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Abstract

Fragment-based Drug Discovery (FBDD) is a proven methodology for the discovery of
new therapeutics. After the identification of small molecular fragments, subsequent steps
are guided by the "Design, Make, Test" (DMT) cycle. During the “Design” phase, chemical
modifications are proposed that generate Structure-Activity Relationship information,
improve interaction profiles and physico-chemical properties. In the “Make” phase,
designs are synthesised into viable compounds, with an emphasis on feasibility,
scalability and the incorporation of novel chemistries enabling broad chemical space
sampling. Finally, the “Test” phase evaluates these compounds through a series of
assays, identifying binders and enabling Structure-Activity Relationship models that guide
subsequent designs. Within DMT cycles, fragment progression — the process of
converting initial hits into more potent follow-up lead compounds - is an essential
component, but has many challenges associated with it. Here, we review such challenges

along with recent developments designed to mitigate them.



Introduction

Drug discovery is a complex process requiring substantial financial investment. Despite
major technological advances, the pharmaceutical industry has experienced a consistent
decline in R&D efficiency over the past six decades, with the number of new drugs
approved per billion US dollars spent halving approximately every nine years, a trend
referred to as Eroom’s Law (“Moore’s” Law backwards)’. This, in conjunction with an ever-
expanding therapeutic landscape including evolving diseases, increasing pandemic
threats and an aging population, underscores the imperative for improvements in the
process of drug-discovery’. Fragment-Based Drug Discovery (FBDD) has emerged as a
successful paradigm (Fig. 1a) in modern small molecule discovery?2 with 6 FDA approved
compounds (Fig. 2a)*, several more having entered clinical trials and even more used as
chemical probes (see fragment to lead yearly summaries®® and the Practical Fragments
blog’). Fragments are not only pivotal in conventional small molecule drug discovery but
have also become crucial in the development of novel drug modalities such as protein-
protein interaction inhibitors®, proteolysis-targeting chimeras (PROTACs)® and molecular
glues™. Additionally, fragments can also be employed for more biology-focused tasks,
including probing protein motions', binding site discovery'? and druggability
assessment’3, enabling a deeper understanding of protein targets. The small molecule
drug discovery process begins with identifying a biological target and progresses through
hit identification, hit-to-lead evolution, and lead optimisation before compounds enter
preclinical in vivo and clinical testing. Among these stages, hit identification and hit-to-
lead optimisation represent critical and resource-intensive bottlenecks, as they define
both the chemical viability of candidate molecules and their potential for downstream
development'®. These phases are shaped by the paradigm of selecting an initial ‘hit’
compound from a molecular library, which is then iteratively elaborated into a lead series

with improved potency, selectivity, and drug-like properties™®.

In contrast to high-throughput screening (HTS) where large libraries (Fig. 1a), typically
comprised of over a million molecules are screened, FBDD relies on a different, more
focused approach. Rather than seeking to identify relatively large and potent hits as in
HTS, FBDD relies on the sampling of diverse smaller molecular fragments (Fig. 4) that

are ,somewhat arbitrarily, defined by the "Rule of 3" (molecular weight <300Da, logP <3,



hydrogen bond donors and acceptors <3)3. Hence, fragment library design or selection
plays a foundational role in FBDD by ensuring that screened compounds are diverse,
synthetically tractable, and optimised for downstream progression'®. Fragments, with
their small molecular size, achieve a more efficient chemical space exploration than larger
and potentially more potent molecules used in HTS (Fig. 5)'"'8. As molecular size
increases, the quantity of potentially active molecules explodes, but the ability to explore
all possibilities concurrently diminishes (Fig. 1a)'’. The reduced molecular complexity of
fragments also means they tend to have weaker potency and typically bind to targets with
higher hit rates at millimolar to micromolar affinity. Although fragment hits have weak
potencies, they are expected to show favourable efficiency metrics relative to their size.
In practice, screening hits (fragment or HTS) are often evaluated using ligand efficiency
(LE)'®, the binding energy per heavy atom (Table 2). Since a high LE (for example, 20.3
kcal-mol™ per heavy atom) indicates that a fragment binds strongly for its size. Another
useful metric is lipophilic ligand efficiency (LLE), which relates a compound’s potency to
its lipophilicity; a high LLE highlights fragment hits that achieve affinity without relying on
excessive hydrophobicity. Together with the physicochemical constraints of the Rule of 3
that define fragment-like space, these metrics help prioritise high-quality fragment hits

with efficient binding and room for transformation into lead compounds.

A fundamental limitation of FBDD lies in the intrinsically weak affinity of fragment hits,
which, while enabling efficient chemical space exploration, introduces significant practical
challenges for both computational and experimental fragment hit-to-lead strategies?. In
particular, the weak binding affinities of fragments complicate the use of automation and
modelling tools that are more readily applied to higher-affinity, drug-like molecules. For
example, structure determination becomes more error-prone, structure-activity
relationship (SAR) trends are often less distinct, and computational prioritisation methods,
such as docking or free energy calculations, must contend with increased uncertainty due
to flexible, unstable poses. Consequently, emerging techniques are increasingly focused
on integrative strategies that combine orthogonal assays, structural insights, and
advanced modelling strategies to better capture weak signals and guide early DMT cycles

(Fig. 3). These developments highlight that, rather than replacing traditional approaches,



automation and modelling in FBDD must be carefully adapted to fragment-specific

limitations through innovation, iteration, and expert interpretation.

The inherently weak binding affinities of fragments, also implies that sensitive
experimental identification methods using high target purity are typically required. In
general, there are three main classes of approach that can be used to experimentally
confirm hits against the target (Fig. 1b)°. (i) Biochemical techniques to evaluate a target’s
functional modulation (i.e. inhibition or activation) through enzymatic or binding
assays?'?2, (ii) Biophysical techniques for assessing binding strength with the target,
typically derived from kinetic studies or thermodynamic properties?324. (iii) Structural
techniques to decipher binding modes in 3D at an atomic level®>28. These three assay
classes tend to differ in throughput, sensitivity, requirements and the type of information
they yield (Table 1)?’. Biochemical assays, such as enzymatic or functional tests, are
typically high-throughput and cost-effective, providing rapid activity-based readouts,
sometimes from a single concentration experiment. Biophysical methods offer higher
sensitivity and provide direct evidence of binding interactions, though often at lower
throughput because they typically require a full titration. Structural techniques offer
atomic-resolution insights into binding modes but require more substantial experimental
investment to obtain suitable samples and are therefore of lower throughput®®. In practice,
these assays are often used in cascades or orthogonal combinations, where initial high-
throughput methods serve as initial screens and more sensitive, lower-throughput assays
validate or refine primary hits?°. This integrative approach improves confidence in weak-
binding fragment identification and supports hit selection by layering complementary

readouts.

Pan-assay interference compounds (PAINS) are chemotypes that generate target-
independent signals via colloidal aggregation, redox cycling, covalent reactivity, metal
chelation or assay-reporter interference, leading to false-positive readouts in small
molecule screens3%3', Typical PAINS-enriched motifs include catechols/quinones,
rhodanines, Michael acceptors, azo dyes and related redox-active scaffolds32. Because
fragments operate near detection limits, early PAINS filtration and orthogonal validation
are essential to ensure that weak signals reflect genuine target engagement rather than

assay artefacts'® (Table 2). Throughout, we emphasise orthogonal validation of fragment



hits, preferably including a structural method when feasible, as crystallographic (or other
structural) confirmation provides assay-independent evidence of a physically plausible

pose and helps mitigate PAINS-type artefacts.
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Figure 1: Foundational aspects of Fragment-Based Drug Discovery and fragment screening. a. illustrates
how FBDD utilises simpler molecules than HTS, leading to higher hit rates. Screening "lower complexity"
chemical spaces results in weaker binding affinities, due to a reduced coverage of the binding site,
compared to the more complex molecules identified through HTS. b. Shows biochemical, biophysical, and
structural methods can detect fragment-target interactions. Biochemical assays often rely on competitive
displacement of a fluorescent ligand reporter, leading to changes in signal intensity due to energy transfer
or quenching. Biophysical approaches detect binding through changes in intrinsic target properties such
as mass (e.g., SPR, MS), heat (ITC), or local chemical environment (NMR), without the need for labelled
ligands. Structural methods, such as X-ray crystallography or cryo-EM, infer protein-fragment
conformations through diffraction data and electron density interpretation, allowing model building even
with partial occupancy.



Design, Make, Test (DMT) cycles are iterative data-driven workflows that optimise initial
hits into lead compounds (Fig. 3). In this review we focus on DMT cycles within a typical
FBDD workflow, starting from one or more initial fragment hits. The “Design” phase
encompasses the step where fragment follow-up compounds are designed, often guided
by SAR data and molecular models. Fragment hit follow-up design refers to the process
of generating new analogues that aim to improve potency and map out the SAR
landscape for lead development. Fragment modifications may also be prioritised
accordingly to improve affinity, ADMET profiles,3® synthetic feasibility and chemical
stability3. The “Make” phase focuses on synthesising these designs in sufficient
quantities and purities and also encompasses formatting compounds to ensure stability
and compatibility with downstream experiments, adjusting parameters such as solvent
and concentrations. In the “Test” phase, compounds are evaluated experimentally for
properties such as biochemical activity, binding affinity, 3D conformation, selectivity,
physicochemical parameters and key pharmacological properties. While traditional DMT
steps were driven by medicinal chemistry insight and executed by specialists, they
increasingly integrate computational modelling, not only to guide designs but also to help
synthesis and interpret experimental data3®. Each cycle iteratively refines compounds by
reassessing objectives, strategically deploying appropriate tools (modelling, chemistry,
assays) based on project stage and setting, and minimising bottlenecks to ensure
successful hit-to-lead progression®®. Industry laboratories often favour well-established,
highly productive strategies regardless of monetary cost, while academic or early-stage
ventures may instead adopt more experimental or cost-conscious approaches, leveraging
emerging tools or theoretical frameworks to maximise impact within tighter constraints.
Early DMT stages prioritise high-throughput, lower-cost approaches, while later stages
leverage more targeted and data-rich tools to fine-tune the small molecule’s properties.
This feedback loop enables continuous refinement with the aim of delivering potent lead

compounds ready for preclinical evaluation37-3.

Fragment hits, being chemically simpler than HTS hits, offer greater flexibility for hit
optimisation and allow more creativity in improving affinity, selectivity, and
physicochemical properties (Fig. 5). However, their weak initial potency often

necessitates additional rounds of DMT iterations (Fig. 3). In contrast, HTS hits (Fig. 1a),



while closer to lead-like compounds, may have more synthetic constraints due to their
complex scaffolds, making modification more difficult. There are 3 types of fragment
elaboration for follow-up design: growing (expanding one fragment see for example
Murray et al.,®?), linking (connecting two adjacent fragments — see Schuller et al.,*° for
example), or merging (combining overlapping fragments — see De Fusco et al.,*! for
example) (Fig. 2)*2. Historically, one of the earliest and most influential fragment
elaboration strategies was fragment linking, as exemplified by the “‘SAR by NMR”
approach introduced by Shuker et al., in 199643, In this tour de force, two fragments
binding adjacent sites on the FK506-binding protein were identified using Nuclear
Magnetic Resonance (NMR) spectroscopy. Each fragment was, first, individually
optimised to establish basic SAR around it, then linked using spatial constraints,
ultimately yielding a nanomolar binder. Although linking (Fig. 2b) can, in principle, result
in substantial affinity gains, it remains challenging due to the strict geometric alignment
required between fragments and the frequent loss of binding upon improper linkage*445.
Over time, fragment growing (Fig. 2a) emerged as a more practical and broadly adopted
strategy. Growing is typically more tractable due to its incremental nature, the availability
of SAR around a single chemotype, and greater compatibility with automation. In contrast,
fragment merging (Fig. 2c) is technically more complex but has been proposed as a

potentially faster route to potency if executed correctly 6.
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Figure 2: Fragment progression strategies of growing (a), linking (b), and merging (c). Examples indicate the initial
screening strategy in black on the left, type of fragment progression, protein target, therapeutic area, affinities (ICso,
Kaq), and resulting ligand efficiency (LE), defined as the ratio of binding affinity to the number of heavy atoms.
Starting fragments are shown in red or blue, with additional decoration in black in the final compounds. LE=n/a for
the second example because the fragments were obtained from crystallographic screening, which does not provide
affinity information.

The DMT cycle is initiated after library design, screening, and hit validation which are
stages that have been extensively reviewed elsewhere and are only briefly discussed
here?’. Here, the central challenge is to efficiently convert weak-affinity, low-complexity
fragment hits into well-characterised, near-potent compounds suitable for further
development. A key distinction we make between traditional medicinal chemistry-based
DMT cycles and FBDMT lies in their starting point and objectives*’. Classical SAR-based

DMT optimisation generally involves smaller modifications to a relatively large, lead-like



scaffold to fine-tune potency, selectivity, or ADMET properties (Fig. 5b). In contrast, FBDD
DMT cycles must first chemically validate and establish a reliable SAR series around
minimalist fragment hits that often lack clear binding modes, vectors for modification or
sufficient binding affinity (Fig. 5¢). External data can also provide additional guidance, for
example from other HTS or medicinal chemistry optimisation activities (Fig. 5)*¢. Similarly,
novel fragment hits may provide a fresh outlook to compound series stuck at the

optimisation stage*®-%0.
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Figure 3: Efficient DMT cycles are required for optimal progression of
fragment hits into lead compounds. DMT phases are interconnected, with
overlapping regions spotlighting critical fields and elements conducive to
methodological integration. The directional flow of the cycle is indicated by
arrows, which also denote the typical duration required for each phase.

