutoGrow4 (Spiegel et al., 2020), for example, is a program for SBDD that
relies on the use of a genetic algorithm (GA). Given an initial population of input compounds, opti-
mized ligands are developed using the following GA principles: elitism, by selecting the compounds
with the highest tness score calculated using docking; mutation, by simulating chemical reactions

to yield child compounds; and crossover, whereby compounds are merged based on a common sub-
structure. This is similar to the concept of molecular hybridization, described above. GANDI (Dey

et al., 2008) is another GA-based approach, whereby fragments are docked into a protein, linkers
are generated between fragments using a table describing the connection vectors, and new child

molecules are generated by crossing-over and mutating fragments. The tness function consists of a
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weighted score that evaluates force eld-based binding energy and 2D and 3D similarity to a target

complex.
1.4.3.4 Generative deep learning models

De novo design using generative models has become increasingly common in the eld of molecu-
lar optimization. Several deep learning (DL) models have been applied to this problem, including
variational autoencoders, generative adversarial networks, recurrent neural networks, di usion mod-
els and reinforcement learning (RL) algorithms, using di erent molecular representations such as
SMILES (Weininger, 1988) and graphs.

In the FBDD space, the models developed thus far have largely been applied to fragment growing
(for examples, see Lim et al., (2020), Green et al. (2021), Imrie et al. (2021), Had eld et al. (2022),
Aus-Pous et al. (2020), Li et al. (2020), Thomas et al. (2024), Xie et al. (2024), Powers et al.
(2023)) and linking (for examples, see Tan et al. (2022), Imrie et al. (2020), Yang et al. (2020),
Feng et al. (2022), Huang et al. (2022), Igashov et al. (2024)). The relative lack ofle novomachine
learning (ML) approaches for fragment merging may be due to the lack of data available for training
such models and the di culties of generating representative synthetic datasets. SILVR (Selective
Iterative Latent Variable Re nement; Runcie et al. (2023)) is an example of an equivariant di usion
model that has been conditioned to generate new molecules by providing fragment hits; by providing
superimposed fragments as input, the model can also be applied to fragment merging and linking

problems.
1.4.3.5 Limitations

The main limitation with DL and de novomethods is that, while useful for allowing us to explore
new areas of chemical space, many of the proposed molecules su er from limited synthetic acces-
sibility (Souza Neto et al., 2020) (methods for evaluating synthetic accessibility are described in
Section 1.6.3). For example, hybridizing sets of ligands without regard for the synthesis schemes
required to make them may result in infeasible molecules, or those that are very di cult and/or
expensive to make. E orts have been made to combat this; for example, LibINVENT (Fialkowa

et al., 2022) uses RL to generate a focused library of elaborated compounds that share the same
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sca old and molecular properties but are tailored using a set of de ned chemical reactions, with the
aim of enabling automated synthesis. However, techniques that e ciently exploit easily accessible
areas of chemical space are still needed, as they may still o er the chemical diversity required to
elucidate the SAR for a given target without the expense and time required for di cult synthesis.
Section 1.4.4 below discusses the use of virtual libraries for exploring purchasable or synthesizable

chemical space, and the various search methods that exist for this purpose.

1.4.4 Searching accessible chemical space

There are several compound databases commonly used for virtual screening purposes, such as ZINC
(Irwin et al., 2020; Tingle et al., 2023), PubChem (Kim et al., 2023) and ChEMBL (Gaulton et al.,
2012), designed to contain biologically relevant molecules. However, to nd the most potent hits
for a given target or to identify novel bioactive chemotypes, larger or more focused virtual libraries
are often needed (Ho mann et al., 2019). As a result, publicly accessible virtual libraries continue

to grow in number and size. With this comes two main challenges: de ning the chemical space of

the library and having an appropriate method to search it (Coley, 2021).
1.4.4.1 The increasing size and availablility of virtual libraries

The number of theoretically possible molecules is estimated to be as high as®0for Lipinski-obeying
compounds (Bohacek et al., 1996; Lyu et al., 2023; Reymond, 2015). Attempts have been made
to represent the vastness of chemical space: using graph theoretical enumeration, the Reymond
group designed GDB-17, a database containing 166.4 billion possible molecules containing up to
17 heavy atoms (Ruddigkeit et al., 2012). Given that HTS campaigns are only able to screen few
millions of compounds, methods that allow us to navigate these vast virtual libraries are important
for increasing the chemical space searched when trying to nd the best candidates for a target.
However, by not imposing any constraints on enumeration, it is likely that a large proportion of the
molecules in theoretical libraries will not be synthesizable with our currently accessible chemistry.
Many groups have focused on creating chemical catalogues that are constrained to those molecules

that are synthetically possible, using a "make-on-demand' approach. These libraries are designed

using sets of validated chemical reactions and applying these transformations to all possible com-
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binations of available building blocks and reagents (Coley, 2021). By applying multiple reaction
steps, recursive enumeration can build libraries containing billions of compounds. ZINC-22 (Tingle

et al., 2023), for example, contains 37 hillion “tangible' molecules; Enamine's REadily AccessibLe
(REAL) space (Grygorenko et al.,, 2020), generated by applying 2 or 3-component reactions to
their in-house set of building blocks, contains a total of 69 billion molecules. While not all of the
molecules stored in ‘make-on-demand' databases are guaranteed as synthesizable, dependent on the
reaction criteria used, these databases are typically quite robust; for example, the WuXI virtual
database (containing 1.7 billion compounds) is estimated to have a success rate of 60{80%, while

Enamine claim to have a synthesis success rate 6f80% (Coley, 2021; Grygorenko et al., 2020).
1.4.4.2 Navigating chemical space

Given the size and widespread availability of these large compound libraries, approaches for e -
ciently navigating them are needed. It is generally infeasible to dock or evaluate every molecule
in an ultra-large library, given the computational requirements, making it out of reach for even
moderately sized research groups. There are, however, examples where this has been done success-
fully (Coley, 2021). For example, (Lyu et al., 2019) docked 99 million molecules against AmpC

-lactamase (AmpC) and 138 million against the dopamine 0Q receptor (though these gures are
still several orders of magnitude smaller than ultra-large libraries); for AmpC, they optimized a hit
to reach a potency of 77nM, and for the D receptor, identi ed a novel chemotype demonstrating
activity of 180pM. Additionally, VirtualFlow 2.0 (Gorgulla et al., 2023) is an example of a tool that
has been developed for this purpose, which enables screening of the 69 billion molecules in Enamine
REAL Space. The Adaptive Target-Guided Virtual Screening feature allows the user to screen an
initial sparse representation of the library, followed by a more exhaustive screen of the compounds
with molecular properties most likely to engage with the target. Moreover, VirtualFlow 2.0 scales
linearly, enabling the use of up to 5.6 million virtual CPUs.

To circumvent the computational constraints, one approach is to use an active learning model,

whereby the predictions of a quantitative structure{property relationship (QSPR) model are used

to select a subset of compounds for screening. Bayesian optimization can be applied to balance the
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selection of uncertain candidates with those with positive model predictions. However, multiple
iterations are typically needed to obtain good model performance, and models can su er due to
the lack of data, inability to generalize and dependence on the quality of the uncertainty prediction

(Coley, 2021).

Several other methods exist for navigating libraries containing millions to billions of compounds,
which have been comprehensively reviewed by Warr et al. (2022). If an initial hit exists for a target,
performing an “analogue-by-catalogue' search is a common method of identifying potential follow-
up compounds, often done using substructure and similarity searching. However, these methods
are often intractable for libraries containing several millions of compounds. Work has been done to
develop faster search approaches to circumvent this problem (Warr et al., 2022): speci c examples
include the SmallWorld and Arthor tools, developed by NextMove, which are used for searching
the ZINC catalogues (Irwin et al., 2020; Tingle et al., 2023; NextMove, 2024). SmallWorld enables
sublinear searching using graph-edit distance and maximum common subgraphs. The database
is pre-indexed according to anonymous graphs | graphs where atom identities and bond order
have been removed | meaning, when performing a search using a query molecule, the database
looks up the anonymous graph of the query then performs a more ne-grained search by using
graph-edit modi cations. Arthor, in contrast, scales linearly against database size, and allows
substructure searching using SMARTS patterns. While less e cient than the former, Arthor exceeds
alternative methods for substructure searching through its use of compact persistent binary molecule
representations (Irwin et al., 2020).

Representing chemical space using a graph database is a relatively under-explored concept, yet
there are several advantages for representing chemical space in this way. Most representations of
chemical space envision it as a continuous space, where molecules are visualized as points associated
with coordinates, calculated using molecular descriptors. Maggiora et al. (2014b) outline several
limitations of such a representation, including the following: chemical space is nite and thus
discrete rather than continuous; relationships within chemical space are dependent on the type of
molecular representation used; chemical space is typically highly dimensional and usually requires

some form of dimensionality reduction to be comprehensible; and continuous vector representations
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often have di erent units that require scaling.

Using a network, on the other hand, is much more conducive to depicting the discrete na-
ture of chemical space. Networks, which consist of nodes, representing data points, connected by
edges, representing relationships between nodes, are well-suited to describing relationships between
molecules in chemical space. In a network where molecules are represented by nodes, similarity
can easily be gauged by looking at the path distance between them. This can be done without the
requirement for adding coordinates or performing dimensionality reduction. Additionally, networks
can be annotated with node and edge properties, which are useful for improving the e ciency of
a search (Maggiora et al., 2014b). One of the main points of variation between di erent chemi-
cal space networks is how edges are de ned; for example, Scalfani et al. (2022) build two types
of network by creating edges for pairs of molecules with similarity above a pre-de ned threshold,
calculated using either Tanimoto similarity (Bajusz et al., 2015) between molecular ngerprints or

an MCS-based metric.

Figure 1.6: Schematic of node enumeration using the Fragment Network. An example is
shown for how nodes, representing molecules, and edges, representing transformations, are gener-
ated for 4-hydroxy-biphenyl. Enumeration is done via the iterative removal of rings, linkers and
substituents. Figure reproduced from Hall et al. 2017.
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The Fragment Network, rst described in a 2017 paper by Astex Pharmaceuticals (Hall et al.,
2017), provides an alternative way to de ne relationships. It uses a graph database representation
of chemical space, generated for a library of fragments, which can be used for identifying analogues
to a given fragment hit. To populate the database, molecules are fragmented to generate a set of
connected nodes; in this framework, nodes are generated via the iterative removal of rings, linkers
and substituents (Figure 1.6). The edges joining molecule nodes represent transformations in which
these groups are added or removed. By repeating this process for entire libraries of molecules, this
results in a network where one can easily probe the chemical space around a molecule of interest by
traversing these paths; paths involving several successive transformations can enable us to perform
more complex transformations in an e cient way.

Hall et al. 2017 demonstrate the use of the Fragment Network for identifying “'medium changes'
to a compound, referring to replacements of substituents and rings (representing a two-step query
path), to probe chemical space around fragment hits. Using this methodology, they identi ed
analogues against protein kinase B and hepatitis C virus protease{helicase, resulting in chemical
modi cations that would not have been retrievable using a substructure search alone.

One of the main advantages of this representation is that it is chemically intuitive, in that
it mirrors the way that chemist's think about making molecule modi cations. Furthermore, this
allows retrieval of close neighbours (or analogues) within the database that, to the human eye,
seem chemically similar, separated by short paths, but may not be deemed similar according to
a traditional vector-based similarity metric. The bene ts of this network are further explored in
Chapters 2 and 3, in particular, in its application to more complex database queries by identifying

follow-up merges based on fragment hits.
1.4.4.3 Virtual screening methods for identifying follow-up compounds

A well-established way of searching compound libraries is virtual screening, which computationally
assesses which compounds in the library have the greatest probability of demonstrating biological
activity against a target. While virtual screening can also be used as a method for early hit discovery,

equivalent to HTS and fragment screening (discussed in Section 1.2), we provide an overview here
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to give context for how such methods can be applied to nd follow-up compounds when there are
known fragment hits.

Interest in virtual screening arose in the late 1990s due to the need to reduce the time and
monetary costs associated with experimentally screening large numbers of molecules (Horvath, 1997;
Maia et al., 2020). Thesein silico pipelines act as a funnel, reducing the number of compounds
to a manageable amount that can be screened using more computationally intensive techniques
(such as molecular dynamics simulations or quantum mechanical calculations) oin vitro assays
(\Mazquez et al., 2020; Oliveira et al., 2023). In addition, the properties that the molecules are
being screened for do not need to be limited to bioactivity, and these techniques can be applied
to other properties such as toxicity or pharmacokinetics (Oliveira et al., 2023). Virtual screening
can be broadly classi ed into two main types: ligand-based and structure-based approaches. In
this Section, we provide a brief overview of both, with a particular focus on pharmacophore-based

methods.

Ligand-based virtual screening

Ligand-based approaches do not require an experimentally determined structure available for a
target, and involve searching a database of molecules for those that exhibit similar properties to
that of an existing reference ligand(s) (Mazquez et al., 2020; Oliveira et al., 2023). The rationale

for these methods is governed by the similarity property principle, which posits that molecules with

similar properties are likely to exhibit similar biological activity (Stumpfe et al., 2011).

The descriptors used to perform ligand-based screening can be classi ed according to their
dimensionality. 1D descriptors include simple molecular properties such as molecular weight, ro-
tatable bond count and lipophilicity. 2D descriptors encode information about the topology and
connectivity of the molecule and are often represented using bit vectors (Oliveira et al., 2023).
For example, MACCS key ngerprints record the presence or absence of 166 substructural features
(Maggiora et al., 2014a; Durant et al., 2002); extended-connectivity ngerprints (ECFPs) encode
substructure information by capturing the circular atomic environments of each atom, the size of
which is controlled by the ngerprint radius (Rogers et al., 2010). 3D methods build on this by

encoding information regarding the spatial properties of atoms or chemical features and molecular
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shape (Oliveira et al., 2023). Typically these methods require the generation of molecular conform-
ers; however, this increases computational costs and adds an additional layer of complexity as one
needs to choose the number of conformers that are needed to be representative of the conformational
ensemble (Ebejer et al., 2012).

There are several advantages and disadvantages to the use of ligand-based virtual screening.
In terms of the bene ts, ligand-based methods can be used in absence of a target structure and
perform particularly well if there is a large amount of existing experimental data. However, they
may be biased to the properties of the reference molecules and not be able to account for large
shifts in a nity observed for minor chemical modi cations (termed activity cli s) (Oliveira et al.,

2023).

Structure-based virtual screening

Structure-based methods can be used when there is a structure available for the target protein, and
involves using molecular docking to predict the binding mode of a set of compounds and scoring
them by assessing the structural and chemical complementarity between the ligand the the receptor.
This can be done using docking-associated or machine learning-based scoring functions (\Mazquez
et al., 2020). Commonly used programs include AutoDock VINA, GOLD and Glide (Trott et al.,
2010; Jones et al., 1997; Friesner et al., 2004).

