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Abstract:

Medicinal chemistry occupies the interface between chemical structure and biological function, and its central
working method the iterative design—synthesis—test cycle guided by structure—activity relationships (SAR) has
remained conceptually stable even as the tools available to execute it have been transformed. This review surveys
the current state of rational drug design across three converging strands. First, we examine the principal design
paradigms in use today: structure-based drug design guided by target crystal or predicted structures, ligand-based
and quantitative structure—activity relationship (QSAR) approaches, and fragment-based drug discovery,
alongside the quantitative drug-likeness and ligand-efficiency criteria that guide compound optimisation. Second,
we survey how SAR analysis has been extended beyond classical single-target potency optimisation to encompass
bioisosteric replacement, natural product scaffold interrogation, and the deliberate, mechanism-guided design of
targeted covalent inhibitors, illustrated by the rapid clinical translation of covalent KRAS(G12C) inhibitors. Third,
we examine the growing integration of artificial intelligence and machine learning across this pipeline, from
QSAR and absorption-distribution-metabolism-excretion-toxicity (ADMET) property prediction through to Al-
guided protein structure prediction and generative molecular design, including a recently reported randomised
clinical trial of a generative-Al-discovered candidate. We further discuss emerging design paradigms that extend
medicinal chemistry beyond classical small-molecule occupancy, including proteolysis-targeting chimeras
(PROTACSs) and small-molecule RNA-targeting strategies. Finally, we critically examine the methodological and
translational challenges that continue to constrain the field including the persistent gap between computational
prediction and experimental validation, the physicochemical property challenges posed by newer modalities, and
the difficulty of generalising machine learning models beyond their training data and outline priority directions
for the continued evolution of rational drug design.
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1. Introduction

Medicinal chemistry is fundamentally concerned with a deceptively simple question: how does
a small change in chemical structure translate into a change in biological activity? The
systematic pursuit of this question, formalised over the past half-century into the discipline of
structure—activity relationship (SAR) analysis, has underpinned the discovery of the
overwhelming majority of small-molecule drugs currently in clinical use. What has changed
substantially over the past two to three decades is not the conceptual centrality of this question
but the tools available to answer it: the field has progressed from largely empirical, trial-and-
error synthesis and testing toward a rational design paradigm informed by target protein
structures, quantitative physicochemical property models, and, most recently, machine learning
models trained on increasingly large chemical and biological datasets.

This transition toward rational design was itself made possible by a series of conceptual and
methodological milestones that established quantitative, generalisable criteria for compound
optimisation in place of purely empirical medicinal chemist intuition. The formulation of drug-
likeness criteria based on molecular weight, lipophilicity, and hydrogen-bonding capacity
provided the field's first widely adopted quantitative filter for oral bioavailability potential',
subsequently refined and extended by additional criteria addressing rotatable bond count and
polar surface area’. In parallel, the recognition that ligand potency should be evaluated relative
to molecular size and complexity, rather than in absolute terms, gave rise to ligand efficiency
metrics that remain central to modern lead optimisation decision-making®. These quantitative
frameworks, together with the structure-based, fragment-based, and computational design
paradigms discussed in Section 2, collectively define what is now understood as rational drug
design.

This review is organised around three converging strands of the contemporary field. Section 2
surveys the principal rational design paradigms structure-based, ligand-based, and fragment-
based approaches. Section 3 examines how SAR analysis has been extended beyond classical
potency optimisation to bioisosteric replacement, natural product interrogation, and covalent
inhibitor design. Section 4 surveys the growing role of artificial intelligence and machine
learning across this pipeline. Section 5 discusses emerging design paradigms, including
PROTACs and RNA-targeting small molecules, that extend medicinal chemistry beyond
classical small-molecule target occupancy, before Sections 6 through 8 present an illustrative
case study, critically examine remaining challenges, and outline future perspectives for the
field.

2. Principles of Rational Drug Design

2.1 Structure-Based Drug Design

Structure-based drug design (SBDD) uses experimentally determined or computationally
predicted three-dimensional structures of a target protein, typically in complex with a bound
ligand, to guide the design of new or optimised compounds through molecular docking,
structure-guided fragment growth, and free-energy-based binding affinity prediction. Applied
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extensively to kinase targets in oncology, in silico SBDD methods including homology
modelling for targets lacking experimental structures, virtual screening of large compound
libraries, and molecular dynamics simulation to assess binding pose stability have become
standard components of the modern medicinal chemist's toolkit for prioritising synthetic effort
toward compounds with the highest predicted probability of target engagement®. The reliability
of SBDD depends critically on the quality of the underlying structural model; the recent
availability of high-accuracy Al-predicted structures for targets lacking experimental crystal
structures, discussed further in Section 4.2, has substantially expanded the range of targets
amenable to this design paradigm.