These DMT cycles are not merely sequential but continuous, with each stage shaping
and informing the next through the methods and data it generates. The choice of design

strategies, synthesis routes, and assay formats directly influences subsequent iterations,



making integration between stages critical for efficiency. Approaches may also span
multiple stages, requiring fine coordination and integration across the cycle, as well as
multidisciplinary expertise to navigate overlapping objectives and technical constraints.
Moreover, the special demands of fragment progression have driven the development
and repurposing of numerous enabling methods. Advances in structural biology methods
now support structure-guided design even for challenging targets. Al/ML approaches also
increasingly assist in proposing viable fragment hit elaboration strategies or prioritising
designs®' and (high-throughput) automated synthesis platforms shorten the Make phase,
allowing more cycles within constrained timelines. Together, these innovations transform
fragment-focused DMT into a sophisticated, technology-enabled workflow that effectively

bridges the gap between initial fragment hits and the lead optimisation stage.

Outline of this review

Fragment-based drug discovery has been an active area of research for over two
decades, and many reviews already cover the field’s foundational concepts and
advances*?*’. These include discussions on screening methodologies?’, challenging
protein targets®, therapeutic area applications®?, synthesis*, structural biology®?, and
structure-agnostic follow-up strategies®*. Simulation-based®®, Al-assisted ¢ and other in
silico approaches®’ to fragment identification and expansion have also been explored, as
well as recent medicinal chemistry success stories. A foundational book by Erlanson and
colleagues compiles historical and conceptual FBDD insights®®. Rather than reiterating
this substantial body of work, this review aims to contextualise FBDD within early
fragment-based DMT (FBDMT) cycles, highlighting how emerging techniques are actively
reshaping how low-affinity fragment hits are transformed into tractable chemical leads. In
particular, we focus on how different aspects of FBDD integrate across DMT stages into
dynamic and iterative processes. The aim is therefore not to examine any single area in
exhaustive detail, but to provide a comprehensive and modern outlook on the field’s

current trajectory.

This review’s perspective is shaped by the authors’ core expertise in computer-assisted
ligand design, structural biology (notably crystallography), biophysical assays, and

purification-agnostic ‘direct-to-biology’ evaluation techniques as applied to FBDD.



Consequently, recent advances in these domains are explored in greater depth. Given
the inherently holistic and interdisciplinary nature of drug discovery, we also refer to
artificial intelligence, medicinal chemistry innovations, assay technologies, and synthetic

methods, where relevant.

We use a DMT-centric perspective highlight the unique challenges of fragment-based hit
progression and how it can deliver lead-like series ready for classical medicinal chemistry
optimisation. A recurring theme throughout this review is also how the inherently low
affinities of fragment hits complicate both experimental validation and computational
modelling, limiting the applicability of strategies developed for larger, drug-like molecules.
We begin with a discussion on Fragment Library Design, emphasising key factors that
define screening efficiency and the utility of fragments for subsequent elaboration. Next,
we discuss how one can obtain and select fragment hits, focusing on the methodologies
used to identify and validate them while addressing the inherent challenges posed by the
weak binding affinities of fragments. We also include a subsection on covalent fragments
in FBDD, reflecting growing interest in fragment libraries functionalised with reactive
warheads. Following these pre-DMT stages, we then introduce DMT as an adaptive
knowledge acquisition paradigm for compound optimisation, highlighting recent trends
including automated labs and open-source collaborations. Following this, the Design
Phase (Fig. 3) section discusses computational methods to prioritise follow-ups. We also
explore recent developments in machine learning to dynamically transfer complex scoring
schemes to ligand-based methods. The Make phase (Fig. 3) highlights advancements in
synthetic and high-throughput approaches around fragments, which together facilitate
faster and broader chemical exploration around hits. We also discuss bottlenecks related
to simplicity of chemical reactions, solvent usage, scalability and purification. In the Test
phase (Fig. 3), we focus on recent developments in purification-agnostic approaches
(sometimes referred as “direct-to-biology” methods), including both structural and kinetic
methods, allowing for rapid validation of fragment follow-ups, although potentially at the
expense of data quality. Although several of these assays may also be used for initial
fragment screening, we discuss them in the “Test” section as they synergise especially
well with follow-up evaluation workflows and feed results directly back into the Design

phase. We also explore synergies between FBDD and other methodologies, such as



DNA-encoded libraries. While several recent computational and automation-driven
techniques are highlighted across all DMT phases, we acknowledge that many remain at
early stages of practical adoption. Our aim is to review these emerging approaches not
as universally established standards, but as promising strategies whose broader impact
may unfold over time. Finally, we reflect on the challenges and future directions in FBDD,

as well as strategies for optimising the fragment hit-to-lead transition.

Foundations for FBDMT: fragment library design and selection

All FBDD campaigns are initiated by the screening of a fragment library to identify hits
(Fig. 1b). Fragment library design (or selection) involves composing a diverse collection
of molecules that satisfy fragment-like criteria and is therefore critical for enabling
compound progression via DMT cycles'®. A well-designed fragment library maximises the
chances of discovering initial hits by covering broad chemical diversity whilst ensuring

fragments have suitable physicochemical characteristics and synthetic tractability.
Designing fragment libraries for efficient integration with DMT stages

The library should cover a diverse range of pharmacophoric combinations (i.e., different
arrangements of key functional groups such as hydrogen bond donors/acceptors,
aromatic rings and charged moieties) distributed across fragments to explore a broad
spectrum of interaction types. This can include fragments bearing pharmacophores,
enabling them to interact with diverse binding sites or pocket shapes. As such fragment
screening can sample binding site interaction opportunities more exhaustively, revealing
information that can then be employed in subsequent “Design” phases. This functional
diversity is crucial because structurally different fragments can often exploit the same

interaction patterns, leading to functional redundancy®%0.

Employing fragments that permit easy follow-up synthesis at the “Make” phase, thus
providing good access to the neighbouring chemical space, is crucial for efficiently SAR
data and increasing the likelihood of finding potent follow-up compounds. For example,
fragments from the Diamond—SGC—INEXT (DSI)-poised library display chemical moieties
with “poised” bonds, meaning these bonds are strategically selected to enable rapid and
versatile diversification using robust, high-yielding and widely applicable reactions using

commonly accessible building blocks. These poised bonds also facilitate fragment



deconstruction, allowing one to dissect, elaborate and analyse key substructures for
deeper insights into SAR (Fig. 4a)®’. The DSI-poised was employed in the development
of fragment follow-up inhibitors against the second bromodomain of the pleckstrin
homology domain interacting protein (PHIP2), a protein overexpressed in lethal
cancers®?. This approach allowed rapid synthetic expansion yielding the first compounds
with measurable ICso values paired with good LEs and structural data®'. Fragments
libraries can also be designed to facilitate experimental testing. For example, the
FragLites library uses halogenated compounds that enhance diffraction signals and
hence facilitate pose determination by X-ray crystallography as demonstrated in a study

with cyclin-dependent kinase 2 (Fig. 4b)3.

Fragment libraries can also be tailored to improve drug-like properties and provide better
starting points for lead optimisation. This includes reducing planarity and increasing sp?
carbon content, which is associated with improved solubility and pharmacokinetics®* (Fig.
4c), though improvement of properties is context-dependent and also influenced by
factors like crystal packing and solvation behavior®®. Recent analyses has, however,
challenged the predictive value of the sp® fraction metric in predicting whether a
compound will succeed in development®®. In addition, the relatively small size of fragment
libraries, compared to HTS, enables for rigorous quality control, including purity checks,
solubility assessments, and redox activity screening, to ensure that only high-quality
fragments are retained for assays. This helps avoid issues such as compound

degradation or non-specific binding®’.
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Functionally relevant fragment libraries for precision screening

The library can also be selected to ensure the fragment hits are pertinent to the biological
context such as the PeplLites library that mimics amino acid binding motifs (Fig. 4d). The
PepLites library was screened against bromodomain proteins BRD4 and ATADZ2 enabling
the efficient development of lead-like follow-up compounds that recapitulate interactions
of natural polypeptide bromodomain binders®8. This target-pharmacophore paradigm for
fragment library design can be applied to any family of drug targets with conserved
binding site features®®, such as kinases, which are a well-known class of drug targets with
a conserved hydrogen bond donor and acceptor motif. Similarly, when dealing with
metalloprotein it is also possible to screen fragments that have chelating capabilities

hence promoting functionally relevant binding at the metal coordination centre (Fig. 4e)
70

The covalent minifrags library, which selectively target cysteine residues often found in
protease active sites, provides another example of a precision screening library (Fig.
4f)"'. These fragments were recently used in a crystallographic and electrophilic fragment
screening of the SARS-CoV-2 main protease, identifying merging opportunities of
covalent and non-covalent fragment hits leading to a potent lead series’. Covalent
fragments have also led to the identification of Sotorasib’®, an FDA-approved drug,
against non-small cell lung cancer with the compound irreversibly attached to a cysteine

at an allosteric binding site”.

Foundations for FBDMT: hit finding and validation

An essential step in FBDD is the identification of hits through screening, typically from
dedicated fragment libraries. While FBDD has the advantage of efficiently sampling
chemical space, this comes at the cost of working with low-affinity binders. As such, one
of the trickiest aspects of FBDD is to apply sensitive strategies that can reliably and
unambiguously identify these weak binding events?®. Several complementary methods
exist to detect fragment binding, each offering distinct types of readouts, ranging from
structural to kinetic or thermodynamic, shaping how subsequent follow-up design is
conducted (Fig. 1b). Importantly, many of these same assays can be re-used later for

follow-up validation in a context-, project-, and target-dependent manner - for example,



evaluating follow-ups directly as crude reaction mixtures by NMR, SPR, or crystallography

but these applications are covered in later sections.

Obtaining fragment binding pose information with structural assays

Structural assays provide full three-dimensional information about both the target and
ligand conformation. While they do not directly inform on binding affinity, these structural
insights are invaluable for guiding fragment follow-up designs and downstream

applications such as docking, rescoring, or molecular dynamics simulations®3.

X-ray crystallography provides atomic-scale insights into binding modes (Table 1)"°.
Usually, crystals are soaked with high-concentration ligand solvent stocks for high-
throughput evaluation”®8, This process generates many diffraction datasets (Fig. 1b)
that can be collectively processed to unmask low occupancy binding events, increasing
hit rates’®, although obtaining suitable crystals for screening can still be prohibitively
laborious®. The soaking approach is practical for fragment screening, as a single crystal
form can be used across many compounds without the need to re-optimise crystallisation
conditions for each®'. However, soaking has limitations: the crystal packing must permit
solvent channel access for the fragment to reach the relevant binding site or “hot spot”.
Moreover, the crystal system itself should represent a solution-like low-energy
conformation of the protein; otherwise, fragments may bind in non-physiological modes
or fail to bind altogether 8. A high-throughput X-ray crystallographic fragment screening,
via soaking, approach was used to identify weakly binding hits against the SARS-CoV-2
main protease (Mpro)’2. It revealed 71 fragment hits, including covalent binders, at the
catalytic site and the dimer interface with hits cross-validated via mass spectrometry
(MS). This study also showed that different crystal systems can yield different binders. It
is important to note that fragments resolved crystallographically can yield no signal in
solution assays®-86. This discrepancy likely arises because X-ray crystallography can
detect weak binders at millimolar affinities due to high soaking concentrations, which
exceed the solubility or sensitivity limits of most solution-phase assays®’. Moreover,
orthogonal assays operate under distinct physical principles and experimental conditions,
such as buffer composition or protein immobilisation, which can affect the binding

detection landscape and reduce hit overlap between techniques 8.



Cryo-electron microscopy (EM) can now also be applied for fragment studies® pas it is
an attractive alternative to investigate physiologically relevant conformations® (Table 1).
However, Cryo-EM is not yet scalable, but does have the potential to resolve important
but difficult drug targets such as membrane proteins?®. Cryo-EM is better suited to larger
complexes and difficult targets such as membrane proteins, with routine applications for
>150-200 kDa assemblies and, with careful specimen preparation, useful maps for ~80—
100 kDa proteins; scaffolding strategies can extend below this range®. Currently, cryo-
EM resolves more poorly than X-ray crystallography implying more ambiguous fragment
poses possibly confounding designs?6. However it should be noted that resolution has a
different meaning between the two techniques resolution: in crystallography, it reflects
diffraction limits from ordered lattice planes, whereas in cryo-EM, it refers to internal
consistency within reconstructed particle images, so care should be given when
comparing resolutions®'. Pose visibility is highly resolution-dependent: unambiguous
small-molecule placement typically requires local resolution <2.5-3.0 A; side-chain
modelling that supports ligand interpretation is more reliable at <3.2-3.5 A, whereas 3—4
A maps often leave fragment poses ambiguous®29. In such cases, modeling can assist
(density-restrained docking/real-space refinement, MD-based flexible fitting, and
emerging ML tools), but these methods cannot substitute for insufficient map signal and
require stringent validation (map—model metrics, alternative hypotheses) and orthogonal
confirmation®5. Progress is nonetheless being made in pushing the limits of cryo-EM to
resolutions and throughput % useful for structure-based drug discovery and integration

with Al/ ML systems hence, poising it to become an important FBDD tool in the future®’.

While full 3D structural models of protein—ligand complexes can also be obtained using
Nuclear magnetic resonance (NMR) spectroscopy experiments, this is not typically
performed due to practical limitations such as size constraints, isotope-labeling
requirements, and complex data interpretation. Hence NMR is better suited to identifying
interacting residue from chemical shifts indicating approximate binding location and
nature of interactions. This implicit structural information can subsequently be mapped
onto pre-existing structural models (Table 1). For example, in the development of Myeloid
cell leukemia 1 (Mcl-1) inhibitors, the primary fragment screen was performed using

NMR®%. Resulting hits were further examined with advanced NMR techniques, enabling



the mapping of interactions between fragment hits and the binding site®®. These
interactions guided binding pose predictions and subsequent structure-based fragment
follow-up designs. These models were crucial for obtaining SAR data, ultimately leading
to the development of a potent and selective inhibitor, S64315, which progressed to
clinical trials'®. Moreover, recent developments in automated chemical shift assignment
pipelines and chemoinformatic integration have made the analysis of protein-ligand

interactions by NMR increasingly scalable and accessible to non-expert users'0’.