However, structure-based virtual screening methods are not a perfect solution and have several
limitations: for example, they can struggle with generalizing to new domains and target classes;
and many techniques are not able to account for protein exibility or model the importance of
water molecules in interactions (Mazquez et al., 2020; Oliveira et al., 2023). Most signi cantly,
protein-ligand binding is a complex process and thus di cult to parameterize, meaning it can be
di cult to obtain accurate results using docking algorithms alone (Maia et al., 2020), and machine
learning-based docking algorithms can struggle to generate physically plausible poses (Buttenschoen
et al.,, 2024). As a result, very large numbers of molecules need to be docked to obtain su cient
hit rates (Chen, 2015).

However, while both structure and ligand-based methods have their limitations, virtual screening

still o0 ers huge e ciency gains over large-scalein vitro screening, and ligand-based methods can be
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used to supplement docking approaches in cases where there is both a target structure available and
su cient experimentally determined a nity data (Maia et al., 2020; Oliveira et al., 2023). Below,

we provide an overview of some of the pharmacophore-speci ¢ techniques available for screening.
1.4.4.4 Pharmacophore-based screening

Pharmacophore-based virtual screening involves searching for molecules that are able to replicate
pharmacophoric features observed in a reference ligand or are complementary to pharmacophores
observed in the target pocket. The term “pharmacophore’ can be de ned as \the ensemble of steric
and electronic features that is necessary to ensure the optimal supramolecular interactions with a
speci ¢ biological target structure and to trigger (or to block) its biological response" (Wermuth

et al., 1998). The pharmacophore features typically used in these search techniques include hydro-
gen bond donors and acceptors, hydrophobic groups, positive and negative ionizable groups and
aromatic rings; additional pharmacophore features such as metal coordination and halogen bonds
are also used but are less common. One of the main features of using a pharmacophore-based
method is that they do not search for compounds that replicate exact substructural features of a
reference ligand. This means one is able to access a larger portion of chemical space and identify

potential binders with novel chemotypes, similar to sca old hopping (Giordano et al., 2022).

Ligand-based methods for pharmacophore screening
There are several methods available for conducting pharmacophore-based screening using features
that have been derived from an existing ligand. An example program that uses a traditional view
of a molecule's pharmacophore pro le is Pharmit (Sunseri et al., 2016). Here, users provide as
input a 3D ligand structure, from which the pharmacophores are extracted. Alternatively, a pro-
tein{ligand complex can be supplied, from which the interacting pharmacophores are derived. Using
the query pharmacophores, large databases can be rapidly screened by performing an alignment of
the database molecules with equivalent pharmacophore features and checking that they are within
a de ned tolerance radius.

Many pharmacophore and 3D shape-based descriptors and tools have been developed to facili-

tate easy and quick identi cation of structural analogues based on these properties, including vector
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and distribution-based representations of pharmacophoric features. The ultrafast shape recogni-
tion (USR) (Ballester et al., 2007) descriptor, for example, is a shape-based descriptor that is
calculated from statistical moments using distances between reference atoms within the molecule.
The USRCAT descriptor (Schreyer et al., 2012) builds on USR by considering the CREDO atom

types (Schreyer et al., 2009), while ElectroShape (Armstrong et al., 2010), another USR extension,
considers electrostatic properties. Other methods utilize distributions based on distances between
pharmacophores, such as Ligity (Ebejer et al., 2019), which calculates distances between triangular
and tetrahedral sets of three and four pharmacophoric interaction points (hotspots derived from

ligands or protein{ligand complexes).

Pharmacophore-constrained molecular docking

In comparison with the methods described above, structure-based techniques provide additional
context from the protein binding pocket to perform a pharmacophore search. Some of these meth-
ods rely on a structure in complex with a ligand, such as LigandScout (Wolber et al., 2005), which
extracts the set of interactions based on the pharmacophores and can be used for virtual screen-
ing. Other methods construct pharmacophore models using the target structure alone. GRID, for
instance, uses molecular probes to sample possible interactions in the binding site across a grid.
Interaction energies can be used to construct a molecular interaction eld, which can be used to
identify hotspot regions of interest (Goodford, 1985; Schaller et al., 2020; Yang, 2010).

Beyond pharmacophore modelling methods, pharmacophores can be used as constraints within
molecular docking (Hindle et al., 2002). In addition to their use as lIters for a library to be docked
(by ensuring that database ligands contain the required pharmacophores extracted from a query
ligand), the identity and 3D position of the pharmacophores can be used to in uence the scoring of
the ligand pose; docking programs such as GOLD (Jones et al., 1997) and rDock (Ruiz-Carmona
et al., 2014) can be used for this purpose. GOLD assigns higher scores to conformations whereby
speci c atom types are within a user-de ned distance of a pharmacophoric constraint. rDock
meanwhile allows the de nition of a set of optional and compulsory pharmacophoric restraints; a
penalty is applied for each restraint where the nearest ligand feature is beyond a speci c tolerance

radius (Jones et al., 1997; Ruiz-Carmona et al., 2014).
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In this work, in Chapter 3, we focus on the use of pharmacophore-based methods to broaden
the chemical space for follow-up compounds based on fragment hits, maximizing the possibility of

nding new chemotypes and painting a fuller picture of the SAR for a target.
1.4.45 Catalogue methods for follow-up design

As mentioned, to rapidly progress fragment hits in drug discovery campaigns, commercial catalogues
are often used as sources of follow-up compounds based on fragment hits. As these molecules are
purchasable, they are guaranteed to be synthetically accessible and thus should be cheap and easy
to acquire. However, there are only a handful of automated, formalized work ows described for this
purpose, in particular those that exploit all possible interaction opportunities within the binding
site. Here, we describe some examples where this has been explored in the literature, and how these
methods o er promise for rapidly advancing the early stages of the FBDD pipeline.

Similarity and substructure searches are useful tools for identifying follow-up compounds from
small-to-medium-sized libraries of compounds. Frag4Lead (Metz et al., 2021) describes a work ow
used to perform an analogue-by-catalogue search within the MolPort database (MolPort, 2024) for
ve crystallographic fragment hits against aspartic protease endothiapepsin. This was done using
three approaches: a similarity search using the MACCS ngerprint (Durant et al., 2002) (with a
Tanimoto similarity threshold; Bajusz et al. (2015)); a superstructure search for molecules that
contain the fragment as a substructure; and a search for compounds that are a substructure of
the fragment. The superstructural analogues were docked using template-guided docking using a
FlexX procedure (Rarey et al., 1996) to allow selection of a 28 compounds to be screened using
crystallography and ITC. Of these, 10 of the compounds bound, the best of which resulted in a
266-fold improvement in a nity, reaching single-digit micromolar values.

The weakness of similarity and substructure searches is that the latter are often not compu-
tationally e cient, and ngerprint-based metrics can exhibit bias against smaller molecules. This
bias occurs because fragments occupy fewer bits than larger molecules, and thus small changes in
their structures can result in large drops in similarity according to a ngerprint-based metric. Sub-

structure searching is not straightforward for identifying merging opportunities as this requires one
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to specify which pieces from each fragment to be included in the nal molecule; specifying which
combination and connectivity of substructures to include is a non-trivial task, and systematic enu-
meration of all possible combinations is likely intractable.

Andrianov et al. (2021) describe an approach in which they combined catalogue searching tech-
niques with fragment growing and merging approaches to explore the kinase inhibitor space. Though
not strictly starting from validated fragment hits, this work provides an example of a fragment
merging-like approach applied to a well-characterized target class. Retrosynthesis was used to de-
compose kinase inhibitors, all featuring a hinge-binding core motif, into molecular building blocks
that attach to the conserved core. The authors then searched commercial catalogues for analogues
of the building blocks to add to the core, generating conformations using alignment based on the
hinge-binding motif. Following this, they performed fragment merging by swapping building blocks
between ligands with a low root mean square deviation (RMSD) between core motifs. In this way,
the authors identi ed diverse analogues that are likely to be synthesizable using purchasable build-
ing blocks and via known chemical reactions. However, similar to the hybridization techniques
described (Section 1.4.3.2), this approach is suited to ligands that share a conserved motif, which
may not be applicable for all targets.

A few approaches have emerged recently that provide e cient ways of exploring make-on-
demand chemical libraries. Sadybekov et al. (2022) describe a synthon-based method named
V-SYNTHES; while this approach starts with virtual fragments (rather than validated crystal-
lographic hits), it still provides a useful demonstration of the use of computational techniques
to advance fragments using a make-on-demand library. In this work, the authors began with a
library of 600,000 fragments, isolated from Enamine REAL space and representing common scaf-
folds. These fragments were docked, followed by iterative cycles whereby synthons were added to
the most promising fragments and re-docked against the target. When this approach was applied
to cannabinoid receptors 1 and 2, of the top 60 compounds identi ed, 21 demonstratedn vitro
activity, with 6 showing inhibition at concentrations of <10 M (Sadybekov et al., 2022; Deane
et al., 2022).

Meanwhile, Maller et al. (2022) detail a pipeline to progress four fragment hits against protein
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kinase A. This work ow involved placing fragments from Enamine REAL space (Grygorenko et
al., 2020) based on the positions of the crystallographic fragments using FlexX (Rarey et al.,
1996). The best scoring poses were selected, from which sub-libraries of larger molecules were
enumerated using Enamine's in-house reactions. Repeating the template-guided docking and scoring
of the enumerated molecules led to the selection and synthesis of 93 compounds, the best of which
demonstrated a 13,500-fold gain in a nity.

In terms of expanding these approaches to identify more pharmacophorically similar follow-up
compounds, there are a couple of examples that explore this. FRESCO (McCorkindale et al., 2022)
takes as input an ensemble of 3D bound ligands, using unsupervised machine learning methods to
learn 3D distributions of pharmacophores from a set of crystallographic fragment hits, which were
in turn used to score and prospectively screen compounds from Enamine REAL space (Grygorenko
et al., 2020). Moreover, a recent work by Correy et al. (2024) introduces their FrankenROCS
pipeline, which uses fragment linking based on 3D shape-based search to explore the Enamine HTS
collection, containing 2.1 million compounds. Based on several pairs of fragment hits against the
SARS-CoV-2 nsp3 macrodomain, the Rapid Overlay of Chemical Structures (ROCS) (Hawkins et
al., 2007) method is used to identify potential merges that replicate shape and pharmacophore-based
properties of the fragments, identifying a follow-up compound (which did not contain a previously
problematic carboxylic acid group) with an ICsy value of 130 M. A larger-scale approach was
implemented to search the Enamine REAL database, containing 22 billion molecules, using an
active learning strategy, Thompson sampling (Klarich et al., 2024); Thompson sampling is applied
in reagent space, enabling selection of the best-scoring building blocks using ROCS, which can be
used to enumerate follow-up compounds using combinatorial expansion with Enamine's in-house
reactions. From this, thirty-two compounds were selected for synthesis, leading to the identi cation
of a compound with an 1Csg value of 220 M.

These examples show that catalogue search is an accessible yet powerful way to advance a FBDD
campaign. Formalized work ows, involving both the identi cation and Itering of compounds, are
integral for exploiting fragment screening data to rapidly identify compounds for further screening

that can inform subsequent iterations of synthesis. A brief summary of how follow-up compounds
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are progressed to become more lead-like is provided below.
1.4.4.6 Optimization of follow-up compounds via the DMTA cycle

The design{make{test{analyse (DMTA) cycle describes the process by which candidate compounds
are iteratively optimized and is particularly relevant in the stages immediately following the iden-
ti cation of promising hits or follow-up compounds.

DMTA begins with the Design stage, typically performed by medicinal chemists (in conjunction
with computational chemistry techniques), whereby a set of compounds are proposed for synthesis.
The compounds are usually selected to test a speci c hypothesis, such as the chemical substruc-
tures related to improved potency or ADMET properties (Plowright et al., 2012). Computational
methods may be used for prioritization, such as docking scores, machine learning models for a nity
prediction or retrosynthesis predictions, ensuring the compounds can be synthesized using readily
accessible chemistry (described in Section 1.6). It may be preferential to prioritize diversity at
this stage, whether to boost the chances of nding a hit or to maximize the potential learnings for
SAR, through the analysis of positive and negative data. Given the compounds can be success-
fully synthesized (Make ), assays are conducted to yield experimental data to con rm (or reject)
the hypothesis being tested and inform the next cycle of designTest). Computational methods
are particularly relevant, as they can be used, for example, to inform ML models that correlate
molecular features with a nity, or to identify matched molecular pairs that result in activity cli s
(Analyse ) (Plowright et al., 2012; Wesolowski et al., 2016).

Being able to perform this cycle in a timely manner is integral to improving the e ciency of
drug discovery and is a major aim at XChem (see Section 1.3.2.3). Compound design campaigns
often involve the purchase of commercially available (and thus synthetically accessible) compounds,
or the use of robotic synthesis platforms to allow automated chemistry. These approaches allow the
rapid generation of experimental data, which can then be used to inform the rapid progression of
fragments to validated hits. A case study for how a crystallographic fragment screen was rapidly
advanced to identify follow-up compounds against a COVID-19 target, also providing a model for

how open-science collaboration can accelerate discovery, is provided below in Section 1.5.
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1.5 Examples of fragment-based campaigns at XChem

Here, we provide an example case study for the design of follow-up compounds based on fragment
screening results against a SARS-CoV-2 target at XChem and an overview of XChem's involve-
ment in current antiviral campaigns as part of the Al-driven Structure-enabled Antiviral Platform
(ASAP) Discovery Consortium. This case study provides context for the work performed in this

thesis for performing exhaustive enumeration of follow-up compounds based on fragment merges.

1.5.1 The COVID Moonshot project: a collaborative campaign for in-

hibitors against SARS-CoV-2

The onset of the COVID-19 pandemic and the urgent need to develop antivirals let to the conception
of the COVID Moonshot project (Figure 1.7) (Delft et al., 2021; Boby et al., 2023). Co-founded by
XChem, the Moonshot was an open-science collaboration that advanced the results of a fragment
screen against the SARS-CoV-2 main protease (Mpro; described in Section 2.3.2) to a potent lead
compound. The project forged a new approach to open science for drug discovery, which relied
on establishing an infrastructure for sharing data and scienti ¢ collaboration to drive the rapid

progression of antiviral compounds, in aid of pandemic preparedness.

Figure 1.7: An overview of the COVID Moonshot project. Figure reproduced from Boby et
al. (2023). ECsg, half-maximal e ective concentration; IC 5o, half-maximal inhibitory concentration.

The collaboration involved crowdsourcing designs from the community and working with insti-
tutions (both academic and industrial) that were able to provide synthesis, assaying, logistics and
other capabilities. Following the fragment screen, the data were made available in March 2020 via

an online platform, and scientists were able to submit follow-up designs based on these data (none
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of the fragments showed IG, values of below 100 M).