2.2 Ligand-Based Design and Quantitative Structure—Activity Relationships

Where a validated three-dimensional target structure is unavailable, ligand-based design
approaches instead build predictive models directly from the structures and measured activities
of known active and inactive compounds. Quantitative structure—activity relationship (QSAR)
modelling, the most established ligand-based methodology, correlates molecular descriptors
encoding size, shape, electronic distribution, and lipophilicity with measured biological
activity using statistical or machine learning regression methods, providing both a predictive
tool for prioritising untested compounds and, through descriptor interpretation, mechanistic
insight into which structural features drive activity. Contemporary QSAR practice increasingly
incorporates machine learning regression and classification algorithms in place of classical
linear regression, a development discussed further in Section 4.1.

2.3 Fragment-Based Drug Discovery

Fragment-based drug discovery (FBDD) begins from a deliberately different starting point than
either SBDD or classical high-throughput screening: rather than screening drug-sized
compounds directly, FBDD screens libraries of very small, low-molecular-weight chemical
fragments (typically under 300 Da) that individually bind weakly but efficiently, following the
empirical “rule of three” guideline that well-behaved fragment libraries should satisfy
correspondingly scaled-down versions of classical drug-likeness criteria®. A decade-later
reassessment of this rule of three concluded that, while useful as an initial filter, the criterion
should be applied flexibly rather than as a rigid cut-off, reflecting broader lessons learned as
the field matured’. Selected fragments are then elaborated grown, linked, or merged with other
fragments into higher-affinity leads, an approach whose twenty-year track record has been
credited with contributing to several approved drugs and numerous clinical candidates across
diverse target classes®.

A comprehensive historical and forward-looking review of FBDD methodology traces the
field's evolution from its origins in nuclear magnetic resonance (NMR)-based fragment
screening through to contemporary integration with cryo-electron microscopy, DNA-encoded
library technology, and computational fragment growth prediction, and outlines several
emerging directions likely to shape the field's next phase’. Practical guidance on fragment
screening and hit validation methodology, essential given the weak binding affinities
characteristic of fragment hits and the correspondingly high risk of false-positive identification,
has been comprehensively catalogued in recent methodological reviews!®, while an annual
survey of fragment-to-lead medicinal chemistry publications documents the continued year-
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on-year productivity of this design paradigm across a broad range of therapeutic areas and
target classes!'!.

FBDD has proven particularly valuable for historically challenging target classes. Fragment-
based approaches applied to RNA targets, which present flatter, more solvent-exposed and
dynamic binding surfaces than the well-defined hydrophobic pockets typical of most protein
drug targets, have identified RNA-binding fragment starting points for subsequent medicinal
chemistry elaboration'?, while fragment-based NMR screening applied to allosteric sites on
protein kinases such as NIK has identified starting-point ligands for targets that have proven
difficult to address using orthosteric, active-site-directed approaches'.

Table 1. Comparison of the principal rational drug design paradigms discussed in Section 2

Design paradigm Starting point / input Key strength Key limitation
Structure-based Experimental or Al-predicted | Direct structural rationale for | Requires reliable structural
(SBDD) 3D target structure binding; efficient for well- | model; less effective for

characterised, tractable pockets | flexible or poorly defined
binding sites

Ligand-based / QSAR | Structure—activity data for | Applicable without a target | Predictive only within the

known active/inactive | structure; captures empirical | chemical space of the training
compounds SAR trends data; limited mechanistic
insight
Fragment-based Library of low-molecular- | High ligand efficiency; explores | Weak initial binding affinity;
(FBDD) weight (<300 Da) fragments | chemical space efficiently; | requires sensitive biophysical

suited to challenging/allosteric | detection methods; longer
sites optimisation runway

Al/generative design | Large bioactivity, structural, | Rapid,  scalable  candidate | Model generalisation and
or generative-model training | generation; can propose novel | interpretability  limitations;
data chemical matter requires experimental
validation

3. Structure—Activity Relationships: From Classical SAR to Covalent Design

3.1 Classical SAR and Bioisosteric Replacement

Classical SAR analysis proceeds through systematic, incremental structural variation of a lead
compound substituent addition, removal, or replacement at defined positions correlated
against measured changes in potency, selectivity, and physicochemical properties, building an
empirical map of which structural features are essential for activity and which can be modified
to improve drug-like properties without loss of potency. Bioisosteric replacement, in which a
functional group is substituted with another group of similar size, shape, or electronic character,
is one of the most widely used tactics within this SAR-driven optimisation process, allowing
medicinal chemists to address metabolic liabilities, improve selectivity, or circumvent
intellectual property constraints while preserving the essential pharmacophoric features
responsible for target engagement.