Besides providing ligand poses, structural assays are also useful in inferring protonation
states, informing water molecules conservation, or resolving novel conformational
states'2102-105 information crucial for accurate structure-based modelling. For example, a
study compared room-temperature to cryogenic crystallographic fragment screening
against PTP1b, which revealed altered binding modes, changes in solvation, and novel
binding sites for room-temperature screens, thus providing a comprehensive panel of
information for rational structure-based follow-up design (discussed later). Structural
methods can resolve covalent bonds formed between electrophilic fragments and
nucleophilic residues, providing unambiguous information on warhead positioning and
residue engagement. Structural assays also delineate the landscape of ligandable
pockets, whether these are functionally critical (e.g., catalytic or allosteric sites) or
structurally favorable but non-functional'?. Fragments often bind to biophysically
favorable “hot spots” that may not directly modulate target activity’®. To ensure
meaningful follow-up design, it is crucial to validate structural fragment hits thoroughly, as
pursuing binders at non-functional sites may lead to “silent binders” which are
biophysically potent compounds with no biochemical activity. However, these “silent
binders” may represent good candidates for PROTAC development’®. In a “structure-
first” paradigm, PAINS-type interference (Table 2) is intrinsically reduced because the
evidence of binding derives from a physically plausible, well-supported pose (clear
difference density, sensible geometry/interactions, appropriate B-factors/RSCC) rather
than from assay signal generation. While structural methods still require careful model
validation and functional follow-up, a robust pose provides strong reassurance that the

interaction is specific rather than an assay artefact'®.



Although structural techniques offer useful 3D insight into ligand binding poses, they often
require substantial experimental investment, such as high yield protein expression,
optimisation of crystallisation or EM gridding, or isotopic labelling making them harder to
implement than solution-phase assays, which can often be deployed with greater ease

across a broader range of conditions and targets.

Solution assays for measuring and confirming weak fragment binding

Solution assays are experimental techniques performed in solution to measure either the
biochemical activity or biophysical interaction of compounds with the drug target. These
assays can provide information on activity, affinity, or binding kinetics in a native-like
environment, without the constraints imposed by crystalline lattices or immobilisation on
surfaces as in most structural methods. A variety of such assays are available to measure
fragment binding, chosen based on throughput, sensitivity, and target characteristics and
the type of data acquired, balancing practical accessibility in academia with
instrumentation-rich environments in industry (Table 1). In practice, the choice of assay

is often guided by logistical and practical constraints rather than accuracy alone.

For instance, surface plasmon resonance (SPR) is an optical technique that monitors
interactions between fragments and an immobilised protein on the sensor surface via
refractive index changes. It is widely used in FBDD owing to its high sensitivity, moderate
protein requirements and its ability to screen at high analyte concentrations to detect
weak fragment interactions'%® (typically low—high micromolar) (Table 1). However, SPR
readouts can be perturbed by non-specific mass accumulation and surface immobilisation
effects, which warrants careful controls and orthogonal validation'?. In addition to
extracting affinity and kinetic constants, qualitative features across a dilution series,
including maximum response amplitude and sensogram curve shapes help distinguish

true binders from promiscuous compounds™.

Techniques such as NMR, SPR, and isothermal titration calorimetry (ITC) can directly
provide binding affinity, whereas others like thermal shift assays have more implicit
readouts (Table 1)"2"'4 Solution assays are also useful at cross-validating hit from
structural readouts®, to gain additional information about their binding affinities, and,

where possible, cross-validate these positives structurally to guard against assay-specific



artefacts. Concordant readouts across independent solution and structural modalities
provide orthogonal validation, increasing confidence in true target engagement, enabling
early triage of artefactual or promiscuous binders, and helping to prioritise series for
progression. Notably, solution-phase biochemical and some biophysical assays are also
susceptible to PAINS mechanisms (e.g., fluorescence quenching/enhancement, enzyme-
coupled steps, surface-induced aggregation) and therefore benefit from routine counter-

screens (detergent, redox controls) and substructure filters prior to progression °.

Overall, NMR is widely regarded as a gold standard for assessing fragment binding
against small to medium size targets in solution and has played an historical role in FBDD
since the introduction of the “SAR-by-NMR” approach*®. NMR titrations can provide both
affinity information and residue-level interaction maps through chemical shift
perturbations, making it uniquely suited for hybrid quasi-structural and affinity mapping
(Table 1). NMR can also screen fragment cocktails, performing multiple experiments at
once, increasing throughput. For example, in the combined workflow described by
Johnson et al.,"®, fragment cocktails were screened using protein-observed and ligand-
observed NMR techniques, allowing for time-efficient screening across multiple proteins.
This multiplexing approach enabled efficient hits identification, followed by deconvolution
using protein-resolved NMR to pinpoint specific fragment-protein interactions''®. For
fragment-hit validation purposes, both ligand- and protein-observed NMR are routinely
deployed'” as orthogonal confirmation to verify direct binding and to eliminate false
positives originating from biochemical and biophysical readouts caused, for example, by

fluorescence interference or immobilisation artefacts.

Mass spectrometry (MS) is particularly suited for studying covalent fragments (Table 1)
due to the non-reversible nature of the interaction with the target, expressed as clear
mass shift readouts''®. This advantage was demonstrated in a study where a library of
electrophilic fragments was screened against cysteine-containing proteins using intact
protein LC-MS. For instance, covalent fragments targeting OTUB2 and NUDT7 formed
covalent bonds with the target cysteine residues, enabling direct readouts of binding

events and subsequent structure-based optimisation to potent inhibitors™®.



Table 1: Comparison of fragment screening methods commonly used in FBDD workflows. Methods are classified by
type, throughput, sensitivity limit (as the weakest binding affinity typically detectable), sample requirement per assay
unit, readout, confidence level, and recommended use within the drug discovery cycle. The table highlights suitability
for primary screening, hit validation, binding mode elucidation, kinetic and thermodynamic profiling, and design
support. All the numbers reported are indicative of order of magnitude and may be subject to variation due to target
dependence.

Structural ~100-1000 Mid mM ~1-10 pg per drop X-ray diffraction, High (clear binding mode, Binding r
per week (single use or cocktail) Electron density false negatives if low Reso
occupancy) identifyir
Structural ~10-50 per Low—Mid yM ~1-5 ug per grid Electron Moderate (resolution limits, Binding r
week (single use) diffraction, may miss weak binders) Diff
Electron density
I Biophysical ~100-1000 per High mM ~0.1-0.6 mg per tube Ligand chemical High (low false positives, Primary
day (single use or cocktail) shifts may miss very tight binders) v
Biophysical/ ~10-50 per High mM ~0.5—-1 mg per tube Protein chemical High (site mapping, Hit valida
Semi- day (per titration) shifts low artifacts, mapping
structural Decreases with protein size)
I Biophysical ~100-1000 per High mM <1 ug per sample Mass/charge High (careful control Prime
day (single use) shifts needed) Coval
Biophysical ~10-50 per Mid uM ~0.3—1 mg per well Heat release/ High (quantitative, false Thermod
day (single use) absorption negatives for weak binders) Affi
Biophysical ~100-1000 per Mid uM ~1-10 ug per well Melting Moderate (artifacts, needs Prime
day (single use) temperature shifts confirmation) Orthogo
Biophysical ~100-1000 per Mid M ~25-50 ug per chip Mass High (immobilisation Kinetic |
day (reusable) accumulation, artifacts possible) ranking, (
Real-time kinetics
Biophysical ~500-1000 per Mid uM ~10-50 pg per immobilisation Mass High (resolves fast off-rates, Kinetic |
day (reusable) accumulation, immobilisation artifacts ranking, (
Real-time kinetics possible)
Biophysical 500-1000 per Mid M ~10-50 pg perimmobilisation Optical Moderate (some sticking Hit vali
day (reusable) interference artifacts)
Kinetics
I Biophysical =~ ~100-500 per Mid mM <0.01 pg per well Thermophoresis Moderate—High Hit vali
day (single use) (fluorescence artifacts)
I Biochemical ~1000-10,000 Low uM ~10-100 ng per well Luminescence Low—Moderate (signal Prima
per day (competition) (single use) interference) Functi
I Biochemical ~1000-10,000 Low uM ~0.1-1 pg per well Activity readout Moderate (PAINS risk) Primary st
per day (Functional 1Csos) (single use) activity, Fi
I Biochemical ~~1000-10,000 Low uM ~10-100 ng per well FRET signal Moderate (labelling artifacts)  Primary st
per day (single use) activity, F
I Biochemical ~1000-10,000 Low uM <0.1 ug per well Polarisation Moderate (fluorescence Primary s
per day (competition) (single use) change interference) activity, Fi



Challenges and opportunities of computational approaches for fragment
prioritisation

It is in theory possible to use computational methods to prioritise fragments, but this still
appears challenging to do quantitatively as submissions to the 7t Statistical Assessment
of Proteins and Ligands (SAMPL) challenge revealed poor performance’®?. The authors
argued that recovering crystallographic fragment hits using computational methods was
hard likely due to, low to no activity, paired with small sizes resulting in flat energy
landscapes making scoring functions unable to recover binders and poses correctly.
Additionally, as also demonstrated elsewhere, selecting water molecules that enable

accurate docking predictions appeared challenging’?°.

There have, however, been examples of prospective computational fragment
identification with methods including structure-based screening and molecular dynamic
(MD) simulations. For example, Protein kinase CK10 fragment hits were discovered via
docking of a fragment database with MD simulations employed to refine binding poses.
The selected compounds were then validated using an enzymatic assay resulting in the
identification of novel scaffold with sub-micromolar activities'?'. Similarly, long-timescale
MD simulations, likely inaccessible to most MD users due to high computing demands,
prospectively discovered binding poses for fragments targeting tyrosine phosphatase 1b
(PTP1b) novel allosteric sites with predicted binding poses confirmed with X-ray
crystallography'??2. Such computationally demanding modelling studies are enabled by
purpose-built platforms, such as the Anton supercomputer 123 or Folding@home'?#, which
are generally available to specialised academic laboratories or well-funded organisations.
Supervised molecular dynamics (SuMD) accelerates MD-based binding pose predictions.
Through iterative simulation and frame selection, SUMD guides fragments toward the
binding site, enabling efficient exploration of fragment binding poses. Ferrari et al.,'?®
used HT-SuMD to screen fragment hits for the Bcl-XL oncological target, dynamically
sampling the binding site and prioritising binders, which were validated via NMR'25,
Furthermore, fragments screened via biophysical or biochemical methods lack pose
information, hindering follow-up design. Computational approaches, like MD simulations
coupled with Hidden Markov Models analysis, address this limitation more effectively than

traditional docking, which struggles to identify correct low-energy poses'?6. Recent work



by Schmitz et al., (2024) showed that multiple short, unbiased MD replicas of fragment
diffusion can recover binding poses and estimate absolute binding free energies. This
was achieved by counting bound versus unbound configurations and applying the law of
mass action to estimate equilibrium constants, enabling practical fragment

prioritisation?7,
Expanding the FBDD toolbox with covalent fragments

Covalent fragments bear electrophilic "warheads" capable of irreversibly reacting with
nucleophilic residues in a protein. This covalent tethering enhances effective affinity of
fragment by “stapling” fragments to a reactive residue, therefore addressing core
challenges relating to fragment screening and FBDD: low affinity and unspecific
binding'?8.

Early campaigns primarily targeted cysteine due to its high nucleophilicity and low natural
abundance, with acrylamides and chloroacetamides being popular warheads'?°. More
recent developments have broadened the scope: sulfonyl fluorides can target
tyrosine %131 while boronic acids and aldehydes can engage serine'? and lysine'33,
respectively. These novel warheads are “tuned” to be reactive enough for labelling
specific residues without indiscriminately reacting with off-target nucleophiles, thereby
improving selectivity and reducing toxicity risk'3*. Chemists must also ensure stability of
covalent fragments: some warhead-bearing fragments are unstable in storage or
physiological conditions. For example, certain sulfonyl fluorides can hydrolyse in DMSO
or water, although they have the added advantage of being usable moieties for

combinatorial chemistry '35,

Screening covalent fragments often requires specialised methods. Intact protein MS is
commonly used to detect covalent adducts by measuring protein mass shifts, with tandem
MS enabling the mapping of the labeled residue3. Traditional fragment screening assays
(NMR, SPR, thermal shift, etc.) can also be adapted . For instance, differential "°F-NMR
or changes in protein melting temperature may indicate covalent adduct formation,
although irreversible binding violates some kinetic assumptions of standard analyses'?’.
Biochemical assays (Table 1) such as time-dependent enzyme inhibition can also flag

covalent interactions'3. Crystallographic soaking is also applicable, particularly for



confirming covalent bond formation and fragment orientation from electron densities’?.
Because covalent binding violates equilibrium assumptions, careful validation is needed.
Furthermore, hit triage is less straightforward — a covalent “hit” doesn’t always mean a
meaningful interaction if it simply reacts with available amino acids non-specifically.
Typical controls include mutation of the targeted residue or profiling against reactive thiols
such as glutathione. Techniques like quantitative irreversible tethering (qlT) allow kinetic
comparison of fragment reactivity against protein versus nonspecific thiols'3°. Another
consideration is that covalent fragments add complexity to ADMET profiles. The
irreversible binding can lead to long residence times that complicate dose optimisation

and may trigger proteolysis or immune clearance of the adduct-laden protein.