All data were immediately disclosed publicly, meaning the Moonshot bypassed any intellectual
property-driven delays. Approximately 2,000 designs were uploaded within the rst week from
a variety of sources, including hypothesis-driven, computational and docking-based approaches.
Retrospective analysis found that many designs appeared to use fragment merging and linking-like
approaches based on overlapping fragments in the active site.

From the submissions, compounds were selected for synthesis (performed by Enamine) by ex-
pert medicinal chemists, assisted by computational tools. Alchemical free energy calculations, in
particular, were found to be useful for identifying transformations that led to improved potency,
such as swapping from a pyran group to a piperidine sulfonamide. The selected compounds were
evaluated using further crystallographic screening and biochemical assays; these data were also
deposited online to inform further design.

This collaboration led to the discovery of the rst credible hit with an IC 5o of 37nM (Boby et al.,
2023). While the compound required further optimization in terms of its pharmacodynamic and
pharmacokinetic properties (to improve bioavailability), this project provided a template for how
collaboration can help to accelerate the development of new therapeutics. In particular, this work
demonstrated how large-scale enumeration of potential fragment merges during follow-up design
for screening campaigns could be a powerful technique. Chapters 2 and 3 describe pipelines that

aim to contribute towards this goal.

1.5.2 ASAP: accelerating antiviral design for pandemic preparedness

The success of the Moonshot project led to the launch of the ASAP Consortium (Figure 1.8), one
of the National Institutes of Health (NIH)-funded Antiviral Drug Discovery (AViDD) Centers for
Pathogens of Pandemic Concern. Built on the template of the COVID Moonshot Project, ASAP
focuses on using X-ray crystallographic fragment screens, coupled with arti cial intelligence (Al)
and computational-based methods, to accelerate the development of chemical leads against multiple
viral targets, including coronaviruses, aviviruses and picornaviruses.

XChem is a driver in the creation of target-enabling packages (TEPs), which create a foundation
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for rapid medicinal chemistry cycles to develop promising lead candidates later in the pipeline. The
TEPs include, for a given target, a set of robust biochemical and biophysical assays, an exhaustive
set of protein{ligand structures from the structural biology core and the design of an initial set of

follow-up compounds (Figure 1.8).

Figure 1.8: An overview of the ASAP project and target-enabled packages. (a) A summary
of the ASAP project pipeline is shown. Green boxes indicate components of the pipeline for
which XChem is a key driver: the structural biology core, which produces an exhaustive set of
protein{ligand crystal structures, necessary for elucidating protein hotspots and key interactions;
and the creation of target-enabled packages (TEPS) during Project 2. I§) The di erent components
involved in TEPs are shown. TEPs are data packages that provide the foundation for subsequent
structure-based drug discovery and medicinal chemistry e orts. Figures reproduced from ASAP
Discovery Consortium (2024).

Chapter 4 contains descriptions of my contributions to active ASAP campaigns against two
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enteroviral targets, involving collaborative e orts to design, select and assay purchasable follow-up

fragment merges and elaborations.

1.6 Methods for prioritizing fragments and follow-up com-

pounds

During the drug discovery process, it is repeatedly necessary to prioritize a subset of compounds
from a larger selection due to a set of budget or resource constraints. This can happen at various
stages of the pipeline: for example, when creating an initial library for screening, or in subsequent
stages, when a list of compounds needs be narrowed down to select those to be purchased or
synthesized. The evaluations are based on multiple factors, such as whether compounds ful | a set
of desired chemical properties, their synthetic accessibility, presence of reactive groups or predicted
a nity based on scoring functions used in docking programs. Here, we describe some of the main
areas of consideration for compound prioritization, with a particular focus on scoring follow-up

compounds based on fragment hits.

1.6.1 Conservation of binding mode

One potential aim when designing follow-up compounds is ensuring that they will be able to reca-
pitulate the pose and interactions made by the original fragments; this can be assessed by checking
the overlap between the molecules, with a common metric being the RMSD, calculated based on
the distances between corresponding atoms. The challenge of using RMSD is that this requires
de nition of the MCS between the fragment and larger ligand, which is not always evident, par-
ticularly if the follow-up compound represents a bioisostere or if there are multiple possible MCS
mappings within either compound.

An alternative is to use a “shape and colour' score; these metrics consider both the shape, de ned
as a 3D density, and chemical feature overlap between the elaborated compound and the fragment,
providing a coarser-grained view that can be applied to compounds without an exact MCS match.
Malhotra et al. (2017) used this method to check whether the binding mode was conserved between

elaborations and their original ligands, applying a cut-o of between 0.4 and 0.55 (the score is
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scaled between 0 and 1). Importantly, this metric is asymmetric, ensuring that the larger ligand
fully subsumes the volume of the smaller ligand, and not the other way round. Implementations of
this metric using RDKit (Landrum, 2024) have been described since, such as the SuUCOS (Leung
et al., 2019) and SGpkt scores (Imrie et al., 2020).

Beyond considering only the structure of the ligand, an additional method to assess a docked
ligand is to analyse the predicted interactions made with the protein using protein{ligand interaction
ngerprints (PLIFs). PLIFs are useful as they enable us to capture 3D structural information in
a binary vector, which can be used to assess whether the ligand has the potential to recapitulate
the interactions observed within the original fragment or, additionally, the capacity to make new
interactions not previously observed. There are several di erent programs available for this purpose
(for examples, see Bouysset et al. (2021), Adasme et al. (2021), Jubb et al. (2017), Da et al. (2014)),
which vary according to how interacting pharmacophores are identi ed (for example, using SMARTS
patterns), the set of geometric constraints used as criteria, and whether the ngerprints operate on
an atomic or residue level. These PLIFs can be used to probe the SAR for a set of compounds and

aid optimization by SBDD.

1.6.2 Scoring functions for docked poses

One key method in SBDD is predicting binding a nity based on the docked protein{ligand com-
plex. Classical scoring functions are used by docking software to predict the bound ligand pose,
together with a nity. There are four main classes of scoring functions: force eld-based, empirical,
knowledge-based and machine learning-based scoring functions (Meli et al., 2022). One of the main
limitations of traditional scoring functions is that, to be executed in a reasonable timeframe, they
rely on approximations of the complex process of molecular recognition, leading to inaccuracies in
their predictions (Velasquez-lopez et al., 2022). Several ML and DL-based methods, using graph
neural networks (GNNs), have been developed (for a review, see Meli et al. (2022)), utilizing a
wide array of architectures and descriptors, which have been shown to outperform classical scoring
functions (Ghislat et al., 2021). However, recent work has shown that commonly used benchmarks

allow ML-based scoring functions to exploit data biases, which has led to in ated performance;
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baseline models trained to learn protein or ligand bias alone were competitive with state-of-the-art
scoring functions, demonstrating that the models are not learning the underlying physics of the

interactions (Boyles et al., 2019; Durant et al., 2023; Harren et al., 2024).

1.6.3 Synthetic accessibility

One important method of prioritization is to apply a synthetic accessibility score, which estimates
how di cult it is to synthesize a given compound, and can be calculated in a number of ways. This
is particularly useful for de novo methods of molecule generation or when searching theoretical
compound libraries.

The rst attempt to capture synthetic accessibility using a metric was the SAScore, proposed
by Ertl et al. (2009), This score was devised based on the analysis of molecules present in PubChem
(Kim et al., 2023), and comprises two parts: the “fragmentScore', which compares substructures
present in the molecule with their frequency of occurrence in the PubChem database; and the
‘complexityPenalty', which applies a penalty for complex features such as macrocycles, stereocen-
tres, ring systems and molecular size. This score is scaled between 1 and 10 and was validated by
comparing the ranking obtained using the SAscore for a collection of 40 molecules against manual
ranking by several medicinal chemists.

Several other metrics have been described since. The RAScore (Thakkar et al., 2021) is a
machine learning classi er, which uses a feed-forward neural network that was trained to predict
the outcomes of a retrosynthetic analysis using AiZynthFinder (Genheden et al., 2020); the output is
a binary score, designed to mimic whether AiZynthFinder is able to solve for a synthetic route. The
SCScore (Coley et al., 2018) was trained on Reaxys reaction data and is based on the assumption
that the products of a reaction are more complex than the reactants. SYBA (Vosibk et al.,
2020) is a Bernoulli nawe classi er model that aims to distinguish easy-to-synthesize from hard-
to-synthesize molecules; easy-to-synthesize molecules were sourced from the ZINC database (Irwin
et al., 2020), while hard-to-synthesize molecules were designed by Nonpher (Vosibk et al., 2017),
which performs small chemical perturbations on starting molecules to generate greater complexity.

However, limitations of using such simple approximations have been described, for example, for

41



SAScore and SCScore. As these metrics do not consider the availability of reactants, the scores
can be overestimated for complex molecules that can be synthesized from commercially available
building blocks. Also, these scores may struggle to capture di erences between structurally similar
compounds that have vastly di erent synthetic routes (Makara et al., 2021; Gao et al., 2020b;

Sanchez-Garcia et al., 2023).

1.6.4 Compound elaboratability

An under-explored but relevant concept in follow-up compound prioritization is that of “elaborata-
bility', which we de ne here as a compound's tractability for further synthesis given chemical and
geometric considerations. To our knowledge, there are few studies in the literature that directly
explore the concept of “elaboratability’; however, one example is provided by Preston (2023), who
developed a simple scoring function that determines if a molecule has the potential to undergo fur-
ther reactions using comparisons against United States Patent and Trademark O ce (USPTO) re-
action data, a dataset comprising patent-based reactions (Schneider et al., 2016). For a given query
molecule, the function determines if topologically equivalent reaction centre atoms exist within the
dataset, and a score is generated based on how frequently an equivalent atom is observed and the
diversity of reaction classes it participates in.

This is similar to the concept of “fragment sociability’ (St. Denis et al., 2021), which was in-
troduced in Section 1.3.2.2, referring to whether fragments have synthetic handles and available
purchasable close analogues to enable rapid elaboration. However, these methods have been applied
to fragments in 2D, considering only the presence of elaboratable chemical features, rather than
whether their position and the geometry of the pocket enable further growth. Developing methods
that consider both the chemistry and the geometry of a ligand in evaluating its elaboratability is

explored further in Chapter 5.

1.7 Project aims

While the throughput of X-ray crystallographic screening has dramatically improved, the opti-

mization of crystallographic fragment hits still remains a bottleneck. Automated work ows for
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identifying and prioritizing the most promising follow-up compounds are needed that are able to
e ciently search accessible chemical space, circumventing costly problems of low synthetic acces-
sibility. Fragment merging techniques represent powerful methods for maximizing the number of
interactions made by a single compound, and hence are a key focus of this work.

In this thesis, | will describe work ows developed for identifying fragment merges, using a
chemically intuitive graph database representation of chemical space. The initial pipeline aims to
identify perfect merges that are directly informed by the fragment hits, by incorporating exact
substructures from both fragments (Chapter 2). The goal is to perform this task in a computa-
tionally e cient manner, circumventing the limitations associated with similarity and substructure
searches, and providing a method that can be used for the exhaustive enumeration of merges based
on all compatible pairs of fragments derived from a fragment screen. A procedure to expand the
search space for fragment merges and increase chemical diversity among follow-up compounds will
be introduced, by searching for what we term “bioisosteric fragment merges' (Chapter 3).

Finally, we aim to describe a novel approach to prioritizing follow-up compounds by evaluating
compound “elaboratability’, which aims to rank compounds and growth vectors according to their
tractability for further synthesis to identify the most productive starting points for subsequent

optimization (Chapter 5).

1.8 Thesis outline

The remainder of this thesis is organized as follows:

Chapter 2 , "'The Fragment Network as a novel source of fragment merggsdescribes the
initial pipeline for using the Fragment Network, a graph database representation of chemical
space, for identifying purchasable fragment merges. The database searches for perfect merges,
which incorporate exact substructures from the parent fragments. A lItering pipeline is im-
plemented, which prioritizes compounds that have the potential to recapitulate the pose of the
original fragments. This method of searching is contrasted against a more classical similarity
search using molecular ngerprints, aiming to provide a way to improve the productivity of

a catalogue search. Two retrospective case studies are provided, with the goal of evaluating
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whether the database search is able to recover known experimental binders.

Chapter 3 , "Expanding the scope of a catalogue search by nding bioisosteric merdede-
scribes an updated version of the initial pipeline, which provides several feature enhancements,
such as ensuring the substructures incorporated are spatially compatible and responsible for
interactions with the protein. Importantly, this pipeline aims to expand the chemical space
searched, by searching for bioisosteric merges, which recapitulate pharmacophoric properties
of the original fragments. The purpose is to improve the possible hit rate of the catalogue
search and enable initial exploration of the SAR in an automated manner. Comparisons
against a pharmacophore-constrained docking work ow are made to show that the pipeline

provides e ciency bene ts that enable it to be used at scale.

Chapter 4 , "Usage of catalogue search tools in active XChem campaignsummarizes work
done to deploy the described pipelines in active campaigns as part of the ASAP project for
two antiviral targets. These campaigns provide a platform for method development and aim

to establish a work ow and logistics for advancing fragments in the XChem pipeline. Several
design rounds are described, together with a description of some of the challenges encountered

and lessons learned.

Chapter 5 , "Developing a novel scoring function for evaluating compound elaboratability
introduces a novel scoring function for evaluating compound elaboratability, which can be
applied both to individual growth vectors, distinguishing which of them represent promising
growth opportunities, and for ranking entire molecules based on their tractability for further
synthesis. These methods are designed to consider whether compounds contain synthetic
handles to enable elaboration and whether their spatial organization within the protein pocket
enables growth and potential access to new interactions. A chemistry-informed and GNN
approach are compared, and protocols for further validating these tools are outlined as goals

for future work.

Chapter 6 , “Conclusions and future work, summarizes the main ndings of this thesis and

outlines possible avenues for future work.
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2. The Fragment Network as a novel

source of fragment merges

2.1 Chapter motivation

This Chapter describes a pipeline that | developed to provide a fully automated tool to perform
catalogue-based fragment merging given a set of crystallographic fragment hits. The tool is based
on the Fragment Network, a graph database approach for exploring chemical space, which was
originally described in 2017 (Hall et al., 2017) by Astex Pharmaceuticals and re-implemented at
XChem with the code made publicly accessible athttps://github.com/InformaticsMatters/
fragmentor . The work in this Chapter is largely described in a 2023 publication in theJournal of

Cheminformatics and Modelling (Wills et al., 2023) and was carried out by myself unless stated.

2.2 Introduction

A key step in the fragment-based drug discovery (FBDD) pipeline is the development of fragment
hits to become larger, more potent binders (Lamoree et al., 2017; Davis et al., 2017). As discussed
in Section 1.3, while the throughput of X-ray crystallography for fragment screening has dramat-
ically improved owing to advances in synchrotrons, automation and algorithms (Douangamath et
al., 2021), a challenge remains in how to e ciently exploit the information contained in crystal
complexes for the rapid structure-guided progression of fragments.