3.2 Structure—Activity Relationships in Natural Product Chemistry

Natural products present a distinctive SAR challenge relative to fully synthetic chemical
matter: their structural complexity, frequent stereochemical intricacy, and biosynthetic rather
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than synthetic origin have historically made systematic analogue synthesis for SAR
interrogation far more resource-intensive than for simpler synthetic scaffolds. A
comprehensive recent review of methods for interrogating natural product SAR surveys both
classical semisynthetic analogue generation and newer approaches including biosynthetic
pathway engineering to generate analogues directly in the producing organism, and
chemoenzymatic synthesis combining enzymatic and synthetic steps that are beginning to
make natural product SAR studies more tractable at a scale comparable to fully synthetic
medicinal chemistry programmes'é. This is a consequential development given natural
products' historically disproportionate contribution to approved drugs across nearly every
major therapeutic area, and given the multi-target polypharmacological character of many
natural scaffolds, which network pharmacology methodology has increasingly been used to
characterise systematically!’!®, albeit with methodological limitations around database
annotation quality and experimental validation that have been the subject of recent critical
review'”.

3.3 Targeted Covalent Inhibitor Design

A structurally distinct and increasingly prominent SAR paradigm involves the deliberate
design of covalent inhibitors, in which a reactive electrophilic “warhead” moiety, appropriately
positioned by the surrounding reversible binding scaffold, forms an irreversible or slowly
reversible covalent bond with a nucleophilic amino acid residue most commonly cysteine
within the target binding site. Although covalently acting drugs such as aspirin and -lactam
antibiotics have a long history in medicine, deliberate, structure-guided covalent inhibitor
design was for decades viewed with suspicion within the field owing to concerns about off-
target reactivity and immunogenic haptenization; a comprehensive review traces how
improved understanding of warhead reactivity—selectivity relationships, quantified through
kinetic parameters describing the rate and equilibrium of covalent bond formation, has enabled
a substantial resurgence of rationally designed covalent drugs over the past two decades®’.

This resurgence is most vividly illustrated by the covalent targeting of KRAS(G12C), a GTPase
long considered an “undruggable” oncology target owing to its lack of a deep, well-defined
small-molecule binding pocket and its picomolar affinity for endogenous GTP. Covalent
inhibitors exploiting a mutation-specific cysteine adjacent to a shallow allosteric pocket
enabled selective, irreversible inactivation of the mutant but not wild-type protein, and the
resulting compound, sotorasib, became the first FDA-approved KRAS inhibitor in 2021,
alongside the subsequently approved adagrasib, demonstrating that covalent chemistry can
expand the druggable target space to proteins previously considered inaccessible to classical
reversible small-molecule inhibition?'?>. A systematic taxonomy of covalent inhibition
mechanisms, cataloguing the distinct chemical strategies by which different electrophilic
warheads engage nucleophilic residues, provides the mechanistic framework underlying this
and subsequent covalent drug design programmes?®, while a broader historical review of the
field's resurgence documents how rational warhead selection and residence-time optimisation
have progressively expanded covalent chemistry's applicability well beyond its original,
largely serendipitous origins>*.
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Figure 1. The iterative rational drug design cycle in modern medicinal chemistry, integrating the design
paradigms discussed in Section 2 with the SAR, ADMET, and Al-guided optimisation strategies discussed
in Sections 3—4.

4. Computational and Artificial Intelligence-Driven Approaches

4.1 Machine Learning in QSAR and ADMET Prediction

Machine learning methods have substantially extended classical QSAR methodology,
replacing linear regression on hand-selected descriptors with learned molecular representations
including graph neural networks operating directly on molecular structure capable of capturing
more complex, non-linear structure—activity relationships. A systematic study of the key
elements underlying molecular property prediction models found that data quality, splitting
strategy, and representation choice each contribute substantially and sometimes counter-
intuitively to reported model performance, underscoring that headline accuracy figures for a
given machine learning architecture cannot be interpreted independently of these
methodological choices?’.