A recent campaign targeting the peptidyl-prolyl isomerase Pin1 highlights this strategy’s
power. Dubiella et al., identified covalent hits using MS-based fragment screening,
leading to Sulfopin, a selective inhibitor of Pin1 that covalently modifies Cys113 via a
sulfolane, chloroacetamide warhead. Sulfopin, now a potential therapeutic for various
cancers, demonstrated strong selectivity, low toxicity, and tumor regression in mouse
models, despite Pin1’s challenging binding site'#?. This example illustrates how weak-
binding fragments, combined with warhead tuning and careful optimisation, can yield
potent covalent inhibitors against elusive targets. Overall covalent fragments are an
increasingly important class of tool compounds, including for traditionally “undruggable”

targets with shallow or dynamic binding pockets'.
Key factors in selecting fragment hits for follow-up

Identifying numerous fragment hits is common, with hit rates in FBDD being typically
higher than for HTS and selecting which fragment(s) to follow-up on is a pivotal step that
has a significant impact on the project’s success. Historically, elaborations of selected
fragments were performed by medicinal chemists that had an instinct for compound
viability and over the years retrospective analysis has also provided insight into which
factors define “good” fragments (Table 2). For example, favourable binding
thermodynamics'2, which involves enthalpy-driven binding through directed polar
interactions, leading to more specific and stable binding to the target, also sometimes via

the rearrangement of water molecules'%¢:'43 has been explored in detail. The desolvation



of apolar groups in fragments contributes favorably to binding entropy, enhancing binding
affinity, while non-polar/hydrophobic interactions, driven by dispersion forces, may also
contribute to binding affinity'3. High LE is desirable, with a value >0.3 kcal-mol™'-heavy
atom™ considered optimal, as it reflects a favorable free energy contribution to target
binding per atom'#4. This highlights the importance of solution assays readouts to select
fragments as they enable LE determination (Table 2). Ranking co-structures by computed

binding free energies may also provide surrogate binding values to assay data.

Fragments should be easily modifiable to enable rapid and efficient chemistry during the
hit-to-lead optimisation stages (Table 2) and must allow for elaborations at chemical
vectors to increase affinity and modulate desired characteristics without causing clashes
with the binding site. Another key consideration is the biological relevance of the pocket
where the fragment binds. Fragments located in functional or allosteric pockets are often
prioritised over those in solvent-exposed or peripheral sites with limited optimisation
potential. Hotspots defined by pockets also influence selectivity—especially in families
like kinases, where targeting allosteric over conserved ATP sites can improve
specificity’#®. Early identification of such sites via structural assays, supported by
orthogonal validation (e.g., site-directed mutagenesis), can guide hit progression toward
chemically tractable and target-specific regions'. Hence, the 3D binding pose is
therefore a helpful driver, highlighting the added value of structural information to inform

chemical optimisation.

Despite these guidelines, there is no one-size-fits-all approach to fragment selection. The
choice of fragments remains context-dependent, requiring careful consideration of the
biological target , available experimental or computational capacity, and the project
objectives with the available data, such binding pose, affinity and activity (or absence
thereof), further limiting the fragment selection process®. Other variables may also be
considered now including intellectual property or medicinal chemistry restraints. Several
fragments could also be collectively selected to provide a data subset for virtual
screening, for example via pharmacophore searches'™’. While it may seem attractive to
systematically explore follow-ups for all fragment hits, such approach is not practical and

likely undesirable considering not all hits may represent high-quality precursors®.
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Table 2 Overview of common guidelines for selecting fragment hits for progression into lead-like compounds. Each
property is described with its significance, the stage(s) of the Design-Make-Test cycle where it is most relevant, and its
importance classified as Essential, Important, or Nice to Have. Importance levels reflect how readily the property can
be modulated later through synthetic elaboration or addition during fragment-to-lead optimisation.

Property

Favourable

Thermodynamic
Signature 148149

Ligand Efficiency

(LE) 19

3D Complexity 150

High Solubility
151

Synthetically
Sociable 4

Hotspot Binding
145

Lack of PAINS
and
Toxicophores 152

Diversity in
Chemical Space
59,153

Stability and
Reactivity 154155

Hydrophobic and
Hydrophilic
Balance 156157

Description

Enthalpy-driven binding via polar
contacts and desolvation of apolar

groups, with low entropy contributions

from dispersion forces enhancing
binding.

High ligand efficiency (20.3) ensures

optimised binding energy relative to

molecular size, crucial for effective
fragment progression.

Fragments with sp3-hybridised carbons

and out-of-plane functional groups
improve target specificity and enable
diverse interactions.

Fragments with solubility >10 mM in

DMSO facilitate high-concentration

screening, crucial for robust assay
performance.

Fragments with robust synthetic
methods enabling growth vector
modification and abundant analogues
for rapid SAR exploration, streamlining
hit-to-lead optimisation.

Fragments target protein hotspots with
complementary electrostatics and
interaction, though hotspot validation is
often difficult early on.

Fragments excluding reactive groups,
toxicophores, and PAINS ensure assay
reliability and avoid false positives.

Libraries should include diverse
pharmacophoric and shape profiles to
maximise exploration of binding
potential.

Chemically stable fragments minimise
aggregation or degradation under
screening conditions, ensuring reliable
results and follow-up chemistry.

Fragments should exhibit polar features
for enthalpy-driven binding, while
allowing scope for hydrophobic
additions to enhance entropy during
optimisation.

Origin

Derived from

binding studies and

retrospective hit
analysis.

Retrospective hit
analysis and
structural
optimisation
principles.

Advances in library

design and
chemical diversity
studies.

Screening
requirements for
diverse
experimental
conditions.

Concept of sociable

fragments derived
from synthetic and
structural analyses.

Protein-fragment
interaction and
electrostatic
modelling studies.

Computational
filtering and
experimental
validation for
fragment libraries.

Library design
principles aimed at
enhancing
discovery efficiency.

Empirical testing for
robust performance
across conditions.

Derived from
successful
fragment-to-lead
progressions.

DMT
Stage

Design
Test

Design
Test

Design

Test

Make

Design
Test

Design
Test

Design

Make
Test

Design
Test

Importance

Important

Important

Nice to
have

Important

Essential

Important

Nice to
have

Important

Essential

Nice to
have



Fragment-based DMT cycles

Once fragment hits are selected, they serve as starting points for FBDMT cycles (Fig. 3).
The DMT cycle is an iterative process that organises the progression of initial hits into
leads with desired characteristics (Fig. 5). The cycle involves three core steps: Design,
where modifications to the chemical structure are proposed, typically based on data-
driven insights; Make, where the designed molecules are synthesised; and Test (Table
1), where the compounds are evaluated for activity, affinity, pose and/ or other relevant
properties (Fig. 3). Each iteration proposes optimised chemical structures and, as an
intrinsic trial-and-error process, generates SAR data to guide subsequent designs. By
continuously refining the chemical space explored, DMT cycles aim to rationally identify
lead compounds that are both biologically active and synthetically accessible (Fig. 5).
While the DMT paradigm is often described as a set of discrete steps, in practice, it is
dynamic because of significant interplays between stages. Therefore, methods and
objectives must be continuously revisited and cross-integrated to optimally achieve
molecular optimisation (Fig. 3). Overall, FBDMT aims to tackles fragment limitations by
combining early orthogonal validation, rational and data-driven Design, faster and broader
Make, crude-tolerant or insight-rich Test readouts yielding more, faster, and more

informative cycles.

Initial chemical space sampling around fragment hits for SAR model building

Robust orthogonal validation of fragment hits is recommended, ideally using
complementary assays?’. Because poor hit overlap between methods is common8485,
concordant activity across assays provides stronger evidence of true, reproducible
binding and supports progression of those fragments and underlying interactions. Then,
in the early stages of the DMT cycle, a primary focus is generating broad SAR data around
selected fragment hits (Table 2) which provides critical information about the chemical
groups and vectors that alter binding interactions, guiding the subsequent design phases.
Building SAR model from fragment screening data alone is typically not attempted due to
the weak and sparse binding information typical of fragments paired with the lack of a

central scaffold.



Once fragment binding is confirmed, analogues, often sourced from catalogues of readily
available molecules, are screened to cheaply and rapidly explore nearby chemical
space®*. An approach also known as “SAR-by-catalogue”. Even though these compounds
are commercially available, their sourcing is categorised under the Make phase, as
ordering, packaging, and shipping can involve significant time delays and financial costs.
These analogue series help identify tractable SAR, ideally supported by structurally
conserved binding poses and affinity data in the low micromolar range. At this point,
fragment-derived series can be prioritised for more intensive design and synthesis efforts.
This “SAR-by-catalogue” approach has the added value of being relatively easily
automatable to maximise efficiency of initial chemical space mapping around confirmed
fragment hits, especially when supported by fragment-bound crystal structures. For
instance, the Frag4lLead workflow uses docking-based virtual screening of catalogue
compounds, from MolPort, selecting 28 follow-ups expanded from 5 individual fragment
hits, from over 10,000 candidates against endothiapepsin. 10 were confirmed via
crystallography and 5 with increased affinity as measured with ITC. This cost-effective
and automated approach accelerates SAR generation and series selection, bypassing
custom synthesis, and positions fragment hits as high-quality seeds for initial chemical
exploration. Validation assays at this stage prioritise potency and scalability, with
structural validation reserved for the most promising candidates to guide subsequent
design and synthesis'®®. A complementary strategy involves sourcing fragment libraries
directly from synthetic intermediates, enabling immediate access to follow-up
compounds. Huschmann et al., (2024) applied this concept by screening a natural
product-derived intermediate library via crystallography against endothiapepsin, allowing
rapid validation and elaboration of hits using existing route-accessible analogues'®.
Structural analysis of these follow-ups also enabled early scaffold triage, highlighting the

efficiency of this approach for both SAR expansion and rational deselection.

In contrast, SAR, or even quantitative SAR (QSAR) models '°, may be inferred directly
from an initial HTS provided sufficient data quality and hit rate. In some cases, HTS hits
are clustered to identify fragment-like scaffold around which SAR can be inferred. An
example of SAR generation from HTS data can be seen in a study targeting Plasmodium

falciparum PKG, where 1.7 million compounds were screened'®. After applying



selectivity and cytotoxicity filters, clustering techniques grouped 6,086 hits into 79
chemical series. The authors identified a fragment-like thiazole scaffold as a promising
antimalarial starting point—a reverse path to SAR where a core fragment is inferred from
larger compounds with higher-affinity. Because of the scale of HTS campaigns, structural
assays are not used as primary screening methods and come later in the process (Fig.
5b). Consequently, when starting from fragment, SAR must be acquired through
additional DMT rounds while SAR may be directly available from HTS screening data.
While FBDD may start one step behind HTS in terms of direct SAR availability, FBDD
offers the possibility of using lower throughput screening methods (Table 1), such as
structural or biophysical assays, as primary screening methods, because of the

significantly smaller size of fragment libraries compared to HTS libraries.
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Figure 5: Comparative Design-Make-Test (DMT) strategies for phosphodiesterase 10A (PDE10A) inhibitor discovery. a
Target and context: The phosphodiesterase, PDE10A, is a psychiatric target. The catalytic domain (green), substrate (lilac) and
AlphaFold-predicted full-length model (beige) are shown as cartoon. b. High-throughput screening-based DMT: Screening of
a large compound library identified a potent hit (HTS hit 5). SAR-driven design and parallel synthesis led to compound 8;j,
which showed some good properties, but was limited by high metabolic clearance and poor oral bioavailability. c. Fragment-
based DMT: Screening of a fragment library yielded low-affinity but ligand-efficient fragments (fragment hit 1 and fragment
hit 5). Fragment hit 1 (blue) was elaborated with iterative SAR cycles, leading to compound 15h, which displayed potent
activity but suffered from clearance issues. This knowledge complemented a second FBDD cycle from fragment hit 5 (red)
that led to Pyp-1. The final optimised compound (MK-8189) progressed to clinical trials.



Lead series identification and optimisation

As the DMT cycle progresses, the objective shifts from obtaining SAR information to
improving the potency of compounds, often targeting low nanomolar affinities - a
significant improvement from the weaker interactions typical of initial fragment hits (Fig.
5)'4. Early lead optimisation also focusses on avoiding overly toxic or reactive groups to
ensure that potential lead candidates maintain favourable drug-like properties. It is
recommended to work on multiple series in parallel, keeping backup options in case the
leading series encounters problems during ADMET evaluations'®?. As optimisation
continues, the chemistry tends to become increasingly complex, requiring more precise
modifications around the elaborated fragment scaffold. Once lead series have achieved
the desired potency, additional physico-chemical properties and medicinal chemistry

parameters become the focus of optimisation.

This transition marks the point where the exercise becomes increasingly multi-parametric.
A cascade of assays, from simple in vitro tests to more complex in vivo evaluations (Fig.
5), is employed, with only the most promising compounds progressing to later stages’®3.
The DMT paradigm remains valuable here, but it now applies to a broader array of
parameters, including selectivity and pharmacokinetics. Even when ligands are potent
and selective for their therapeutic target, they may still bind to off-targets such as hERG
(Fig. 5¢), CYP P450 enzymes, or transcription factors, which can lead to adverse effects
such as cardiotoxicity, altered drug metabolism, or unintended gene expression. It is
therefore crucial to ensure inactivity against these anti-targets, which can be considered
as equally important as activity against the intended target'%4. At this advanced stage,
while the core chemistry is often established, fine-tuning specific properties requires
precise modifications that can be difficult to achieve synthetically'®5. A study on human
adenosine A3 receptor (hA3R) antagonists illustrates the seamless integration of DMT
cycle stages in lead optimisation. Advanced modelling techniques, including free energy
perturbation (FEP) and MD simulations, were used to predict the binding affinities of
modified analogues from initial fragment hits'®.1%7_ This prioritised 25 new analogues for

custom synthesis to optimise parameters like selectivity and metabolic stability. These



compounds were evaluated through an assay cascade, yielding potent, selective A3R

antagonists with nanomolar affinities and low toxicity ready for in vivo evaluation©®,

Another detailed case study of phosphodiesterase 10A (PDE10A) inhibitors (Fig. 5a)
illustrates how multiple DMT cycles, whether initiated from HTS or fragment-based
methods, can complement one another throughout optimisation®2. In this example, HTS
identified a potent scaffold requiring minimal modifications to address metabolic liabilities,
but the resulting compound suffered from high clearance and low bioavailability (Fig.
5b)'%°. This lead compound was nonetheless used as a Positron Emission Tomography
(PET) probe to assess target engagement and brain penetration in vivo, leveraging the
high affinity of the scaffold despite its suboptimal pharmacokinetic properties*®. Building
on this, a FBDMT approach expanded small hits into potent leads, with one early FBDD-
derived compound suffering from similar liabilities as the HTS series (Fig. 5c¢)'"°.
Knowledge gained from these 2 campaigns (i.,e HTS and FBDD) was used to steer a
second fragment hit through an improved design-make-test sequence, ultimately yielding
MK-8189, a compound with optimised Central Nervous System (CNS) exposure,
bioavailability, and metabolic stability that progressed to clinical trials*®. Notably, the
pyrimidine core of the initial fragment hit was later replaced with a purine-derived scaffold
from an alternative fragment, mitigating CNS liabilities and exemplifying how fragment
motifs can be interchanged later in the campaign to address ADMET limitations (Fig. 5c).
This demonstrates how sequential or complementary DMT campaigns, even when
initiated from distinct starting points, can complement each other to overcome
bottlenecks, enrich SAR, and guide lead progression across multiparametric drug

discovery landscapes.