As described in Section 1.4, fragment merging is a powerful approach for improving potency,

yet it remains poorly served by in silico approaches, and the published successful fragment merges
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have largely been manually designed (examples are provided in Section 1.4.3.1). Not only is this
not transferable, but it does not allow the full exploitation of even modest numbers of hits, relying
instead on the experience and biases of the medicinal chemist. Oniw silico approaches will be able
to more exhaustively sample the relevant chemical space, though the main challenge lies in recapit-
ulating the orientation and interactions of the parent fragments. Furthermore, the main limitation

of de novoapproaches is that they tend to propose molecules with poor synthetic accessibility and
thus are either impossible or di cult and expensive to make (Souza Neto et al., 2020).

Following from this, a key challenge in progressing fragments into an e cient drug discovery
campaign is nding readily available compounds to allow elucidation of the SAR for a target.
Commercial catalogues are generally used for this purpose as the compounds are guaranteed to be
synthetically feasible and are cheap and easy to acquire. There are few e cient, fully automated
work ows for the computational design of follow-up compounds using crystallographic fragment
screens (discussed in Section 1.4.4.5). A traditional way to search these catalogues is using sub-
structure and similarity searching (Metz et al., 2021), yet these methods can be computationally
intensive and ngerprint-based similarity metrics can exhibit bias against fragments. Moreover,
though such methods clearly hold great potential, many of these approaches are focused on nd-
ing analogues of single fragments and are thus more comparable with fragment growing strategies
(Metz et al., 2021; Muller et al., 2022). The work described in this Chapter focuses on fragment
merging and linking-like approaches, as incorporating features from multiple fragments represents
an e cient way to maximize the number of interactions made by a single compound.

In this work, we demonstrate the use of a graph database as a method for nding fragment
merges in commercial catalogues. As mentioned in Section 1.4.3.2, we di erentiate between types
of merges according to whether they maintain exact substructures of parent fragments (perfect
merges), or whether they incorporate similar chemotypes or pharmacophoric properties (bioisosteric
merges), the latter of which is similar to sca old hopping techniques. In this work, as a starting
point we focus on the identi cation of perfect merges to provide proof of concept for our approach
(bioisosteric merging is explored further in Chapter 3).

To nd fragment merges, we used an implementation of the Fragment Network (introduced
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in Section 1.4.4.2), a graph database approach that was rst described by Astex Pharmaceuticals
(Hall et al., 2017), which uses the RDKit cheminformatics toolbox (Landrum, 2024) and was loaded
with 120 million commercial catalogue compounds. Using this database, we developed a pipeline
to search for potential fragment merges, followed by several 2D and 3D lters that prioritize can-
didates by the likelihood of maintaining the binding pose and interactions of the parent fragments.
This approach provides bene t beyond classical hybridization methods, as it guarantees synthetic
accessibility by searching within catalogue space and can be applied to situations where there is no
matching overlapping substructure between fragments (by linking together distinct substructures).
Our Fragment Network searches yield complementary results to classical similarity searches us-
ing molecular ngerprints, as each technique identi es ltered compounds for pairs of fragments
for which the other technique fails, suggesting that the two techniques should be used in paral-
lel. Speci cally, the Fragment Network naturally lends itself to both identifying pure merges and
limiting searches to local chemical space, leading to greater search e ciency. It is thus well-suited
to fully exploiting all crystallographic data through large-scale enumeration of all possible pairs of
fragment hits. Its suitability for fragment progression was con rmed in two retrospective analyses;
comparison against experimental data from the COVID Moonshot (The COVID Moonshot Consor-
tium et al., 2020) identi ed a known inhibitor and close analogues to other known inhibitors with
IC50 values within the low-to-medium micromolar range. A known binder and close analogues to
known inhibitors were also identi ed using experimental data against Mycobacterium tuberculosis

transcriptional repressor protein EthR (Nikiforov et al., 2016).
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2.3 Materials and methods

2.3.1 The Fragment Network database

The version of the Fragment Network used for this work was compiled in March 2022 and contains
XChem fragment libraries and compounds from the Enamine, MolPort and Chemspace commer-
cial catalogues, totalling >120 million compounds. The selection of compounds was conducted
by previous members of XChem and was aimed at maximizing chemical diversity while ensur-
ing compounds were closely related enough to ensure compounds could be connected within the
database (explained further below). The code to generate the database is publicly available at
https://github.com/InformaticsMatters/fragmentor and was written by a previous member
of XChem, Anthony Bradley (and is maintained by InformaticsMatters).

The network was implemented as described in the original paper (Hall et al., 2017); generation
of the network involves the decomposition of molecules | represented as nodes | into rings,
linkers and substituents, with the iterative removal of these groups resulting in the enumeration of
connected nodes. The network is populated with purchasable compounds that are connected via
edges, which represent transformations between nodes. Transformations refer to the addition or
removal of substructures, rather than reaction-based transformations. A schematic demonstrating
the types of transformation that can be made is shown in Figure 2.1. The corresponding metadata
for nodes and edges, describing features such as the substructure being removed or added when
traversing an edge, or, optionally, molecular properties of the molecule node, can allow the tailoring
of search queries. The XChem implementation uses neo4j (neo4j, 2022) as the graph database
platform and queries are written in Cypher; this language can enable the creation of sophisticated
search queries whereby a user can specify parameters such as the number of hops involved in the
query (the number of hops refers to the path distance between nodes in the network), the type of
hop to be used in the query path (that is, a contraction or expansion), the substructure(s) involved
in the transformation and the Itering of results based on node properties (for example, heavy atom

count).
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Figure 2.1: Transformations between nodes in the Fragment Network. Edges in the Frag-
ment Network denote transformations in which a contraction (red arrows) or expansion (blue ar-
rows) can be made, whereby a ring, linker or substituent is lost or gained. Example transformations
are shown for a hit against non-structural protein 13 (nsp13; fragment x02760B). The substructure
lost or gained (highlighted in orange) during the transformation is recorded in the edge label.
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Table 2.1: Summary of the fragment screens used as test data

Target Type of Number of Number of
binding site  fragments  pairs for merging*

DPP11  Allosteric 11 55

PARP14 Active 13 75

nspl3 Active 9 35

Mpro Active 19 134

*Value re ects the number of pairs after removing fragment
pairs that are highly similar. DPP11, dipeptidyl peptidase 11;
PARP14, poly(ADP-ribose) 14; Mpro, main protease; nspl3,
non-structural protein 13.

2.3.2 XChem datasets

The four test cases are publicly available crystallographic fragment screens from the XChem facility,
summarized in Table 2.1 and Appendix Table A.1. These data are available to download from the
Fragalysis platform (https://fragalysis.diamond.ac.uk/viewer/react/landing ). The specic
experiments are described below.

Porphyromonas ginigivalis plays a causative role in the development of periodontal disease
(Ohara-Nemoto et al., 2011). The dipeptidyl peptidase (DPP) enzymes are central to the energy
metabolism of the bacterium (Ohara-Nemoto et al., 2011). Fragment screening found hits that
bound to two sites: the active site, to which two fragments bound, and to a potential allosteric
site. While the mode of action has yet to be established, 11 fragments were found to bind to the
allosteric site (Figure 2.2a); the opportunity for inhibitor development means these 11 hits were
selected for merging.

Human poly(ADP-ribose) polymerase 14 (PARP14) is part of a family of proteins involved
in post-translational modi cation. Shared between the proteins is a highly conserved catalytic
domain that binds to NAD+ and transfers negatively charged ADP-ribose to the target protein to
be modi ed (Wahlberg et al., 2012). This study focuses on 13 fragment hits found to bind to the
catalytic site (Figure 2.2b).

A helicase protein, SARS-CoV-2 non-structural protein 13 (nsp13) forms part of the replication
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Figure 2.2: Crystallographic fragment hits used for analysis. The binding sites and crystallo-
graphic fragment hits used for testing the merging pipelines are shown forg) Porphyromonas gingi-
valis dipeptidyl peptidase 11 (DPP11), (b) human poly(ADP-ribose) polymerase 14, (PARP14) (c)
SARS-CoV-2 non-structural protein 13 (nspl13) and @) SARS-CoV-2 main protease (Mpro). Data
can be freely downloaded fromhttps:/fragalysis.diamond.ac.uk/viewer/react/landing .
The fragment codes are provided in Appendix Table A.1.
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and transcription machinery of SARS-CoV-2, together with 15 other non-structural proteins. The
function of nspl3 is to catalyse the unwinding of genetic material using energy from nucleotide
triphosphate hydrolysis. Two sites were found to have good ligandability in a fragment screen; for
the purposes of this work, we focus on developing merges of fragments that bind to the nucleotide
site, which is positioned between the 1A and 2A helicase subdomains (Newman et al., 2021). Nine
overlapping fragment hits that o er good merging opportunities were chosen for testing the pipeline
(Figure 2.2c).

The SARS-CoV-2 main protease (Mpro) is involved in processing polyproteins ppla and pplb
of SARS-CoV-2, which are necessary for replication and transcription. Mpro is a homodimer of
two polypeptides, protomers A and B. Each protomer consists of three domains and the substrate-
binding site is positioned in a cleft between domains | and II, which comprise antiparallel -barrel
structures. The active site consists of multiple subsites, P1, P4 P2, P3, P4 and P5 (Jin et al.,
2020). In total, >1,250 fragments were soaked during screening, in which 71 fragments were found
to populate the active site (Boby et al., 2023). In this work we focus on designing merges for 19 of
these fragments (Figure 2.2d); an additional 5 fragments were used for an independent case study

described below.

2.3.3 Computational work ow: database search

The overall pipeline for querying the database and Itering compounds is illustrated in Figure
2.3. For all compatible pairs of fragments, we query the Fragment Network as described in the
following section. We de ne two fragments as compatible if they are close in space and are not
highly similar to each other. Only pairs for which the distance between the closest pair of atoms
is <5A are considered. The chosen limit allows the identi cation of both merges and linkers; this
distance threshold can be modi ed according to which type of elaborated compound to favour. We
remove fragments that represent close analogues that bind in an equivalent position to ensure that
hybrid molecules are substantially di erent from the parents. To do so, the MCS between the two
fragments is calculated; if up to three heavy atoms in either fragment are not included in the MCS,

the RMSD is calculated between the MCS atoms, and fragment pairs are removed, by default, if
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the RMSD is <2A (these parameters can be modi ed by the user). These pairs typically do not
represent useful merges as the resulting compounds do not incorporate unique substructures from

each fragment. The total numbers of pairs to undergo querying are shown in Table 2.1.
2.3.3.1 Search by Fragment Network query

The Fragment Network query aims to identify close neighbours of one fragment, the seed fragment,
that incorporate a substructure of the other fragment in the pair (all Fragment Network queries
were written by myself). First, all possible substructures of one of the fragments in the pair are
enumerated (this is done by traversing down all edges away from the fragment node that denote
contractions and extracting the substructures that are removed). Substructures are Itered for those
that contain at least three carbon atoms and do not exist in the other fragment in an overlapping
position (considered as>50% overlap in volume). This ensures that the substructure makes a
substantial and unique contribution to the nal merge. Queries identify all nodes within a speci ed
number of hops away from the seed fragment; the query then attempts to make an additional
expansion hop from these nodes in which one of the substructures from the other fragment is
incorporated (thus resulting in compounds that contain substructures of both original fragments).

To avoid redundancy in queries, for a single fragment, the substructures for all possible paired
fragments are enumerated and pooled together (as the same substructure could be present in multi-
ple fragments). The Fragment Network querying process is asymmetric (that is, there are two sets
of queries for each pair of fragments, with each fragment undergoing expansion). The number of
optional hops is a tuneable parameter; increasing the number of hops will result in a deeper search
but will lead to an exponential increase in the time required and will result in molecules less similar
to the original seed molecule. In this work, we limit the number of hops to a maximum of two.

All retrieved molecules are ltered for those that contain at least 15 heavy atoms to ensure the
compounds represent true merges between the fragments. Query paths (that is, the path taken
between the seed fragment node and the merge compounds) are limited to those where the node
before expansion contains at least six carbon atoms and is not equivalent to the substructure used

in the expansion (this prevents the query from retrieving all nodes connected to the substructure or
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Figure 2.3: Pipeline for identifying fragment merges. Fragment hits from crystallographic
fragment screens are used for nding fragment merges. All possible pairs of compounds are enumer-
ated for merging (removing those with high similarity). Both the Fragment Network and similarity
search are used to identify fragment merges. The Fragment Network enumerates all possible sub-
structures of one of the fragments in the merge while the other fragment is regarded as the seed
fragment. A series of optional hops are made away from the seed fragment (up to a maximum
of two), after which an expansion is made by incorporating a substructure from the other frag-
ment. The similarity search nds merges by calculating the Tversky (Tv) similarity against every
compound in the database using the Morgan ngerprint (2,048 bits and radius 2). The Tversky
calculation uses and values of 0.7 and 0.3, respectively. All compounds with a mean similarity

0.4 are retained. The merges pass through a series of 2D and 3D lters, including pose generation
with Fragmenstein, to result in scored poses.
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making expansions from small, ubiquitous nodes that make vast numbers of connections). A limit
of 3,000 molecules per fragment pair was imposed before ltering to yield numbers comparable to
that of the similarity search.

As a consequence of limiting the substructure for expansions to molecules containing at least
three carbons, this can result in the Fragment Network not being able to incorporate substituents
from the original fragment into the nal merge. To combat this, we provide an option to perform
R-group expansions of the nal nodes. This can be performed as part of the initial query or as
a post-re nement step of the most promising Itered molecules. To do so, a search is made for
expansions of the merge compounds whereby a substituent, present in the original fragments, is
added to the merge. Appendix Figure A.1 shows how the database query is able to retrieve the full
sca old incorporating key substructures from the original fragments that can then undergo R-group

expansion in a subsequent step.
2.3.3.2 Similarity search

The similarity search was performed on the equivalent set of purchasable molecules available in the
Fragment Network using molecular ngerprints (the code for the similarity search was written by
Ruben Sanchez-Garcia). All molecular ngerprints were calculated using the RDKit implementation
(Landrum, 2024) of the Morgan ngerprint (using 2,048 bits and a radius of 2; ECFPs are described
in Section 1.4.4.3). All molecules in the database are represented without stereochemistry and thus
the calculated Morgan ngerprints do not consider chirality. This ngerprint type is used in all
similarity and clustering calculations.

For each pair of fragments, the Tversky similarity (an asymmetric metric; Senger (2009)) was
calculated (using and values of 0.7 and 0.3, respectively) against every compound in the
database. The formula is given by:

iA\ Bj

TAB)= X Bj+ jJAnBj+ JBnA]

where A and B represent the fragment and database ngerprints, respectively. The Tversky

index is an asymmetric metric and thus prioritizes whether the merges replicate the same bits as
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the fragments. The geometric mean was calculated between the two values and a mean value of
0.4 was used as a cut-o (the geometric mean was used to penalize compounds that are highly
similar to only one of the fragments in the pair). The number of merges per pair was limited to
the 3,000 with the highest similarity values (Appendix Figure A.2). Merges with <15 heavy atoms
were removed to allow fair comparison with merges identi ed using the Fragment Network. While
an alternative approach would be to perform a single query using the union of the ngerprints for
the two fragments, we opted against using this approach, as this will result in smaller fragments

contributing less weight to the similarity calculation.