ADMET property prediction has become one of the most actively developed applications of
machine learning in medicinal chemistry, given the central role early ADMET failure has
historically played in costly late-stage clinical attrition. Systematic denoising of historical
ADMET training data, correcting for measurement variability and inconsistent experimental
protocols across data sources, has been shown to measurably improve downstream model
prediction accuracy®, while industrial prospective validation studies in which model
predictions are tested against compounds synthesised and measured after model training, rather
than only against retrospectively held-out data provide a more stringent and practically
relevant assessment of real-world predictive utility than standard cross-validation alone?®.
Recently proposed method-comparison protocols aim to establish minimum standards of
practical significance, rather than purely statistical significance, when benchmarking
competing machine learning approaches for small-molecule property prediction, addressing a
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longstanding methodological gap in how the field evaluates and compares newly published
models?®.

Integrated, multi-endpoint ADMET prediction platforms combining self-supervised
pretraining with knowledge transfer across related property-prediction tasks have demonstrated
robust performance across diverse absorption, distribution, metabolism, and excretion
endpoints simultaneously?, while therapeutic-area-specific applications, such as machine-
learning-guided QSAR modelling for antidiabetic a-glucosidase inhibitor discovery, illustrate
how these general-purpose methodological advances are being adapted to specific disease-
focused medicinal chemistry programmes®. A fully automated AI/ML virtual screening
cascade recently implemented at a drug discovery centre in Africa further illustrates how these
computational tools are lowering the infrastructural barrier to conducting rational, machine-
learning-guided medicinal chemistry outside traditionally resource-concentrated research
hubs®!, and complementary in silico ADMET review work continues to consolidate best-

practice guidance for applying these tools within standard medicinal chemistry workflows?2.

4.2 AI-Guided Structure Prediction

A central practical constraint on structure-based drug design, discussed in Section 2.1, has
historically been the availability of a sufficiently accurate three-dimensional structure for the
target protein, particularly in complex with a bound ligand. The release of AlphaFold 3, capable
of predicting the structure of protein—ligand, protein—nucleic acid, and protein—protein
complexes with accuracy approaching experimental structure determination for many complex
types, has substantially expanded the number of medicinal chemistry targets for which a high-
quality structural model is available to guide design, including targets that lack an
experimentally solved crystal structure®®. This development is expected to be particularly
consequential for challenging target classes including many RNA-binding proteins and
allosteric sites discussed in Sections 2.3 and 5.2 for which experimental structure
determination has historically proven especially difficult.

4.3 Generative Molecular Design

Beyond property prediction and structure determination, generative Al models can propose
entirely novel candidate structures optimised computationally for predicted potency,
selectivity, and drug-likeness. The clinical significance of this approach was demonstrated by
a randomised phase 2a trial of a small-molecule TNIK inhibitor for idiopathic pulmonary
fibrosis discovered using a generative Al platform, representing one of the first published
examples of an Al-generated drug candidate progressing to a randomised controlled human
efficacy trial**. This result provides a proof-of-concept precedent directly relevant to the
broader medicinal chemistry field's growing use of generative design methods, and is likely to
accelerate adoption of similar generative approaches across the design paradigms discussed
throughout this review.
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Table 2. Representative applications of artificial intelligence and machine learning across the medicinal

chemistry pipeline

ISSN: 3049-3765 | Vol. 02, Issue-05, Sep-Oct., 2026

Pipeline stage AI/ML method class Representative contribution Ref.

QSAR / property | Graph neural networks; | Improved capture of non-linear structure—activity | 27

prediction learned molecular | relationships beyond classical descriptor-based QSAR
representations

ADMET prediction | Multi-task deep learning; | Robust, endpoint-extensible prediction across | 25,26,29
self-supervised knowledge | absorption, distribution, metabolism, excretion
transfer

Model evaluation | Prospective validation; | More stringent, real-world-relevant assessment of | 26,28

methodology practical-significance predictive model utility
benchmarking protocols

Structure prediction | Deep learning structure | High-accuracy prediction of protein and protein— | 33
prediction (AlphaFold 3) ligand complex structures

Generative design Generative models (VAEs, | De novo candidate generation; clinical translation | 34
diffusion/transformer demonstrated for a generative-Al-discovered TNIK
architectures) inhibitor