Emerging strategies in integrative fragment-based DMT cycles

The integration of automation technologies with holistic models has the potential to
significantly enhance DMT cycles'®* by optimising multiple parameters in real-time'"".
Currently, most DMT steps are executed by domain experts and orchestrated by
medicinal chemists, requiring substantial human intervention. With the emergence of
advanced computational methods and automation'’?, the need for manual input is

expected to decrease significantly, ultimately enabling scientists to focus on higher-value,



creative tasks. While autonomous and integrated closed-loop workflows are yet to be fully
implemented, they have the potential streamline molecular design, chemical synthesis,
and biological testing within compressed timelines'”®174. Fragments, with their modularity,
are well-suited starting points for these future technologies, which could significantly

accelerate drug discovery and improve decision-making efficiency'°.

Deploying such technology, however, requires significant financial investment, often
beyond the reach of academic labs or underfunded disease areas like antiviral and
antibiotic research. Open-source initiatives and collaborative networks have emerged as
possible alternatives, by "dividing to conquer" the DMT workflow for hit-to-lead
progression, although hindered by organisational challenges'’®. A prime example is the
COVID Moonshot, a fully open-science, crowd-sourced effort to target SARS-CoV-2's
main protease'’’. This endeavour highlighted how fragment-based drug discovery can
benefit from combining automation with public collaboration. The COVID Moonshot
leveraged a large-scale crystallographic fragment screen to initiate iterative DMT cycles,
with design, synthesis, and testing distributed across independent institutions’2. Publicly
open design submissions led to over 18,000 compound ideas, 2,400 synthesised
molecules, and 490 ligand-bound X-ray structures leading to strong starting lead
compounds for further antiviral development'’®. Indeed, the process culminated with
nomination of compound ASAP-0017445 has as a pre-clinical candidate which was
designed as a direct-to-generic and hopefully globally accessible treatment against
coronavirus'’9. In this case, the synergy between automation, such as machine learning-
guided synthesis, and community inputs enabled the DMT process'®. In the following

sections, we review developments within each phase of the DMT cycle.

Design

Now that initial fragment hits have been identified and the DMT framework established,
we turn to the Design phase of the cycle: how fragment follow-up hypotheses are
generated, prioritised, and selected for synthesis and testing. In the Design phase, the
goal is to suggest and prioritise fragment follow-up compound hypotheses that can be
synthesised, tested and optimised. This includes generating SAR data, incorporating

structural assay insights, and applying computational methods to suggest modifications.



In the context of FBDD, the Design phase aims to sample the vast chemical space
accessible through fragment elaboration while accounting for the inherently low affinity of
initial hits. Nowadays, computational methods are playing a growing role by providing
increased throughput and objectivity in terms of prioritising compounds based on
quantitative criteria defined in scoring functions®®. Ideally, a hierarchical approach is used
whereby computationally inexpensive methods process the initial high volume of
compounds followed by more demanding techniques for smaller subsets (Fig. 6)%.
Simpler protocols, including catalogue searches or molecular docking, are increasingly
employed in industry due to their ease of use and scalability, whereas more advanced
workflows, such as enhanced MD-based approaches or bespoke generative Al tools, are
often pioneered in academic settings before being commercialised through early-stage
venture companies. In practice, the design phase often proceeds in parallel with analogue
synthesis and SAR exploration, with X-ray crystallography pursued even before a potent

lead series is obtained. Full structure-based design may hence begin only once higher-



affinity compounds emerge, reflecting the iterative and, sometimes empirical, nature of

fragment campaigns and the progressive integration of structural insights.

Combining fragment-driven ligand approaches through cheminformatics and
Al/ML for fast chemical space exploration

Establishing the initial follow-up chemical space from which to sample from is a pivotal
step, which will usually start with libraries composed of commercially available
compounds or those created from combinatorial reactions, potentially around fragments
(Fig. 7)'"81. Follow-up libraries should be filtered to ensure suitable physicochemical
properties, chemical accessibility and stability while also avoiding compounds that are
reactive, unviable due to issues in ADMET, ensuring a high-quality chemical space'®.

The Enamine REAL Space library is frequently used to initiate such in-silico campaigns.
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Figure 6: Hierarchical computational cascade for fragment-seeded follow-up design and prioritisation. Methods utilisation
evolves from high-volume, cost-effective ligand-based screening to high-precision, structure-based approaches focused on
predicting accurate ligand-binding properties. It integrates variables like hits, poses, protein structure and dynamics
(represented by sandals, symbol time) and alchemical states (depicted as the ouroboros, symbol of alchemistry) to enhance
the reliability of predictions, albeit at the cost of increased computational demand. Fragments are pivotal, providing initial
hits and binding poses to inform the computational design process. Active learning is emphasised, illustrating how insights
from more intensive computational methods can be used in the construction of virtual ligand-based QSAR models and
facilitating the iterative exploration of chemical spaces.

It is a synth-on-demand virtual catalogue: compounds are enumerated in silico but are

readily synthesisable via validated reaction rules and a large, curated set of building



blocks'®. In its 2025 release, REAL Space comprises 78 billion accessible, drug-like
products, being 4 to 5 orders of magnitude larger than a 1-million-member HTS deck and
broadly comparable or slightly larger in scale to DNA-encoded libraries. Beyond sheer
size, REAL Space spans broad scaffold and chemotype diversity arising from
heterogeneous building blocks and reaction classes, exposing multiple elaboration
vectors around fragment-like building block cores while remaining within drug-like
property ranges'®. Typical delivery time is about 3 to 4 weeks with an about 80%
synthesis success, enabling rapid “SAR-by-catalogue” follow-ups once virtual triage is
complete'®. In the workflows discussed here, REAL-space triage is part of Design
(virtual selection/prioritisation), whereas synthesis/procurement sits in Make. We note
that REAL can also be used for virtual hit-finding prior to Make, but our emphasis in this

section is on using these spaces to propose follow-ups seeded by fragment information.

Accounting for potential ADMET liabilities, early on, is particularly important, as such
issues remain a leading cause of late-stage failure, contributing to about 40-45% of
clinical attrition'8. Additionally, follow-up compound cost is also a key prioritisation factor.
Recent machine learning approaches, including retrosynthetic-pathway-based models
and graph-based predictors, can help estimate compound prices or synthetic-route-

derived cost metrics'86:187,

Ligand-based approaches, known for their cost-effectiveness (in computational terms)
(Fig. 6), link chemical features to activity outcomes but neglect target structure
information and range from basic rule-based systems to advanced machine learning
algorithms?®. Incorporating fragment hits (Table 2) into these approaches allows for the
extraction of follow-ups that mirror binding characteristics and explores the adjacent
chemical space (Fig. 6)'8. Conceptually, this is straightforward when growing ligands
(Fig. 2a), but can be extended to more complex graph-based methods for fragment
merging (Fig. 2¢)'®. For example, one study demonstrated the use of a graph database,
the Fragment Network, to explore chemical space around fragment hits. This method was
applied to retrospectively identify commercially available fragment merges with
micromolar ICso values against Mpro and Mycobacterium tuberculosis transcriptional
regulator EthR'®. The Fragment Network provided a computationally efficient way to

merge fragments while ensuring follow-ups are available in the catalogue and maintained



multiple crystallographic interactions, thus driving binding affinity. However, catalogue
searches inherently cap the accessible design space to pre-enumerated products, and
fragment merging, while powerful for recovering interactions, is often perceived as less
synthetically tractable than fragment growing and linking (Fig. 2). Synthesis-directed
frameworks such as Syndirella’® address both issues by planning multi-step, digitised
routes from fragment-derived scaffolds and pursuing reactant-based procurement. This
enables hundreds to thousands of congeneric designs per scaffold beyond catalogue
space and integrates with plate-based, direct-to-biology workflows (Fig. 8b), and delivers

substantial per-compound cost reductions (reported =80% vs product purchasing).

As chemical spaces grow exponentially, challenges arise in tasks like virtual screening'’.
The need for navigating these “ultra-large” spaces, has driven the development of
generative models and variational autoencoders (VAEs). These models avoid exhaustive
enumeration by sampling from learned probabilistic distributions, efficiently generating
novel structures not found in precompiled libraries. VAEs, create chemical latent spaces
that encode molecular structures into low-dimensional representations, enabling the
exploration of diverse molecular features like 3D complexity and chirality. VAEs can
reconstruct valid structures while optimising for properties like bioactivity and synthetic
feasibility'%2. An extension of VAEs is seen in Fragment-based Sequential Translation
(FaST), which combines fragment-based methods with machine learning to optimise
hits'®3. FaST employs a VAE to learn a distributional of molecular fragments, enabling
molecular refinement via additions and deletions. By starting from known active
molecules, FaST navigates chemical space to optimise multiple objectives, such as
bioactivity, novelty, and synthetic feasibility. It efficiently generates diverse, high-quality
follow-ups while maintaining desirable fragment-derived characteristics, showcasing the
power of machine learning to balance exploration and optimisation within vast chemical
spaces. Ligand-based generative models can also be seeded with fragment scaffolds to

refine the search space and optimise multiple parameters simultaneously'94.195,

Leveraging fragment structural data in docking simulations for follow-up design
Structure-based methods use the 3-dimensional structure of the target to guide the design

process (Fig. 6). Structures therefore provide material for model preparation and docking



simulations (Fig. 6)'%6.1%7. A wide variety of scoring functions have been developed,
ranging from physics-based to empirical and machine learning-driven approaches, but
most conventional docking workflows do not natively account for experimentally derived

fragment poses.98

Tailored protocols are often required to incorporate such structural inputs, and when
properly implemented, these can significantly enhance design decisions by preserving
known binding geometries or interactions, derived from fragment poses, thus ensuring
compatibility with the target site. However, typically these methods make some key
assumptions such as the receptor remains in the same conformation, which must be
amenable to ligand binding and that key water molecules are optimally positioned within
the binding site (if indeed they are included at all). These simplifications can obscure the
dynamic nature of molecular interactions, potentially confounding the selection of follow-
ups'®. Selected follow-ups can then be processed to ensure the resulting poses recover
as much of the available experimental information (Fig. 4b). This might involve fitting to
a key fragment, rescoring using shape and pharmacophoric overlay or employing electron
densities directly94.147.158.200.201 " For example, a study utilised poses from 4 fragments
bound to protein kinase A (PKA) to guide template-based docking screen which identified
40 active compounds showed with the most active follow-up achieving a 13,500-fold gain
in affinity compared to original fragments'’. These considerations become even more
relevant when designing follow-up from covalent fragments. Standard docking workflows
are typically designed for non-covalent interactions and may not account for the
irreversible bond formation or its structural constraints. Covalent bond formation restricts
the conformational freedom of the ligand, simplifying the sampling landscape for follow-
up design but requiring specialised tools, such as covalent docking protocols or restrained

warhead positioning, to model the system accurately?°2.

Recently, generative models, have been proposed to generate compounds in 3
dimensions directly using binding site structure. However, current de novo generative 3D
approaches tend to generate chemically unviable compounds and unphysical binding
poses?032%4 Including experimentally resolved fragment conformations has been shown
to improve generative models by enhancing 3D predictions. For example, AutoFragDiff,

a fragment-based diffusion model, integrates chemically viable fragments to generate 3D



structures with more plausible binding poses?%. Similarly, FragGen combines geometric
constraints and machine learning to assemble synthesisable compounds, successfully
delivering nanomolar kinase inhibitors with improved drug-likeness and synthetic
accessibility?°®. Generative models, particularly deep learning-based approaches, are
also becoming increasingly able to perform fragment linking (Fig. 2b) by connecting
fragments in 3D space’'®. DeLinker, for instance, uses a graph-based model to optimise
linkers while preserving the original fragments' binding poses and critical interactions
within the binding site. This method significantly improves 3D similarity to known bioactive
compounds, ensuring spatial orientation of fragment pairs is maintained2°3. These models
efficiently link fragments, enabling the creation of lead-like compounds with greater

accuracy and target relevance.