2.3.4 Computational work ow: Itering molecules

The retrieved merges are passed through a set of 2D and 3D lIters to retain the most promising
compounds that are most likely to maintain the binding pose and interactions of the parent frag-
ments (Figure 2.4). The same lters are applied to the merges from both the Fragment Network
and similarity searches to allow fair comparison, with the exception of the expansion lIter described
below, which is only applied to Fragment Network-derived compounds. Because of the nature of
the search, expansions are more likely to occur for Fragment Network-derived compounds (the sim-
ilarity search uses the geometric mean of the similarity metric for both fragments). These lters are
designed for large-scale fragment screens and are thus intentionally stringent. Our implementation
of the pipeline was designed to enable exibility: in cases where the ltering pipeline may result
in few Itered compounds, it is straightforward to modify the Itering pipeline by either remov-
ing Itering steps or modifying thresholds, meaning that the pipeline can be used in all types of

situations.
2.3.4.1 Filtering using calculated molecular descriptors

Compounds are ltered according to calculated molecular descriptors using Lipinski's rule of ve
(Lipinski et al., 1997) (see Section 1.1) and a maximum rotatable bond count of ten (Veber et al.,
2002).

Furthermore, a limit on the number of consecutive non-ring bonds was imposed to remove

“stringy’, exible molecules. A threshold of eight bonds for “linkers' (substructures connecting

56



Figure 2.4: Filtering pipeline for Fragment Network merges. Molecules retrieved from the

Fragment Network database are passed through a series of 2D and 3D lters to retain the most
promising compounds that are most likely to maintain the binding pose of the parent fragments.

Molecules can subsequently be scored to aid selection for purchase.
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Figure 2.5: The max linker and sidechain lengths found in ChEMBL drug molecules.

The max path length for (a) linkers, which join two rings, and (b) sidechains, which are attached
to a single ring, was recorded for ChEMBL drug molecules (Gaulton et al., 2012) (CHEMBL29;
after applying Lipinski lters and a maximum rotatable bond limit of 10). The 95th percentiles
were used to set thresholds for the lter.

two rings) and six bonds for “sidechains' (substructures connected to only one ring) was imposed.
This was done by calculating the maximum path length of the non-ring substructures. Thresholds
were set by analysing the number of consecutive non-ring bonds in compounds labelled as drugs
in ChEMBL29 (Gaulton et al., 2012) (after applying the Lipinski and rotatable bond Iters) and
calculating the 95th percentile (Figure 2.5). These lIters are optional and can be modi ed by the
user; these thresholds may be too strict for certain scenarios, which is why the lters are applied

as a ltering step rather than ensuring all compounds in the database meet these criteria.
2.3.4.2 Filtering compounds that resemble expansions of one fragment

A lter was implemented to remove compounds that resemble “expansions' (that is, compounds
that represent expansions of one fragment rather than true merges). This occurs when the fragment
contributing the substructure for expansion does not contribute anything unique to the nal merge.
First, the MCS between the seed fragment and the merge is calculated and removed from the merge.
The MCS is then calculated between the remainder of the molecule and the substructure used for
expansion. If the MCS comprises at least three heavy atoms, the merge passes the Iter. This
Iter is only applied to compounds derived from the Fragment Network approach as the search is

found to result in a high proportion of these compounds when the substructure used for expansion
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is already present in the seed fragment (for example, the substructure may have been removed in
the intermediate hops and then re-added in the nal expansion step). This could be checked before
the query; however, there may be circumstances in which we may want to maintain multiple copies
of the same substructure in the nal merge. This feature is addressed in a future iteration of the

tool (Chapter 3).
2.3.4.3 Filtering compounds using constrained embedding

This Iter assesses whether it is possible to generate physically reasonable conformations using
distance-based constraints based on the poses of the parent fragments. The Iter retrieves the
atomic coordinates of substructures that were derived from the parent fragments by calculating the
MCS or using the substructure that was used for expansion in the original query. The two sets of
coordinates from both fragments are combined and used as a template for embedding the merge.
As there may be multiple possible sets of atomic coordinates (for example, if there are several
substructure matches between the MCS and the merge due to symmetries), every possible pair of
coordinates is tried with every possible match with the merge. Merges for which it is possible to
generate a physically reasonable structure using the RDKit constrained embedding implementation
(Landrum, 2024) (that is, the bond distances ful Il the limits set by the distance bonds matrix)
undergo an energy calculation using the conformation generated by the constrained embedding; the
energy is calculated using RDKit using the UFF molecular force eld (this force eld is used for
consistency with the RDKit constrained embedding implementation).

The energy of the constrained conformation is compared with the mean energy of 50 uncon-
strained conformations to rule out molecules with energetically infeasible poses. The conformations
are randomly generated using RDKit and optimized using the UFF force eld; the energy is calcu-
lated in the same way as the constrained conformations. A total of 50 conformations was deemed
to be su cient according to the rotatable bond count of the un Itered molecules (the un ltered
datasets show an average number of rotatable bonds of less then 7) (Ebejer et al., 2012). If the ratio
between the two energy calculations is> 7, the molecule does not pass the Iter. This threshold was

selected based on an equivalent analysis of the PDBbind 2020 dataset (Su et al., 2019), selecting the
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Figure 2.6: Ratio between constrained and unconstrained conformations for PDBbind
2020 ligands. The ratio between the energies of PDBbind ligands (Su et al., 2019) and 50 uncon-
strained conformers was calculated and plotted using a log scale.

value for the 95th percentile of the energy ratios (Figure 2.6). In cases where the Itering pipeline
results in few Itered compounds, this Iter can be removed or eased to increase the number of
possible hits. Conformer generation is instead performed using only Fragmenstein (described in

Section 2.3.4.5), which requires substantially greater compute time.
2.3.4.4 Filtering compounds that clash with the protein pocket

Compounds are ltered according to whether the merge ts the protein pocket. RDKit (Landrum,
2024) is used to calculate the protrusion volume between the merge and the protein (the proportion
of the volume of the merge that protrudes from the protein). Molecules for which at least 16% of
the volume clashes with the protein are removed. This threshold was set using analysis of Mpro
crystallographic data; the clash distance between each compound and all protein structures was

calculated and the value for the 95th percentile was used to set the threshold (Figure 2.7).
2.3.4.5 Filtering compounds following pose generation with Fragmenstein

Poses are generated using Fragmenstein (Ferla et al., 2024), which was developed as part of the

COVID Moonshot project. Similar to the constrained embedding lter described above, Fragmen-
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Figure 2.7: Clash between Mpro ligands and all protein structures. The protrusion between
main protease (Mpro) ligands (available in Fragalysis) and all protein structures was calculated.
The clash between all structures is shown.

stein attempts to generate poses using the coordinates of the parent fragments, but, due to its more
advanced algorithm, it is more computationally expensive and thus is used at the nal stage of
ltering. Fragmenstein generates poses by calculating the MCS and the positional overlap between
the merge and the fragments and uses the crystallographic atom coordinates for placing the merge
into the protein structure. Following placement, the conformation undergoes energy minimization
using PyRosetta (Chaudhury et al., 2010). Compounds are ltered for those for which Fragmen-
stein is able to generate a physically reasonable structure using the coordinates of both fragments.
Other lters, including a combined RMSD with the fragments of < 1A, a negative G and the
energy lter described above (to rule out unrealistic conformations), are also applied. A timeout
was implemented of 10 minutes per molecule; molecules for which poses were not generated within
this time limit were removed (this can occur for up to 10% of compounds entering the lter; this is

likely due to the presence of multiple rotatable bonds).
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2.3.5 Computational work ow: scoring and analysis

Filtered compounds are subsequently scored using various metrics to allow comparison between the

two techniques. Packages used for scoring are described below.
2.3.5.1 Estimating possible protein{ligand interactions

The protein{ligand interaction pro ler (PLIP) was used for estimating protein{ligand interactions
present in the predicted poses. PLIP calculates ve types of interaction: hydrophobic contacts,

-stacking interactions (face-to-face or edge-to-face), hydrogen bonds (with the protein as a donor
or acceptor), salt bridges (with the protein positively or negatively charged and with metal ions)
and halogen bonds (Adasme et al., 2021).

The predicted interactions were compared with those of the parent fragments to discern whether
the merge is able to replicate unique interactions made by each of the fragments (representing useful
merges). In addition to comparing chemical diversity of the compound sets, we also compared
functional diversity by looking at the interactions made by each compound set. The analysis
adapts the methodology described in (Carbery et al., 2022), which sought to propose functionally
diverse fragment libraries that are able to recover more “information' from fragment screens than
those designed to be chemically diverse (referring to the ability of the set of fragment hits to recover
a diverse set of protein interactions; see Section 1.3.2.2). Interaction diversity was analysed for each
target by selecting the minimal subset of Itered compounds that represent all possible interactions
(compounds are ranked according to the amount of “information' recovered and are added until
reaching a nal set in which all possible interactions are recovered). This was repeated 100 times,
shu ing each time (as multiple compounds will recover equivalent amounts of information). In
each subset, the proportion of compounds that was proposed by either the Fragment Network or
the similarity search was calculated to evaluate how diverse each compound set is with respect to

diversity of interactions made.
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2.3.5.2 Low-dimensional projections of chemical space

t-distributed stochastic neighbor embedding (t-SNE) plots were used to create low-dimensional
representations of the compound data to allow easy visualization of chemical space (Maaten et al.,
2008). The default parameters set in scikit-learn (version 1.0.1) (Pedregosa et al., 2011) were used

to generate the images, with the maximum number of iterations set at 3,000.

2.3.6 Retrospective analysis using experimental data

We provide details of two separate case studies using inhibitors designed against Mpro (The COVID
Moonshot Consortium et al., 2020) and M. tuberculosis transcriptional repressor protein EthR

(Nikiforov et al., 2016).
2.3.6.1 Mpro

Existing experimental data consisting of IC5g values exist for Mpro and were used for retrospective
analysis using a separate test set of fragments. We used data for compounds that were proposed
and screened via the COVID Moonshot project and are available from the PostEra website (The
COVID Moonshot Consortium et al., 2020; PostEra, 2022). We ran an independent analysis for ve
fragments that were used as inspiration for the manual design of 24 compounds (under submission
name TRY-UNI-714a760b), 8 of which have recorded IG, values in the low-to-medium micromolar
range. This analysis was conducted independent of the main analysis and thus these ve fragments
are not included in the main test set described above. Furthermore, one of the inspirational frag-
ments (fragment x1382-0A) is a covalent binder; however, the designed merges do not incorporate

the chloroacetamide group and hence provide a useful test scenario for validating our method.
2.3.6.2 EthR

Nikiforov et al. (2016) describe a fragment-merging approach to designindV. tuberculosis EthR
inhibitors using two fragment hits that were found to bind to the protein's hydrophobic cavity in two

di erent locations using X-ray crystallography (denoted compounds 1 and 2 in the original paper;
2D structures of all described compounds are shown in Figure 2.8). The two fragments were used to

propose three fragment merges based on the di erent arrangements in the cavity (compounds 3{5),
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Figure 2.8: Fragment hits and manually designed merges against M. tuberculosis  EthR.

The 2D structures of two fragment hits (fragments 1 and 2) and manually designed merges are
shown. Compounds 3{5 were initially designed, of which compounds 4 and 5 were found to re-
capitulate the poses of the original fragments. Compounds 14{22 were designed as analogues of
compound 5.

of which compounds 4 and 5 were found to overlap with the volumes of their parent fragments.
Several analogues of compound 5 were also synthesized (compounds 14{22) and were assayed using
surface plasmon resonance to give I§ values. We use compounds 4, 5 and 14{22 to determine

whether the Fragment Network is able to known binders or close analogues to known binders.
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2.4 Results

We tested the ability of the Fragment Network to identify merges using the results of crystallographic
fragment screens against four targets: DPP11, PARP14, nspl3 and Mpro. Fragment hits against
each target were selected and pairs of fragments were enumerated for merging. We contrasted
the results with that of a more standard ngerprint-based similarity search against the equivalent
database of compounds. The resulting merges identi ed from both techniques were passed through
a ltering pipeline, comprising both 2D and 3D lters, to prioritize the most promising molecules
based on properties such as molecular descriptors, the ability to t the protein pocket and whether
the compound is predicted to bind in such a way that maintains the orientation of the original
fragments. Final poses were generated using Fragmenstein and the resulting molecules were scored

to allow comparison of performance.

2.4.1 The Fragment Network readily identi es pure merges

For all targets, the Fragment Network yielded signi cant numbers of candidate merges that qualify
as pure merges, as they could be placed in close agreemeqtlA RMSD) with their parent fragments

(Table 2.2). We dierentiate between four types of merging opportunity based on the overlap
between the parent fragments (Appendix Figure A.3). Merging opportunities were categorized by

visual inspection of the fragment pairs.

1. Complete overlap mergesoccur when most (at least 75%) of the volume of one fragment
overlaps with the other. For these fragment pairs, a designed merge would not incorporate

substructures that do not already overlap with the volume of the other fragment.

2. Partial overlap by ring occurs when only a ring overlaps between fragment pairs. These are
the “classical' merges described in the literature and are akin to the ligand overlap required
for molecular hybridization. In these cases, the merging process is relatively straightforward

as there is a clear hypothesis for the connectivity of the nal molecule.

3. Partial overlap without ring occurs when the overlap is some other substructure. In these

cases, the connectivity of the nal compound is non-obvious.
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4. Non-overlap of parent fragmentsrequires identifying linking opportunities, which was found

in the PARP14 and Mpro datasets.

Categories 3 and 4 can be considered ‘linker-like' merges, and for these it tends to not be
immediately evident which pieces of the parent fragments to incorporate into the nal merge, and
how to do so in a way that will result in a physically reasonable structure that maintains the binding
pose of the fragments. Nevertheless, for several such pairs, the Fragment Network identi ed how to
join two distinct substructures of the parent fragments by a molecular linker, resulting in chemical
series with diversity in the “linker' region, created by the intermediate optional hops in the database
query (Figures 2.9 and 2.10).

The Fragment Network enables searches not just for merges but also linkers, by including frag-
ment pairs up to 5A apart. Linking both fragments in their entirety is typically di cult, as it leads
to compounds that are neither purchasable nor synthetically accessible. Instead, our search links
partial structures of each parent, thereby generating many candidates; for Mpro, it identi ed 419

compounds that are as much linkers as merges.

