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Abstract: Drug design represents a cornerstone of modern pharmaceutical research, aiming to identify
and optimize bioactive molecules that can modulate specific biological targets associated with disease.
Over the past decades, drug discovery has transitioned from serendipitous findings and trial-and-error
screening to rational, data-driven approaches guided by molecular biology, structural chemistry, and
computational tools. This review provides an in-depth examination of traditional and contemporary drug
design strategies, including structure-based drug design (SBDD), ligand-based drug design (LBDD),
phenotypic screening, combinatorial chemistry, and novel modalities such as targeted covalent inhibitors,
molecular glues, RNA therapeutics, and nanomedicine. The increasing role of artificial intelligence (Al)
and machine learning (ML) in predictive modeling, virtual screening, and de novo molecular generation
is discussed, alongside challenges in data quality, regulatory acceptance, and translational success.
Finally, the paper outlines future perspectives, emphasizing the integration of multi-omics, explainable
Al, and emerging chemical spaces to enhance the efficiency and success rate of drug discovery.
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I. INTRODUCTION

Drug design is the process of identifying molecular entities that can modulate the function of a biological target to produce
therapeutic benefit. This discipline lies at the interface of medicinal chemistry, structural biology, pharmacology, and
computational science. Historically, early drug discoveries were largely empirical, arising from the observation of
bioactive natural products (e.g., morphine from opium) or accidental findings (e.g., penicillin) [1]. Over time, the
availability of detailed biochemical knowledge and technological advances have shifted drug design from a phenotypic-
first to a target-first paradigm.
The central goals of modern drug design are to:

e Identify disease-relevant targets.

e  Understand their structural and mechanistic properties.

e Develop chemical entities with high potency, selectivity, and favorable pharmacokinetics.
While the average cost of bringing a drug to market exceeds USD 2 billion and can take more than a decade [2],
computational methods and Al have opened new possibilities for accelerating early-stage discovery. Nevertheless,
challenges such as high attrition rates, off-target toxicity, and resistance mechanisms remain significant obstacles.

II. TRADITIONAL AND MODERN DRUG DESIGN APPROACHES

2.1 Structure-Based Drug Design (SBDD)
SBDD uses the 3D structural information of a biological target, typically obtained from X-ray crystallography, cryo-
electron microscopy, or nuclear magnetic resonance (NMR) spectroscopy [3]. Key steps include:

e Determining the target’s 3D conformation.

e Identifying active or allosteric sites.

e Performing virtual screening via molecular docking tools (e.g., AutoDock, Glide).

e Refining lead compounds using molecular dynamics (MD) simulations.
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Case Example: Development of HIV protease inhibitors relied heavily on crystallographic data of the viral enzyme,
enabling precise fitting of inhibitors into the active site [4].
Figure suggestion: A schematic showing the workflow of SBDD from target structure acquisition to lead optimization.

2.2 Ligand-Based Drug Design (LBDD)
When the target structure is unavailable, LBDD uses data from known ligands to infer molecular features associated with
activity. Approaches include:
¢ Quantitative Structure—Activity Relationship (QSAR) models [5].
e Pharmacophore modeling, defining the spatial arrangement of features required for activity.
e Similarity searching within chemical databases.
LBDD is particularly useful in identifying “scaffold hops” to circumvent patent barriers or improve properties.

2.3 Phenotypic versus Target-Based Screening

Phenotypic screening identifies compounds based on observable changes in a biological system, without prior
knowledge of the molecular target [6].

Target-based screening focuses on compounds that modulate a predefined biomolecule.

Recent trends indicate a revival of phenotypic screening, especially for complex diseases like cancer, neurodegeneration,
and infectious diseases, where the disease biology is incompletely understood.

2.4 Combinatorial and Dynamic Combinatorial Chemistry
Combinatorial chemistry accelerates library generation by systematically combining sets of building blocks [7].
e Click chemistry enables rapid assembly of stable, bioorthogonal molecules [8].
e Dynamic combinatorial chemistry allows equilibrium-driven selection of high-affinity binders in the presence
of the target [9].
Table suggestion: Comparison of click chemistry vs. dynamic combinatorial chemistry, including speed, diversity, and
target adaptability.

III. NOVEL MODALITIES IN DRUG DESIGN
3.1 Targeted Covalent Inhibitors (TCIs)
TCIs form irreversible or reversible covalent bonds with specific residues in the target protein, providing prolonged target
engagement [10].
Examples:
e Ibrutinib: covalently binds to BTK in B-cell malignancies.
e Sotorasib: targets KRASG12C” mutation in lung cancer.

3.2 Molecular Glues

Molecular glues induce or stabilize protein—protein interactions to drive degradation or activation of disease-relevant
proteins [11]. This is distinct from traditional inhibitors, as the therapeutic effect arises from enforced proximity.
Example: Lenalidomide modulates cereblon to degrade specific transcription factors in multiple myeloma.

3.3 Retrometabolic Drug Design
Retrometabolic design involves creating drugs that are active only at the site of action and undergo predictable
inactivation upon systemic circulation [12]. This reduces systemic toxicity.
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3.4 Nanomedicine

Nanotechnology offers precise drug delivery, reduced off-target exposure, and improved solubility [13]. Lipid
nanoparticles (LNPs) used in mRNA COVID-19 vaccines exemplify the integration of nanocarriers into modern
therapeutics.

3.5 RNA and Gene-Based Therapeutics
RNA-based drugs (siRNA, mRNA, antisense oligonucleotides) and CRISPR-Cas9 systems represent a paradigm shift
toward programmable therapeutics [14].

IV. ARTIFICIAL INTELLIGENCE AND MACHINE LEARNING IN DRUG DESIGN
4.1 Applications Across the Pipeline
Al and ML support:
e Target identification from omics datasets.
e Virtual screening for millions of compounds.
e ADMET (Absorption, Distribution, Metabolism, Excretion, Toxicity) prediction.
e De novo design of molecules [15].

4.2 Graph Neural Networks (GNNs)
GNNs model molecules as graphs of atoms and bonds, improving property prediction and aiding generative design [16].

4.3 Generative AI Models
Variational autoencoders (VAESs), generative adversarial networks (GANs), and reinforcement learning approaches are
used to design novel compounds that satisfy specific activity and property constraints [17].

4.4 Explainable AI (XAI)
The lack of interpretability in AI models is a key barrier to regulatory acceptance [18]. XAI methods provide rationales
for predictions, increasing trust in computationally designed drugs.

V. CHALLENGES IN DRUG DESIGN
e High attrition rates: More than 90% of candidates fail during clinical development [19].
e Data limitations: Incomplete or biased datasets compromise Al predictions.
e Regulatory hurdles: Limited frameworks for Al-generated molecules.
¢ Resistance mechanisms: Evolution of drug resistance in pathogens and cancer.
e Economic barriers: Rising R&D costs despite technological progress.

VI. FUTURE DIRECTIONS
e Hybrid design strategies integrating SBDD, LBDD, and phenotypic screening.
e  Multi-omics integration to better understand disease networks.
o Expansion into new chemical spaces such as macrocycles and degraders.
e Al-driven retrosynthetic planning to optimize synthesis routes.
e Regulatory adaptation for computational drug submissions.

VII. CONCLUSION
Drug design is undergoing a transformative era, moving from empirical trial-and-error toward a rational, technology-
driven discipline. While traditional methods like SBDD and LBDD remain foundational, they are increasingly
complemented by Al, molecular glues, RNA therapeutics, and nanomedicine. The integration of computational and
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experimental tools, along with regulatory evolution, will be essential for addressing unmet medical needs in the coming

decades.
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