While these approaches hold great promise, it is important to note that their broad
application in FBDD remains at an exploratory stage. The rapid expansion and diversity
of machine learning methodologies, while a sign of innovation, also reflects the current
uncertainty about which strategies provide consistently actionable insights across diverse
target classes. Moreover, the sparsity of structural and affinity data, relative to the
immense diversity of chemical space and targets, presents a key limitation that still
hinders the generalisability of many Al-driven approaches. In cases where affinity data is
available but structural information is lacking, it may be possible to generate synthetic
structural data by leveraging fragment poses obtained, for example, via X-ray
crystallography. Such synthetic data can then be used to retrain models or fine-tune them
around previously unseen chemical series, potentially enhancing predictive accuracy.
This strategy may be particularly well suited for emerging co-folding approaches, which

currently struggle with generalisation?%7-20°. Additionally, while generative approaches are



advancing rapidly, many remain difficult to integrate into routine pipelines due to

challenges in synthesisability, interpretability, and validation.

Follow-up chemical space
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Figure 7: Exemplar workflow illustrating how fragment screening data fit within a typical structure-based design workflow for
follow-up design. Fragments are screened with crystallography and validated with a solution assay (or vice versa). Selected
fragment hits (in red) are used to seed follow-up searches, resulting in a mapped chemical space. Fragments are represented
as black crosses, while different search methods (green, blue, orange) yield a variety of follow-up compounds. The follow-
ups are then docked into the experimentally resolved bound receptor structure, using the native fragment pose to select the
optimal docked pose. Molecular dynamics simulations are employed to estimate the dynamics and energetics of the receptor-
follow-up complexes, providing a basis for ranking and selecting the most promising compounds for validation. Colour-coded
frames match those in Fig. 3: design (blue), make (orange), test (green), and overlaps as combined colours.

Follow-up selection with molecular dynamic simulations

Docked poses of follow-up compounds or those obtained experimentally can be used to
seed more intensive physics-based MD simulations, exploring conformational variation
and estimate binding free energies (Fig. 8a). Methods like Molecular Mechanics
Generalised Born Surface Area (MMGB/SA) offer a computationally efficient approach for
estimating the free energy of ligand binding, despite certain approximations?'°. If one has
access to performant computational infrastructures, then free energy perturbations (FEP)
allows follow-ups to be ranked according to predicted affinities®®. Accurate MD-based
predictions require a reliable structural model of the ligand-protein complex, as errors in
pose selection can propagate through the calculations?'!. Including fragment pose
information, such as from crystallographic data or validated docking results, can therefore

enhance prediction reliability?'°. Structures of bound fragments serve as scaffolds for the



network of alchemical transformations required in relative binding free energy (RBFE)
calculations given that the bound pose represents a global energy minimum and is not

subject to changing upon elaboration?'2213,

For example, a recent study optimised fragments binding to a G protein-coupled receptor
(GPCR) utilised MD simulations combined with RBFE calculations. The authors employed
those computational tools to predict the pose of a micromolar fragment'®” initially
identified via NMR screening against the A1 adenosine receptor (A1AR)?'4. They then
employed RBFE to predict binding free energies for a series of elaborated compounds
also providing an estimate of the SAR. The resulting compounds showed significant
improvements in binding affinity, with one compound experimentally achieving a 41,000-
fold increase in affinity and a 40-fold gain of selectivity?'>. Absolute binding free energy
calculations may also provide additional confidence of bound and elaborate poses, but

they are known to be challenging for fragments due to their weak affinity2'0-216,

While MD simulations and free energy methods are powerful for non-covalent ligands,
they are unable to account for covalent bond formation. To rigorously model covalent
binding events, more advanced quantum mechanical (QM) or QM/MM methods are often
required to calculate the energy landscape of bond formation?'”. Nevertheless, when
running conventional MD simulations on covalent complexes derived from docking or X-
ray structures, the covalent linkage inherently restricts ligand flexibility and reduces
conformational sampling: an advantage for generating stable trajectories and refining

elaborated poses?'8,

Sampling with conventional MD for fragment binding kinetics remains challenging due to
the small size and weak affinities of fragments, which result in high flexibility and unstable
binding modes, complicating affinity estimates. The long-time scales required to capture
binding and unbinding events, even for fragments with millimolar affinities, highlight this
issue. For instance, in the FKBP study, microsecond-long simulations were necessary to
observe multiple binding events and obtain statistically reliable estimates of binding

affinities and kinetic parameters?'°,

MD simulations and free energy calculations can also help dissect the thermodynamic

contributions of fragment linking (Fig. 2b)*. As showed by Yu et al.,*> these methods



allow a more detailed understanding of how each factor affects binding free energy
changes. For example, fragment linking studies often show that expected gains from
linking fragments can be offset by unfavorable interactions or binding mode changes?®.
These detailed insights may enable more rational molecular designs, as specific
thermodynamic contributions can be targeted for optimisation rather than being folded

into a single binding free energy term.

Despite many promising applications, the practical adoption of MD-based workflows in
fragment optimisation remains limited. These methods require substantial computational
infrastructures, careful system preparation, adapted analytics and expertise in setting up
and analysing simulations. Small molecule parameterisation, particularly for novel
scaffolds, can involve intricate quantum mechanical calculations, and errors at this stage
can undermine predictive accuracy. Moreover, due to the intrinsically low affinities and
high flexibility of fragments, long sampling times are often necessary to capture
meaningful binding events, further increasing the barrier to widespread deployment in

early-stage FBDD pipelines.

Combining active learning with structure-based predictions for dynamic virtual
screening

Structure-based predictions, such as docking score or alchemical free energies, can be
fed into an active learning loop, where these computationally expensive scores are used
to train faster ligand-based models for rapid and incremental ligand-based scoring for
further virtual chemical space exploration (Fig. 6)?2%22'. This enables to score large
chemical space to optimise fragments at a fraction of the computational cost required by
exhaustive structure-based screening approachces??2.

For example, Thompson sampling??®, an active learning method, was showed effective in
guiding virtual screening of the Enamine REAL library, where reference shapes were
extracted from pairs of crystallographically resolved fragment hits targeting the SARS-
CoV-2 macrodomain. This approach enabled rapid screening of the 22-billion-molecule
library with only a fraction of the computational effort, ultimately identifying a low
micromolar fragment mergers with improved membrane permeability??4. Another case is
of dynamic chemical space sampling is Link-INVENT, a generative linker design tool that

integrates reinforcement learning with structural data from docking simulations using fixed



fragment poses. By leveraging the learned docking scores, Link-INVENT optimises
fragment linkers, by incorporating real-time on the structural fit of the generated linkers22°.
More computationally expansive free energy methods can also be used in conjunction
with active learning. For example, a study used active learning with RBFE calculations to
recover high-affinity phosphodiesterase 2 (PDE2) inhibitors from a large library. In each
iteration, FEP calculations evaluated a small fraction of compounds, and the resulting
affinities trained a ligand-based machine learning model??°. This iterative process
efficiently recovered high-affinity binders with only a small subset of the library evaluated
with costly free energy calculations. Although fragments were not used, they could
enhance the workflow by providing reference poses and affinity values as suggested
elsewhere??6:227_ |f only poses are available, absolute binding free energy calculations

could be employed to estimate reference affinity values.

While computational design approaches show great promise, their routine adoption in
fragment optimisation workflows remains limited, with many strategies still in proof-of-
concept stages or used in parallel with expert-driven design. Expert review of selected
follow-ups remains a critical step to manually discard unviable molecules (from a synthetic
or compositional standpoint) (Table 2) that may have passed all computational filters and

is still commonly practiced before proceeding into the “Make” part of the cycle??.

Make

The “Make” phase encompasses all activities required to generate designed compounds
in sufficient quantity and quality for testing. This includes route planning, synthesis
strategies, and adaptations to scale-up or purify challenging intermediates. FBDD places
particular emphasis on Make strategies that enable rapid, cost-effective, and high-

throughput generation of diverse follow-up analogues.

The “Make” stage, in the DMT cycle (Fig. 3), is often rate-limiting due to unexpected
reactions, low yields, and labour-intensive purification. In hit-to-lead campaigns, heavier
synthetic medicinal chemistry efforts are typically deployed only after sufficient SAR and
potent compounds have been established, once confidence in the series has grown and
the risk of non-productive outcomes is reduced. Early-stage synthesis efforts often rely

on brute, rapid and cost-efficient approaches for exploratory purposes. As confidence



increases, the chemistry progressively shifts from broad and exploratory to more targeted
bespoke synthesis strategies enabling fine tuning compound properties. Overall,
traditional medicinal chemistry workflows, though still common, tend to be slow, requiring
extensive manual optimisation and quality control. Automated methods (Fig. 8a)
streamline synthesis, purification, and reaction optimisation by reducing human
intervention and improving scalability, making them ideal for modern drug discovery
workflows. Although automated synthesis and robotics are gaining traction, these
approaches are not yet widely implemented in fragment campaigns and often support,
rather than replace, traditional medicinal chemistry efforts. In line with these automation-
enabled workflows, the Make stage increasingly employs synthesis or assembly modes
that are compatible with purification-agnostic assays, including combinatorial libraries or
DELs. These strategies prioritise throughput and design-space coverage by minimising
upfront purification and exploiting modular chemistries and robotics, thereby delivering
sufficient material or identifiers for rapid evaluation. Their construction belongs to Make,
while the associated assay readouts, deconvolution, and hit resolution are developed in
the Test section, where results loop back into Design. Thus, the methods discussed in
this section are applicable to single-compound elaborations and/ or the construction of

such libraries.
Computationally guided synthesis around fragment scaffolds

Computational tools now aid synthesis planning by predicting reaction routes using
available building blocks to generate optimisable schemes 229230 Predictive
retrosynthesis, now often powered by deep learning models trained on reaction
databases, deconstructs molecules into simpler components and maps optimal synthetic
pathways. These algorithms can be constrained to start from fragments or close
analogues, mapping possible reactions between a hit fragment and a designed
molecule?®'. These tools provide chemists with plausible reaction templates to initiate
synthetic planning, thereby reducing the preparatory workload although this may

constrain routes to well documented reaction types.

Multiple commercial and non-commercial solutions are now available to support such

tasks. Platforms like SPAYA™ (https://iktos.ai/solution/spaya) offer a user-friendly




interface and integrability with computational systems?3?, allowing one to constrain
intermediates or starting materials, such as fragment hits or analogues, when searching
for optimal synthetic routes. Additionally, the integration of computational tools with
synthetic workflows allows for real-time refinement of predictive models?33234, Recent
developments have also demonstrated it is possible to combine synthesis with on-line
analytics — in a so-called “chemputable” framework?3®. For instance, an integrative
platform combining geometric deep learning and high-throughput reaction screening to
predict reaction yields and regioselectivity with high accuracy, has been recently
developed by Nippa et al.,?** identifying opportunities for small molecule structural
diversification. Coupled with fragment-based approaches, this can lead to more
exhaustive chemical space sampling for the identification of potent follow-up

compounds?34,

High-throughput robotic platforms for intensive fragment elaboration

Advances in high-throughput experimentation and automation have made generating
experimental data for machine learning and enlarge chemical space sampling feasible
(Fig. 8a)2%¢. The introduction of novel robotics technologies has facilitated the synthesis
of increasingly large arrays of compounds (Fig. 8a)?*"2%. For instance, the use of
acoustic droplet ejection technology has enabled the automated synthesis of large and
diverse compound libraries?®®. This approach was exemplified by the parallel synthesis
around 16 different fragment-like scaffolds on several 384-well plates, resulting in a high-
throughput generation of diverse small molecules, demonstrating the platform's capability
to efficiently explore novel chemical space regions. Beyond single-transformation
libraries, a complementary “cluster synthesis” strategy batches chemically diverse
reactions by overlapping operational windows (time/temperature) on a single robot,
enabling multi-reaction campaigns that boost structural diversity and platform utilisation
(e.g., 27 name reactions and 135 molecules executed in three campaigns)?*°. While these
arrays are primarily synthesised using well-established chemistry, which may restrict the
diversity of reactions employed, they can also play a crucial role in reaction optimisation

tasks236,



Flow synthesis has also emerged as a modular approach to combinatorial compound
synthesis. Pijper et al.>*!, demonstrated that continuous flow platforms, integrating up to
eight synthetic methodologies, can generate structurally diverse compounds in a single
workflow. By incorporating various chemistries, including metallaphotoredox couplings,
the platform produces chemically varied fragment-derived compounds at a throughput of
up to four compounds per hour. Paired with a high-throughput purification system, this
setup bypasses the typical bottleneck in purification, automating and streamlining the

process, reducing human intervention, and improving overall efficiency.

Similarly, there has also been progress in affordable end-to-end synthesis platform, which
includes compound purification, a known bottleneck at the “Make” stage because of
human intervention, need for quality control and solvent and hardware usage??’. For
example, an automated synthesis platform paired with novel liquid-liquid extraction
techniques and quality control has been recently developed, by Abdiaj et al.,?%”, enabling
the unattended synthesis and purification of drug-like molecules from fragment-like
starting points, creating an end-to-end high-throughput production line. The platform
utilises the uncommon Negishi coupling reaction, resulting in compounds with enriched
sp3-hybridised carbons, which are frequently present in small molecules reaching the

clinic?37,

Expanding fragments with novel synthetic methodologies

Significant strides in organic methodologies and catalysis have broadened the toolkit of
available reactions (Fig. 8a). This is particularly relevant for fragment elaboration (Table
2) at previously unapproachable chemical vectors. For instance, C-H activation
techniques have significantly advanced fragment elaboration strategies. It was showed
that about 80% of fragment growth originates from carbon-centric elaboration vectors
while the non-reacting moieties engage with the receptor through polar interactions?#2.
Tolinapant, a clinical candidate against colorectal cancer that inhibits apoptosis proteins
(IAPs)?43, was designed using C-H activation techniques. A fragment was identified via
NMR screening with structure-based optimisation guiding the addition of groups at
aliphatic carbons. One of these modifications included the addition of a simple methyl

group, which resulted in a 60-fold increase in potency, highlighting how small and precise



modifications at carbon atoms can significantly progress fragments into potent
compounds?*. Recent advances in carbon—heteroatom bond-forming methodologies,
such as photocatalyst-enabled late-stage functionalisation using sulfonamide or
carbamate precursors to install nitrogen or oxygen substituents with high site selectivity,
also enable analogous site-selective modifications to be performed at scale, expanding
their practicality for medicinal chemistry campaigns?#. It is critical that such insights of
synthetic sociability (Table 2) are captured during the design phase to ensure that follow-

ups can access these newly available regions of chemical space (Fig. 7).