Decentralised/global | Automated AI/ML virtual | Lowering infrastructural barriers to rational design | 31

drug discovery screening cascades outside traditional research hubs

5. Emerging Design Paradigms Beyond Classical Occupancy

5.1 Targeted Protein Degradation: PROTACs

Proteolysis-targeting chimeras (PROTACSs) represent a qualitatively distinct medicinal
chemistry design paradigm from the classical occupancy-based approaches discussed in
Section 2. A PROTAC is a heterobifunctional molecule linking a target-protein ligand to an E3
ubiquitin ligase recruiter, inducing target ubiquitination and proteasomal degradation rather
than sustained occupancy-dependent inhibition. Because PROTACs must simultaneously
present two independent binding pharmacophores connected through an appropriately spaced
linker, their design and synthesis pose distinct SAR challenges around linker length and
geometry optimisation that differ qualitatively from classical single-pharmacophore SAR.
Click chemistry has proven particularly well suited to addressing these PROTAC-specific
synthetic and SAR-exploration challenges, enabling modular, combinatorial assembly and
screening of candidate degrader molecules from independently synthesised building
blocks®%*7,

5.2 Small-Molecule Targeting of RNA

A second emerging design paradigm extends medicinal chemistry beyond the traditional focus
on protein targets to small molecules that selectively bind structured RNA elements, exploiting
the recognition that many disease-relevant RNAs adopt specific secondary and tertiary
structures capable of selective small-molecule recognition. A comprehensive review of small-
molecule approaches to targeting RNA surveys both structure-based and fragment-based
strategies applied to this target class, while complementary work on targeting RNA-binding
proteins with small molecules, including bifunctional degrader-like approaches analogous to
PROTAC:S, illustrates how the induced-proximity design logic discussed in Section 5.1 is being
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generalised beyond classical E3-ligase-mediated protein degradation to a broader family of
RNA- and RNA-protein-complex-directed therapeutic strategies®®’.

Lipinski's Sotorasib: first FDA-approved AlphaFold 3 predicts
“Rule of Five' Veber rules for Network pharmacology covalent KRAS(G12C) protein-ligand complex
drug-likeness criteria oral bioavailability formalised inhibitor structures

1997 2002 2008 2021 2024
L S S
2001 2003 2016 2022 2025

Click chemistry “Rule of three" 20-year retrospective Nobel Prize: click & Generative-Al-discovered
concept defined for fragment-based design on fragment-based bioorthogonal chemistry molecule enters randomized
drug discovery clinical trial

Figure 2. Timeline of key conceptual and technological milestones in rational drug design, from early drug-
likeness criteria through to Al-guided structure prediction and generative design.

6. Illustrative Case Study: Structure-Guided Design of Covalent
KRAS(G12C) Inhibitors

The development of sotorasib and adagrasib, discussed in Section 3.3, offers a particularly
instructive case study illustrating how the design paradigms surveyed across this review
converge in a single successful drug discovery programme. KRAS(G12C) was for decades
considered undruggable using classical reversible small-molecule approaches, since the
protein's smooth surface topology, lack of a deep binding pocket, and picomolar affinity for
endogenous GTP defeated conventional structure-based and fragment-based screening
strategies applied on their own?2. The eventual solution combined fragment-based screening,
discussed in Section 2.3, to identify weakly binding starting points that engaged a previously
unrecognised shallow allosteric pocket adjacent to the mutant cysteine residue, with covalent
warhead SAR optimisation, discussed in Section 3.3, to convert this weak, reversible fragment
interaction into a potent, selective, irreversible inhibitor?*. Only eight years elapsed between
the first published demonstration of covalent binding to this site and FDA approval of sotorasib,
a translational timeline substantially shorter than the historical average for first-in-class
oncology therapeutics, illustrating the potential for rational, structure- and mechanism-guided
design to accelerate drug development relative to less systematic discovery approaches®*. This
case study exemplifies the iterative design—synthesis—test cycle summarised in Figure 1,
integrating fragment-based hit identification, structure-guided SAR optimisation, and covalent
mechanism engineering within a single, rationally executed programme “°.

7. Challenges and Limitations

Despite the substantial methodological progress surveyed across this review, several
challenges continue to constrain the practical impact of rational drug design.