2.4.2 The Fragment Network and similarity searches nd comparable
numbers of compounds

The outputs of the Fragment Network and similarity searches are compared in Table 2.2. The
totals show the number of unique compounds found across all pairs of fragments, even though the
same candidate compound can be identi ed across multiple fragment pairs. All instances of each
compound are ltered, as the 3D structures of the parent fragments may a ect their chances of
successful ltering. The results show that the techniques produce comparable numbers of ltered
compounds across all targets, while the Itering e ciency di ered substantially between targets,
from 0.1% for PARP14 compounds to 1.3{1.4% for nsp13 compounds.

Figure 2.11 shows the number of Itered compounds per pair using each technique, highlighting
that this value is highly dependent on both the fragment pair and the technique used, with some
pairs yielding no Itered merges from either technique. It was therefore not meaningful to compare

scoring metrics between techniques, as there are few fragment pairs resulting in comparable numbers
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Figure 2.9: The Fragment Network identi es pure merges. (a) A fragment-merging oppor-
tunity for the main protease (Mpro) dataset. Interactions are predicted using the protein{ligand
interaction pro ler (PLIP). Hydrogen bonds and -stacking interactions are shown by cyan and
magenta dotted lines, respectively. b) The linker-like merge (pose generated using Fragmenstein)
joins substructures from partially overlapping fragments by a “linker-like' region, maintaining the
hydrogen bond with THR-45; a change in orientation of the thiazole ring (with respect to the
thiophene ring in the fragment) enables an additional -teeing interaction with HIS-41. (c) A
fragment-linking opportunity for Mpro. ( d) The proposed compound maintains a hydrogen bond
with PHE-140 and makes an additional bond with SER-144. €) The fragments and merge ina,b
in 2D. (f) The fragments and merge inc,d in 2D.
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Figure 2.10: Example linker-like merges. Example “linker-like' merges for two fragments found
to bind to the main protease (Mpro). Diversity is generated in the “linker' region joining the two
substructures from the parent fragments. It is worth noting that the 2D compounds retrieved from
the Fragment Network do not have stereochemistry assigned, such as for the bottom-left compound,

which has a chiral centre.
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of ltered compounds for both techniques.

The number of merges found by the Fragment Network depends on several factors. First,
highly connected seed fragments (for example, molecules that decompose into simple, common
substructures) will result in more possible query paths and thus greater likelihood of nding merges
that incorporate the substructure of interest. Second, a query path that involves a ubiquitous,
promiscuous node (for example, if an optional hop yields a benzene) will pull out more paths, as
these nodes typically make hundreds of thousands of connections. Third, during Itering, if the
fragments in the pair are well-aligned and share overlapping substructures, placement of the merge
is more likely to be successful (this is relevant for both Fragment Network and similarity search-
derived compounds). Fourth, if the query molecule is expanded by a common substructure, this
will result in many paths. Speci cally, the most common substructure used across all targets for
expansion was a benzene ring, which is also a substructure for many of the catalogue compounds.
For nsp13, 495 of the 510 (97%) Itered compounds (not accounting for redundancy) were identi ed
by incorporating a benzene. However, the substructures incorporated for the other targets were
more diverse, with benzene accounting for 37{52% of expansions (Appendix Table A.2).

The number of merges identi ed by the similarity search is a ected by di erent factors: while
it identi es comparable numbers of classical merges (category 2; Appendix Figure A.4) to the
Fragment Network, it is much less e ective at identifying linkers (category 4), as evident for Mpro,
where the similarity searches identify only 90 linker compounds, compared with 419 from the
Fragment Network. Completely overlapping (category 1) merges also present a peculiar di culty,
since it is inherently more di cult to Iter out compounds that represent expansions rather than
true merges, as it is harder to codify the rules for merges that are maintaining bits of the parent
fragments rather than substructures. For example, fragments x0195-0A and x0946-0A of the Mpro
dataset both share a phenylsulfonamide structure (Appendix Figure A.5), for which the similarity
search identi ed 395 Itered compounds. However, most of the merges were analogues, as they
maintained the phenylsulfonamide but had no unique contributions from the remainder of the

fragment structures.
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Figure 2.11: The Fragment Network and similarity searches identify Itered compounds

for di erent fragment pairs. The numbers of Itered compounds for each fragment pair found
using the Fragment Network (blue) or similarity search (orange) are shown across targetsa) dipep-
tidyl peptidase 11 (DPP11), (b) poly(ADP-ribose) polymerase 14, (PARP14) (c) non-structural
protein 13 (nsp13) and d) main protease (Mpro). Only pairs that resulted in Itered compounds
are shown. The fragment pairs are ordered on the x-axis according to the number of Fragment
Network compounds ltered for each pair (ascending from left to right). The data show that each
search technique was able to identify Itered compounds for pairs where the other technique iden-
ti ed none.
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Table 2.3: The number of pairs represented by Fragment Network and similarity search ltered
compounds.

Fragment Similarity
Target Network-only  search-only Both
DPP11 9 14 12
PARP14 15 9 6
nspl3 4 11 6
Mpro 29 18 36

DPP11, dipeptidyl peptidase 11; PARP14,
poly(ADP-ribose) 14; Mpro, main protease;
nspl3, non-structural protein 13.

2.4.3 The Fragment Network and similarity search identify compounds
from distinct areas of chemical space

There are very few intersecting Itered compounds found from the two search techniques, with a
maximum of eight compounds found to be in common for DPP11 (Table 2.2), which suggests they
operate in di erent catalogue space. When we consider which fragment pairs result in successfully
Itered merges, Figure 2.11 and Table 2.3 show that each technique is able to identify merges
for merge pairs for which the other technique identi es none, supporting the notion that these
techniques are complementary and could be used in parallel to increase the potential resultant hit
rate of a catalogue search.

The T-SNE projections in Figure 2.12 further demonstrate that these techniques operate in
distinct areas of chemical space, as both techniques seem to be clustered in di erent regions and show
little overlap. This is particularly apparent for nsp13 and Mpro, owing to the greater availability of
data. Figure 2.12 also shows that the Fragment Network- ltered compounds show greater overall
chemical diversity. The compounds were clustered using the Taylor{Butina clustering algorithm
(using a Tanimoto distance threshold of 0.3) (Butina, 1999), and the number of clusters containing
only Fragment Network or similarity search compounds were counted; the Fragment Network was
found to result in more clusters across all targets (Appendix Table A.3). The mean Tversky

similarity between all Itered compounds and their parent fragments was also calculated (Appendix
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Figure A.6); the Fragment Network compounds are far more dissimilar using these metrics and
are able to access areas of chemical space not reached by the ngerprint-based similarity search,

resulting in greater diversity in the compounds retrieved.

2.4.4 The Fragment Network and similarity searches identify compounds
that form complementary interactions with di erent residues

Across both the Fragment Network and similarity searches, the Itered compound sets were found
to interact with the same or greater number of residues than the parent fragments used to create
the respective merges. Furthermore, the Fragment Network and similarity search Itered compound
sets were each found to make interactions with residues that the other compound set was not able to
reach, in particular for DPP11 and PARP14; for nsp13, the Fragment Network reached residues not
reached by similarity search, while the opposite was shown for Mpro (Table 2.4). We also calculated
the number of merges that represent true merges in terms of residue-level interactions, meaning
merges that are able to replicate unique interactions made by each of the parent fragments (after
discounting interactions that are made by both of the parent fragments). The Fragment Network
was more e cient for identifying this type of “true merge' for PARP14 and Mpro, while the similarity
search performed better for nsp13 and DPP11 (Appendix Table A.4). This suggests that the two

techniques may perform better for di erent targets.

Table 2.4: The number of interaction residues reached by Fragment Network and similarity search
ltered compounds.

Fragment Similarity

Target Network-only  search-only Both
DPP11 3 5 11
PARP14 1 5 9
nspl3 8 0 20
Mpro 0 7 25

DPP11, dipeptidyl peptidase 11; PARP14,
poly(ADP-ribose) 14; Mpro, main protease;
nspl3, non-structural protein 13.

In order to explore the concept of “interaction diversity', whereby compounds are selected ac-
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Figure 2.12: Fragment Network and similarity search-derived compound sets populate

di erent regions of chemical space. The chemical space occupied by the Itered compound sets
is projected into two dimensions using the T-SNE algorithm across targets &) dipeptidyl peptidase

11 (DPP11), (b) poly(ADP-ribose) polymerase 14, (PARP14) (c) non-structural protein 13 (nsp13)
and (d) main protease (Mpro). Fragment Network compounds are shown in blue and similarity
search compounds are shown in orange. The two compound sets are shown to occupy distinct areas
of chemical space.
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Table 2.5: The composition of functionally diverse subsets identi ed from Itered compound sets.

Target Fragment Network (%) Similarity search (%)

DPP11  39.7 5.0 60.3 5.0
PARP14 40.3 54 59.7 54
nspl3 74.0 2.8 26.0 2.8
Mpro 305 43 69.5 43

Mean and standard deviation are provided. DPP11,
dipeptidyl peptidase 11; PARP14, poly(ADP-ribose) 14;
Mpro, main protease; nspl3, non-structural protein 13.

cording to the diversity in the interactions made (functional diversity) rather than their chemical
diversity, we performed an analysis to identify the smallest compound sets for each target that
make all possible interactions with the protein. This is done across both the Fragment Network
and similarity search-identi ed compounds. In the nal compound sets, we found that compounds
from both search approaches were represented, again supporting the idea that the two techniques
are complementary (Table 2.5). For the purposes of identifying compounds for purchase and further
screening, we argue that these results support performing both techniques in parallel for catalogue
search, expanding the set from which to identify the most useful purchase list for further screening

and informing SAR.

2.4.5 E ciency of the ltering pipeline

A series of 2D and 3D Iters was implemented to remove compounds that lack desired molecular
properties, that may not represent true merges, that do not t the protein pocket and that are
unable to replicate the binding pose of the original fragments. Appendix Table A.5 shows the
percentages of compounds that are removed by each step in the lItering pipeline (as both the
percentage of total compounds and the percentage of compounds entering the Iter). The Fragment
Network search typically identi es larger molecules and molecules that contain long linker regions
containing many rotatable or consecutive non-ring bonds, while the similarity search compounds are
typically more conservative with regard to their size. The constrained embedding Iter removes a
greater proportion of similarity search compounds compared with Fragment Network compounds.

A possible explanation for this is that the Fragment Network is more likely to preserve exact
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substructures of the parent fragments and thus the MCS calculation used to extract the atomic
coordinates of atoms to use as the embedding template is more likely to yield a greater number of
atoms. Across both techniques, the step involving pose generation with Fragmenstein and Itering
based on the resulting conformations is the most restrictive Iter. We would expect this step to be
the most stringent, as it is the most accurate and computationally intensive lter in our pipeline
for determining whether the molecule can adopt a sensible binding pose that mirrors that of the

parent fragments.

2.4.6 The Fragment Network has e ciency bene ts over similarity search

The Fragment Network search method is more computationally e cient than the similarity search.

The Fragment Network querying was run single-threaded and takes an average of 1.4{13.0 minutes

(dependent on the target) per fragment pair. The similarity search was run on 16 CPUs and takes
2.5 minutes per fragment pair, requiring up to an estimated 40.0 minutes in total of CPU time

(search timings are shown in Table 2.6).

Table 2.6: CPU time required for querying per fragment pair

Target Query time (CPU minutes per fragment pair)

Fragment network  Similarity search

DPP11 2.1 40.0
PARP14 2.2 40.0
nsp13 13.0 40.0
Mpro 1.5 40.0

DPP11, dipeptidyl peptidase 11; PARP14, poly(ADP-ribose)
14; Mpro, main protease; nspl3, non-structural protein 13.

While the Fragment Network has potential e ciency bene ts in terms of the search method, it
required overall greater Itering time for 3 of the 4 targets (though di erent numbers of compounds
were ltered through each). The time required for lItering all merges for a target ranged from
5.2{75.9 CPU days (this value varies considerably depending on the target and search technique).
Timings for Itering and placement of molecules using Fragmenstein are provided in Table 2.7.

Conformer generation using Fragmenstein represents the most computationally expensive step;
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Table 2.7: CPU time required to run entire ltering pipeline (and Fragmenstein alone)

. Total Number of Number of
. Total ltering .
Target Technique time (CPU days) Fragmenstein molecules  molecules through
y time (CPU days) Itered Fragmenstein
DPP11 Fragment Network 23.1 19.6 40,553 6,968
Similarity search 53.0 46.0 116,819 16,451
PARP14 Fragment Network 13.0 11.6 116,084 13,336
Similarity search 6.3 5.2 175,376 5,792
nspl3 Fragment Network 19.2 16.4 53,618 8,616
Similarity search 16.4 13.0 88,539 7,203
Mpro Fragment Network 75.9 64.7 175,024 23,093
Similarity search 55.4 43.3 261,756 20,165

DPP11, dipeptidyl peptidase 11; PARP14, poly(ADP-ribose) 14; Mpro, main protease; nspl3,
non-structural protein 13.

however, this step could easily be replaced with other placement tools such as constrained docking
programs to speed up the pipeline if desired.

It is worth noting that either search method could be subjected to optimization; for example,

a similarity search could be made faster by clustering molecules and running a hierarchical search
(by calculating similarity against cluster centroids followed by similarity calculations against all
members of the most similar clusters). However, the inherent e ciency benet of the Fragment
Network approach is that it restricts the search to a portion of the database within a speci ed
number of hops from the seed fragments.

In comparison, building the Fragment Network database is a more computationally expensive
procedure. To perform the fragmentation and processing of ve million molecules for input into
the Network requires on average 49 CPU days (this value is highly variable and dependent on
molecular complexity). However, given the composition of the database and ability to represent
entire catalogues, this is a rare operation to undertake as the overall chemical space of the catalogues
will not change drastically over short timescales. This pre-computation also allows a more thorough
exploration of chemical space than possible using a similarity search alone. Moreover, the addition

of new molecules (as catalogues are updated) will not require the re-processing of all molecules and
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thus would be substantially less intensive. For example, we could perform the fragmentation of
approximately 700,000 molecules within 7 CPU days, and thus should be able to perform updates

at a rate that exceeds the rate of growth of any commercial catalogue.
2.4.7 Retrospective analysis using experimental data

24.7.1 Mpro

To test whether the Fragment Network is able to identify true binders, a retrospective analysis was
performed using data from the public COVID Moonshot project (The COVID Moonshot Consor-
tium et al., 2020). A set of ve fragments were originally used to propose the manually designed
TRY-UNI-714a760b series of fragment merges, which successfully achieved on-scale potency for
several compounds. We queried the Fragment Network with the same fragments and looked for
TRY-UNI-714a760b compounds in the results. Three of the ve fragments are either highly similar

or represent substructures of each other, and thus pairs between these fragments were removed,
resulting in seven pairs of fragments for querying. We also compared our proposed merges against
all other compounds with experimental data but without a covalent warhead. This resulted in a
total of 1,247 compounds with an 1G5y value of <99 M against Mpro recorded by either a uores-
cence or RapidFire mass spectrometry (RF-MS) assay. The comparison involved checking whether
there were experimental compounds with an identical SMILES to Itered compounds, or whether
they were shown to be similar using Tanimoto metrics between Morgan ngerprints (calculated as
described in Section 2.3.3.2).