Recent advancements in synthetic methodologies have also made previously
inaccessible chemical groups available for drug discovery. For example, novel 1,1'-
bicyclopropenyl derivatives are now accessible via synergistic Au/Ag dual-catalyzed
cyclopropenyl cross-coupling 246, These highly strained bicyclic benzene isomers open
unexplored regions of chemical space. Their modular synthesis under mild conditions,
coupled with functional group tolerance, enables the incorporation of new groups like
trifluoromethyl, potentially broadening access to follow-up designs implying a potentially
greater diversity of protein-ligand interactions. Modular “click” chemistry offers a simple,
plate-based way to grow fragment cores quickly?*’. In a two-step sequence, a common
handle on a fragment (a primary amine) is first converted into an azide using a bench-
stable reagent, and then “clicked” with an alkyne partner using a copper catalyst to form
a triazole link. Because these relatively novel reactions are fast, high-yielding, and
tolerant of many functional groups, large sets of analogues can be made in hours and
may be clean enough to test directly in biology, cutting both cost and cycle time. This has
been demonstrated in FBDD: a copper-catalyzed click campaign expanded a fragment
against the viral protein LANA, delivering SAR information and multiple low-micromolar

follow-ups that were confirmed with orthogonal assays?42.

The elaboration of covalent fragment hits, also, demands specialised synthetic
considerations. Reactive warheads, such as acrylamides, chloroacetamides, and sulfonyl
fluorides, are typically introduced at later stages to minimise side reactions and preserve
compound integrity during synthesis?*°. Hits originating from disulfide “tethering” screens
must often be re-synthesised with more drug-like warheads (e.g., stable electrophiles like

acrylamides) for further development?>®. Medicinal chemists also optimise warhead



positioning relative to the fragment core; short linkers are often preferred to achieve
optimal geometric alignment for covalent bond formation at the nucleophilic site. These
synthetic adaptations are critical to balancing reactivity, selectivity, and stability, and often
require iterative fine-tuning of the warhead's functionality. Modern synthetic chemistry has

thus become essential to successfully advancing covalent fragment leads?°".

Reaction scalability and solvent selection as important links between synthesis
and validation

A critical challenge in fragment-based drug discovery is the scalability of synthetic
reactions for producing large quantities of compounds for testing assays. Addressing this,
a photoredox-mediated cross-dehydrogenative coupling approach, as demonstrated by
Grainger et al., showcases a nanogram-to-gram workflow, which begins with nano-scale
HTS of reaction conditions, optimisation and scales up using continuous flow
chemistry?52. This method allows for the rapid production of gram-scale quantities of
compounds with sp?>-sp? privileged architectures, such as heterocyclic amines, which are
particularly useful in medicinal chemistry. The combination of scalability and high
functional group tolerance makes this approach invaluable for enabling large-scale
synthesis, further enabling the drug discovery process by providing enough material for

validation.

Furthermore, the choice of solvent can impact the outcome of assays, as solvents may
have inherent affinity for the target, potentially outcompeting the ligand under study. Given
that solvent molecules are almost infinitely more concentrated than the ligand, they can
saturate the binding site, necessitating the use of appropriate controls in solution
assays?°3-2%_ Such baseline controls may be feasible with solution-based methods,
including SPR, which has been extensively used to study small molecule binding to
bromodomains?34. This issue is particularly relevant for fragments due to their inherently
low potencies. For example, DMSO, a polar aprotic solvent commonly used in synthesis
and storage, can interfere with assay readouts by binding to the target site, such as
bromodomains. DMSO mimics the acetylated lysine binding motif, which can prohibit
crystallographic ligand binding by saturating the pharmacologically relevant binding site®".

However, baseline controls are not feasible with crystallography, thereby requiring the use



of alternative solvents, such as ethylene glycol highlighting the importance of target

knowledge when preparing compound libraries (Table 1).
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Figure 8: a. Integration of "Make" (orange) and "Test" (green) stages within DMT Cycles. Synthesis of novel chemical entities
facilitates the exploration of an expanded chemical space. High-throughput methods impact synthetic and testing workflows,
enhancing efficiency through increased data generation, crucial for robust QSAR modelling. So-called "purification-agnostic"
approaches simplify the transition from synthesis to testing by minimizing the resources required for compound purification. b.
Automated synthesis and quality control combine with purification-agnostic testing approaches for rapid fragment elaboration.
Automated chemistry is performed around a fragment hit (in red) using crude reaction mixtures of unknown composition, which
are submitted to crystallographic validation. Quality control results enable the tracking of samples expected to potentially bind.
Hits from crude reaction mixtures are then independently repurified before confirmation with solution assays. The structural and
affinity data can then be used to build robust SAR models around the fragment.



Test

The “Test” phase ideally evaluates synthesised fragment follow-up compounds for
binding, activity, and pose at early DMT stage with other relevant ADMET properties
tested later on. It includes biochemical, biophysical, and structural assays for affinity and
pose determination, supported by appropriate analytics to ensure data quality,
interpretability, and decision-making. The Test phase in FBDD demands assays that
ideally combine high-throughput capacity to evaluate large follow-up arrays with sufficient
sensitivity to reliably detect the low-affinity interactions typical of fragment-derived

compounds.

To test compounds, validation assays typically require pure products, either self-
manufactured or procured from vendors (Fig. 1 & Table 1). Yet, as previously discussed,
compound synthesis can be rate limiting within DMT cycles, resulting in challenges
generating large numbers of molecules (Fig. 3). An alternative to circumvent this
bottleneck involves employing crude reaction mixtures directly?3825 in purification-
agnostic validation assays, often referred as “Direct-to-Biology” approaches (Fig. 8b). In
this context, fragment hits provide ideal scaffolds for high-throughput synthetic
elaboration, thus allowing large-scale testing of the newly defined chemical follow-up
space (Fig. 8b)?°’. In what follows we evaluate outputs of Make stage and feed results

back into Design.

Scalable crystallographic evaluation of fragment elaborations in crude reaction
arrays

While crystallography can be used at hit finding to obtain initial poses, here we consider
its Test-stage role: a scalable, potentially orthogonal readout applied to post-hit design
and synthesis. In recent years, crystallography has undergone transformative
improvements enabling large-scale evaluation of compounds via the use of crude
libraries. Because parallel/automated synthesis produces plate-based arrays and
crystallography is tolerant to reaction by-products, the number of testable elaborations

per Make cycle has increased substantially thus placing new throughput demands on the



structural pipeline. In parallel, advances in crystal systems, automated beamlines, sample
handling, and data processing now permit HTS of hundreds of compounds, making
crystallography a powerful tool for large-scale compound evaluation and structure-based
drug discovery (Table 1)772%, These gains in throughput, coupled with the inherently
high sensitivity of X-ray crystallography, make it well-suited to purification-agnostic
workflows where numerous follow-up compounds must be assessed, even when present

at low concentrations due to unpurified reaction mixtures or suboptimal synthetic yields.

For example, Sutanto et al.,?%° showed that X-ray crystallography also pairs well with high-
throughput synthesis by applying it to crystallographic fragment hits of the SARS-CoV-2
main protease. Crude reaction mixtures were soaked onto crystals, with crystallography
serving as the primary assay to evaluate follow-up binding, followed by revalidation of
repurified hits using solution assays. In addition, it was recently showed that, when
resolved with high-throughput crystallography, crude reaction arrays of compounds can
yield large-scale structural SAR insights into the elaboration space (Fig. 8a)%%8. X-ray
crystallography proves advantageous in testing crude arrays, due to its ability to resolve
reaction products within the binding site or protein-protein interaction interface?°, given
sufficient resolution and quality control (Fig. 8a). For example, hundreds of follow-up
compounds were generated from a fragment identified crystallographically using an
affordable liquid dispensing device (Opentrons®) targeting PHIP2238. These crude
reaction mixtures were soaked directly onto protein crystals at high-throughput levels.
Quality control of the mixtures, via tandem Liquid Chromatography-Mass Spectrometry,
enabled tracking which samples had the desired final product, and this information was
then used to extract SAR data from the resulting structural data or lack thereof (Fig. 8b).
Follow-up work demonstrated that even noisy data from crude assay readouts can
generate actionable SAR models by identifying conserved chemical features linked to
crystallographic binding events?'. This approach enabled direct integration of SAR
insights into subsequent computational design phases, facilitating the rapid identification
of improved follow-up compounds. Importantly, the study illustrated how SAR extracted
from in-house crystallographic evaluation of crude reaction mixtures can guide virtual

screening of commercially available compounds, thus further accelerating DMT cycles.



However, crystallographic testing of crudes may occasionally be obscured by resolving
lower-affinity species highlighting the need to account for potential false negatives with
orthogonal assays as demonstrated in study on the heat shock protein 90 (HSP90) and
pyruvate dehydrogenase kinase isoform 2 (PDHK2)?%2. Unlike solution experiments, such
as NMR?83, where small molecules compete in equilibrium and the most stable binders
dominate the readout, crystallographic soaking involves diffusion through the crystal
lattice. Differently to cocrystalisation, multiple species present in a reaction mixture may
enter with different kinetics, potentially leading to partial occupancies and/ or
superimposed electron densities?®?. This may further complicate the interpretation of
binding modes. Hence, high-throughput crystallographic testing of crude reaction
mixtures should be coupled with robust quality control to ensure the observed binding
species corresponds to the intended product. Indeed, crude mixtures may also contain
reactive or unstable intermediates that can mislead structure-based interpretation or
mask liabilities, as highlighted by Cramer et al., where degradation products interfered
with assay interpretation and derailed follow-up efforts?%4. Accordingly, orthogonal assays,
appropriate controls and structural triage steps remain essential to avoid erroneous

conclusions in early-stage optimisation.

A prominent recent example highlighting both opportunities and challenges in fragment-
based structural data comes from an industry-led crystallographic study on fatty acid-
binding proteins?®®. Among 229 high-resolution structures, about 15% contained ligands
chemically distinct from those initially soaked, due to reagent mislabeling or chemical
transformations occurring in crystallography?%®. The dataset also demonstrated how
subtle conformational changes—particularly in the ligand portal region—depend on ligand
identity, impacting functional properties such as membrane association and nuclear
import?%”. To mitigate risks of propagating incorrect ligand assignments in fragment-to-
lead campaigns, the authors recommended stringent validation criteria, including
chemical verification and occupancy filtering before structural data is used in
computational design or machine learning?®®. However, the call for strict curation sparked
debate. Jaskolski et al., argued for caution, proposing that large-scale crystallographic
fragment screening datasets, many of which rely on multi-dataset approaches such as

PanDDA, be clearly annotated or archived separately due to complexity and potential



misinterpretation by non-specialists’®2%. Conversely, Weiss et al., defended these
datasets, asserting their value in capturing compositional and conformational
heterogeneity that can inform novel chemical strategies and improve computational
methods?°. Fraser further encouraged embracing "messy," ambiguous data to reveal
hidden dynamic phenomena and enhance ligand discovery workflows?’%, Together, these
perspectives underscore a central tension in fragment progression within DMT cycles: the
need to balance conservative validation to avoid artefactual design decisions with
openness to weak, ambiguous, or heterogeneous data that may seed valuable
hypotheses or novel strategies?’’. Such complex and "messy" datasets also present
opportunities to enhance Al-driven computational tools, training algorithms to handle real-
world uncertainties inherent in fragment-bound structures?’?. In practice, orthogonal
validation of fragment identity and binding markedly increases confidence that low-
occupancy or ambiguous density reflects true target engagement. When fragments are
fully validated, these borderline cases will be truly informative rather than artefactual and
can be prioritised for follow-up. As crystallographic fragment-based screening campaigns
scale in throughput and complexity, establishing shared best practices around annotation,

triage, and interpretation of fragment- bound structures will be essential?’2.

Non-structural purification-agnostic assays for fast SAR mapping around
fragments and follow-up hit finding

Furthermore, the application of crude reaction products can be extended to off-rate
evaluation via kinetic methods such as SPR or Grating-Coupled Interferometry (GClI)
(Table 1)'02%6273.274  Off-rates are determined by the strength of target-ligand
intermolecular interactions and are independent of concentration variances, thus
minimising concentration-related uncertainties?56:262, Equilibrium affinity (Ka) reflects the
balance of both association (kon) and dissociation (kof). By contrast, the off-rate (kof)
isolates only the dissociation step and therefore serves as a practical proxy for binding
stability, with residence time given by 1 over koff with smaller kort values indicate stronger
binding. For example, a fragment hit for the bromodomain-3 extra terminal (BRD3-ET)
domain was identified using NMR?’5. Fragment follow-ups were then purchased and
tested as pure compounds with NMR to identify tolerated elaboration vectors hence

providing early but important SAR information. Parallel chemistry was applied to these



vectors, and the resulting reaction mixtures were tested using off-rate screening. This
structure-agnostic approach identified higher-affinity follow-ups, by about 30-fold, from
the crude mixtures. These hits were resynthesised and tested in their pure form, revealing
similar off-rates to those initially observed from crudes showing that the crude evaluation
was not generating random signal. However, large-scaled interpretation of purification-
agnostic assays from crudes is likely challenging as multiple species may contribute to
binding creating readout uncertainties. Thus, when a follow-up hit emerges from crude
testing, it generally necessitates resynthesis to validate the initial findings, thereby feeding
back into the “Make” phase (Fig. 8a)?3%276. Although retrospective, SAR analysis has
been explored, collective data from crude evaluation of fragment follow-ups is typically
not directly utilised in subsequent design phases, a potential avenue to optimise hit-to-

lead transitions, by avoiding independent compound resynthesis.