Table 3. Principal challenges currently facing rational drug design and SAR-driven medicinal chemistry
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Challenge Description Illustrative consequence

Prediction—validation Computational SBDD, QSAR, and generative | A substantial proportion of computationally

gap design  predictions  frequently  outpace | prioritised compounds fail experimental
experimental validation capacity confirmation

Model  generalisation | ML/QSAR models trained on historical | Reduced predictive reliability for the most

limits chemical space may generalise poorly to | innovative, furthest-from-precedent
genuinely novel scaffolds candidate structures

Newer-modality PROTACs and other | Constrained oral Dbioavailability; smaller

physicochemical heterobifunctional/induced-proximity accessible target/indication space for first-

properties molecules routinely exceed classical drug- | generation molecules

likeness criteria

Covalent selectivity and | Electrophilic warheads carry inherent risk of | Requires  careful  kinetic  (kinact/KI)
safety off-target  reactivity toward untargeted | optimisation; narrower acceptable reactivity
nucleophilic residues window than reversible inhibitors

Natural product SAR | Structural complexity and biosynthetic origin | Slower, more resource-intensive SAR

tractability complicate systematic natural product analogue | interrogation relative to fully synthetic
synthesis chemical matter

Benchmarking and | Inconsistent data splitting, descriptor choice, | Difficulty comparing reported model

reproducibility and evaluation protocols across published | performance fairly across the literature
ML/QSAR studies

A further, cross-cutting challenge concerns the integration of these individually maturing
methodologies into a coherent, efficient overall workflow. Structure-based design, fragment-
based screening, machine-learning-guided property prediction, and generative design have
each been extensively validated in isolation, yet relatively few published case studies document
their systematic, sequential combination within a single discovery programme with the rigor
applied to the KRAS(G12C) case study in Section 6; realising the full productivity gains this
convergence of methodologies theoretically offers will require closer methodological
integration than is currently standard practice across much of the field.

8. Future Perspectives

Several directions are likely to shape the continued evolution of rational drug design. First,
continued expansion of Al-predicted structural coverage to historically challenging target
classes including RNA-binding proteins, membrane proteins, and intrinsically disordered
regions should progressively extend structure-based design to targets currently accessible only
through ligand-based or fragment-based approaches®®. Second, closer integration of generative
molecular design with explicit multi-objective optimisation simultaneously targeting potency,
selectivity, and favourable ADMET properties rather than optimising these properties
sequentially represents a natural extension of the generative design methods discussed in
Section 4.3, building on the demonstrated clinical feasibility of generative-Al-discovered
candidates.

Third, continued refinement of induced-proximity and covalent design paradigms PROTAC:sS,
molecular glues, RNA-targeting small molecules, and mechanism-optimised covalent
inhibitors is likely to extend rational, structure- and mechanism-guided medicinal chemistry
to an increasing proportion of the historically “undruggable” target space, following the
template established by the KRAS(G12C) case study discussed in Section 6°*. Fourth,
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prospective, pre-registered validation of computational predictions against genuinely novel
experimental data, rather than retrospective benchmarking against training-adjacent datasets,
will be essential to establishing confidence in the real-world predictive validity of the machine
learning methods increasingly embedded throughout the modern medicinal chemistry
pipeline?®°,

Finally, achieving the full productivity potential of this increasingly computational and multi-
modal field will depend on training medicinal chemists who are equally fluent in classical SAR
reasoning, structural biology, and machine learning evaluation methodology, so that
computational predictions are neither uncritically accepted nor reflexively dismissed, but are
integrated as one additional, rigorously interpreted source of evidence within the same iterative
design—synthesis—test cycle that has defined rational medicinal chemistry since its earliest
formalisation.

9. Conclusion

Medicinal chemistry's core method the iterative, SAR-guided design—synthesis—test cycle
summarised in Figure 1 has proven remarkably durable even as the tools available to execute
each stage of that cycle have been repeatedly transformed, from the formulation of quantitative
drug-likeness criteria in the late 1990s through structure-based and fragment-based design
paradigms to the current integration of machine learning and generative Al across nearly every
stage of the pipeline. Structure—activity relationship analysis has similarly expanded well
beyond its classical single-target potency-optimisation origins to encompass bioisosteric
design, natural product interrogation, and the deliberate, mechanism-guided engineering of
covalent and induced-proximity therapeutic modalities, illustrated concretely by the rapid,
rationally executed translation of covalent KRAS(G12C) inhibitors from first mechanistic
demonstration to FDA approval. Persistent challenges around the gap between computational
prediction and experimental validation, the physicochemical properties of newer therapeutic
modalities, and model generalisation and benchmarking rigor will continue to constrain the
pace of translation, but the trajectory traced across this review toward increasingly rational,
structure- and data-guided design applied to an expanding range of previously inaccessible
target classes represents the clearest current path toward continued productivity gains in
medicinal chemistry and modern drug discovery.
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