After ltering, the Fragment Network did identify one known binder, along with compounds
highly similar to several other known binders (Figure 2.13; Appendix Figure A.7). The direct
match, LON-WEI-b2874fec-25, has an RF-MS |Gy value of 59.6 M; between the ltered com-
pounds and the known binders, there were 13 pairs with Tanimoto similarity of >0.6, including
TRY-UNI-714a760b-18 and TRY-UNI-714a760b-22 (Tanimoto similarities of 0.73 and 0.69, respec-
tively; Figure 2.13c). Where available, the Fragmenstein-generated poses closely mimic the crystal
poses. Compound TRY-UNI-714a760b-16 was also identi ed, which does not have an kg value.

Two additional known binders (JAN-GHE-83b26¢96-22 and TRY-UNI-714a760b-18) were re-
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Figure 2.13: The Fragment Network identies a known binder against Mpro. A Frag-
ment Network search using @) two fragment hits against the SARS-CoV-2 main protease (Mpro)
identi es: ('b) a known binder against Mpro (LON-WEI-b2874fec-25; RapidFire mass spectrometry
(RF-MS) IC 54 value of 59.6 M); and similar compounds to known binders, () TRY-UNI-714a760b-
18 (uorescence and RF-MS IG values of 26.2 M and 13.0 M) and (d) JAN-GHE-83b26c96-22
(RF-MS IC 5 value of 24.5 M). Fragmenstein-predicted merge poses are shown in white and crystal
poses are in cyan. Interactions are predicted using the protein{ligand interaction pro ler (PLIP)
and key interaction residues are shown. Hydrogen bonds are shown in cyan andstacking inter-
actions are shown in magenta.
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Figure 2.14: The Fragment Network identi es a known binder against EthR. A Fragment
Network search using @) two fragment hits against (which each bind in two di erent positions)
Mycobacterium tuberculosis transcriptional repressor protein EthR identi es ( b) a known binder
(compound 4; ICso value of >100 M). (c) An alternative crystallographic arrangement of the
equivalent fragments identi es (d) a similar compound to a known binder, compound 21 (IGg
value of 22 M). Fragmenstein-predicted merge poses are shown in white and crystal poses are in
cyan. Hydrogen bonds are shown in cyan.
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trieved by mitigating the limitation of the current implementation of the Fragment Network de-
scribed in Section 2.3.3.1, which necessitates expansions to be made with substructures containing
at least three carbons. When we performed R-group expansions on the retrieved analogues, using
substituents from the original fragments, the additional binders were identi ed through the addition

of a chlorine atom (Appendix Figures A.8 and A.9).

In comparison, the similarity search after ltering identi ed three of the retrieved analogues
(JAN-GHE-83b26¢c96-22, TRY-UNI-714a760b-18 and TRY-UNI-714a760b-22). However, the sim-
ilarity search did not identify Fragment Network match (LON-WEI-b2874fec-25), due to the low
Tversky similarity between this compound and the parent fragments. This further supports the

complementary nature of these two search techniques.
24.7.2 EthR

We perform an additional analysis using two fragments (compounds 1 and 2) found to bind to EthR
(each fragment binds in two di erent conformations). As mentioned in Section 2.3.6.2, the original
publication (Nikiforov et al., 2016) involved the design of two fragment merges that were found to
recapitulate the original binding pose (compounds 4 and 5), plus the design of several analogues of
compound 5 (compounds 14{22).

As compounds 1 and 2 already exist in the database, our Fragment Network search was run
for these two fragments and the lItering pipeline was repeated using all four pairs of the di erent
fragment conformations. This resulted in 10 Itered compounds (an example is shown in Appendix
Figure A.10). While compound 4 was retrieved from the database, it was ruled out during Itering
using our stringent default Itering parameters. As compound 4 was removed by the constrained
embedding lter (a possible explanation for this is given below), we also tried relaxing the Itering
pipeline by only using Fragmenstein for conformer generation, which increased the number of Itered
compounds to 148.

With the new con guration, the Fragment Network search was able to identify compound 4
after ltering (Figure 2.14). This exempli es the bene t of implementing a exible ltering pipeline

that can be tailored according to the features of the test system. While the compound has weak
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potency, with an ICsy value of >100 M, the Fragmenstein-predicted pose shows good overlap with
the crystal pose. However, the change in orientation of the ve-membered ring between the two
structures (and with respect to the original fragment) is likely the reason for the initial failure of
the constrained embedding Iter, as RDKit was not able to generate a conformation that maintains
the orientation of this ring in a physically reasonable way. On the contrary, Fragmenstein, that
uses a smarter version of atom mapping for MCS is able to deal with this problem, thus leading
to sensible poses. While the manually designed compound 5 is not present in the network, the
Fragment Network identi ed several compounds that were highly similar to analogues of compound
5, shown in Appendix Figure A.11, with IC g values ranging between 2{25M. An example is shown
in Figure 2.14d, for which the Fragmenstein-predicted pose again well re ects that of the original
crystal pose. Moreover, the two compounds di er by a single nitrogen atom (which is not present
in the original fragment and could not be expected to be identi ed by the Fragment Network pure
merge search).

Collectively, these results provide validation for the use of the Fragment Network to progress

crystallographic fragment hits to compounds with on-scale potencies in multiple systems.
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2.5 Discussion

We have illustrated the use of the Fragment Network, a graph database containing compounds
from commercial catalogues, for nding fragment merges, and show that our method can expand
the scope of a traditional similarity-based catalogue search and increase the yield of potential
follow-ups. We contrast the use of the Fragment Network and a ngerprint-based similarity search
to nd merges using the results of crystallographic fragment screens. The results support the idea
that these two techniques are complementary and should be used in parallel, in that they are able
to identify merges for pairs of fragments that are not represented by the other, they show little
overlap in the compounds identi ed and chemical space in which they operate and they are able to
identify compounds that form interactions not represented by the other. In particular, the Fragment
Network is well-suited to identifying what we refer to as perfect merges, in other words, compounds
that incorporate exact substructures of the parent fragments. The Fragment Network exploits a
di erent type of similarity that is able to preserve substructures of the original fragments but that
may appear dissimilar using a ngerprint-based metric. This also demonstrates usefulness beyond
that of classical molecular hybridization techniques, which require overlapping substructures to
exist between the set of input molecules.

The ability of the Fragment Network to identify known inhibitors of Mpro and EthR and highly
similar compounds to inhibitors predicted to bind in the same orientation provides initial validation
and supports the use of this approach in the FBDD pipeline. While the default thresholds have
been carefully selected to yield sensible results in most scenarios, our exible pipeline allows for
customization to better adapt to di erent targets. Users are easily able to select which lters and
scoring metrics to use and to set desired parameters and thresholds, and developers are able to
incorporate new metrics and lters with ease.

The nature of the perfect merges identi ed has some repercussions; while the variation added
to the molecule may not necessarily be better for maintaining all possible fragment interactions, we
would hope that the preservation of exact substructures may result in the merges being more likely

to mimic the original binding pose of the fragments. Future work (described in Chapter 3) aims
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to expand the pool from which we can select follow-up compounds by incorporating bioisosteric
replacements into the merging process.

Regarding e ciency, one of the main advantages of the Fragment Network approach is the
reduced compute time required to run a search. As the size of commercial catalogues is ever-
expanding and new approaches are needed for managing the vast availability of compound data,
e cient search techniques represent an important avenue of research. Search techniques such as
these could become especially relevant for large virtual libraries with increasing coverage of chemical
space.

In this work we also identi ed several potential areas for improvement. The e ciency of the
search could be improved by limiting the substructures used in the expansion to those that are
responsible for an interaction that we want to preserve in the nal merge; similarly, an important
step is ensuring that the seed fragment is not reduced down to a substructure that is not responsible
for making an interaction.

A notable constraint of this pipeline was the inability to incorporate substituents from the
parent fragments due to the limitation imposed on substructures for expansion of containing at
least three carbon atoms. While we can easily tackle this by performing R-group searches and
re ning the ltering steps to maintain the most sensible R-group expansions, because of the lack
of atom mapping between nodes, it is not feasible to track where on the molecule substituents are
addedduring the database search, which would be more e cient. We describe this problem in more

detail in Appendix Section A.1.
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2.6 Conclusions

Currently, there are limited available in silico approaches for identifying fragment merges and, in
particular, those that identify compounds that are synthetically accessible. We demonstrate the
application of a graph database for identifying commercially available fragment merges that will
allow rapid follow-up and progression of hits in FBDD campaigns.

Use of the Fragment Network has proved to be an e ective way to improve the yield and potential
hit rate of a catalogue search and has demonstrated itself to be complementary to a classical search
using a ngerprint-based similarity metric. Our pipeline was able to successfully identify known
inhibitors against Mpro and EthR, the former with micromolar activity. The results reported here
support the use of the two techniques in parallel, with the aim of selecting the optimal compound
subset for purchase from all enumerated compounds for further assaying and informing the next

iteration of synthesis.
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3. Expanding the scope of a catalogue

search by nding bioisosteric merges

3.1 Chapter motivation

The pipeline described in Chapter 2 was able to nd fragment merges across multiple targets and
identify potential known binders in retrospective case studies. While the pipeline showed bene t
beyond classical techniques for catalogue search, it was not able to nd fragment merges for certain
pairs of fragments for which the similarity search did, for example, if one of the fragment nodes
makes few connections in the network and thus the size of the chemical space searched is limited.
There are also possible avenues for improvement regarding the e ciency of the search, as described
in Section 2.5, particularly with respect to the enumeration of the initial substructures for merging.

This Chapter explores how we can expand the chemical space covered by the Fragment Network
search by pursuing what we have termed "bioisosteric merges', referring to compounds that incor-
porate substructures with similar pharmacophoric properties to those seen in the parent fragments.
This new search method nds follow-up compounds that are more chemically diverse yet directly in-
formed by the substructures within the parent fragments, unlike virtual screening techniques, which
involve descriptor calculations and/or docking experiments against either entire compound libraries
or large subsets of libraries. The work in this Chapter is described in a 202BioRXiv preprint (Wills

et al., 2024). | carried out all the work described within the Chapter unless explicity stated.
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3.2 Introduction

As described in Section 1.4.4.5, existing pipelines for follow-up compound design based on the results
of fragment screens have proved to be e ective in reaching compounds with substantially improved
a nities (low M to nM), but have typically been restricted to scenarios with few (up to ve)
fragment hits (Wills et al., 2023; Metz et al., 2021; Maller et al., 2022). Many of these methods
perform docking of virtual chemical libraries using template-guided docking based on the initial
fragments. A major obstacle with docking tools is that they are computationally intensive, and
thus docking entire compound libraries containing millions of compounds is not always practical.
Consequently, appropriate pre- Itering steps to select promising compounds are needed. This can
be achieved, for instance, through the use of molecular ngerprint-based similarity searches (Metz et
al., 2021) or the use of work ows that iteratively dock compounds using reaction-based enumeration
(Maller et al., 2022). Another issue is that docking results are not perfect in terms of accuracy
(Chen, 2015), hence many candidate compounds have to be tested in order to achieve a su cient
hit rate.

The work in Chapter 2 and (Wills et al., 2023) provided an initial pipeline to address this prob-
lem. This pipeline used a graph database representation of chemical space, termed the Fragment
Network (Hall et al., 2017), to nd catalogue compounds that contain substructures from two parent
fragments simultaneously. In this Chapter, | describe a new version of our algorithm, where we have
addressed some of its previous limitations, such as merging substructures that may not be spatially
compatible or important for binding (which wastes computational resources), or restricting our
focus to “perfect merges' | compounds that contain exact substructures of the parent fragments,
which can limit productivity for certain pairs of fragments (Wills et al., 2023). The tool described
in Chapter 2 enumerated all pairs of fragments for merging, removing only pairs that are near
identical in terms of chemical structure and overlap, and that exceed a speci ed distance threshold.
Our new pipeline aims to be more e cient by ruling out substructures that are unlikely to yield
merges due to steric constraints and, optionally, make important interactions with the protein. Ad-

ditionally, instead of limiting the search to exact substructures found in the initial fragment hits,

87



Figure 3.1: Example bioisosteres for carboxylic functional groups. Bioisosteres represent
functional groups that are likely to exhibit similar biological properties. Example bioisosteric re-
placements for a carboxylic acid functional group are shown. "R' denotes the attachment point.
Figure adapted from Swain (2006).

it can nd merges containing substructures that replicate pharmacophoric properties using simple
pharmacophore ngerprints, a type of merge that we call a “bioisosteric merge', combining both the
power of similarity and substructure searches (with the Fragment Network representing a form of
substructure search).

As discussed in Section 1.4.3.2, the term "bioisosteres' refers to compounds where a functional
group or fragment has been swapped with another that exhibits similar or enhanced biological
activity (Figure 3.1). Tools for performing bioisosteric replacements have been developed to suggest
substitutions for a given functional group based on various properties. For example, the Craig
Plot (Ertl, 2020) suggests bioisosteric replacements on the basis of hydrophobicity or electron
donating and accepting power. Additionally, there are recommenders for bioisosteric ring (Ertl
et al., 2022) and linker replacements (Ertl et al., 2023), which are designed to increase bioactivity.
Our tool provides the ability to nd bioisosteres within the context of nding fragment merges and
linkers, requiring the introduction of novelty in how to join the bioisosteric replacements to create
a physically reasonable compound that maintains the orientations of the inspirational fragments.

There are many 3D shape and pharmacophore-based tools that have been developed to enable

the identi cation of structural analogues for a given compound based on these properties, explored
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in Section 1.4.4.4. These tools are useful as they can enable us to perform virtual screening of
large compound libraries by nding analogues for a known hit. To our knowledge, there are few
examples in the literature of the use of such approaches within the context of fragment linking or
merging. These descriptors are more commonly used for analogue searching, as linking and merging
often require the generation of novelty, though two recent methods begin to explore this: FRESCO
(McCorkindale et al., 2022) and FrankenROCS (Correy et al., 2024), which are discussed in detalil
in Section 1.4.4.5.

The potential bene ts of expanding the search to bioisosteric merges include improved produc-
tivity and hit rates and maximizing the chemical and functional diversity of follow-up compound
designs in the early stages of the FBDD pipeline (Bender et al., 2021). Maintaining this diver-
sity is important as it increases the chances of developing promising leads further down the line
(as chemically similar molecules are likely to exhibit similar biological properties (Johnson et al.,
1990)). Moreover, as a candidate hit is developed into a larger molecule, it becomes increasingly
di cult for the chemist to make changes to the core sca old, thus there is an advantage to having
several alternative sca olds to work with. Thus, early exploration of chemical space is important,
enabling a comprehensive understanding of the SAR and of which substructures are required for
(or will ablate) binding (Schu enhauer et al., 2006; Bender et al., 2021). The approach described
in this Chapter e ectively combines elements of fragment optimization, whereby the structure of a
fragment hit is optimized within fragment space prior to elaboration, with the traditional fragment
elaboration techniques of merging and linking.