One possible avenue for deconvoluting these noisy readouts is through affinity
chromatography—mass spectrometry, which enables precise quantification of binding
interactions within complex mixtures under equilibrium conditions?’’. Additionally, in a
study on a crude library of histone deacetylase inhibitors, MS was successfully used with
affinity selection for microsomal metabolic stability assays 2’8. The crude readouts
showed excellent correlation with those from pure compounds, demonstrating that crude
mixtures can effectively serve as a proxy in this context. This highlights the potential for

evaluating crude reaction mixtures in a lead optimisation context.

NMR spectroscopy can also be highly effective for testing crude or complex mixtures,
potentially informing about structural interactions and offering orthogonal and sensitive
readouts of binding without requiring compound purification. For example, Wu et al.,
(2013) illustrated the broader utility of NMR in high-throughput mixture screening by
applying ligand-observed NMR techniques, to over 10,000 compounds screened in
mixture formats. This enabled the reliable detection of weak binders, which were later
confirmed individually in pure form?’®. Later, Larda et al., (2023) introduced an integrative
workflow for hit-to-lead development against undruggable targets such as HRas. Their
“‘NMR for SAR” approach combined fluorine NMR (to detect changes in signal shape) and
relaxation-based assays (to assess binding), along with both protein- and ligand-detected

NMR, to monitor solubility, aggregation, target stability, and interactions across multiple



SAR cycles?®, Alboreggia et al., (2023) also demonstrated how protein-observed NMR,
specifically monitoring the aliphatic region of the target protein spectrum, can be used for
mixture-based screening of focused combinatorial libraries (~125,000 compounds)
against hMcl-1. This enabled identification and optimisation of active motifs directly from
complex mixtures, relying on cumulative chemical shift perturbations caused by
structurally related analogues sharing a common scaffold?®'. These examples underscore
that NMR-based assays offer a robust and versatile platform for decoding SAR from
impure or complex matrices, complementing kinetic methods, and pave the way for

broader adoption of purification-agnostic hit finding strategies.

In the broader context of follow-up identification, protein-directed dynamic combinatorial
chemistry (DCC) offers an efficient strategy for discovering high-affinity ligands. In DCC,
reactive fragment building blocks reversibly assemble under thermodynamic control,
allowing the protein target to shift the equilibrium toward the most favourable binders.
This obviates the need for purified intermediates or affinity quantification of weak
binders?®?. For example, a study used fragment-derived acylhydrazones dynamically
assembled and screened in situ against a-glucosidase. Enriched products were identified
via LC-MS by comparing peak intensities between protein-templated and blank libraries
and validated through enzymatic inhibition assays. Iterative cycles of fragment growth
and library evolution yielded nanomolar inhibitors without resynthesising intermediates?23.
Additionally, MS-based assays have proven effective for evaluating covalent fragment
follow-ups directly from crude reaction mixtures. For instance, Wilders et al., developed a
parallel synthesis platform combined with intact-protein LC-MS to accelerate SAR cycles
on reactive fragments targeting SARS-CoV-2 MPro, enabling the identification of both

covalent and non-covalent leads without prior purification?84,

Protein-based affinity or enzyme inhibition alone does not guarantee cellular activity with
discrepancies commonly arising from poor intracellular exposure (limited permeability,
active efflux), suboptimal ionization/solubility (pKa/logD), nonspecific sequestration, or
rapid clearance that prevents sufficient target engagement in cells. A clear FBDD example
is the DNA gyrase GyrB program: fragments were screened by ligand-/protein-observed
NMR against the ATP site, yielding a millimolar pyrrole hit that seeded a focused library.

Iterative X-ray structures then guided optimisation to micromolar ATPase inhibitors, yet



the early leads showed little or no antibacterial (cellular) activity, exposing an exposure
gap between enzyme and cells®®. Importantly, this case also illustrates a limitation of
structural readouts: a well-defined crystallographic pose can confirm pocket binding and
rationalise SAR, but it remains agnostic to permeability and efflux, so structurally
validated potency may still fail to translate in cells. Progression addressed these liabilities
by tuning physicochemistry and exposure: varying the 3-piperidine substituent and
installing 4-thiazole substituents that form a seven-membered intramolecular H-bond to
modulate acidity and permeability, enhancing cellular antibacterial potency, greater
activity in efflux-deficient E. coli highlighted the role of efflux, and improved systemic
exposure through reduced Mrp2 recognition lowered clearance, leading to the clinical
candidate AZD5099%86,

Potential synergies between fragment-based and as DNA-encoded libraries
readouts

Other purification-agnostic approaches, such as DEL-based or fragment photo-active
screening have also been employed, demonstrating versatility in testing
methodologies?’®. While DEL construction can be categorised as a Make-stage activity?®’,
we discuss DELs here as we on hit resolution and readout rather than the underlying on-
DNA chemistry.

SAR models have, previously been extracted from DEL results, with starting building
blocks initially identified through crystallographic fragment screenings. For example, X-
ray crystallography identified BRD4 fragment hits that mimic the interaction features of
acetyl-lysine, the native substrate. These hits were expanded and validated with SPR and
further confirmed via initial SAR?%8. Then, one fragment was expanded via on-DNA
Suzuki—Miyaura cross-coupling, linking the isoxazole warhead to a 42-member “poised”
DNA-encoded library (NUDEL). The focused DEL appended amino-acid-like side chains
and heteroaryl caps (e.g., alanine plus a methyl-amidopyrazole), enabling additional
contacts in the binding site while systematically sampling complementary building-block
combinations?®®. This approach rapidly optimised a weakly binding fragment into a
structurally resolved 51 nanomolar inhibitor with good ADMET characteristics also
yielding key binding site insights used for retrospective SAR. 28 This example illustrates

the synergies of fragment-based drug discovery with other methods to enhance the



identification of follow-ups lead compounds. This study further illustrates how carefully
selecting functionally relevant fragments and validating them through SAR and orthogonal

assays can lead to a successful conversion of a weak binders into lead-like compounds.

DEL readouts are inherently noisy, requiring advanced analytics to extract useful and
actionable insights, with noise arising from factors such as incomplete or variable
synthesis vyields, tag mis-encoding or truncations, differential PCR amplification
efficiencies, sequencing errors, and target-independent binding. Uncertainty-aware
machine learning models, as shown by Lim et al.,>*®® can denoise DEL experiments,
providing more reliable binding affinity predictions. Inference models can also pinpoint
productive building blocks linked to significant binding outcomes, as demonstrated by
Zhang et al.,?®" Additionally, combining DEL-binding data with docking poses using Graph
Neural Networks with self-attention mechanisms, as highlighted by Shmilovich et al.,2%?,
further refines docking predictions, aligning them more closely with experimental affinity
measurements. These recent DEL advancements may be enhanced by integrating
fragment data. Indeed, co-crystal structures of fragments can refine structure-based and
QSAR models derived from DEL data, while fragment affinities may provide baseline

scoring metrics for evaluating the binding propensity of DEL building blocks.

Overall, data from testing phases evaluate fragment follow-ups potency and structure,
facilitating SAR model development, which are crucial for subsequent designs (Fig. 3).
Hits identified from DEL and other purification-agnostic approaches often undergo re-
purification, effectively looping back into the Make stage before the next round of design.
This workflow adjustment can thus appear as a Design—Make—Test—Make iteration,
illustrating the occasionally modular nature of modern FBDMT workflows. As the DMT
cycles progress, the quest for compounds with suitable parameters for in vivo evaluation
gradually shifts away from initial fragment space, refining compound selection and
diminishing the relevance of initial screening hits (Fig. 2). The introduction of novel
considerations, particularly ADMET characteristics, underscore the project's
advancement from hit identification to lead optimisation, a phase that extends beyond the

scope of this review*22%3,



Summary

Fragments enable efficient chemical space exploration, facilitating the development of
potent follow-up compounds with lead-like characteristics. FBDD however has limitations.
The initial selection of fragments plays a pivotal role in shaping the hit-to-lead strategy,
yet remains a case-dependent, multi-objective decision that balances factors including
physico-chemical properties, binding affinity, biological activity, selectivity, chemical
tractability, chemotype novelty, ADMET properties and other features such as intellectual
property. Fragment libraries are also often tailored to specific goals, such as synthetic
accessibility, or focused on particular target classes, further influencing selection
strategies. While many projects apply rigorous and objective selection criteria internally,
there is currently no universally accepted paradigm guiding library design, and fragment
selection across the field. This signals an area for further development, where holistic,
end-to-end models could help formalise and streamline early-stage decision-making,
through in silico follow-up modelling, and by accounting for multiple objectives
simultaneously. Crucially, establishing a fragment hit and building a meaningful SAR
series relies on orthogonal validation approaches, an effort facilitated by advances in

high-throughput chemistry, computational modelling, and experimental testing.

Defining and refining objectives across different DMT iterations is similarly a case-specific
and often subjective process. In practice, an immediate, pragmatic goal is to establish a
lead series through follow-up of validated fragment hits, with tractable SAR to guide
subsequent optimisation. End-to-end workflows and automated laboratories powered by
artificial intelligence for decision-making?®42% have the potential overcome this
bottleneck. However, much progress remains before such proof-of-concept work can be
translated into practical, streamlined, and broadly deployable approaches. Fragments,
with their modularity, serve as ideal scaffolds for multi-task optimisation across these
workflows, yet their intrinsically weak initial affinities remain an important bottleneck in

early iterations.

In the design phase, fragment data can empower computational methods, particularly
those aimed at integrating activity (affinity and ADMET) predictions with chemical

accessibility’®. Evolving fields like machine learning and free energy calculations, where



fragment structural and affinity data can be used to train models and benchmark
simulations, are also showing promise to better prioritise follow-up compound in
silico'94220_ Generative Al appears particularly powerful for sampling ultra-large chemical
spaces and addressing multi-parameter optimisation challenges. However, there are still
significant pitfalls, including chemical stability considerations or unphysical binding poses
with fragment data possibly constraining search spaces, thus hindering model
development?®. Newly established active learning protocols for transforming costly
structure-based scoring into more efficient ligand-based approaches are showing
promise, with fragment data enhancing predictions by providing high-quality reference

poses and scaffolds.

The “Make” phase in FBDD is also evolving. Novel synthetic methodologies, in particular
C-H activation, provide access to previously unexplored chemical spaces?*2. Advances in
high-throughput instrumentation and automation, facilitate the synthesis of larger follow-
up arrays, thereby allowing for more extensive explorations?36.237.239 Fragments and
analogues serve as high-quality starting points for large scaled synthetic elaboration.
However, the large-scale production of compound arrays can lead to scalability
bottlenecks, particularly during purification*237.238,  Retrosynthetic algorithms are
increasingly valuable for compound scoring for accessibility, offering pathways to identify
compounds derived from fragments or analogues, while constraining routes to achieve
more feasible and efficient synthesis plans. In parallel, increasing efforts in developing
drug candidates from covalent fragments, especially through modern and site-selective
synthetic strategies, are enabling the targeting of difficult proteins with improved precision

and reactivity control.

Testing methodologies, such as crystallography, are adapting, especially with the
introduction of testing crude reaction mixtures from fragment elaboration and other
purification-agnostic methods, like DELs?38275.289 |t is our view that these advances bring
about the challenge of deconvoluting noisy experimental data to build reliable and
actionable SAR models, highlighting the need for sensitive testing methods, usage of
complementary modelling tools, scalable validation assays, and interpretable data

analysis techniques. In FBDD, testing must offer both high sensitivity to detect weak



binding events typical of early fragment follow-ups and sufficient throughput to handle

increasingly large follow-up libraries.

Outlook

Beyond FBDD, the integration of these advancements into end-to-end, automated drug
discovery pipelines represents an aspirational yet increasingly plausible goal. Modular
workflows combining machine learning, robotics, and real-time decision-making are
actively being developed to address inefficiencies and resource constraints linked to
various DMT stages, fostering a paradigm shift toward closed-loop systems. Fragments,
having already demonstrated their success in delivering FDA-approved drugs and clinical
candidates, continue to serve a productive tool in modern discovery efforts. Their
simplicity, modularity, and ability to seed chemical space exploration make them
particularly well-suited for incorporation into these automated and computationally driven
approaches. Covalent FBDD are also showing promise thanks to novel reactive moieties,
however, computational tools for modelling these remain underdeveloped and often
inaccessible to non-experts. Even when robustly implemented, these integrated and
modular DMT advances would primarily strengthen medicinal chemistry by accelerating
the conversion of validated fragment hits into coherent lead series with tractable SAR.
That said, many of these workflows remain at an early stage of adoption, with practical
implementation still limited to select case studies or pilot systems. Equitable access to
these technologies remains a challenge, particularly for underfunded therapeutic areas
such as antivirals or neglected diseases. In parallel, openly sharing high-quality fragment
data, reaction protocols, and design strategies?'® across all stages of the DMT cycle,
including structure-based designs, synthetic reactions?®”, and assay outcomes?’?, will be
essential to benchmark emerging methodologies and train the next generation of Al-

driven drug discovery?98,

Looking ahead, the continued progression of FBDD with emerging technologies will be
pivotal in producing treatments for currently unmet medical needs. By leveraging
fragments as modular scaffolds, the drug discovery community can amplify their impact
through holistic, increasingly technology-enabled DMT workflows. These approaches

may not only increase efficiency but also ensure that the process remains adaptive and



accessible to a broad range of research contexts. Addressing significant bottlenecks will
require a multidisciplinary approach, combining computational chemistry, synthetic
methodologies, and innovative testing strategies, ensuring that FBDD continues to deliver

on its promise as a cornerstone of modern drug discovery.
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Editorial Summary:

This review maps key bottlenecks in turning fragment hits into lead compounds and highlights
emerging solutions: integrated Design-Make-Test cycles, high-throughput assays, automation
and modelling to accelerate reliable hit-to-lead progression.
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