We nd that our approach of expanding the search to bioisosteric merges enables a broader search
of the chemical space represented in the Fragment Network, resulting in compounds that incorporate
more unique substructures than when performing perfect merging alone. As a consequence, we
identify merges that represent a greater number of fragment pairs and are able to access potential
interactions that are not seen for the set of perfect merges. Our bioisosteric merges are predicted to
adopt poses that indicate comparable shape and pharmacophoric overlap with the crystallographic
fragments and thus represent a promising way of increasing diversity and improving the potential

hit rate of follow-up compound design.
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Comparison against a more traditional, “out-of-the-box' docking approach using pharmacophoric
constraints shows that our tool provides substantial bene ts with regard to computational e ciency.
We nd, when comparing follow-up compounds proposed for specic fragment pairs, the time
required for conformer generation to identify a merging “hit' is on average 9.7-fold 11.4 greater
for the docking protocol. This suggests our method o ers a practical and formulaic approach
for enumerating follow-up compounds at scale using data from an entire crystallographic screen
(rather than a few individual fragment pairs). A case study using retrospective experimental data
demonstrates that our bioisosteric merging method mimics substructure variations that have been

manually designed by chemists when exploring SAR.
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3.3 Methods

3.3.1 Crystallographic fragment screening data

To test our merging pipelines, we used the results of XChem crystallographic fragment screens
against three antiviral targets, the data for which can be freely downloaded from the Fragalysis
platform ( https://fragalysis.diamond.ac.uk/viewer/react/landing ). These test cases were
chosen as they represented active targets within the ASAP project; see Section 1.5.2 for more details
(ASAP Discovery Consortium, 2024). As XChem is a member of this project, these targets provided
useful platforms for method development due to the potential to receive feedback from other ASAP
members looking to progress compounds against these targets (this is discussed further in Chapter
4). Moreover, the use of three dierent test cases was useful for testing the robustness of the
pipeline to nd merges for diverse scenarios that vary with regard to the numbers of crystallographic
fragment hits and distribution of hits within the binding site (Figure 3.2).

The rst two targets are proteases from two non-polio enteroviruses (EVs), which are members
of the Picornaviridae family, EV D68 and EV A71. EV D68 is most commonly associated with mild
respiratory illnesses, although has been linked (in rare cases) to acute accid myelitis (Hu et al.,
2020). EV A71 is linked to hand, foot and mouth disease, which a ects children, but can also cause
severe neurological diseases, including encephalitis (Wang et al., 2022b). We looked speci cally
at the 3C protease (of EV D68) and the 2A protease (of EV A71). These proteases are involved
in self-cleavage of the viral polypeptide into individual viral proteins and are also involved in the
cleavage of several host cell proteins (Hu et al., 2020). For EV D68 3C protease, a total of 1,231
fragments were screened, including fragments from the DSI-poised (Cox et al., 2016), MiniFrags,
Fraglites, PepLite, York3D, SpotXplorer and Covalent MiniFrags libraries (Lithgo et al., 2024b).
We searched for merges for 25 hits found to bind to the catalytic site (Figure 3.2a). For EV A71
2A protease, we examined 6 hits that were found to bind to the S1 region of the active site (Figure
3.2b). At the time we ran the pipeline (December 2023), only the results of a partial fragment screen
were available, hence the low number of fragment hits used. However, this is a valuable test case

to include as it re ects the realistic setting of drug development for a target, where there may be
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several iterations of data release and follow-up compound design. For the full set of crystallographic
results, a total of 1,129 fragments were screened from the same libraries as above (Lithgo et al.,
2024a).

The third target belongs to the Zika virus, which is a avivirus that has been linked to neurolog-
ical disorders, including Guillain{Bare syndrome, and the increased risk of microcephaly in fetuses
and newborns owing to prenatal Zika infection (Lei et al., 2016). The virus consists of an 11kb
RNA genome, which encodes a large polyprotein and is processed into several structural proteins
and non-structural proteins. We focused on the NS2B{NS3 protease, which plays an essential role
in processing the polyprotein to produce the virus' enzyamtic components and the replication com-
plex (Hill et al., 2018; Hilgenfeld et al., 2018). A total of 1,076 fragments were screened against
the NS2B co-factor from the DSI-poised (Cox et al., 2016), MiniFrags Probing, CovHetFrags and
SpotXplorer libraries (Ni et al., 2024). The fragment screen shows a dense population of fragments
in the S1 region of the active site for NS2B, with 38 fragments found to bind, but providing several
linking opportunities to one fragment in the S1° site and 3 fragments in the S2 site (Figure 3.2c).

All fragments used in our analysis are listed in Appendix Table B.1.

3.3.2 Updates to the Fragment Network database

The Fragment Network version used in this Chapter contains> 200 million compounds from vendors,
including Enamine, MolPort and Chemspace. It is an expansion of the versions described in (Wills et
al., 2023; Hall et al., 2017). As described in Chapter 2, the network comprises nodes, representing
molecules or substructures, which are connected by edges that denote transformations in which
rings, linkers and substituents are added or removed between nodes (neodj, 2024). For this new
pipeline, we provide the option to run the database using a Docker container to allow an easy-to-use

implementation for new users.
3.3.2.1 Pharmacophore descriptors for substructures involved in transformations

Compared with the Fragment Network used in Chapter 2, we have made one signi cant change
involving the addition of pharmacophore properties to enable the user to identify transformations

involving substructures with desired pharmacophore properties. To do this, the edges of the Frag-
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Figure 3.2: Crystallographic fragment hits used for analysis. The binding sites and crystal-
lographic fragment hits used for testing the merging pipelines are shown forg) enterovirus (EV)
D68 3C protease, b) EV A71 2A protease and (c) Zika NS2B. Individual subsites are labelled
in a and c. Data can be freely downloaded fromhttps://fragalysis.diamond.ac.uk/viewer/
react/landing . The fragment codes are provided in the Appendix.
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ment Network are now additionally labelled with 2D ngerprints describing the pharmacophore
features of the substructure being added or removed in a transformation. This allows the creation
of queries that search for merge compounds that incorporate substructures with similar pharma-
cophore features to a query substructure (the full querying process is described below). In the
context of this Chapter, we focus on using 2D pharmacophore descriptors, as they have a reduced
requirement for computational resources (as conformer generation is not needed) and we found that
they were su cient when searching for similar substructures (although the use of 3D ngerprints
is still possible in graph database searches and may represent an interesting avenue for future re-
search). Comparison of 2D versus 3D ngerprints has found that the former perform as well as
state-of-the-art 3D methods for multiple tasks, including toxicity, solubility and simple binding
a nity prediction (Gao et al., 2020a). For the updated algorithm, similarity metrics to determine
appropriate replacement substructures are calculated on-the- y as the database is queried.

The 2D pharmacophore ngerprint is calculated using the cheminformatics toolbox RDKit (Lan-
drum, 2024). The ngerprint is generated by calculating topological distances between de ned
pharmacophore features, which are stored as bits in the ngerprint. We consider topological dis-
tances between pairs of pharmacophores, which are binned into three bins representing distances
of 0{2, 2{5 and 5{8 bonds (to keep the length of the pharmacophore ngerprint short, resulting in
ngerprints that were 84 bits in length). The pharmacophore features considered include hydrogen
bond acceptors, hydrogen bond donors, negative ionizable, positive ionizable and aromatic groups.
Two “pseudo-pharmacophore' features were also added: aliphatic rings, as this was found to help
maintain the shape of the substructure, and the attachment point atoms, which enables consider-
ation of the location of the attachment point in relation to the rest of the substructure. Example

substructure replacements are shown in Figure 3.3.

3.3.3 Enumeration of substructures for querying

In the previous iteration of the Fragment Network merge search (Chapter 2), the database was
queried using pairs of fragments. In this new iteration, as discussed in Section 3.2, the search is

performed for compatible pairs of substructures sourced from the fragments. Without controlling
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Figure 3.3: Example substructure replacements used in bioisosteric merging. An ex-
ample substructure from a crystallographic fragment hit (top left) and ve example replacement
substructures found in the Fragment Network. The asterisk denotes the attachment point atom.
The top-right replacement substructure for example is chemically identical to the original but di ers
in its attachment point.

which nal substructures are incorporated into the merge, the merge may occur between substruc-
tures that are not spatially compatible, wasting computational time.

First, as in our previous version of the tool (Chapter 2), pairs of fragments are pre- Itered
according to whether they share overlapping volume over a speci ed threshold, as these pairs do not
represent good opportunities for merging (as they are unlikely to result in increased interactions).
In this iteration of the tool, we removed pairs for which at least 56% of the volume of one fragment
overlaps with the other. This threshold was determined by manually Itering pairs of fragments
by visual inspection for an example fragment screen (and by calculating the threshold based on
those that were ltered out). As in our previous iteration (Chapter 2), we additionally removed
fragment pairs that show a minimum distance between the closest pair of atoms of 5A to avoid
the suggestion of long linkers. Both thresholds can be easily modi ed according to the needs of the
user.

Following the enumeration of compatible fragment pairs, fragments are broken down by retriev-
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ing their constituent substructures from the network. Substructures are checked for whether they
contain at least three carbon atoms (representing a substantial contribution to the nal merge) and
that they do not represent a single carbon-only ring (as these substructures are densely connected
in the network and result in large numbers of molecules for ltering; this Iter can be controlled

by the user). To ensure the merges maximize binding, substructures are also Itered for those that
make an interaction with the protein (calculated using ProLIF (Bouysset et al., 2021)). While
PLIP (Adasme et al., 2021) was used for protein{ligand calculation in Chapter 2, we found that
this tool could sometimes lead to errors in bond order during molecule preparation, which led to
us using ProLIF instead. However, we recognize that interaction calculation is dependent on the
software used, and each employs di erent thresholds for the detection of interactions.

We limited the number of compounds retrieved from the network, as some queries can result
in large numbers of compounds for ltering. This is particularly common for “terminal nodes' in
the decomposition, meaning substructures that do not undergo any further contraction (such as
single rings), which are extremely densely connected in the network. For each database query
between substructures, results are limited to the rst 500 compounds retrieved, although this limit
is optional and can be easily modi ed. The parameters used in this work are described in Section
3.4.

Substructures are lItered to remove those for which the geometric mean of the overlapping
volume for each substructure (meaning the percentage volume of each substructure that is over-
lapping with the other) is 30%. The set of non-redundant substructure pairs (as the equivalent
substructures can be found in multiple pairs of fragments) is subsequently used for querying the

database. Example pairs of substructures for querying are shown in Figure 3.4.

3.3.4 Querying the database

As the query is performed using substructures instead of fragments, the parameters of the search
have been signi cantly modi ed compared with the previous iteration in (Chapter 2). The database
query operates as follows: queries are performed for pairs of substructures (derived from two parent

fragments) to be merged into a single compound. For clarity, we refer to the two substructures
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Figure 3.4: Example pairs of compatible substructures for merging. Enumerated substruc-
ture pairs for querying are shown for fragment hits x0556-0A and x0310-0A against enterovirus A71
protease 2A. The substructures have been ltered according to their degree of overlap<(30% the
volume of one fragment) and as to whether they make an interaction (calculated using ProLIF)

(Bouysset et al., 2021).
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Figure 3.5: Pipeline for identifying bioisosteric merges. The overall pipeline for using the
Fragment Network to nd bioisosteric merges begins with the enumeration of compatible substruc-
tures from crystallographic fragment hits against a target. Pairs of substructures that are spatially
compatible and make interactions with the protein (calculated using ProLIF (Bouysset et al., 2021))
are selected. The network is queried to nd bioisosteric merges: given a pair of substructures, up
to two expansion hops can be made away from the rst substructure followed by incorporation of
a pharmacophoric equivalent of the second substructure (calculated using similarity between phar-
macophoric ngerprints implemented using RDKit (Landrum, 2024)). The rst substructure can
additionally be replaced in subsequent steps. Conformers are generated using an adapted version
of Fragmenstein (Ferla et al., 2024); the replacement substructures are embedded using the phar-
macophore coordinates from the original fragment substructures; these are used to generate custom
atom-to-atom mappings that are fed into Fragmenstein for embedding the entire structure of the
merge against the original fragments. Minimization is performed using PyRosetta (Chaudhury et
al., 2010).

as substructure A and substructure B. Substructure A represents the “seed node' in the query,
and the query retrieves the database node representing this substructure to initiate the search.
To identify perfect merges, from the seed node, up to two optional hops are made, in which an
expansion is made, to generate diversity within the region linking the two substructures. A nal
hop is then made in which substructure B in the pair is incorporated into the compound (Cypher
query examples can be found in Appendix Section B.1). A schematic demonstrating the key steps

in the pipeline is shown in Figure 3.5.
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3.3.4.1 Search for bioisosteric merges

To expand the search to identify “bioisosteric merges', the query follows the same format, except the
nal expansion step is modi ed, instead specifying that the substructure to be incorporated need not
be identical to the query substructure but should be similar in terms of its pharmacophoric features.
As described above, the edges in the network are labelled with the pharmacophore ngerprint
representing the substructure involved in the transformation. Thus, for a given query substructure,
we can calculate similarity to substructures in the database by calculating similarity between their
ngerprints, only accepting those with similarity above a speci ed threshold. The neo4j platform
(neodj, 2024) allows this calculation to be performed on-the- y, enabling automatic Itering of the
query results. For the purposes of our search, we used the Tanimoto metric to calculate similarity
and retrieved all merges with similarity >0.9 (these query merges can be further prioritized at a
later stage, but this threshold was found to result in su cient numbers of compounds for ltering).
This threshold can be adjusted according the requirements of the user.

To further increase diversity within the set of bioisosteric merges, promising compounds can be
subjected to a further round of querying following initial conformer generation (Figure 3.6). To do
this, merges for which an alignment has been successfully generated are selected (described below)
and used to generate further bioisosteric merges by replacing the seed substructure in the query
(also using pharmacophore ngerprint similarity). We provide options for a “strict' and a “loose’
search. In the strict search, the seed substructure is removed, no modi cations are made to the
linker region in the merge and the seed substructure is replaced. In the loose search, an additional
contraction and expansion are made within the linker region to generate further diversity and widen
the search radius for merges (an example is shown in Appendix Figure B.1).

In the results presented here, the results of the perfect and bioisosteric merging pipelines are
kept separate to enable comparison (meaning no perfect merges are included in the results of the
bioisosteric pipeline).

As in Chapter 2, we also provide the option in the new pipeline to perform R-group expansion on

the merges to recapitulate substituents seen in the original fragments (this is done in an automated
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